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Summary

The ventricular-subventricular zone (vSVZ) of adult mammalian brains harbors
specialized astrocytes, called adult neural stem cells (NSCs), which are capable of
generating both neurons and glial cells. In contrast, common parenchymal astrocytes
perform a wide range of structural, metabolic, homeostatic and neurosupportive
functions. Despite these distinct functions, studies employing immunostaining and
single-cell RNA-sequencing have demonstrated that NSCs and astrocytes largely
express the same set of genes, which raises the question how stem cell function is
molecularly encoded. To address this question, I analyzed a single-cell triple-omic
data set that contains information on gene expression, chromatin accessibility and
DNA methylation for hundreds of cells of the adult NSC lineage, as well as common

parenchymal astrocytes.

To enable this analysis, I developed "scbs", a Python software for the analysis of
single-cell methylation data. I devised and implemented two major improvements
over the current state of the art analysis workflow: First, instead of segmenting the
genome into fixed intervals, I devised an approach to scan the entire genome for
informative regions called variably methylated regions (VMRs). Second, instead
of simply averaging methylation values within these tiles, I devised a more robust
measure of DNA methylation.

By making use of these new methods, I demonstrated that adult NSCs possess
a unique DNA methylation profile that is not found in common parenchymal
astrocytes. This NSC methylome is characterized by hypomethylation of genes
required for neurogenesis. I propose that this feature contributes to the neurogenic
capabilities of NSCs by enabling the transcriptional activation of these genes. In
contrast, common parenchymal astrocytes are locked in their current astrocyte fate
by DNA methylation. To test this hypothesis, I analyzed single-cell multi-omic
data from mice that were subjected to ischemia, as ischemia is known to induce a
neurogenic response in common parenchymal astrocytes and NSCs. My analysis
suggests that this gain of neurogenic capabilities is accompanied by gain of an NSC
methylome, which supports the idea that a specific DNA methylome is required
for stem cell function. Overall, my results demonstrate that DNA methylation
is dynamic even in adult tissues and not just in embryonic development, and
furthermore unveils DNA methylation as a crucial factor that constrains or enables

alternative cellular fates.






Zusammenfassung

Die ventrikuldre-subventrikuldre Zone (vSVZ) des Gehirns erwachsener Sdaugetiere
beherbergt spezialisierte Astrozyten, sogenannte adulte neurale Stammzellen (NSCs),
die sowohl Neuronen als auch Gliazellen hervorbringen konnen. Im Gegensatz dazu
erfiillen gewohnliche parenchymale Astrozyten ein breites Spektrum struktureller,
metabolischer, homoostatischer und unterstiitzender Funktionen. Trotz dieser un-
terschiedlichen Funktionen haben Studien mit Immunfarbungen und single-cell
RNA-sequencing gezeigt, dass NSCs und Astrozyten grofitenteils denselben Gen-
satz exprimieren, was die Frage aufwirft, wie Stammzellfunktion auf molekularer
Ebene kodiert wird. Um diese Frage zu beantworten, habe ich einen single-cell
multi-omics-Datensatz analysiert, der Informationen zur Genexpression, Chromatin-
zuganglichkeit und DNA-Methylierung hunderter NSCs, NSC-Tochterzellen, sowie
gewohnlicher parenchymaler Astrozyten enthalt.

Um diese Analyse zu ermdglichen, habe ich "scbs" entwickelt, eine Python-Software
zur Analyse von Methylierungsdaten einzelner Zellen. Ich habe zwei wesentliche
Verbesserungen gegeniiber dem tiblicherweise verwendeten Analyse-Workflow
entwickelt und implementiert: Anstatt das Genom in feste Intervalle zu unterteilen,
habe ich zunéchst einen Ansatz entwickelt, um das gesamte Genom nach informa-
tiven Regionen zu durchsuchen, die ich als variabel methylierte Regionen (VMRs)
bezeichne. Zweitens habe ich, anstatt einfach die Methylierungswerte innerhalb
dieser Regionen zu mitteln, ein robusteres Mafs fiir die DNA-Methylierung entwick-
elt.

Mithilfe dieser neuen Methoden habe ich gezeigt, dass adulte NSCs ein einzigartiges
DNA-Methylierungsprofil besitzen, das in gewohnlichen parenchymalen Astrozyten
nicht zu finden ist. Dieses NSC-Methylom ist durch eine Hypomethylierung der
fiir die Neurogenese erforderlichen Gene gekennzeichnet. Ich stelle die These auf,
dass diese Eigenschaft zu den neurogenen Fahigkeiten von NSCs beitragt, indem sie
die transkriptionelle Aktivierung dieser Gene ermoglicht. Im Gegensatz dazu sind
gewohnliche parenchymale Astrozyten durch DNA-Methylierung an ihre aktuelle
Zellidentitdt gebunden. Um diese Hypothese zu testen, analysierte ich single-cell
multi-omics-Daten von Méausen, die einer Ischdmie ausgesetzt waren, da Ischdmie
eine neurogene Reaktion in gewohnlichen parenchymalen Astrozyten und NSCs
auslost. Meine Analyse legt nahe, dass Astrozyten welche Stammzellfunktionen
erwerben ihre DNA-Methylierung verdndern, was meine Annahme unterstiitzt,
dass ein spezifisches DNA-Methylom fiir die Stammzellfunktion erforderlich ist.
Insgesamt zeigen meine Ergebnisse, dass die DNA-Methylierung auch in Geweben
erwachsener Sdugetiere und nicht nur in der Embryonalentwicklung dynamisch
ist, und enthiillen dartiiber hinaus die DNA-Methylierung als einen entscheidenden
Faktor, der bestimmte Zellschicksale einschrankt oder ermdglicht.
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Chapter 1

Introduction

The brain is a remarkable organ that hosts our consciousness, enables us to expe-
rience the world and allows us to form critical thoughts. To understand how such
intricate functions can emerge from an organ, and how brain functions compromised
upon injury can be restored, it is necessary to elucidate the brains complexity in all
its facets. History has shown that breakthroughs in neuroscience were often enabled
by the development of new laboratory methods. For instance, Santiago Ramén y
Cajal’s pioneering work on the structure of the nervous system was made possible
by Camillo Golgi’s method to stain single neurons with potassium dichromate and
silver nitrate. While this work undoubtedly paved the way for modern neuroscience,
Ramoén y Cajal and other authorities in the field also assumed that neurogenesis, the
production of new neurons, occurs only during development and not in adulthood.
This view became one of the most pervasive dogmas in neuroscience that persisted
for over a hundred years (reviewed in Gross, 2000). Again, novel methods such as
labeling of dividing cells with >H-Thymidine and later 5-bromo-3’-deoxyuridine
(BrdU) paved the way for a series of studies that ultimately led to a paradigm shift
in the field, and the acceptance that neurogenesis occurs in adult brains (e.g. Altman,
1962; Kaplan and Hinds, 1977; Goldman and Nottebohm, 1983; Kuhn et al., 1996).

The examples above demonstrate that discoveries in biology are often facilitated by
the development of new methods. I started my doctoral research during the rise of
single-cell RNA-sequencing (scRNA-seq) technologies, which made it possible to
characterize gene expression of brain cells at unprecedented resolution. Shortly after
the rise of scRNA-seq, single-cell sequencing protocols were adapted to capture
other molecular features, including epigenetic features such as DNA methylation.
After a brief introduction, the first major section of this thesis will delineate how I
analyzed such data of this new type and explain new computational methods which
I developed to enable this analysis. In the second major section, I will then focus
on my findings in adult neurogenesis of the ventricular-subventricular zone, and
explain why I propose that DNA methylation underlies stemness of adult neural

stem cells.



2 Chapter 1. Introduction

1.1 Adult neurogenesis

It is now established that mammalian brains generate new neurons not only in
development, but also in adulthood. Here I will briefly review the topic of adult
neurogenesis with a focus on rodents, particularly the house mouse Mus musculus,
which serves as a well-studied model organism. As the foundation for adult neuro-
genesis is laid in embryonic development, I will first delineate neurogenesis of the
developing cerebral cortex.

1.1.1 Developmental origins of adult neural stem cells

As for all cells of our bodies, the origin of adult neural stem cells, the cells responsible
for neurogenesis in adult brains, can be traced back to one of the three germ layers
that emerge during gastrulation of the early embryo. One of these germ layers, the
ectoderm, harbors multipotent stem cells called neuroepithelial cells (also known as
neuroectodermal cells). Neuroepithelial cells have the ability to self-renew, i. e. to
produce more stem cells, via symmetric cell division, i. e. a cell division that yields
two identical daughter cells (Huttner and Brand, 1997; Shenghui et al., 2009). This
leads to formation of the neural tube, the embryonic precursor of the central nervous
system (CNS). Between mouse gestational day 9 and 10 (E9 — 10), neuroepithelial
cells convert into radial glial cells — the main source of neural progenitor cells
during CNS development that give rise to a variety of neurons, as well as glial cells
including astrocytes, oligodendrocytes and ependymal cells (Fig. 1.1, Malatesta et al.,
2003; Spassky et al., 2005).

During the conversion to radial glial cells, neuroepithelial cells not only lose some
characteristics of epithelial cells, such as the expression of tight junction components
(Aaku-Saraste et al., 1996) but also acquire features of astroglial cells (reviewed in
Kriegstein and Alvarez-Buylla, 2009; Malatesta et al., 2008). These astroglial fea-
tures include expression of the glutamate transporter GLAST (encoded by the gene
Slcl1a3), brain lipid-binding protein BLBP (Fabp?), expression of several intermediate
filaments such as nestin (Nes) and vimentin (Vim), but also the establishment of
glycogen storage granules. As depicted in Fig. 1.1, radial glial cells are elongated
cells with apical-basal polarity. Their somata reside in the embryonic ventricular
zone, which allows for contact with the developing ventricular system on their api-
cal end. In contrast, the basal end of radial glial cells contains an elongated primary
cilium that extends to the pial surface, i. e. the outer layer of the developing cerebral
cortex (Kriegstein and Alvarez-Buylla, 2009; Malatesta et al., 2008).
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FIGURE 1.1: The origin of adult neural stem cells in embryonic development.

During early development, neuroepithelial cells self-renew and ultimately give rise to radial
glial cells. These cells have a bipolar morphology (apical: down, basal: up) and contact both
the ventricle and blood vessels. Radial glia first give rise to a large number of neurons, and
later give rise to glial cells including oligodendrocytes. Both neurons and oligodendrocytes are
mostly generated indirectly through actively dividing intermediate progenitor cells (neurogenic
nIPCs and oligodendrocytic oIPCs). As the brain thickens, radial glial cells elongate and serve
as a scaffold for migrating neurons. Toward the end of neurodevelopment, most radial glia
detach from the apical side and convert into astrocytes. A small number of radial glia retains
apical contact and stem cell function, however. These cells are known as adult neural stem cells
(NSCs) and are capable of generating both neurons (via nIPCs known as transit-amplifying
progenitors) and glial cells throughout adulthood. Solid arrows are supported by experimental
evidence; dashed arrows were hypothesized by Kriegstein and Alvarez-Buylla (2009). MA,
mantle; MZ, marginal zone; NE, neuroepithelium; SVZ, subventricular zone; VZ, ventricular
zone. Figure and caption adapted from Kriegstein and Alvarez-Buylla (2009).

As embryonic development progresses, radial glial cells populate the brain with
neurons. In the developing cortex, it is believed that neurogenesis occurs by means
of asymmetric divisions that give rise to one radial glial cell and one daughter cell.
This daughter cell can either be a neuron or, more commonly, the daughter cell rep-
resents an intermediate progenitor state that further increases neuronal output by
undergoing one or more rounds of division. These transit-amplifying cells, termed
intermediate progenitor cells or basal progenitor cells, are often restricted to the gen-
eration of a specific type of progeny (e. g. oligodendrocytes or neurons; Fig. 1.1). This
fate-restriction is determined by spatial and temporal cues. For instance, different
sub-regions of the developing ventricular zone give rise to different neuronal sub-
types that express distinct sets of transcription factors (Guillemot, 2005; Greig et al.,
2013; Kriegstein and Alvarez-Buylla, 2009). Another factor that affects progenitor
fate-restriction is time: While the early phases of brain development are dedicated
to the production of neurons, the focus shifts to the generation of glial cells around
embryonic day 18 (E18), in the so-called neurogenic-to-gliogenic switch (Miller and
Gauthier, 2007; Malatesta et al., 2008).

Toward the end of embryonic development, most radial glial cells transform into
astrocytes (Noctor et al., 2008). During this transformation, radial glial cells lose
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their characteristic bipolar morphology, as well as their contact with the ventricle
and pial surface. These cells then migrate toward the cortical plate, assume the char-
acteristic "star-shaped" astrocyte morphology, and perform various neuroprotective,
metabolic and homeostatic tasks in the brain parenchyma (see section 1.2).

Importantly though, some radial glial cells persist throughout adulthood. These
cells retain their bipolar morphology, their contacts with the vasculature and the
ventricle, and most importantly their ability to act as neural stem cells (Merkle
et al., 2004). These adult neural stem cells (NSCs) persist in specialized niches of
the adult brain (Merkle et al., 2004; Fuentealba et al., 2015; Furutachi et al., 2015).
The two major stem cell niches of adult vertebrate brains are the subgranular zone
that is part of the dentate gyrus of the hippocampus (Abbott and Nigussie, 2020;
Abdissa et al., 2020) and the ventricular-subventricular zone on the walls of the
lateral ventricles (Doetsch et al., 1999). More recently, it has also been suggested that
adult neurogenesis might occur in other brain areas including the hypothalamus,
cortex and amygdala (reviewed in Jurkowski et al., 2020).

1.1.2 The ventricular-subventricular zone

The ventricular-subventricular zone (vSVZ), also known as subependymal zone
(e. g. Kazanis et al., 2017) or simply adult subventricular zone, is one of the two
major neural stem cell niches of mammals (Fig. 1.2). Mammalian brains feature
interconnected cavities filled with cerebrospinal fluid. The vSVZ corresponds to the
inner lining of the two largest of these cavities, the lateral ventricles, and harbors
several thousand NSCs (also known as type B(1) cells or SVZ astrocytes, see section
1.1.4). In adult mice, vSVZ NSCs generate large amounts of neuroblasts (young
neurons) which migrate along the so-called rostral migratory stream toward the
olfactory bulb where they integrate into the existing neural circuitry. Albeit to a
lesser extent, NSCs also generate glial cells. This includes the generation of astrocytes
(Sohn et al., 2015, see section 1.2) and oligodendrocytes (Menn et al., 2006; Gonzalez-
Perez and Alvarez-Buylla, 2011; Ortega et al., 2013), a type of glial cell that insulates

neuronal axons in a process called myelination (see section 1.3).
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FIGURE 1.2: Adult NSCs and their progeny in the vSVZ.

Top right: Coronal section of the adult mouse brain. Specialized astrocytes called adult NSCs
reside at the inner lining of both lateral ventricles (V), in the ventricular-subventricular zone
(vSVZ). Adult NSCs (a single NSC, divided into three domains, is depicted in blue) are capable
of self-renewal and also give rise to the rapidly dividing transit-amplifying progenitors (TAPs,
green). TAPs give rise to neuroblasts (red), which migrate along the rostral migratory stream
toward the olfactory bulb. The apical NSC domain (I) contains an apical process that harbors
a primary cilium and makes contact with the ventricle. The apical process is surrounded by
ependymal cells (E) in a characteristic pinwheel structure. The intermediate NSC domain (II)
contains the cell body which makes contact with neuroblasts, TAPs and other NSCs. The basal
domain (III) comprises a process that contacts blood vessels (BV, brown). Figure and caption
adapted from Lim and Alvarez-Buylla (2016).

The vSVZ can be divided into four microdomains: the lateral (also called septal),
dorsal, medial and ventral vSVZ. Lineage-tracing experiments have shown that
NSCs located in different subdomains express different sets of transcription factors
and are biased toward the production of different neuronal sub-types (Lopez-Juarez
et al.,, 2013; Merkle et al., 2014; Chaker et al., 2016). Similarly, NSCs located in
the dorsal and dorso-lateral vSVZ are more likely to generate oligodendrocytes
compared to NSCs from other vSVZ microdomains (Ortega et al., 2013; Azim et al.,
2016; Mizrak et al., 2019).

The inner lining of the lateral ventricles is formed by a layer of ciliated glia cells
called ependymal cells (Jiménez et al., 2014). These cells form a tight barrier that
displaces the soma of NSCs from direct contact with the lateral ventricle. Nonethe-
less, NSCs maintain contact to the ventricle and cerebrospinal fluid by extending a
cellular process on their apical end. Within the vSVZ, NSCs and ependymal cells
are arranged in a manner that resembles a pinwheel, where the apical processes of

several NSCs are surrounded by a rosette of ependymal cells (Mirzadeh et al., 2008).

1.1.3 The neurogenic adult neural stem cell lineage

NSCs of the murine vSVZ retain labels incorporated during cell division for multiple
weeks and are able to replenish the stem cell pool after ablation of cycling cells
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(Morshead et al., 1994; Doetsch et al., 1999; Kalamakis et al., 2019). These findings
suggest that the majority of NSCs is in a quiescent state. Quiescent NSCs (qQNSCs)
are out of the cell cycle and maintain a low metabolic rate (Wang et al., 2011). In
addition to JNSCs, a small subset of NSCs is in an active state characterized by
the expression of genes involved in the cell cycle and protein biosynthesis, and by
the expression of epidermal growth factor receptor (EGFR) (Codega et al., 2014;
Llorens-Bobadilla et al., 2015; Zywitza et al., 2018). Both gINSCs and active NSCs
(aNSCs) co-exist in the vSVZ and even in the same microenvironment (i. e., pinwheel
structure, Codega et al., 2014). The existence of two separate active and quiescent
somatic stem cell populations was also described in other somatic stem cell niches
including hair follicles, crypts of the intestinal epithelium, and bone marrow (Li and
Clevers, 2010). This partition is thought to contribute to regenerative capabilities by
providing a dedicated population of cells that can quickly respond when necessary,
for instance upon injury. In contrast, a dedicated quiescent population is less likely to
accumulate potentially tumorigenic mutations during DNA replication and serves
as a backup pool to replenish active stem cells (Li and Clevers, 2010).

Once activated, NSCs give rise to the rapidly dividing transit-amplifying progeni-
tors (TAPs), also known as transit-amplifying cells, transit-amplifying precursors
or type C cells. Much like intermediate progenitor cells in development (section
1.1.1), these cells serve to amplify the number of progeny and are thought to be
fate-restricted. In the murine vSVZ, TAPs undergo approximately three rounds of
symmetric divisions and then give rise to neuroblasts (Ponti et al., 2013). Neuro-
blasts, also called type A cells, are immature neurons that migrate a considerable
distance toward the olfactory bulb. In order to migrate, neuroblasts essentially mi-
grate along each other and form a network of chains that ultimately converges in one
large stream of migrating neuroblasts called the rostral migratory stream (Altman,
1969; Lois and Alvarez-Buylla, 1994). Neuroblasts are actively dividing cells. During
their chain migration to the olfactory bulb, neuroblasts undergo approximately one
to two cell divisions (Ponti et al., 2013). Upon arrival at the olfactory bulb, neuro-
blasts disperse radially, differentiate into functional interneurons and integrate into

the neural circuitry of the olfactory bulb (Lim and Alvarez-Buylla, 2016).

1.1.4 Adult neural stem cells are specialized astrocytes

As adult NSCs are direct descendants of radial glial cells (see section 1.1.1), they
retain many characteristics of these cells. Among these are features of astroglial cells,
including ultrastructural qualities observed in electron microscopy images, as well
as protein expression of astrocyte marker genes such as GFAP and GLAST visualized
by immunostaining (Doetsch et al., 1997). For these reasons, NSCs are considered
specialized astrocytes (Doetsch et al., 1999; Kriegstein and Alvarez-Buylla, 2009;
Schneider et al., 2019; Cebrian-Silla et al., 2021). Similar to other types of astrocytes
(Diaz-Castro et al., 2023), NSCs also contact the vasculature by extending cellular
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processes with specialized endfeet to nearby blood vessels (Mirzadeh et al., 2008).
However, in contrast to non-neurogenic astrocytes which are typically multipolar,
NSCs retain the unique apical-basal polarity of radial glial cells. Unlike the multi-
ciliated ependymal cells, these vSVZ astrocytes are monociliated and express GLAST
as well as Prominin-1 (Prom1, CD133, Mirzadeh et al., 2008), which is also found
in the cilia of radial glial cells (Mirzadeh et al., 2008; Beckervordersandforth et al.,
2010; Llorens-Bobadilla et al., 2015). While the basal process of NSCs contacts nearby
blood vessels, the apical process of NSCs is surrounded by ependymal cells in the
aforementioned pinwheel structure and extends toward the lateral ventricle. This
apical process harbors the primary cilium of NSCs, contacts the cerebrospinal fluid
and represents a unique feature of NSCs that is not found in common parenchymal
astrocytes (Mirzadeh et al., 2008). Since the cerebrospinal fluid contains many crucial
signaling molecules known to regulate adult neurogenesis, such as Wnt ligands
and bone morphogenic proteins, it is believed that this connection to the ventricle
provides regulatory cues that are then integrated and acted upon by NSCs, in
addition to signals provided by adjacent cells and the vasculature (Lehtinen et al.,
2011).

Heterogeneity of vSVZ astrocytes

Reports of astrocyte heterogeneity in the vSVZ date back to 1997, when Doetsch
et al. first described the astrocyte identity of NSCs. In this publication, Doetsch
et al. identified two types of vSVZ astrocytes with distinct morphologies, which
they labeled B1 and B2. While it is now commonly accepted that type B1 cells are
bona fide adult NSCs, little is known about the function of type B2 cells, which are
rarely discussed in the literature and, if so, sometimes with conflicting information.
Most review articles on adult neurogenesis omit B2 cells entirely and focus solely
on (B1) NSCs (e. g. Lim and Alvarez-Buylla, 2016; Bond et al., 2015). Articles that
mention B2 cells typically describe them as astrocytes located below the ependyma
and closer to the adjacent parenchyma of the striatum, which contact blood vessels
but not the lateral ventricle (Ihrie and AlvareZ-Buylla, 2011; Pastrana et al., 2011).
These cells possess a multipolar morphology with bushy, branched processes similar
to astrocytes found in other regions of the brain (Mirzadeh et al., 2008). Obernier
et al. (2018) demonstrated that these B2 cells are generated by NSCs, and further-
more speculated that they might act as a reserve population of NSCs as they were
previously shown to proliferate (Doetsch et al., 1997; Capilla-Gonzalez et al., 2014).

In addition to NSCs and B2 astrocytes, the vSVZ also contains other astrocytes that
are often referred to with catch-all terms such as "niche astrocytes" or "parenchymal
astrocytes" (Pastrana et al., 2011) (although the term niche astrocytes has also been
used to refer to B2 astrocytes specifically in Platel and Bordey, 2016). Parenchymal
vSVZ astrocytes do not possess the bipolar NSC morphology and are generally
assumed to be non-neurogenic astrocytes with supporting homeostatic function
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(Garcia et al., 2004; Pastrana et al., 2011). Although vague, I will employ the term
"parenchymal astrocytes" in this thesis to refer to all astrocytes that are primarily
concerned with tissue-homeostatic function and not NSC function, to maintain con-
gruence with previous literature. To summarize, at least three sub-types of astrocytes
were reported in the vSVZ: NSCs (quiescent and active), type B2 astrocytes, and
parenchymal astrocytes. Whether the latter two sub-types contribute to neurogenesis
is currently poorly understood.

The search for NSC markers

The astrocyte cell identity of NSCs, combined with the occurence of other types
of astrocytes in the vSVZ, poses a significant challenge to researchers trying to
study NSCs in isolation (Ihrie and Alvarez—Buylla, 2011; Pastrana et al., 2011). While
astrocyte markers such as GFAP or GLAST allow for isolation of NSCs by means
of e. g. fluorescence-activated cell sorting (FACS), this strategy inevitably leads to
the isolation of both NSCs and common parenchymal astrocytes. For this reason,
considerable efforts were devoted to the identification of NSC-specific marker genes
which would allow for isolation of NSCs while precluding contamination of the
sample with other astrocytes. Several such markers have been suggested. These
include, for instance, Prominin-1 (Mirzadeh et al., 2008), Tlx (Tailless, Nr2el, Shi
et al., 2004; Liu et al., 2008), Nestin (Nes, Yamaguchi et al., 2000), LeX (LewisX, CD15,
SSEA-1, Capela and Temple, 2002) and Troy (Tnfrsf19, Basak et al., 2018). While these
markers serve as useful tools for the isolation and visualization of NSCs, there are
also caveats to their use. For instance, Prominin-1 is dynamically regulated and thus
not constantly expressed in all NSCs, and this marker is also expressed by other
vSVZ cells including oligodendrocytes and ependymal cells (Beckervordersandforth
et al., 2010; Mirzadeh et al., 2008). Similar caveats apply to other markers, and thus
it is generally advisable to combine multiple markers (Beckervordersandforth et al.,
2010; Codega et al., 2014; Llorens-Bobadilla et al., 2015).

1.1.5 Adult neurogenesis through the lens of scRNA-seq

The rise of scRNA-seq (see section 1.5) has enabled the simultaneous quantification
of gene expression profiles of thousands of cells. One of the major advantages of
scRNA-seq is that even heterogeneous samples consisting of multiple cell types
can be processed and interpreted, as the single-cell resolution allows users to break
down the sample into cell types in silico. For this reason, scRNA-seq raised hopes
as a means to discover rare cell types or sub-populations, and to identify new
marker genes. Thus, the adult neurogenesis community was quick to adapt this
new technology, resulting in several publications that utilized scRNA-seq to dissect
cellular heterogeneity of the vSVZ (e. g., Llorens-Bobadilla et al., 2015; Zywitza et al.,
2018; Kalamakis et al., 2019; Mizrak et al., 2019; Kremer et al., 2021; Cebrian-Silla
et al., 2021; Carvajal Ibafiez et al., 2023).
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Single-cell sequencing offered a new perspective on adult neurogenesis and enabled
the field to consider the entire transcriptome instead of just select marker genes.
However, this advancement also brought a new challenge, namely to reconcile
existing cell type and cell state definitions with the new data sets obtained by
scRNA-seq. As discussed later in section 1.5.4 (see also Amezquita et al., 2020;
Heumos et al., 2023), a typical scRNA-seq analysis utilizes dimensionality reduction
for data visualization, as well as a clustering algorithm to define groups of data
points (i. e., cells). The cell groups thus obtained by clustering ("clusters") are then
manually labeled by assessing gene expression of the contained cells, for instance
by inspecting the expression of known marker genes. While this approach is often
described as unbiased, since groups of cells are automatically determined by the
clustering algorithm and not by the analyst, the labels attached to each cluster are
still ultimately the result of expert judgement. Furthermore, there is no guarantee
that the obtained clusters correspond to cell populations previously described in the
literature. As a result, scRNA-seq data sets derived from vSVZ samples have been
interpreted in different ways.

Overall, studies employing scRNA-seq to study adult neurogenesis in the murine
vSVZ obtained largely consistent results across different laboratories. Sufficiently
large data sets revealed a continuous cell trajectory, characterized by expression of a
wide range of astrocyte marker genes on one end of the trajectory and expression
of neuroblast marker genes on the other end (Zywitza et al., 2018; Kalamakis et al.,
2019; Cebrian-Silla et al., 2021; Kremer et al., 2021). Thus, scRNA-seq confirmed
the established view that NSCs are specialized astrocytes. However, dimensional-
ity reduction plots also revealed signs of astrocyte heterogeneity in the vSVZ, as
indicated by detection of three (or more, depending on clustering parameters and
cell number) visually separated groups of astrocytes. Dimensionality reduction and
pseudotemporal ordering of cells suggests that these three clusters might represent
three consecutive cell states of the NSC lineage. It is agreed upon that the third of
these clusters corresponds to aNSCs, due to high expression of aNSC markers such
as Egfr and expression of genes required for mitosis. Accordingly, the community
also agrees that the cluster "upstream" of these aNSCs consists of qNSCs.

Different labels have been attached to the first cluster at the putative start of the
cell trajectory, however. Across data sets, cells in this cluster show very high expres-
sion of astrocyte markers such as S100b and Aqp4 (Zywitza et al., 2018; Kalamakis
et al., 2019; Cebrian-Silla et al., 2021; Carvajal Ibafiez et al., 2023). For this reason,
many authors assumed that this cluster corresponds to common non-neurogenic
parenchymal astrocytes and even excluded these cells from further analysis (e. g.
Cebrian-Silla et al., 2021; Zywitza et al., 2018). According to this interpretation, NSCs
occur in two activation states, aNSC and gNSC. Although not explicitly stated, the
main rationale for this interpretation is likely that common parenchymal astrocytes,
which are generally assumed to be non-neurogenic, were previously reported to
reside in the vSVZ (Garcia et al., 2004; Pastrana et al., 2011, section 1.1.4), and that
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these cells should also be captured by scRNA-seq. Although it is difficult to distin-
guish common parenchymal astrocytes from NSCs based on gene expression due to
shared expression of astrocyte marker genes, Cebrian-Silla et al. and Zywitza et al.
likely reasoned that the astrocyte cluster with the largest distance to e. g. aNSCs and

TAPs must correspond to common parenchymal astrocytes.

In contrast, others have interpreted the initial astrocyte cluster as a separate NSC
activation state (e. g. Kalamakis et al., 2019; Carvajal Ibafiez et al., 2023). In this
interpretation, NSCs occur in three possible states: a deeply quiescent or dormant
state ("qNSC1"), a primed-quiescent state ("qgNSC2"), and the aNSC state. An ar-
gument in favor of this interpretation is that cells in this initial astrocyte cluster
show many differences in gene expression compared to astrocytes isolated from
the striatum and cortex, such as expression of the cell surface glycoprotein CD9
(Cd9, Llorens-Bobadilla et al., 2015; Kalamakis et al., 2019). Furthermore, Kalamakis
et al. (2019) demonstrated that the two initial astrocyte/NSC clusters share a highly
similar transcriptome, comparable with the similarity of gqNSC2 cells and aNSCs,
suggesting that they might be part of the same continuous lineage.

To summarize, while scRNA-seq of the vSVZ yields similar results across different
laboratories, these data sets have been interpreted in different ways. Specifically,
scRNA-seq of the vSVZ reveals two distinct, albeit similar, groups of quiescent
astrocytes, and it is currently unclear whether these correspond to two sub-states
of gNSCs, or to qNSCs and common non-neurogenic parenchymal astrocytes. In
addition to this ambiguity, it is currently entirely unclear which single-cell transcript-
omes correspond to type B2 cells (section 1.1.4), as no study to date pinpointed this
cell population in an scRNA-seq data set.

1.2 NSCs and other astrocytes in health and disease

As reviewed earlier, only a small fraction of astrocytes contributes to neurogenesis
in adult mammalian brains. Nonetheless, the remaining common parenchymal

astrocytes are essential for brain function, which I will briefly review in this section.

1.2.1 Common parenchymal astrocytes

Astrocytes are glial cells that perform a wide range of structural, metabolic, homeo-
static and neurosupportive functions in adult and developing brains (reviewed in
Sofroniew and Vinters, 2010; Sloan and Barres, 2014; Linnerbauer and Rothhammer,
2020). The name astrocyte derives from their characteristic star-shaped morphology,
which is the result of their many cellular processes. Using these processes, astro-
cytes make contact with synapses, dendrites, axons, blood vessels and even other
astrocytes (Fig. 1.3).
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FIGURE 1.3: Function of common parenchymal astrocytes in homeostatic conditions.

(a) Astrocytes interact with neurons, oligodendrocytes, microglia, and cells of the blood brain
barrier during steady state conditions. (b) Astrocytes modulate synaptic transmission by
providing metabolic support and clearing neurotransmitters, using transmembrane proteins
such as the inward rectifying K* channel Kir4.1 (Kcnj10). (c) Astrocytic endfeet contact the
vasculature of the brain and contribute to function of the blood brain barrier. These endfeet
express high levels of the water channel Aquaporin-4 (Agp4) and interact with pericytes of
the basal lamina of the brain. Figure and caption adapted from Linnerbauer and Rothhammer
(2020).

Astrocytes tile the entire CNS in a continuous, structured network in which they
connect to each other via gap junctions. These gap junctions allow for exchange
of small molecules and ions such as Ca?* and K* (Bennett et al., 2003). Although
astrocytes do not propagate action potentials like neurons, this interconnected
network of astrocytes allows for the transmission of signals, for instance in the form
of Ca%* waves (Bazargani and Attwell, 2016; Rasmussen et al., 2023).

The main function of astrocytes, however, is to support neurons in their function.
Astrocytes achieve this by utilizing their many connections with other cells to
distribute energy metabolites, water, sterols, ions and neurotransmitters in the brain.
To achieve this feat, astrocytes express an array of transmembrane proteins, which
allow for transport and diffusion of ions and molecules. Many of these proteins, such
as the water channel Aquaporin-4 (Agp4) and the amino acid transporter GLAST
(Slc1a3) are commonly used as astrocyte marker genes. Via their connections with
the vasculature, astrocytes take up molecules such as water and glucose, which
they then distribute among adjacent neurons. Furthermore, astrocytes act as a local
fuel reserve by storing glucose in the form of glycogen granules. Once required,
for instance during low levels of blood sugar, the stored glycogen is broken down
to lactate, which astrocytes then transfer to adjacent neurons as a source of energy
(Sofroniew and Vinters, 2010; Sloan and Barres, 2014). Like energy metabolites,
astrocytes also provide neurons with cholesterol, which they synthesize and then
traffic to neurons and glia using apolipoprotein E (Apo-E, Apoe, Wang et al., 2021).

In addition to their crucial functions in maintaining brain homeostasis and sup-
porting neurons, astrocytes also actively modulate the transmission of nervous
impulses. In the long term, astrocytes achieve this by controlling the formation
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and elimination of synapses (Stevens et al., 2007; Sloan and Barres, 2014) and by
releasing growth factors and related molecules (Sofroniew and Vinters, 2010). In
the short term, astrocytes modulate synapse function by releasing and taking up
neurotransmitters, amino acids and other synaptically active molecules (reviewed
in Lalo et al., 2021). But the ability of astrocytes to take up neurotransmitters is
not only important for synaptic function, it is also crucial to prevent accumulation
of these molecules in the brain. In a similar manner, astrocytes also employ ion
channels and transporters to regulate ion concentration and pH of the extracellular
space. Furthermore, owing to their ability to form tight junctions, secrete growth
factors and transport fluids, astrocytes contribute critically to the formation and
maintenance of the blood brain barrier (Cabezas et al., 2014). In summary, astrocytes
are crucial regulators of synapses, blood flow, fluid homeostasis, energy metabolism
and cholesterol metabolism in the brain (Sofroniew and Vinters, 2010). While my
summary of astrocyte function describes the main functions performed by a typi-
cal astrocyte, it is important to note that astrocyte morphology, function and gene
expression is heterogeneous and differs both on a local level and across different
regions of the CNS (Haim and Rowitch, 2017; Chai et al., 2017; Matias et al., 2019).

1.2.2 Reactive astrocytes

In addition to their crucial functions in maintaining brain homeostasis of the healthy
brain, astrocytes are also known for their ability to sense and respond to brain
pathologies such as injury, infection and ischemia. Although this response was
described almost a century ago (del Rio Hortega and Penfield, 1927), to date there is
still substantial disagreement and uncertainty about its extent and the functional
implications. As a result, various definitions, molecular hallmarks and marker genes
associated with this phenomenon are described in the literature, some of which
are conflicting or only apply in specific scenarios such as disruption of the blood
brain barrier. To clarify these ambiguities and agree on a common definition, several
leading figures in the field published a consensus statement in 2021, where they

define the phenomenon as follows:

"We suggest [the term] reactive astrogliosis’ to define the process whereby,
in response to pathology, astrocytes engage in molecularly defined
programs involving changes in transcriptional regulation, as well as
biochemical, morphological, metabolic, and physiological remodeling,
which ultimately result in gain of new function(s) or loss or upregulation
of homeostatic ones."

(Escartin et al. 2021)

The functional role of such reactive astrocytes is complex and still an active field of
research. Perhaps the most well-studied aspect of reactive astrogliosis is glial scar
formation, a process in which reactive astrocytes contribute to the formation of a
physical barrier upon injury to the CNS. While this glial scar seals the site of injury
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and thus protects against further infection and cellular damage, gliosis was for many
decades considered detrimental to CNS recovery as it is a hallmark of many CNS
injuries and impedes axonal re-growth (e. g. Liuzzi and Lasek, 1987). More recently
though, some studies painted a more nuanced view on reactive astrocytes, revealing
detrimental but also protective functions, such as secretion of anti-inflammatory and
protective compounds (Faulkner et al., 2004; Linnerbauer and Rothhammer, 2020).
Nonetheless, recent experiments on the spiny mouse Acomys cahirinus demonstrated
that this species is capable of fast and efficient CNS regeneration after spinal cord
injury in the absence of glial scar formation, which suggests that glial scarring
indeed impedes CNS recovery (Nogueira-Rodrigues et al., 2022).

Several new insights in reactive astrocyte biology were enabled by transcriptome
profiling techniques including quantitative polymerase chain reaction (qQPCR), mi-
croarrays and later RNA-sequencing (RNA-seq), which demonstrated that reactive
astrocytes are characterized by increased expression of distinct gene sets that greatly
depend on the pathological condition (Zamanian et al., 2012; Liddelow et al., 2017;
Escartin et al., 2021). Specifically, Zamanian et al. quantified gene expression changes
observed after neuroinflammation, induced by systemic lipopolysaccharide injec-
tion, and gene expression changes observed after ischemia, i. e. restricted blood
supply to the brain, in this case induced by occluding the middle cerebral artery.
The authors found that these two conditions induced the expression of two distinct,
albeit slightly overlapping, sets of genes. In a follow-up study, Liddelow et al. (2017)
labeled these two sub-states of reactive astrocytes A1 and A2. Based on gene ex-
pression, the authors proposed that A2 reactive astrocytes, which were observed
after ischemia, may have a neuroprotective function. A2 reactive astrocytes, in con-
trast, showed a decrease in many homeostatic and neuroprotective functions and
instead became neurotoxic in vitro. This A2 reactive state was shown to be induced
by microglia, which in turn were activated by neuroinflammation (Liddelow et al.,
2017).

In the following years, many biomedical studies adopted the A1 / A2 nomenclature
to classify reactive astrocytes observed after various CNS pathologies. However, as
Escartin et al. (2021) note, this binary classification into "good" and "bad" reactive
astrocytes is overly simplistic as it does not capture the wide and diverse range of
reactive astrocyte states. Instead, the authors suggest to move beyond the A1 / A2
nomenclature and instead characterize astrocyte states on a case-by-case basis, using
functional and molecular assays.

1.2.3 Neurogenic response to injury

Reactive astrogliosis demonstrates that astrocytes possess unique abilities to sense
and respond to brain injury. In non-mammalian vertebrates such as salamanders
(Joven and Simon, 2018) and zebrafish (Kyritsis et al., 2012; Diotel et al., 2020), injury-
induced glial response mechanisms allow for regeneration of the brain, including
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the generation of new neurons and re-growth of lost brain tissue. Since mammalian
astrocytes are also able to sense and respond to injury, and since a small subset of
astrocytes (i. e., NSCs) generates neurons even in adult mammalian brains, it is
tempting to speculate that all astrocytes may possess a latent neurogenic potential
that is merely blocked in most conditions. It is possible that this putative block of
neurogenic capabilities is introduced in development, as common parenchymal
astrocytes isolated from young animals before postnatal day 11 can give rise to
neurospheres in vitro (Laywell et al., 2000).

Parenchymal astrocytes of the striatum and cortex

Several studies in the past decade aimed to unlock the neurogenic potential of
common parenchymal astrocytes located outside adult germinal niches. In 2014,
Magnusson et al. showed that ischemia caused by transient occlusion of the middle
cerebral artery is sufficient to induce a neurogenic program in astrocytes of the
striatum, a brain area located adjacent to the vSVZ that is not considered neuro-
genic in homeostatic conditions. Specifically, these striatal astrocytes first acquired
expression of the proneural transcription factor Ascll (Ascl1) and the proliferation
marker Ki67 (Mki67), and later downregulated the astrocyte marker S100-B (S100b)
while acquiring expression of the neuronal migration protein doublecortin (Dcx) and
polysialylated neural cell adhesion molecule (PSA-NCAM, Ncam1). By inhibiting
Notch signaling in healthy mice, as well as artificially increasing Notch signaling
in ischemic mice, Magnusson et al. (2014) demonstrated that decreased Notch sig-
naling is both required and sufficient to induce this neurogenic response in striatal
astrocytes. In the following year, two further studies conducted by other laboratories
confirmed the observation that striatal astrocytes differentiate into neurons after
ischemia (Duan et al., 2015) and after inducing a brain lesion by injecting quinolinic
acid (Nato et al., 2015).

In a follow-up study, Magnusson et al. (2020) utilized scRNA-seq to demonstrate
that such neurogenic striatal astrocytes, induced by depletion of Notch signaling,
proceed along a differentiation lineage that resembles the vSVZ NSC lineage. A
direct comparison with the vSVZ NSC lineage showed that striatal astrocytes are
transcriptionally similar to gNSC1 cells and thus locate upstream of the canonical
gNSC2 — neuroblast lineage. Once activated though, striatal astrocytes proceed
along a differentiation trajectory that closely recapitulates cell states previously
described in the vSVZ NSC lineage (section 1.1.3), including cells resembling aNSCs,
TAPs and neuroblasts. During this transition, striatal astrocytes gradually lose their
parenchymal astrocyte morphology but do not assume the characteristic bipolar
vSVZ NSC morphology. Magnusson et al. (2020) furthermore showed that some
striatal astrocytes became stalled before entering the TAP-like state, and that this
could be resolved by exposure to epidermal growth factor (EGF) (Fig. 1.4).
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FIGURE 1.4: Activation of a neurogenic program in striatal astrocytes.

This schematic summarizes the main findings of Magnusson et al. (2020), who propose that
striatal astrocytes can activate a neurogenic program upon Rbpj knockout (KO). Overall, this
neurogenic program is highly similar to that of adult vSVZ NSCs. However, neurogenic striatal
astrocytes partially retain their distinct astrocyte morphology and show differential expression
of few individual genes (see Magnusson et al., 2020, for details). This neurogenic response is
also seen in astrocytes of the somatosensory cortex, although these cells halt their development
before entering the transit-amplifying stage. This stall is also observed in some neurogenic
striatal astrocytes and can be overcome by exposure to epidermal growth factor (EGF). Figure
and caption modified from Magnusson et al. (2020).

To assess whether astrocytes located in other brain areas have similar neurogenic
potential, Magnusson et al. (2020) also isolated Notch-depleted astrocytes from the
somatosensory cortex. While a modest number of cortical astrocytes activated the
putative neurogenic program, all of these cells stalled before entering the TAP state.
A previous publication from the same laboratory demonstrated that this stall can be
overcome when Notch depletion is combined with stab wound injury, leading to the
generation of neuroblasts and even interneurons (Zamboni et al., 2020). Similarly;,
Mattugini et al. (2019) combined stab wound injury with overexpression of two
neurogenic factors, Neurog2 and Nr4a2 (also known as Ngn2 and Nurrl), to induce
neurogenesis in astrocytes of the cerebral cortex. Overall, these studies confirm
that astrocytes in various brain areas possess a hidden neurogenic potential. In the
striatum, injury alone is sufficient to generate neuroblasts, suggesting that striatal
astrocytes are particularly suited for such experiments. Their ability to generate
neuroblasts upon injury might also suggest that striatal astrocytes are more similar
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to vSVZ NSCs than other astrocytes such as cortical astrocytes, which require more
manipulation to enter the neurogenic state.

vSVZ NSCs

Even though NSCs of the vSVZ already generate neurons under homeostatic con-
ditions, there is substantial evidence that these astrocytes, too, can be activated by
injury. Such evidence is found in the scRNA-seq data of Llorens-Bobadilla et al.
(2015), who isolated vSVZ cells from both healthy mice and mice that were subjected
to transient bilateral common carotid artery occlusion. Compared to healthy con-
trols, the authors observed a clear depletion of gNSC1 cells two days after ischemia
and reasoned that this shift corresponds to an activation of these cells, i. e., a transi-
tion from the dormant gNSC1 state to the primed-quiescent qNSC2 state. Similarly,
Delgado et al. (2021) showed that inducing demyelination by lysolecithin injection
causes activation of vGVZ NSCs and generation of new glial cells. Based on gene ex-
pression, Llorens-Bobadilla et al. (2015) speculated that the injury-induced response
of NSCs might be driven by interferons, i. e. cytokines which modulate the innate
and adaptive immune response upon injury and infection (reviewed in Mazewski
et al., 2020). In line with this hypothesis, knockout of interferon-y-receptor 1 (Ifngrl)
greatly impeded the injury-induced depletion of gNSC1 cells (Llorens-Bobadilla
et al., 2015).

More recent studies further explored the regulation of vSVZ NSCs by interferons,
particularly in the context of aging (Kalamakis et al., 2019; Dulken et al., 2019).
Specifically, two concurrent studies found differences in the proportion of NSC
cell states between young and old mice, and attributed these differences eiter to
secretion of interferon-y by T cells that infiltrate the vSVZ (Dulken et al., 2019) or to
inflammation of other resident vSVZ cells (Kalamakis et al., 2019). Of note, recent
findings suggest that interferons do not only control NSC function in injured or
old brains, but also in healthy brains of all ages, revealing interferons as a crucial
regulator of NSC function (Carvajal Ibafiez et al., 2023). In summary, adult NSCs of
the vSVZ sense injury and respond by activation, similar to common parenchymal

astrocytes. In the case of NSCs, this response is mediated by interferon signaling.

1.3 Oligodendrocytes

The three major types of glial cells in the CNS are astrocytes (see section 1.2), oligo-
dendrocytes (reviewed in Baumann and Pham-Dinh, 2001; Bradl and Lassmann,
2010; Kuhn et al., 2019) and microglia (reviewed in Prinz et al., 2019). Unlike mi-
croglia, which descend from early erythroid myeloid progenitors during early
embryonic development (Prinz et al., 2019), both astrocytes and oligodendrocytes
descent from radial glial cells (Kriegstein and Alvarez-Buylla, 2009). As adult NSCs
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represent a population of radial glial cells that is set to quiescence around E14 (Furu-
tachi et al., 2015), they also retain the ability to generate oligodendrocytes in addition
to their major neurogenic function (Ortega et al., 2013; Delgado et al., 2021).

Like astrocytes, oligodendrocytes are supportive cells of the CNS that are indispens-
able for proper neuronal function in mammals. Oligodendrocytes accomplish this
by forming and maintaining myelin sheaths around neuronal axons, which act as
an insulation for nerve impulses. Myelin sheaths are distributed in regular intervals
along the length of an axon, with regular gaps called nodes of Ranvier. This arrange-
ment allows for fast signal transduction, as the low capacitance of ensheathed axon
segments allows action potentials to quickly "jump" from one node of Ranvier to
the next in a process called saltatory conduction (from Latin saltus, "jump") (Huxley
and Stampfli, 1949). A single oligodendrocyte is able to myelinate up to fifty axonal
segments (Baumann and Pham-Dinh, 2001). In contrast to Schwann cells, which
fulfill a similar role in the peripheral nervous system, oligodendrocytes are able to
myelinate the axons of several nearby neurons (Salzer, 2015). Similar to astrocytes,
albeit to a lesser extent, oligodendrocytes also support neurons metabolically by
transferring energy in the form of lactate (Bercury and Macklin, 2015).

The myelin sheath itself consists of the oligodendrocyte’s plasma membrane, which
tightly wraps around the axon in multiple layers (Kuhn et al., 2019). In addition to
the lipids that make up the plasma membrane, the myelin sheath also contains large
quantities of proteins such as myelin basic protein (Mbp), which are required for
formation and stabilization of the myelin sheath, and might also enhance insulation
(Boggs, 2006). Several genes that encode for proteins expressed in the myelin sheath
are used as oligodendrocyte marker genes. This includes, for instance, Mbp, the
transmembrane protein myelin proteolipid protein (Plp1), myelin-oligodendrocyte
glycoprotein (Mog) and myelin associated glycoprotein (Mag), but also transcription
factors that determine oligodendrocyte cell identity such as Sox10 and Olig2 (Pozniak
et al., 2010; Kuhn et al., 2019).

1.3.1 Loss and restoration of myelin

Myelination is a tightly regulated and selective process that furthermore requires
vast amounts of lipids and proteins. It has been estimated that a mature oligoden-
drocyte can support a plasma membrane that weighs up to 100 times the weight
of its cell body (Bradl and Lassmann, 2010). To form and maintain these myelin
sheaths, oligodendrocytes have high metabolic rates and are thus subjected to toxic
byproducts of metabolism such as reactive oxygen species. As a result, oligoden-
drocytes are vulnerable to CNS conditions such as inflammation, oxidative stress
and injury, which can lead to death of oligodendrocytes and demyelination (Mc-
Tigue and Tripathi, 2008). To recover from such conditions, adult mammalian brains

possess the ability to restore myelin sheaths to exposed axons in a process called
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remyelination. But remyelination is not only important for regeneration after dam-
age, as low rates of oligodendrocyte death are normal even in healthy adult brains.
Furthermore, adaptive myelination is important for neuronal plasticity: Learning a
new motor skill such as juggling (or more realistically in the case of rodents, running
in a wheel with irregularly spaced rugs) requires remyelination (McKenzie et al.,
2014). Remyelination is thought to involve the generation of new oligodendrocytes
by a dedicated pool of quiescent oligodendrocyte precursor/progenitor cells (OPCs)
that is distributed throughout the brain (Bradl and Lassmann, 2010; McKenzie et al.,
2014; Buchanan et al., 2023). However, note that radiocarbon dating of human white
matter oligodendrocytes revealed only limited oligodendrocytes turnover despite
high rates of myelin exchange (Yeung et al., 2014). Similarly to OPCs, oligodendro-
cytes generated by vSVZ NSCs might also contribute to remyelination (Menn et al.,
2006; Nait-Oumesmar et al., 2007; Delgado et al., 2021).

Due to the relative vulnerability of oligodendrocytes and their essential role in
brain function, demyelination is a hallmark of many CNS disorders. The most
common demyelinating disease is multiple sclerosis (MS), a chronic inflammatory,
neurodegenerative disorder that affects the CNS and is accompanied by characteris-
tic demyelinating lesions (reviewed in Filippi et al., 2018; Rodriguez Muria et al.,
2022). Risk factors for MS include environmental factors such as Epstein Barr Virus
infection and smoking, but also genetic factors. Several reports also suggest that
epigenetic marks such as DNA methylation are altered in MS, although the role
of these alterations is currently poorly understood (Huynh et al., 2014; Chomyk
et al., 2017; Webb and Guerau-de Arellano, 2017). Similarly, the etiology of MS is
currently unclear and still an active field of research. To date, the most common
model is that MS is caused by infiltration of autoreactive immune cells into the CNS,
which leads to demyelination and ultimately neurodegeneration (Filippi et al., 2018;
Rodriguez Murda et al., 2022).
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1.4 DNA methylation

DNA, the polymer that carries the genetic instructions required for development
and function of our bodies, encodes this information in a sequence consisting of
four nucleotides: cytosine (C), guanine (G), adenine (A) and thymine (T). In 1948
however, long before DNA was identified as the carrier of genetic information,
Hotchkiss made a curious discovery when he subjected hydrolyzed calf thymus
DNA to paper chromatography: Instead of the expected four bands, one for each
nucleotide, he observed a faint fifth band which he labeled "epi-cytosine" (Fig. 1.5).
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FIGURE 1.5: The first evidence for DNA methylation in mammalian genomes.
Guanine, cytosine, adenine, thymine and "epi-cytosine" (5-methylcytosine), as detected by
paper chromatography in 1948. Figure taken from Hotchkiss (1948).

As methylated cytosine (5-methylcytosine, 5mC) was previously detected in nucleic
acids isolated from Mycobacterium tuberculosis (Johnson and Coghill, 1925), Hotchkiss
speculated that the fifth band in his chromatogram might correspond to 5mC. Today,
we know that this suggestion was correct, as the genomes of many prokaryotes,
plants, fungi, insects and mammals were shown to contain 5mC (Mattei et al., 2022).

In mammals, DNA methylation occurs predominantly in a specific sequence context,
namely at the cytosine of 5'-C—phosphate-G-3’ (CpG) dinucleotides (Sinsheimer
et al., 1954). Although rare exceptions exist, CpG methylation is typically symmetric,
which means that both the cytosine on the plus strand, as well as the cytosine
complementary to guanine on the minus strand, are methylated (Xu and Corces,
2018). The genomic distribution of these CpG dinucleotides shows at least two
statistical anomalies: First, CpG dinucleotides occur less frequently than would be
expected by random chance. This phenomenon called CpG depletion is the result of
the high mutation rate of 5mC, which is subject to spontaneous deamination. The
result of this mutation is a thymine base that is improperly matched with a guanine.
DNA repair mechanisms oftentimes replace this mismatch with an A=T base pair
instead of the original C=G, which leads to depletion of CpG dinucleotides over
evolutionary timescales (Bird, 1980). Second, CpG dinucleotides are not uniformly
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distributed across the genome. Instead, many CpG sites occur in clusters known
as CpG islands. Most of these CpG-rich genomic regions are 300 to 3000 base pairs
(bp) wide and lowly methylated (Bird, 1986; Fatemi et al., 2005). In adult mammals,
however, most CpG sites located outside CpG islands are methylated. The total
fraction of methylated CpG sites differs between cell types and tissues. For instance,
a recent study which quantified CpG methylation in individual cells of various
murine brain cell types reported average CpG methylation levels ranging from
61.6% to 88.8% (Liu et al., 2022).

Although less frequently, cytosines in a non-CpG context may also be methylated.
Compared to CpG methylation non-CpG methylation is poorly understood, but
recent evidence suggests it plays a role in neuronal diversity and development (Price
et al., 2019; Jeong et al., 2021; Liu et al., 2022). Unless explicitly stated otherwise,
all following mentions of DNA methylation, or simply methylation, refer to CpG
methylation.

1.4.1 Molecular mechanisms of (de)methylation

Mammalian cells are equipped with an array of enzymes which allow them to add
and remove methyl groups from cytosines in their genome. Early research on this
molecular methylation machinery focused mostly on a family of enzymes called
DNA methyltransferases (DNMTs), which catalyze the transfer of a methyl group
from the universal methyl donor S-adenosylmethionine to C5 of the cytosine ring
(reviewed in Lyko, 2018). The genome of M. musculus contains six members of the
DNMT gene family: Dnmt1, Trdmt1, Dnmt3a, Dnmt3b, Dnmt3c and Dnmt3l.

DNMTT1 is the maintenance methyltransferase of mammalian genomes, which
means that it ensures that DNA methylation patterns are maintained during cell di-
vision. This is necessary, as the nascent strands synthesized during DNA replication
are initially unmethylated. To restore the original symmetric DNA methylation pat-
tern, DNMTT1 interacts with other factors such as UHRF1 to bind hemi-methylated,
i. e., asymmetrically methylated, CpG dinucleotides and methylates the unmethy-
lated cytosine (Hirasawa et al., 2008; Xu and Corces, 2018).

In contrast to the maintenance methyltransferase DNMT1, de novo methyltrans-
ferases are able to introduce DNA methylation at CpG dinucleotides that were
previously unmethylated, thus giving them the ability to establish new epigenetic
patterns. In mice, this function is carried out by DNMT3A and DNMT3B (Okano
et al., 1999), as well as the recently discovered, rodent-specific DNMT3C (Barau
et al.,, 2016). The activity of these methyltransferases is well-studied during early
embryonic development, where DNA methylation is first erased from the genome
and then re-established de novo (reviewed in Lee et al., 2014; Chen and Zhang, 2020).
Knockout of Dnmt3a, Dnmt3b or Dnmt1 leads to premature death of developing
mice at 4 weeks post natal, E13.5 and E9.5, respectively (Clark et al., 2022).
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Other members of the DNMT gene family include DNMT3L and TRDMT1. DNMT3L
is a truncated homolog of DNMT3A /B that lost methyltransferase activity, but
nonetheless plays an important role in de novo methylation as it directs the activity of
DNMT3A /B using histone modification marks as a guide (Ooi et al., 2007; Lee et al.,
2014). The enzyme formerly known as DNMT2 was recently re-named to TRDMT1,
as Goll et al. (2006) demonstrated that it methylates tRNA and not DNA.

Active and passive demethylation

The removal of DNA methylation can be achieved in two different ways. The first
of these mechanisms, called passive demethylation, is simply the absence of main-
tenance methylation during cell division, resulting in a relatively indiscriminate
global decrease of DNA methylation. This mode of demethylation naturally occurs
in primordial germ cells, which lose about 90% of their global DNA methylation be-
tween E6.5 and E13.5 (Lee et al., 2014). Mechanistically, passive demethylation at this
developmental time point is likely the result of multiple factors, including exclusion
of DNMT1’s interaction partner UHRF1 from the nucleus, downregulation of Uhrfl,
loss of H3K9me?2, as well as downregulation of the de novo methyltransferases (Lee
et al., 2014). In addition to naturally occurring passive demethylation, unspecific
global demethylation can also be induced artificially using DNMTT1 inhibitors such
as 5-azacytidine (Jones et al., 2016).

In contrast to passive demethylation, active demethylation is the targeted removal
of DNA methylation from specific cytosines in the genome. The enzymes responsible
for active demethylation were unknown for many decades (Mattei et al., 2022). Only
recently, a computational sequence-similarity search and follow-up experiments
unveiled the Ten-Eleven Translocation (TET) family as the enzymes responsible
for active demethylation in mammals (Tahiliani et al., 2009). TET enzymes achieve
this feat in a stepwise series of oxidations which results in oxidized methylcytosine
intermediates including 5-hydroxymethylcytosine (5hmC), 5-formylcytosine (5fC)
and 5-carboxylcytosine (5caC) (Fig. 1.6, An et al., 2017). 5fC and 5caC are then
replaced by unmethylated cytosines by the base excision repair, which completes
the active demethylation process. However, as DNTM1 and UHRF1 are unable to
recognize oxidized intermediates, TET enzymes also facilitate replication-dependent
demethylation (An et al., 2017).
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FIGURE 1.6: Function of DNMT and TET enzymes in passive and active DNA demethyla-
tion.

DNA methyltransferases (DNMTs) catalyze the methylation of cytosine (C), yielding 5-
methylcytosine (5mC). This reaction can be reverted by TET (ten-eleven translocation) en-
zymes, which catalyze a series of oxidations that produce 5-hydroxymethylcytosine (5ShmC),
5-formylcytosine (5fC) and 5-carboxylcytosine (5caC). 5fC and 5hmC are the target of the
thymine DNA glycosylase (TDG)/Nei-like (NEIL) and base excision repair (BER) machiner-
ies, which replace them with unmethylated cytosines (active demethylation, blue arrows).
Furthermore, 5mC may be depleted in the absence of maintenance methylation during DNA
replication (passive demethylation, red arrows). Figure and caption taken from Parry et al.
(2021).

1.4.2 Methylation and gene regulation

Since its discovery almost a century ago, DNA methylation has been implicated
in a vast range of biological processes including gene regulation, development,
imprinting, genome organization, cell fate decisions, cancer, and aging (reviewed in
Mattei et al., 2022; Parry et al., 2021; Lyko, 2018; Moore et al., 2013; Lee et al., 2014;
Jones, 2012). In this section I will focus on gene regulation and cell fate decisions
and briefly review how these two topics are linked to DNA methylation, as these

aspects are most relevant for my research.

Methylation as a repressive epigenetic mark

Historically, DNA methylation has been viewed as a repressive epigenetic mark. A
number of findings support this view. For instance, artificially induced methylation
of individual promoters was shown to decrease gene expression and genome-wide
studies found that DNA methylation generally anticorrelates with transcription
(Mattei et al., 2022). In the last decades, several studies also offered mechanistic
explanations on how DNA methylation can lead to lower gene expression. Methyla-
tion readers such as methyl-CpG binding protein 2 (MeCP2, Mecp2), for instance,
might bind to methylated CpG dinucleotides and recruit the nuclear receptor co-
repressor 1/2 (NCoR1/2) complex, which promotes the formation of repressive
chromatin structures as well as histone deacetylation (Tillotson and Bird, 2020).
Recent evidence also suggests that many transcription factors are sensitive to DNA
methylation, i. e., they bind preferentially to sequence motifs containing 5mC or
unmethylated cytosines (Yin et al., 2017; Kaluscha et al., 2022). Surprisingly, effects
of nearby DNA methylation on transcription factor binding were even described
for transcription factors whose binding motif does not contain a CpG dinucleotide
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(You et al., 2011). Interactions between DNA methylation and transcription factor
binding are bidirectional though, as some transcription factors are also able to affect
DNA methylation (Tchieu et al., 2019; Donaghey et al., 2018; Reizel et al., 2018).

While the repressive properties of DNA methylation are still acknowledged today,
more recent research also revealed more nuances to this relationship as they dis-
tinguished between methylation of promoters, gene bodies, enhancers and other
genomic features (Moore et al., 2013; Lee et al., 2014). It is long known that most
mammalian proximal promoters are lowly methylated as the majority of promot-
ers, and almost all promoters of housekeeping genes, contain CpG islands which
are generally hypomethylated (Bird, 1986; Gardiner-Garden and Frommer, 1987;
Saxonov et al., 2006). Accordingly, since most promoters are lowly methylated, an
unmethylated promoter alone is not sufficient to enable gene expression. Promoter
hypermethylation, however, is associated with silencing of gene expression (Saxonov
et al., 2006; Rollins et al., 2006; Mattei et al., 2022).

Surprisingly though, several studies suggest that promoter hypermethylation is
often introduced after a gene is already silenced, indicating that promoter methyla-
tion is not the cause, but rather a consequence of gene silencing. Bird (2002) thus
proposed that promoter methylation serves to silence genes "irrevocably", i. e. to
achieve stable, long-term silencing of gene expression. For this reason, modern
targeted gene silencing tools using engineered dCas9 ! fusion proteins often utilize
methyltransferase domains (Nakamura et al., 2021). It is worth noting, however,
that there is still substantial disagreement and uncertainty on the role of promoter
methylation in gene regulation after many decades of research on this topic. Only
recently, Ford et al. (2017) conducted a screening in which they artificially induced
methylation in thousands of promoters. Surprisingly, the authors reported that
this often did not result in gene repression; a claim that was swiftly rebutted in
a follow-up pre-print in which Ford et al.’s data was re-analyzed by Korthauer
and Irizarry (2018), which again prompted a follow-up screening with additional
controls (de Mendoza et al., 2022).

Gene body methylation

Despite the aforementioned view that DNA methylation represses gene expression,
several studies found that the gene bodies of expressed genes tend to be methylated
(Lister et al., 2009; Jones, 2012). Several explanations for this surprising positive
correlation between gene expression and gene body methylation were proposed. For
instance, gene body methylation might serve to silence cryptic intragenic promoters
(Tran et al., 2005; Neri et al., 2017) or regulate splicing (Laurent et al., 2010; Shukla
et al., 2011). Despite frequent reports of a positive correlation between gene body
methylation and gene expression, some studies also obtained seemingly conflicting

'dCas9: endonuclease deficient ("dead") CRISPR (clustered regularly interspaced short palindromic
repeats)-associated protein Cas9.
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results when they found a negative correlation between methylation of the first exon
(Brenet et al., 2011), the first intron (Anastasiadi et al., 2018; Schlosberg et al., 2017)
or immediately downstream of the transcription start site (TSS) (Hovestadt et al.,
2014). These findings suggest that gene body methylation near the 5 end of the
gene has a repressive effect on gene expression, much like promoter methylation.
For this reason, it might be wise to divide the gene body into a 5" domain (where
methylation is typically repressive) and a 3" domain (where methylation is often
positively correlated with gene expression) when quantifying gene body methylation
(Brenet et al., 2011; Moore et al., 2013).

Cell type-specific methylation patterns at cis-regulatory elements

Driven by advances in epigenome sequencing and other technologies, research
in the last decade has deepened our understanding of epigenetic differences be-
tween tissues and cell types. Genome-wide epigenome profiling techniques such as
whole-genome bisulfite-sequencing (WGBS) and chromatin immunoprecipitation
followed by sequencing (ChIP-seq) made it possible to assess epigenetic marks, as
well as their interactions, for the entire genome. An important conclusion derived
from such studies is that different cell types and lineages possess unique methyla-
tion profiles, characterized by specific lowly methylated regions (LMRs) (Lister
et al., 2009; Stadler et al., 2011; Lee et al., 2014; Argelaguet et al., 2019). As a re-
sult, cell types and tissues are readily distinguished by assessing DNA methylation
at relatively few genomic loci (Ziller et al., 2013; Lee et al., 2014). Many of these
LMRs appear to be distal gene regulatory elements, as they bind cell type-specific
transcription factors and are enriched for enhancer chromatin marks (Stadler et al.,
2011; Argelaguet et al., 2019) or repressive sequence motifs characteristic of silencers
(Cedar et al., 2022). Methylation at these distal regulatory sites might thus provide a
basic framework supporting the expression of genes required in specific tissues or
cell types (Ramskold et al., 2009; Lee et al., 2014), while possibly also silencing other
genes which are not currently required (Edrei et al., 2021). How exactly methylation
at these distal sites might regulate gene expression is incompletely understood, but
it is evident that DNA methylation interacts with other gene regulatory components
such as histone modifications and transcription factors (Fig. 1.7) (Noh et al., 2015;
Angeloni and Bogdanovic, 2019; Cedar et al., 2022).
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FIGURE 1.7: Model of the influence of DNA methylation on regulatory elements during cell
differentiation.
This schematic depicts a model proposed by Cedar et al. (2022), who argue that demethylation
of regulatory elements may promote cell type-specific gene expression. In cell A (top), these reg-
ulatory elements are methylated, packed in closed chromatin and inaccessible to transcription
factors. During development, pioneer transcription factors bind sequence motifs at regulatory
elements, cause demethylation (for instance by recruiting TET enzymes), and promote local
chromatin accessibility. This process subsequently leads to a broad hypomethylated region
of increased chromatin accessibility, decreased nucleosome occupancy and specific histone
modifications. This broad region then remains stably open and is thus accessible to transcrip-
tion factors that are ubiquitously expressed in various cell types and tissues. Ultimately, these
regions enable cell-type specific gene expression in cell B (bottom), even in the absence of
pioneer transcription factors which were initially required. Figure and caption modified from
Cedar et al. (2022).

1.4.3 Effects on cell differentiation and fate decisions

In stark contrast to somatic tissues, which possess global methylation levels between

60% and 80%, embryonic stem cells (ESCs) possess surprisingly low methylation

levels between 5% and 30%. This feature of ESCs is the result of the global epigenetic

reprogramming that occurs as part of early embryonic development, which includes

two major waves of demethylation (reviewed in Lee et al., 2014; Chen and Zhang,

2020; Cedar et al., 2022). A similar phenomenon is observed during artificially

induced cellular reprogramming: When induced pluripotent stem cells (iPSCs) are

generated from somatic cells, this is also accompanied by a global decrease in DNA

methylation, which makes it tempting to speculate that loss of DNA methylation is

required for pluripotency and stem cell function (Lee et al., 2014).
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Recently, advances in single-cell epigenomics and methylation reporter systems
allowed for a more detailed view on epigenome dynamics in early development.
Using a newly developed single-cell triple-omics protocol (Clark et al., 2018, see
section 1.5.3 for details), the laboratory of Wolf Reik showed that gastrulation is
accompanied by drastic methylation changes at lineage-specific regulatory elements.
Specifically, Argelaguet et al. (2019) showed that lineage specification into one of
the three primordial germ layers requires TET-mediated active demethylation at
lineage-specific regulatory elements. In a follow-up study, Clark et al. (2022) further-
more demonstrated that DNMTs are required to silence alternative cell fates and
exit pluripotency during early organogenesis. Similarly, knockout of TET enzymes
prevented the generation of primitive erythrocytes, strengthening the view that
active demethylation contributes to lineage decisions (Clark et al., 2022).

Curiously, research of the last decade demonstrated that turnover of DNA methy-
lation during cell differentiation occurs in a highly dynamic, oscillatory fashion
(reviewed in Parry et al., 2021). This dynamic is the result of simultaneous activity of
both de novo methyltransferases and TET enzymes at the same distal regulatory sites.
Parry et al. hypothesize that this stochastic turnover increases the diversity of stem
cell populations, which may lead to transient lineage biases in a sub-set of the stem
cell pool. Amplification of these lineage biases might then lead to establishment of
stable lineages with distinct gene regulatory networks.

Dynamic DNA methylation in adult tissues

While most research on DNA methylation dynamics in cellular differentiation
processes has focused on the developing embryo, some recent studies also inquired
whether methylation changes occur in adult mammals. To this end, two recent stud-
ies disrupted the DNA methylation machinery in the hematopoietic stem cell lineage,
which resulted in skewed lineage proportions (Izzo et al., 2020; Ostrander et al., 2020).
While knockout of Dnmt3a favored erythroid over myelomonocytic cells, knockout
of Tet2 showed the opposite effect, suggesting that both active demethylation and de
novo methylation are crucial for hematopoietic lineage decisions. Along the same
line, Schonung et al. (2023) very recently employed methylation microarrays to
reveal a progressive establishment of DNA methylation patterns at cis-regulatory
elements during murine hematopoiesis. A small number of studies also reported
dynamic DNA methylation in other adult tissues. For instance, Reizel et al. (2015)
observed specific DNA methylation changes in the livers of adult male mice upon
reaching sexual maturity, while Dos Santos et al. (2015) observed such changes in
the mammary gland upon pregnancy. Overall, research of the last decade challenged
the classical view that DNA methylation is a static epigenetic mark.
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1.5 Single-cell sequencing

Sequencing techniques such as RNA-seq and WGBS have revolutionized modern
biology by providing a means to "zoom out" from individual genes or loci, enabling
us to study the entirety of all genes, transcripts or loci at once. In the last two decades,
so-called omics techniques based on next-generation sequencing (reviewed in Hu
etal., 2021) were a driving force behind discoveries in many different fields including
adult NSC biology (section 1.1) and the study of DNA methylation (section 1.4). To
date, most of these protocols are bulk sequencing protocols, which means they are
designed to characterize or quantify nucleic acids in a given sample. Most biological
samples consist of a mixture of different cells, and in bulk sequencing the obtained
measurements correspond to the population average. A common application of, for
instance, bulk RNA-seq is to compare gene expression between samples subject to
different treatments or conditions. This allows for the discovery of differentially
expressed genes which might be associated with a given treatment or condition.

As many samples consist of a heterogeneous mixture of cells, however, a fundamen-
tal limitation of bulk RNA-seq is that any observed differences cannot be attributed
to a specific cell population. For instance, RNA-seq of healthy and inflamed tissue
samples might lead to the identification of genes upregulated in inflammation, but
it cannot inform us whether these genes are equally upregulated in all cell types
of the tissue, or merely in resident immune cells. Similar limitations apply to other
bulk sequencing protocols such as WGBS, which allows us to observe genome-wide
DNA methylation profiles for a sample, but does not inform us about potential
methylation differences between cell types within that sample. To address these
shortcomings, many bulk sequencing protocols were subsequently modified to al-
low for sequencing of individual cells (reviewed in Kashima et al., 2020; Wen and
Tang, 2022).

In this section, I will briefly review the single-cell sequencing methods employed in
the course of my doctoral research. Furthermore, I will elaborate on computational
methods used to analyze single-cell RN A-seq data, as they inspired the methods I

developed for the analysis of single-cell methylome data (section 2).

1.5.1 Single-cell RNA-sequencing

scRNA-seq protocols employ basic principles from bulk RNA-seq (reviewed in
Van den Berge et al., 2019) and modify them to achieve cell-wise quantification of
mRNA transcripts. A key principle of scRNA-seq is to separate single cells into indi-
vidual reaction compartments 2. Inside each compartment, distinct, compartment-
specific molecular tags are then added to each transcript, which allows for cell-wise

2Al’chough not yet widely adopted, some recent methods based on combinatorial indexing no
longer follow this principle, see for instance Datlinger et al. (2021) or, for a brief summary of such
methods, Baysoy et al. (2023) and Fig. 3 therein.
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demultiplexing of transcripts at the data processing stage. Currently, the most popu-
lar scRNA-seq protocols achieve this either using microwell plates or microfluidic
devices (Heumos et al., 2023; Ding et al., 2020).

Plate-based scRNA-seq protocols (Picelli et al., 2013; Hashimshony et al., 2016;
Hagemann-Jensen et al., 2020) require the deposition of single cells into individual
microwells using manual pipetting, FACS, or liquid handling robots. In these proto-
cols, transcript tagging is typically achieved by the use of commercially available
index primers that allow users to pool multiple libraries and sequence them together
(Picelli et al., 2013). Compared to other methods, plate-based scRNA-seq is relatively
low-throughput since the number of cells is bounded by the number of wells on the
plate. Obtaining large data sets comprising thousands of cells thus requires the use
of multiple plates and sequencing runs, which is labor-intensive and can lead to the
introduction of additional technical noise and batch effects (Heumos et al., 2023).

Droplet-based scRNA-seq methods (Macosko et al., 2015; Zheng et al., 2017) use
microfluidics to encapsulate single cells in small droplets containing reagents and
one barcoded bead each. Each bead is coated with numerous primers that typically
consist of

* a poly(dT) sequence used to capture the polyadenylated transcripts

* a barcode sequence used to tag all transcripts in the droplet with the same
unique sequence ("cell barcode" or simply "barcode")

¢ an additional barcode used to tag all transcripts in the droplet with a different
unique sequence (unique molecular identifier, UMI)

¢ a PCR handle.

The cell barcode is used to identify transcripts that were encapsulated in the same
droplet, i. e., ideally transcripts that originated from one single cell, while UMIs are
used to quantify the original mRNA molecules instead of duplicates introduced in
subsequent PCR (Islam et al., 2014; Macosko et al., 2015).

Historically, UMIs were a unique advantage of droplet-based methods, but note
that recent plate-based approaches also incorporate UMIs (Hashimshony et al.,
2016; Hagemann-Jensen et al., 2020). Contemporary advantages of droplet-based
methods include their increased throughput, as well as the commercial availability
of ready-to-use kits provided by companies such as 10X Genomics. In contrast to
plate-based methods, droplet-based methods suffer from a lower overall sensitivity
(although this can be partially explained by lower recommended sequencing depths)
and a higher rate of doublets, i. e., two cells that were erroneously assigned one
cell barcode (Ding et al., 2020). Furthermore, unlike many plate-based protocols,
droplet-based scRNA-seq typically does not achieve full-length transcript coverage
as transcripts are usually sequenced from the 3" end (Macosko et al., 2015).
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1.5.2 Single-cell epigenome sequencing

The rise of scRNA-seq methods demonstrated the immense utility of distinguish-
ing individual cells in omics assays. Naturally, many epigenomics methods were
also adapted to enable single-cell resolution. The most popular and mature single-
cell epigenomics method to date is single-cell ATAC-seq (assay for transposase-
accessible chromatin using sequencing, Buenrostro et al., 2015). Similar to bulk
ATAC-seq (Buenrostro et al., 2013), this method detects open chromatin using a mu-
tated, hyperactive Tn5 transposase which inserts sequencing primers at accessible

genomic regions.

Single-cell methylome sequencing

The development of sequencing methods that allow for genome-wide quantification
of DNA methylation at single-cell resolution is an ongoing endeavor that started one
decade ago when the first such protocols were reported (Guo et al., 2013; Smallwood
etal., 2014; Luo et al., 2017; Mulqueen et al., 2018; Luo et al., 2018; Shareef et al., 2021;
Nichols et al., 2022; Chatterton et al., 2023). Like bulk WGBS, single-cell bisulfite
sequencing (scBS) protocols are based on a technique called bisulfite sequencing,
whereby genomic DNA is treated with sodium bisulfite (Frommer et al., 1992).
While 5mC (and oxidized methylcytosine intermediates such as 5hmC, Huang et al.,
2010) is protected from the mutagenic effects of bisulfite, unmethylated cytosine is
converted to uracil, which is read as thymine in subsequent PCR and sequencing
steps. As a result, unmethylated cytosines are marked by C-to-T transitions, which
are readily detected when sequencing reads are mapped to a reference genome
(Krueger and Andrews, 2011).

While scBS allows us to assess DNA methylation at single-base and single-cell
resolution, there are also downsides to this approach. First, bisulfite conversion
is unable to distinguish 5mC from oxidized methylcytosine intermediates such
as 5hmC (Huang et al., 2010). Second, sodium bisulfite causes DNA degradation
(Grunau et al., 2001). Third, unlike scRNA-seq which focuses on transcripts, scBS
aims to quantify a genome-wide property, which means that a large number of
sequencing reads are required to achieve modest sequencing coverage. As a result
of the latter two points, scBS is currently expensive and the obtained data sets are
very sparse, which introduces additional challenges during downstream analysis
(section 1.5.4).

1.5.3 Single-cell multi-omics

Very recently, single-cell sequencing methods with different molecular readouts
were combined to enable simultaneous quantification of gene expression and, for
instance, epigenomic features of the same cells (reviewed in Baysoy et al., 2023).
The journal Nature Methods selected these single-cell multi-omics approaches as
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the Method of the Year 2019 (Teichmann and Efremova, 2020), as they hold great
promise for the investigation of gene regulatory networks (Zhu et al., 2020), stem
cell biology (Kucinski and Gottgens, 2020), immunology (Nathan et al., 2019) and
neurobiology (Huang and Paul, 2019).

Compared to plain scRNA-seq, single-cell multi-omics has several key advantages.
Combining gene expression with other molecular readouts such as chromatin acces-
sibility, histone modifications or DNA methylation might allow for more accurate
identification of cell types and cell states while also shedding light on the molecular
features that underpin these. Furthermore, some cellular features such as stem cell
fate bias are only partially detectable in the transcriptome and might be encoded
in epigenetic features instead (Weinreb et al., 2020). While these questions might
also be explored with parallel scRNA-seq and single-cell epigenomics experiments,
obtaining multiple molecular readouts from each cell has the unique advantage that
these modalities can be directly related, for instance to identify enhancers and infer
gene regulatory networks (Bravo Gonzalez-Blas et al., 2023). Furthermore, the joint
analysis of parallel "single-omic" data sets requires elaborate methods to integrate
data across modalities and enable transfer of cell type labels (e. g. Stuart et al., 2019),
which may introduce errors or artifacts. Finally, a unique advantage of single-cell
multi-omics is that the scRNA-seq portion of the data can be used to guide the analy-
sis and interpretation of other under-examined molecular features. For instance, the
transcriptome layer might be used to relate new multi-omics data sets to existing
scRNA-seq data sets, or to annotate cell types based on the expression of marker
genes. Both of these tasks would pose a significant challenge for the analysis of e. g.

single-omic scBS data sets.

scNMT-seq

Single-cell Nucleosome, Methylation and Transcription sequencing (scNMT-seq) is
a recently developed single-cell multi-omics protocol that allows for simultaneous
quantification of gene expression, DNA methylation and nucleosome occupancy
(Argelaguet et al., 2019, Fig. 1.8). In essence, scNMT-seq is a combination of Nu-
cleosome Occupancy and Methylation sequencing (NOMe-seq, Kelly et al., 2012)
with the popular scRNA-seq protocol Smart-seq2 (Picelli et al., 2013). NOMe-seq
is a bulk sequencing protocol based on WGBS that allows for the simultaneous
quantification of DNA methylation and nucleosome occupancy (which is tightly
linked to chromatin accessibility, Tsompana and Buck, 2014; Nordstrom et al., 2019).
This is achieved using the viral methyltransferase M.CviPI, which preferentially
targets GpC dinucleotides in accessible, nucleosome-depleted genomic regions
(Kelly et al., 2012). Following bisulfite conversion, methylated cytosines can then be
detected at the data processing stage. Depending on the sequence context, methy-
lated cytosines are either interpreted as endogenous methylation marks (CpG sites),
or as nucleosome-depleted, accessible genomic loci (GpC sites). scNMT-seq was
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previously used to study epigenetic dynamics in early embryonic development
(Argelaguet et al., 2019; Clark et al., 2022, see section 1.4.3).
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FIGURE 1.8: Schematic of the scNMT-seq protocol.

Individual cells are lysed and accessible chromatin is labeled using an enzyme that prefer-
entially methylates GpC-dinucleotides at accessible chromatin. DNA and mRNA are then
separated using magnetic beads. mRNA is sequenced using the Smart-seq2 protocol (Picelli
et al., 2013), while DNA is sequenced with the scBS protocol of Clark et al. (2017). Depend-
ing on the sequencing context in which DNA methylation is observed (CpG or GpC), DNA
methylation is either interpreted as endogenous methylation or as chromatin accessibility in
the downstream bioinformatic analysis. Figure and caption adapted from Clark et al. (2018).

A limitation of scNMT-seq is that cytosines in the G-C-G context have to be dis-
carded from the analysis, since it is not possible to distinguish endogenous CpG
methylation from artificially introduced GpC methylation at these sites (Clark et al.,
2018). Similarly, as the viral methyltransferase possesses off-target activity at CC-
dinucleotides (Kelly et al., 2012), Argelaguet et al. furthermore discarded cytosines
in the C-C-G context. Thus, the quantification of chromatin accessibility comes
at the cost of ca. 48% of CpG sites, which exacerbates the sparsity of the obtained
single-cell methylome data.

In contrast to count-based methods such scATAC-seq, scNMT-seq encodes chro-
matin accessibility through bisulfite conversion. Compared to scATAC-seq, which
cannot distinguish stochastic lack of sequencing coverage from inaccessible chro-

matin, this offers a unique advantage. The downside of this approach, however,
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is that scNMT-seq aims for genome-wide coverage, while scATAC-seq merely se-
quences accessible chromatin. This results in a higher number of required sequencing
reads, which in turn gives rise to higher sequencing costs or increased sparsity. Fi-
nally, a major limitation of scNMT-seq is its low throughput and the lack of UMIs in
the scRNA-seq portion of the protocol. Both of these limitations were addressed by
Cerrizuela et al. (2022) during the course of this work.

1.5.4 Computational analysis of single-cell omics data

The popularization of new sequencing protocols necessitates the development of
computational methods that are tailored specifically to the analysis of these new data
sets. For this reason, the maturation of scRNA-seq technologies was accompanied
by the emergence of workflows to analyze the obtained data sets (reviewed in
Amezquita et al., 2020; Heumos et al., 2023), as well as user-friendly software
packages such as Seurat (Stuart et al., 2019) and ScanPy (Wolf et al., 2018) that
implemented these workflows. A similar trend is currently observed in the scATAC-
seq field, which also gave rise to custom software and algorithms (e. g. Pliner et al.,
2018; Stuart et al., 2021; Bravo Gonzalez-Blas et al., 2023).

Analysis of single-cell RNA-sequencing data

Similar to bulk RNA-seq, the initial scRNA-seq data processing steps consist of
mapping the sequencing reads to a reference genome or transcriptome, followed by
quantification of reads at the gene level. Depending on the protocol used, additional
steps might be required to resolve cell barcodes and UMIs (reviewed in Heumos
et al., 2023). These additional processing steps are implemented in scRNA-seq tools
such as Cell Ranger (Zheng et al., 2017) or zUMISs (Parekh et al., 2018). Ultimately,
the main goal of initial data processing is to obtain a cell x gene count matrix 3, i. e.
a matrix that denotes, for every gene in every cell, how many sequencing reads (or
UMIs) were assigned to that gene (Fig. 1.9). This matrix summarizes the obtained
gene expression data and serves as input for downstream exploratory data analysis.
A characteristic feature of scRNA-seq count matrices is that they are typically very
sparse, i. e. most of the count values are zero. This phenomenon is likely the result
of multiple factors including the low mRNA content of single cells, the stochasticity
of gene expression, as well as random sampling of mRNA molecules during mRNA
capture and sequencing (Svensson, 2020; Qiu, 2020).

*Sometimes also written as gene x cell. Also note that microfluidic droplets or microwells might
accidentally contain multiple cells, or no cells at all. Thus, not all rows in this count matrix are
guaranteed to correspond to a single cell.
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FIGURE 1.9: Initial data processing steps of typical droplet-based scRNA-seq.

Sequencing reads in FASTQ format are first subjected to quality control (QC) and, if the quality
is acceptable, read 2 of each read pair is aligned to the genome or transcriptome (txome) of the
sequenced species. Read 1 of each read pair is then inspected for two barcode sequences: The
cell barcode (CB) and the unique molecular identified (UMI). Allowing for few mismatches
due to potential sequencing errors, each read pair is then assigned a CB and a UML. Finally,
the obtained data is summarized in a cell x gene count matrix. This matrix reports how many
unique molecules, i. e., reads after UMI-based deduplication, were aligned to each gene. The
count matrix is furthermore subjected to QC, which includes the removal of UMIs with very few
observed molecules (i. e., empty droplets or low-quality cells). Figure adapted from Heumos
et al. (2023).

Once the raw count matrix is obtained, it is subjected to quality filtering steps
such as the detection and subsequent removal of low-quality cells, doublets and
empty droplets or wells (Heumos et al., 2023; Amezquita et al., 2020). The rows of
a count matrix, corresponding to the cells, are then "log-normalized". This means
they are first normalized to account for differences in library size between cells,
and subsequently transformed to reduce heteroskedasticity, i. e., the circumstance
that the counts of highly expressed genes have a higher variance than those of
lowly expressed genes. This transformation typically involves logarithmization after
adding a small numeric value, to prevent taking the logarithm of zero, although
other transformations have been proposed (see Ahlmann-Eltze and Huber, 2023, for

a systematic comparison of different transformations).

A key requirement for a successful scRNA-seq analysis is the ability to assign cell
types and cell states. Not all genes are equally useful for this task, however. Examples
of uninformative genes might include, for instance, housekeeping genes with near-
constant expression across all sampled cells, as well as lowly-expressed genes that
were only observed in a very few cells. Thus, count matrices are subjected to feature
selection. In its most basic form, this involves the use of two thresholds: a threshold
on mean gene expression, to discard lowly expressed genes, and a threshold on
the variance of the log-normalized counts, to select so-called highly variable genes
(Amezquita et al., 2020). The reasoning behind variance thresholding is to exclude
uninformative genes with near-constant expression across cell types, while selecting
those genes that have higher expression in some cells compared to others, as these
might be useful to distinguish cell states.
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One of the main reasons for the abovementioned pre-processing and quality filtering
steps is to obtain a matrix that is suitable as input for principal component analysis
(PCA), a popular dimensionality reduction technique that is used to reduce the
cell x gene matrix to a cell x PC (principal component) matrix that has fewer columns
but retains most of the information. This procedure reduces noise as uninformative
PCs are typically discarded, while also decreasing subsequent compute time as
the reduced matrix is much smaller than the full count matrix. Furthermore, PCA
serves as a starting point for data exploration, as PCs reveal groups of genes with
correlated gene expression, which often correspond to biological processes (Wagner
et al., 2016).

The reduced cell x PC matrix is then used as input for dedicated data visualiza-
tion algorithms such as uniform manifold approximation and projection (UMAP,
Mclnnes et al., 2018), which place cells on a two-dimensional plane while attempting
to place cells with similar transcriptomes close to each other. To annotate cell types,
the most common approach is to subject cells to a clustering algorithm (e. g. Leiden
clustering, Traag et al., 2019) to discover groups of cells with similar transcriptomes.
These clusters of cells are then inspected for marker genes and manually annotated
(see e. g. Pliner et al., 2019; Frauhammer and Anders, 2022, for alternatives to this ap-
proach). Common downstream analysis methods include pseudotemporal analysis,
i. e. ordering the cells along a two-dimensional differentiation trajectory (Haghverdi
et al., 2016; Qiu et al., 2017; Street et al., 2018), the identification of differentially
expressed genes between groups of cells (Soneson and Robinson, 2018), as well as
the integration of two or more distinct data sets to allow for their joint analysis while
reducing the influence of batch effects (Haghverdi et al., 2018; Stuart et al., 2019).

Analysis of single-cell methylome data

Due to the wealth of existing scRNA-seq methods, a common strategy is to adapt
these methods for scBS data. However, there are fundamental differences between
scRNA-seq and scBS data sets that hinder this transfer of methods:

¢ scRNA-seq quantifies discrete features (transcripts or genes), while scBS quan-
tifies DNA methylation of the entire genome.

¢ scRNA-seq measures transcript abundances and thus yields count data, while
scBS measures the methylation state of individual cytosines, yielding binary
data.

¢ In contrast to scRNA-seq, where a lack of sequencing reads (a zero in the count
matrix) indicates low gene expression, scBS data contains true missing values:
The methylation status of cytosines that are not covered by a sequencing read

in a given cell is simply unknown.

Raw scBS data can be represented by a cell x cytosine matrix where each value is
either 1 for methylated cytosines, 0 for unmethylated cytosines, or NA (not available)
for cytosines with unknown methylation status due to lack of sequencing coverage.
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Using this matrix for data exploration is challenging as the vast majority of values
is NA and since most data exploration algorithms are not designed to work with
binary data.

To bypass these challenges and ultimately make scBS data more similar to scRNA-
seq data, most scBS studies preprocess scBS data by first segmenting ("tiling") the
genome into intervals of a fixed width, often 100 kb, and then averaging DNA
methylation in each interval for each cell (Luo et al., 2017; Liu et al., 2022) (Fig. 1.10).
Other studies forego genome tiling in favor of a more targeted approach to define
genomic intervals of interest. For instance, Argelaguet et al. (2019) anticipated
methylation change at regulatory elements and thus performed ChIP-seq on histone
modifications to define a set of genomic intervals. Other studies employ a hybrid
strategy combining both regulatory annotations and genomic tiles (Farlik et al., 2015;
Chatterton et al., 2023).

divide genome into tiles methylation matrix downstream analysis
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FIGURE 1.10: The current default strategy for analyzing scBS data.

In a first step, the entire genome is segmented into fixed intervals of a constant length such
as 100 kb. Next, CpG methylation is quantified and averaged within each of these tiles for
every cell. The obtained methylation fractions, often represented as a percentage, are then
represented by a cell x tile methylation matrix. Since sequencing coverage is typically very
low for individual cells, some intervals may not contain a single sequencing read, which
means that the methylation matrix may contain missing values (NA). The obtained matrix may
subsequently be subjected to downstream analysis methods such as dimensionality reduction
(e. g., PCA, UMAP) or clustering. Figure adapted from Kremer et al. (2022a).

This tiling and averaging approach addresses all three aforementioned challenges
with scBS data: Tiling the genome defines a set of features, similar to the genes which
are quantified in scRNA-seq. Averaging within these tiles yields continuous values,
often represented as percentages, which are more suitable as input for downstream
analysis algorithms than binary values. Lastly, tiling reduces the number of missing
values, as sufficiently large genomic tiles are likely to contain at least one sequencing
read and NA values are ignored when averaging. Thus, tiling and averaging offers
a pragmatic solution to some of the challenges posed by scBS data. Nonetheless,
as I will demonstrate in the next chapter, this approach also leads to dilution of
signal and increased levels of noise. To address these issues, I devised an alternative

approach to analyze scBS data, which I will present in chapter 2.
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1.6 Aims of this study

Adult NSCs are specialized astrocytes that possess neurogenic capabilities (sec-
tion 1.1.4, Doetsch et al., 1999; Kriegstein and Alvarez-Buylla, 2009; Schneider et al.,
2019). Despite this unique function, the transcriptome of NSCs closely resembles
that of common parenchymal astrocytes, which raises the question which molecular
features underlie NSC stemness. In this work, I discovered that adult NSCs possess
a unique DNA methylome that is not observed in common parenchymal astrocytes.
I propose that it is this unique epigenetic makeup that permits stem cell function by

enabling the expression of genes required for neurogenesis.
In detail, the objectives of this study were to:

I. Characterize epigenetic change along the adult NSC lineage.

As outlined in section 1.1.5, the use of single-cell transcriptomics allows for a detailed
characterization of changes in gene expression that occur along the adult NSC lin-
eage. However, whether progression along the NSC lineage is likewise accompanied
by epigenetic changes is currently unknown. To explore this possibility, I analyzed a
large single-cell triple-omic data set which contains information on gene expression,
chromatin accessibility, and DNA methylation. This data set comprises NSC-lineage
cells, oligodendrocytes, and striatal astrocytes. More specifically, I aimed to quantify
at which stages of the NSC lineage epigenetic changes are introduced, whether these
changes are enriched for specific transcription factor binding site (TFBS) motifs, and

how these changes relate to gene expression.

II. Develop computational methods that improve the analysis of single-cell me-
thylome data.

Analyzing the abovementioned single-cell triple-omic data set requires compu-
tational methods designed to address the unique challenges posed by scBS data
(section 1.5.4). Due to the lack of software designed for this purpose, I aimed to
develop and implement several algorithms specifically designed for scBS data. I
demonstrated that my novel methods yield better results than existing approaches
and furthermore released these methods to the scientific community as a Python

software package called scbs.

ITI. Characterize DNA methylation differences between adult NSCs and common
parenchymal astrocytes.

My exploratory analysis of single-cell multi-omics data revealed striking differences
in DNA methylation between adult NSCs and common parenchymal astrocytes.
To assess the implications of these differences, I aimed to functionally characterize
the genes which occur in close proximity to differentially methylated regions. By
relating gene expression dynamics in the NSC lineage to methylation dynamics, I
then proposed a model that aims to explain how DNA methylation might contribute
to stemness of NSCs (section 4.2.2).
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IV. Assess whether the DNA methylome is remodeled during injury-induced
neurogenesis.

My model predicts that a specific epigenetic makeup is required for neurogenesis.
This NSC methylome is not observed in common parenchymal astrocytes of the
striatum. However, previous studies (e. g. Magnusson et al., 2014) demonstrated
that striatal astrocytes are able to initiate a neurogenic program under specific cir-
cumstances such as injury. My model would thus predict that striatal astrocytes
undergo epigenome remodeling upon injury, which is why I next aimed to charac-
terize the DNA methylomes of striatal astrocytes isolated from mouse brains that
were subjected to ischemic injury. I was previously reported that vSVZ NSCs, too,
become activated in response to injury, and that this response depends on interferon
signaling (Llorens-Bobadilla et al., 2015, section 1.2.3). Thus, I set out to answer
whether this response might be accompanied by changes in DNA methylation, and
whether these potential changes are hampered in interferon-deficient mice.
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Chapter 2

Computational methods for
single-cell methylation data

2.1 Improvements to standard single-cell methylation

analysis

Recent years have brought about new sequencing techniques that enabled quan-
tification of DNA methylation at single-cell resolution. However, computational
methods to analyze single-cell methylation data are still in their infancy. While
scRNA-seq data is typically analyzed with the help of user-friendly tool kits such
as ScanPy (Wolf et al., 2018) or Seurat (Stuart et al., 2019), studies employing scBS
report the use of custom algorithms and scripts. As a result, analyzing scBS data is
challenging, laborious, and often not reproducible.

To address these issues, I developed scbs, a software that facilitates storage, explo-
ration and analysis of scBS data. These methods are briefly described in Kremer et al.
(2022a). In the following section, I will describe the methods that I developed and

implemented in scbs in more detail.

2.1.1 Storage of single-cell methylation data

A common strategy in scBS data analysis is to obtain a cell x feature methylation
matrix, analogous to the count matrix in scRNA-seq. This makes it possible to utilize
methods that have proven useful in the more mature scRNA-seq field, such as
dimensionality reduction or clustering of cells. However, due to the many differences
between scRNA-seq and scBS data (see section 1.5.4), obtaining this methylation
matrix is not straightforward.

To construct a methylation matrix, it is necessary to quantify DNA methylation in a
given set of genomic intervals in all cells that were sequenced. This requires efficient
storage and access of scBS data. However, due to the lack of bisulfite-aware read
mappers specifically designed for single-cell methylation data, one currently has to
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resort to mappers designed for bulk WGBS . Bulk WGBS mappers such as Bismark
(Krueger and Andrews, 2011) or MethylPy (Schultz et al., 2015) typically report
methylation calls in a tabular format, where each row represents a single cytosine
(or CpG site). This file is generated for each bulk sample. In scBS, where there are
potentially hundreds or thousands of single-cell samples, this procedure thus results
in a large number of tabular files. To save disk space and, most importantly, enable
fast access to methylation values of a given genomic interval, I first devised an
approach to efficiently store scBS data.

To achieve this, I first had to represent the obtained methylation data as numerical
values. In the case of a single cytosine base, the methylation status can simply be
represented by a binary value, i. e. 1 to denote a methylated cytosine and 0 to denote
an unmethylated cytosine. However, this simplicity does not fully apply to a single
CpG site, which contains two cytosines in total due to base pairing, which may
differ in their methylation status. Similarly, at the single-cell level, the methylation
status of a CpG site may differ between alleles. However, both of these sources of
heterogeneity are rare (Arand et al., 2015). Furthermore, since scBS currently results
in very low read coverage per cell, it is very rare to obtain more than one read per
CpG site, which means that this heterogeneity cannot usually be detected. In the
rare case where multiple conflicting reads are mapped to a CpG site, I thus used
a simple majority vote to obtain a binary methylation value that summarizes the
methylation status of that CpG. In the even rarer case where exactly half of the reads
suggested methylation, I discarded the CpG site from the data set for that cell.

Applying this approach to all CpG sites of all sequenced cells yields binary values
that can be represented by a matrix where rows represent CpG sites and columns
represent cells. However, due to the low sequencing coverage of scBS data, most
CpG sites are not covered by a sequencing read in the majority of cells, which results
in many missing values in this matrix. To some extent, this resembles scRNA-seq
count matrices, which are typically sparse, i. e. contain mostly zeroes. Most scRNA-
seq tools make use of this property by using compressed sparse matrix formats,
which greatly reduce the disk space required to store sparse matrices (Wolf et al.,
2018; Stuart et al., 2019). This compression is mainly achieved by storing only non-
zero values, while zeroes are not explicitly stored. Instead, all matrix positions that
were not stored are simply assumed to be zero.

To compress scBS data in a similar manner, I deviated from the abovementioned
binary representation of the data (1, 0 and missing values), and instead represented
methylated CpG sites as 1, unmethylated CpG sites as —1, and missing values
as 0. Coding missing values as 0 and storing the matrix in a compressed sparse
matrix format means that missing values are no longer explicitly stored, which

decreases disk space requirements and makes it feasible to hold a typical scBS data

! Although note that this problem was addressed in a very recent publication by Fischer and Schulz
(2023), who implemented a dedicated scBS mapper.
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set in random-access memory (RAM). Since a common use-case of scBS data is to
assess DNA methylation in genomic intervals, I used the compressed sparse row
(CSR) format (Tinney and Walker, 1967; Bulug et al., 2009) that is optimized for
row-wise access. Furthermore, since scBS data is usually processed chromosome by
chromosome, I stored the data in separate matrices for each chromosome, which
further lowers memory requirements.

To additionally make row-wise access to genomic sites more straightforward, I
constructed the matrix in such a way that each row corresponds to a single genomic
base pair, instead of a single CpG site. Genomic intervals are usually denoted
by providing the base pair coordinates, and this adjustment means that e. g. the
methylation state of CpG sites in the interval 1:5000-6000 can be retrieved by
simply accessing rows 5000 to 6000 in the matrix of chromosome 1. While this
adjustment increases the matrix dimensions and thus the required disk and memory
space, this increase is modest since I only stored methylation values located in CpG
dinucleotides. All non-CpG rows are thus populated with zeroes, which are not
explicitly stored.

2.1.2 Quantification of methylation in genomic intervals

To obtain a cell x feature methylation matrix, one has to choose a measure of
DNA methylation for a given genomic interval. The most obvious choice, commonly
used in bulk WGBS, is to simply use the mean methylation of all CpG sites contained
in the interval. However, due to the low sequencing coverage currently achievable
for single cells, this measure of DNA methylation is problematic since intervals of
intermediate size (ca. 1-10 kb) often contain just a single sequencing read, or no read
at all. This means that region-wise methylation averages are not directly comparable
across cells, because the average may greatly depend on the exact location of the
sequencing read within the interval. Fig. 2.1 depicts an example of a genomic interval

that is quantified in three single-cell samples.

In this example, two of the three cells obtained a sequencing read in the interval of
interest. However, since these reads are not long enough to cover the entire interval,
the methylation status of some CpG sites is unknown. In a naive calculation of the
mean methylation, these un-observed sites would simply be ignored. The resulting
values of 22% and 77% would indicate that methylation in this interval is very
different between the two measured cells. However, upon closer inspection of the
individual CpG sites, it becomes clear that there is no evidence for methylation
differences between the two cells, since the CpG sites that were observed in both
cells are in agreement. Thus, the observed methylation difference might simply be
the result of stochastic variation of the read position.
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FIGURE 2.1: Improved quantification of DNA methylation in genomic intervals.

(a) I depicted a genomic interval along a chromosome, for which DNA methylation is to be
quantified. Two cells cover different parts of this interval with one sequencing read each. If
I simply count the fraction of methylated CpG sites for each cell, ignoring missing values, I
obtain very different values for the two cells. (b) To obtain the thick black average methylation
curve, I first average each CpG site’s methylation over all cells and apply smoothing. I then
calculate a relative methylation value, the shrunken mean of the residuals, as illustrated here
for cell 1 from a. This methylation value is the shrunken mean of the cell’s signed residuals to
the smoothed average methylation curve, i. e. the lengths of the vertical red lines are averaged,
counting the residuals as positive values for methylated CpGs and negative for unmethylated
CpGs. Figure and caption modified from Kremer et al. (2022a).

To combat this source of noise, I devised a quantification method that takes into
account the expected methylation value of each observed CpG site. In the depicted
example, the ensemble average of all cells (“pseudobulk”) suggests that the center of
the genomic interval is generally lowly methylated, while the flanks are more highly
methylated. It is thus not surprising that the mean methylation of cell 1 is lower,
since its read mapped to the center of the region. To reduce the influence of read
position, for each CpG, I subtract the expected methylation value from the binary
methylation value that was measured. The resulting CpG-wise residuals, indicated
by the red vertical lines in Fig. 2.1b, are then averaged to obtain an estimate of
methylation in the interval.

Another source of noise is the sequencing coverage itself, i. e. the number of read-
covered CpG sites for which the methylation status was measured. It is clear that
methylation estimates are unreliable in the case where only few CpG sites were
measured in a given cell. For example, the average methylation of cells with only
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one observed CpG site in a given interval will always be 0% or 100%. To prevent
these extreme, and thus unlikely, estimates for low-coverage intervals, I furthermore
employ shrinkage when calculating the mean of the residuals by adding a pseudo-
count to the denominator. This has almost no effect on intervals with high coverage,
but pushes the mean towards zero, i. e. the ensemble average, for low-coverage
intervals.

2.1.3 Detecting variably methylated regions

Previous studies typically quantify DNA methylation in subsequent genomic bins
of e. g. 100 kb (see section 1.5.4 and Fig. 1.10). However, this strategy is unlikely to
be optimal since large genomic bins may span both informative and uninformative
genomic regions, in which case the informative signal may be diluted. Thus, I
devised and implemented an approach to scan scBS data of the entire genome for

informative genomic regions (Fig. 2.2).
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FIGURE 2.2: Finding variably methylated regions (VMRs).

I first divide each chromosome into overlapping windows (intervals at the bottom left). I
then calculate the methylation value of each interval (the shrunken mean of the residuals
as described in section 2.1.2 and Fig. 2.1b). I detect variably methylated regions (VMRs) by
calculating the variance of these methylation values for each window and setting a variance
threshold (dashed line). I then merge all intersecting or adjacent windows above this treshold.
The obtained merged intervals are labeled VMRs. Figure and caption modified from Kremer
et al. (2022a).

Whether a region is informative is determined based on the variance of the cell-wise
methylation estimates, calculated as described in section 2.1.2. A high variance
denotes that the region is heterogeneously methylated, i. e. some cells are highly
methylated while others are lowly methylated, which means that the region is
potentially useful to distinguish cell types or other groups of cells. A similar strategy
is used in scRNA-seq, where genes with high variance of gene expression, termed
highly variable genes, are selected for PCA (see section 1.5.4 and Amezquita et al.,
2020).

To scan the entire genome while allowing for flexible start and end positions of
detected regions, I first divide each chromosome into overlapping windows of a
fixed width (--bandwidth parameter, default: 2 kb). These overlapping windows
are shifted by a fixed step size (--stepsize parameter, default: 10 bp). Once all
variances of the largest chromosome are calculated, they are used to determine a
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variance threshold so that a quantile of the variances is greater than this threshold
(-——var-threshold parameter, default: 0.02). This threshold is then applied to all
chromosomes. Overlapping windows above the threshold are subsequently merged,
yielding the variably methylated regions (VMRs). This merging procedure is able to
detect VMRs of variable size, since each VMR consists of one or more windows.

2.2 scbs, a software for the analysis of scBS data

To make my newly developed scBS methods available to the scientific community,
I implemented them in a Python package called scbs. Many algorithms in this
package are computationally expensive since they perform operations on the entire
genome of potentially thousands of cells. To achieve fast execution times, I avoided
conversion to dense matrices and instead implemented custom algorithms that
use the sparse matrix format described in 2.1.1. Additionally, I used Numba (Lam
et al., 2015) to translate crucial inner-loop code sections to fast machine code, and
parallelized computationally expensive steps such as the sliding window approach
described in 2.1.3.

2.2.1 List of subcommands implemented in the scbs package

Once installed from the Python package index, the methods implemented in the scbs
package are accessible via a command line interface that consists of the following
subcommands (Fig. 2.3):

scbs displays the version number and briefly explains all available sub-

commands.

scbs prepare collects and stores scBS data in a compressed, sparse matrix format
as described in section 2.1.1.

scbs filter discards low-quality cells according to user-specified thresholds.

scbs smooth aggregates scBS data from all cells in the data set and calculates their

smoothed ensemble average along the whole genome.
scbs scan scans the whole genome for VMRs as described earlier in section 2.1.3.

scbs matrix generates a methylation matrix, reporting both the methylation av-
erage as well as the shrunken mean of residuals as described in
section 2.1.2.

scbs profile calculates the average methylation of all cells around a set of user-

specified genomic intervals as showcased later in Fig. 3.3.

scbs diff  detects differentially methylated regions (DMRs) between two user-
defined groups of cells. This method was developed and imple-
mented by Martina Braun under my supervision and is described in
Braun (2023).



2.3. Application and benchmarks 47

The command line interface offers a brief explanation of all required input files,
generated output files, and parameters of these subcommands. The source code is
hosted at GitHub 2. This repository also contains more documentation, as well as a
tutorial that showcases all subcommands on a small example data set.
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FIGURE 2.3: Overview of the functionalities implemented in the scbhs package.

scbs prepare parses methylation files produced by common bisulfite sequencing mappers
and stores their contents in a compressed format optimized for efficient access to genomic
intervals. scbs also produces cell-wise summary statistics and quality plots (here: average
methylation around the transcription start site) that are used to detect low-quality cells. These
cells can be discarded with scbs filter. To obtain a methylation matrix, similar to the count
matrices used in scRNA-seq, the user must first decide in which genomic intervals methylation
is to be quantified. The user may either provide genomic regions of a priori interest, or they
may choose to discover VMRs (variably methylated regions) in the data with scbs scan. The
resulting methylation matrix can then be used for downstream analysis such as cell clustering
and dimensionality reduction. Figure and caption taken from Kremer et al. (2022a).

2.3 Application and benchmarks

To demonstrate the value of the methods implemented in scbs, I analyzed two data
sets with scbs: The first data set is our own single-cell triple-omic data set that
comprises single-cell methylomes, transcriptomes, and chromatin accessibility data
of 1566 cells isolated from murine forebrains (Kremer et al., 2022b). Note that this
data set is discussed and interpreted in much greater detail in chapter 3; here I merely
use it as a means to assess the performance of my analysis methods. Detailed author
attributions on the generation of this data set are reported in External Contributions.
The second data set, previously published by Luo et al. (2017), consists of 3377
single-cell CpG methylomes from the murine frontal cortex, comprising 16 neuronal
sub-types.

2https ://github.com/LKremer/scbs
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2.3.1 scbs improves identification of cell types

I first tested whether my newly developed methods improve the ability to dis-
tinguish cell types and cell states (Fig. 2.4). To this end, I obtained cell type/cell
state labels based on the single-cell transcriptomic portion of our data, using Lei-
den clustering (Traag et al., 2019) and manual annotation of the obtained clusters
(Fig. 2.4a).
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FIGURE 2.4: Benchmark of my methods on single-cell multi-omic data of murine forebrain
cells.

(a) Cell labels based on clustering of single-cell transcriptomes of our own single-cell triple-omic
data set (reported in Kremer et al. (2022b) and discussed later in section 3). (b, ¢) Exemplary
UMAPs obtained when analyzing the data set with my proposed methods (b) or conventional
methods based on genome tiling (c). (d) Illustration of the neighbor score. Note that distances
are measured in 15-dimensional PC space, not in the two dimensional UMAP space. (e) Mean
neighbor score obtained after analyzing single-cell methylomes with different combinations of
methods. I subjeted either 100 kb genomic tiles or VMRs to PCA and UMAP. I pre-processed
tiles or VMRs as proposed earlier in this section (shrunken mean of residuals subjected to PCA)
or using conventional methods (PCA on methylation percentages, lightly imputed as done
in Luo et al., 2017). I sub-sampled the full 1566-cell data set to simulate smaller data sets (x
axis). A higher neighbor score implies better separation of cell types inferred from single-cell
transcriptomes of the same cells (a). This figure is based on a previous iteration of this analysis,
reported in Kremer et al. (2022a).

I considered the cell labels derived from the transcriptomic data as ground truth
and tested whether I am able to distinguish the same groups of cells based on their
methylomes. To do this, I subjected the corresponding single-cell methylomes to four
variants of the scBS analysis workflow described earlier: I defined genomic intervals
in two ways and quantified methylation in these intervals in two ways, then always
subjected the resulting matrix to PCA. To define the intervals, I either simply tiled
the genome into 100 kb bins as is commonly done (e. g. Luo et al., 2017), or I used
my VMR detection approach. To quantify methylation in these intervals, I either
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used the current default strategy (averaging to obtain methylation percentages as
depicted in Fig. 1.10), or I used my new strategy of calculating the shrunken mean
of the residuals as depicted in Fig. 2.1.

Visual inspection of the resulting UMAPs revealed that my proposed combination of
methods results in more clearly separated cell types, compared to a UMAP obtained
with default analysis methods (Fig. 2.4b,c). While all cells form a continuous point
cloud when using default methods, my improvements led to a clear separation of
oligodendrocytes, OPCs and endothelial cells. Furthermore, even cellular sub-states
of cells in the continuous neural stem cell lineage were partially separated.

To quantify this performance gain in a more rigorous manner, I used a score that
quantifies whether cells were placed, in 15-dimensional PC space, in a neighborhood
comprising cells of the same cell type ("neighbor score", see Fig. 2.4d). Since scBS
protocols are costly and labor-intensive, I first asked how the neighbor score depends
on the total number of cells that were sequenced. To simulate smaller data sets, I
sub-sampled the 1566-cell data set into smaller data sets, analyzed them again with
the four workflow variants, and calculated the mean neighbor score for each. My
results, depicted in Fig. 2.4e, demonstrate that the forebrain cell clusters are more
cleanly separated when using my proposed methods. This performance gain was
observed also in smaller data sets, although cell cluster separation generally becomes
more difficult in those. Both the use of VMRs instead of genomic tiles, as well as the
use of the shrunken mean of the residuals over methylation averages improved cell

cluster separation.

2.3.2 scbs outperforms default methods on an external data set

I repeated this benchmark on the data set published by Luo et al. (2017), which
consists of 3377 single-cell CpG methylomes from the murine frontal cortex, com-
prising 16 neuronal sub-types. The authors annotated cell types based on non-CpG
methylation instead of CpG-methylation. Using these labels as ground truth, I re-
analyzed the full and sub-sampled CpG methylation data with the four methods
combinations and found that my suggested methods consistently outperformed
default methods (Fig. 2.5). Note that the benchmarks depicted in Fig. 2.4 and Fig. 2.5
are inspired by a previous iteration of this analysis conducted by Leonie Kiichenhoff
under my supervision. This previous analysis, which I modified and repeated here,
is reported in Kremer et al. (2022a).
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FIGURE 2.5: Benchmark of my methods on single-cell methylomes of neural sub-types of
the murine frontal cortex.

I benchmarked my methods on single-cell methylomes from Luo et al. (2017) as described in
Fig. 2.4. The cell type labels which act as ground truth were reported by Luo et al. and are
based on non-CpG methylation and not CpG methylation.

2.3.3 scbs performs robustly across a wide range of VMR detection
parameters

Lastly, I assessed whether my proposed workflow requires fine-tuning of parameters
(Fig. 2.6). To this end, I re-analyzed both data sets, as well as sub-samples of the data
with different VMR detection parameters, namely the width of the sliding window
in bp, (set with option --bandwidth in the scbs software, default 2000 bp) and the
variance threshold above which windows are merged to VMRs (--var-threshold,
default 0.02). This parameter sweep showed that my workflow gives good results
over a wide range of parameter values. For the data of Luo et al. (2017), results
are nearly independent of the parameters (Fig. 2.6b). In our own more challenging
data set (Fig. 2.6a), cell types were less cleanly separated when I selected very large
bandwidths, or very strict variance thresholds. However, very small bandwidths or
very lenient thresholds resulted in a much higher number of VMRs and thus long
computing times. Overall, however, my default parameter combination provided

good results and fast compute times in both data sets.
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FIGURE 2.6: Effect of VMR detection parameters on separation of cell types.

Mean neighbor scores obtained after analyzing single-cell methylomes from Kremer et al.
(2022b) (a) or Luo et al. (2017) (b) with my proposed methods. I detected VMRs with scbs scan
using various sliding window bandwidths or variance thresholds, and on sub-samples of the
full data sets. Note that one parameter combination did not yield any results since the resulting
methylation matrix did not fit into RAM.
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Chapter 3

Characterization of methylation
dynamics in the adult vSVZ

Single-cell sequencing enabled characterization of molecular changes in the adult
NSC lineage at unprecedented resolution. Due to the rise and commercial availability
of scRNA-seq methods specifically (Ding et al., 2020), to date most single-cell studies
on vSVZ neurogenesis focus on gene expression (e. g., Llorens-Bobadilla et al.,
2015; Zywitza et al., 2018; Kalamakis et al., 2019; Cebrian-Silla et al., 2021). As a
result, transcriptional changes occurring along the NSC-to-neuroblast differentiation
trajectory are well-characterized (see section 1.1.5). However, knowledge on other
molecular features such as potential changes in epigenetic marks, is currently lagging
behind.

3.1 Single-cell multi-omics of the healthy vSVZ NSC lineage

To characterize epigenetic changes in the adult NSC lineage, I teamed up with
Dr. Santiago Cerrizuela, a postdoctoral researcher in the Martin-Villalba group.
Together with Prof. Martin-Villalba and Prof. Anders, we agreed to employ scNMT-
seq (Clark et al., 2018, summarized in section 1.5.3) to simultaneously quantify DNA
methylation, chromatin accessibility, and gene expression at single-cell resolution.
All data presented in this section were generated in experiments either performed
by Dr. Cerrizuela, or by assistants under his supervision (see External Contributions
for details).

Dr. Cerrizuela and assistants dissected the vSVZ and olfactory bulb of several adult
male mice to isolate cells from various points of the adult NSC lineage (Fig. 3.1a). De-
tailed information on the mice that they used in these experiments is available in the
supplementary material of Kremer et al. (2022b). Furthermore, Dr. Cerrizuela and
assistants isolated GLAST" astrocytes from the striatum, in order to contrast molec-
ular features of these common astrocytes with those of adult NSCs, the specialized
astrocytes residing in the vSVZ.
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FIGURE 3.1: Single-cell triple-omics of the adult NSC lineage.

(a) Schematic of the workflow performed by Dr. Santiago Cerrizuela and colleagues to obtain
scNMT-seq data from three brain regions. (b) UMAPs that I generated for each molecular layer
of this data set. For the transcriptomics data, I integrated the cells with the larger data set of
Carvajal Ibafiez et al. (2023), which consists of cells from the vSVZ (light gray) and olfactory
bulb (OB, dark gray). Figure and caption modified from Kremer et al. (2022b).

3.1.1 Quality assessment of scNMT-seq data

To assess the quality of the resulting scNMT-seq data set, I computed several quality
metrics for each cell, including the number of detected genes and the number of
observed CpG sites (Fig. 3.2). Furthermore, I used scbs profile to visualize DNA
methylation and chromatin accessibility around transcription start sites (TSSs),
which are known to be lowly methylated and highly accessible compared to their
surroundings (Fig. 3.3). After filtering off-target cells and cells with unsatisfactory
quality metrics or TSS profiles (see Extended Methods M.2), I obtained a triple-omic
data set consisting of 540 high-quality cells obtained from healthy wild type mice
(Fig. 3.1b).

On average, I detected expression of 5188 genes (Fig. 3.2). This quality metric greatly
exceeds those typically achieved by droplet-based scRNA-seq protocols, possibly
since they employed the recently developed Smart-seq3 (Hagemann-Jensen et al.,
2020) and since they sequenced more deeply than usual. The average single-cell
epigenome contained information on 678 186 CpG sites, which corresponds to ca. 5%
of CpG sites in the mouse genome, a value that is expected for scNMT-seq (Clark
et al., 2018).
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FIGURE 3.2: Quality metrics of cells retained after quality filtering.

scNMT-seq quality metrics which I computed for all cells that passed quality filtering. "Unique
genes" refers to the number of genes with at least one detected sequencing read per cell.
"CpG/GpC-dinucleotides" refers to the number of methylation sites with sequencing coverage
and thus known methylation status. Boxes denote the interquartile range; center lines denote
the median. Figure and caption taken from Kremer et al. (2022b).

Usage of scbs profile demonstrated that the vast majority of cells showed low DNA
methylation and high chromatin accessibility at TSSs as expected (section 1.4.2).
An example TSS profile of a single high-quality neuroblast is depicted in Fig. 3.3.
To further probe the resolution and quality of our single-cell epigenomes, I also
visualized methylation and accessibility around CTCF-binding sites. The resulting
graphs revealed oscillations of both methylation and chromatin accessibility, which
most likely correspond to regularly spaced depositions of nucleosomes as previ-
ously described (Teif et al., 2014). Furthermore, CTCF-binding sites show a distinct
accessibility peak with a sharp dip in its center. The latter dip may correspond to
chromatin that is rendered inaccessible due to deposition of the CTCF protein itself.
Plots such as the ones depicted in Fig. 3.3 are typically used to assess the quality of
bulk epigenomic data. The level of detail visible in this data, at the single-cell level,
demonstrates that this epigenomic data is of high quality.



56 Chapter 3. Characterization of methylation dynamics in the adult vSVZ

epigenetic readouts from one single cell
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FIGURE 3.3: Transcription start sites are lowly methylated and highly accessible.

Average methylation and chromatin accessibility levels around transcription start sites (TSSs)
and CTCF-binding sites of a single neuroblast. Figure and caption taken from Kremer et al.
(2022b).

3.1.2 Annotation and exploration of scNMT-seq data

By integrating the transcriptomic portion of our data with a larger scRNA-seq data
set of the vSVZ and olfactory bulb (Carvajal Ibafiez et al., 2023), I confirmed that
we had captured cells of the NSC lineage. In order to annotate cell types and cell
states, I first ordered cells according to their position in the NSC differentiation
trajectory. To do this, I combined MOFA+ (Argelaguet et al., 2020) with slingshot
(Street et al., 2018) to compute pseudotime values that incorporate information from
all three molecular layers. I then assessed gene expression of known lineage marker
genes and transcription factors (TFs). The observed expression dynamics are in
agreement with previous data sets of the adult NSC lineage (Llorens-Bobadilla et al.,
2015; Kalamakis et al., 2019) and allowed me to assign cell types and cell states
(Fig. 3.4a-b).
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FIGURE 3.4: Expression of marker genes and transcription factors in pseudotime.

(a) Gene expression of key marker genes and transcription factors along pseudotime. (b) UMAP
and pseudotime assignments (small inset plot) based on omics data from all three molecular
layers. I colored cells by their inferred cell type or cell state, based on expression of marker
genes in a. Figure and caption taken from Kremer et al. (2022b).
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To enable analysis of the DNA methylation and chromatin accessibility data sets,
I'used scbs to employ the newly developed computational methods described in
chapter 2. In brief, I first stored both epigenomic data sets and then used scbs scan
to identify VMRs in the CpG data set and variably accessible regions (VARs) in the
GpC data set. I then quantified CpG methylation at VMRs and GpC methylation
(chromatin accessibility) at VARs, and separately performed PCA and UMAP on
each data set. This enabled two-dimensional representation of the two epigenomic
data sets (Fig. 3.1b).

The resulting UMAPs visually resemble the UMAP of the scRNA-seq data, indicating
that cell types and cell states of the vSVZ and olfactory bulb can be distinguished not
only by gene expression, but also by epigenetic information. In contrast to scRNA-
seq, however, the DNA methylation and chromatin accessibility UMAPs did not
show a separation of cycling cells (late aNSCs, TAPs, early neuroblasts) from the
rest of the NSC lineage. This may indicate that cycling cells can only be detected by
gene expression, and not by epigenomic methods. A possible explanation is that
expression of cell cycle-related genes may not be not regulated by changes in DNA
methylation and chromatin accessibility.

Furthermore, the UMAP of single-cell methylomes displayed a striking separation
of striatal astrocytes and qNSC1 cells on one hand, and qNSC2 cells, aNSCs, TAPs,
and neuroblasts on the other hand. This observation suggests the existence of
strong epigenetic differences between these two groups of cells. In all three UMAPs,
oligodendrocytes are clearly separated from the remaining cells, suggesting that
they possess gene expression and epigenomic profiles distinct from the neurogenic
vSVZ lineage.

3.1.3 VMR methylation anticorrelates with gene expression

One advantage of single-cell multi-omic data is that relationships between the
measured omics-layers can be readily studied since multiple readouts are obtained
from each cell. This makes it possible to identify candidate genomic regions that
may be involved in regulating gene expression. For instance, if a gene is strongly
expressed in some cells but not in others, one may speculate that expression of this
gene is regulated by methylation of its promoter. This hypothesis can be tested in
scNMT-seq data by correlating gene expression with promoter methylation, i. e.
by checking whether those cells that are strongly expressing the gene also possess
lower methylation of its promoter. To systematically identify genes regulated by
promoter methylation in the adult brain, I thus correlated, for each gene, promoter

methylation with gene expression across all cells (Fig. 3.5a).
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FIGURE 3.5: Correlating epigenetic features with gene expression.

(a) Correlation of promoter methylation (left) and promoter accessibility (right) with gene
expression. Negative correlations (blue) indicate a repressive effect of methylation/accessibility
while positive correlations (orange) indicate activation. n: number of significant correlations
after Benjamini-Hochberg adjustment. (b) Correlation of VMR (variably methylated region)
methylation and VAR (variably accessible region) accessibility with expression of the nearest
gene. (c) Distance histogram of all significant correlations between gene expression and all
VMRs and VARs within 2 Mb of the TSS. Negative correlations are orange, positive correlations
are blue. The bottom panel is a zoom-in of the top panel. (d, e) Overlap of significantly
correlating VMRs and VARs with gene features (d) and candidate cis-regulatory elements from
ENCODE (e). Figure and caption modified from Kremer et al. (2022b).

The obtained correlation coefficients are overall modest and only a small number
of genes shows a significant correlation between promoter methylation and gene
expression. This data demonstrates that the gene expression differences observed
between cell types and cell states of the vSVZ and olfactory bulb are not the result of
differences in promoter methylation. In contrast, correlating chromatin accessibility
of promoters with gene expression resulted in a much higher number of significant
correlations, indicating that promoter accessibility is one mechanism that affects
gene expression. Most of these correlations were positive, in agreement with the
established view that accessible promoters are more easily accessed by TFs and thus
more readily transcribed (Felsenfeld et al., 1996; Pliner et al., 2018).

Since I only identified few significantly correlating promoters, I next asked whether
there might be other genomic regions whose methylation status is associated with
gene expression. To test whether VMRs and VARs identified with scbs scan are
more strongly associated with gene expression, I next correlated their methylation
and chromatin accessibility estimates with gene expression. This correlation analysis
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requires matching of VMRs (or VARs) with genes. However, in contrast to the
promoter-gene-matches depicted in Fig. 3.5a, it is not immediately obvious how
VMRs and genes should be matched, since VMRs might occur in intergenic regions,
or since one gene may intersect multiple VMRs. To nonetheless enable a correlation
analysis similar to Fig. 3.5a, I thus matched every gene with the VMR closest to its
TSS.

Correlating VMR methylation with expression of the nearest gene resulted in more
significant correlations and more extreme correlation coefficients (Fig. 3.5b), indi-
cating that scbs scan may be able to identify regulatory elements that are more
predictive of gene expression than promoter methylation. In contrast, correlating
VARs with gene expression yielded results similar to those obtained when correlat-
ing promoter accessibility. This suggests that, in the case of chromatin accessibility
data, there is little or no additional benefit of quantifying VARs instead of pro-
moters. Of note, most significant VMR-to-gene correlations were negative, while
most VAR-to-gene correlations were positive. This observation is in line with the
common notion that DNA methylation is repressive (e. g. Mattei et al., 2022, also see
section 1.4.2) while accessible chromatin promotes gene expression (Felsenfeld et al.,
1996; Pliner et al., 2018).

3.1.4 Methylation of the first intron may contribute to gene regulation

To investigate where putative regulatory regions are located relative to the position
of their potential target genes, I disregarded VMR-to-gene matches and instead
correlated expression of each gene with all VMRs and VARs within 2 Mb of the TSS
(Fig. 3.5¢). This revealed that most significant correlations were located in the center
of the £2 Mb region, close to the TSS. Zooming into this region by limiting the view
to 10 kb showed that most significant correlations do not occur at the TSS itself,
but rather downstream of the TSS, with a peak at approximately +2 kb. In contrast,
most significantly correlating VARs are located at the TSS. This finding confirms that
the current scATAC-seq practice of using TSS accessibility to predict gene expression
(Pliner et al., 2018) is substantiated.

The abundance of relevant VMRs just downstream of the TSS suggests that most of
these VMRs are located in the gene body. By intersecting VMRs with gene features,
I showed that almost half of them are located in the first intron (Fig. 3.5d). This
suggests that methylation of the first intron may contribute to gene regulation. In
comparison to VMRs, VARs are more frequently located in promoters, in agreement
with their aggregation near the TSS (Fig. 3.5¢). Finally, to understand whether VMRs
and VARs correspond to known regulatory elements, I intersected their genomic
coordinates with those of candidate cis-regulatory elements (cCREs) reported by the
ENCODE consortium (Moore et al., 2020) (Fig. 3.5e). Most VMRs and VARs did not
intersect with known cCREs, however. This either means that they correspond to
regulatory elements that are not annotated by ENCODE, or that methylation at these
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sites affects gene expression in a manner that is independent of classical promoters
or enhancers. Another possible explanation is that the observed VMRs are merely
correlating with gene expression, but not causally influencing gene expression.

3.1.5 Epigenetic changes in pseudotime

Next, I utilized the newly generated triple-omic data set to assess whether epigenetic
changes occur along the NSC differentiation lineage. For reference, I first visualized
gene expression changes along the lineage using a correlation heatmap (Fig. 3.6).
This visualization illustrates that the transcriptomes of striatal astrocytes, qNSC1
cells, and QNSC2 cells are very similar, in agreement with the notion that adult NSCs
are specialized astrocytes that possess an astrocyte transcriptome (Doetsch et al.,
1999, section 1.1.4). This transcriptomic state changes upon NSC activation, i. e. the
transition between QNSC2 and aNSC. Overall, my visualizations of transcriptomic
changes along the NSC lineage (Fig. 3.6, Fig. 3.4) are in agreement with previous
scRNA-seq studies of the vSVZ (Kalamakis et al., 2019, section 1.1.5).
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FIGURE 3.6: Correlation matrices of gene expression, DNA methylation and chromatin
accessibility.

I ordered and binned cells according to pseudotime, with each bin containing 10 cells on
average. Bright squares indicate blocks of cells that are transcriptionally (or epigenetically)
homogeneous. Transitions between these blocks indicate molecular changes that occur upon
NSC differentiation. Figure and caption modified from Kremer et al. (2022b).

Next, I used the same approach to visualize DNA methylation changes along the
lineage. This resulted in a very different pattern, characterized by two large blocks
that represent two groups of cells with similar methylomes. In stark contrast to the
transcriptome data, here the first block consists of just striatal astrocytes and gNSC1
cells, indicating that these two populations possess a highly similar methylome.
Despite their transcriptomic similarity to qNSC1 cells, gqNSC2 cells are found in the
second methylome block that also contains aNSCs, TAPs and neuroblasts. For these
reason, I propose that gqNSC1 cells correspond to common parenchymal astrocytes
of the vSVZ, while gNSC2 cells are bona fide vSVZ qINSCs that regularly contribute
to neurogenesis (see sections 3.2, 4.2.2 and 4.3 for a deeper exploration of this idea).
Thus, I will henceforth refer to qINSC1 cells as vSVZ astrocytes.

Shortly before the transition from TAPs to neuroblasts, a third bright square is visible,
suggesting that additional methylation change occurs at this point in pseudotime
(explored in greater detail in section 3.1.6).
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Lastly, I also generated a correlation heatmap based on the chromatin accessibil-
ity data. Compared to the transcriptome or methylome heatmaps, the transitions
between blocks of correlating cells are more blurry in the accessibility heatmap.
This would suggest that accessibility changes in the lineage occur more gradually
than the relatively sharp changes observed in the two other modalities. However,
there are also more noticeable dark bands of weakly-correlating pseudotime bins,
suggesting that the accessibility data is overall more noisy. Importantly, the first
block of correlating cells comprises striatal astrocytes, as well as gNSC1 and qgINSC2
cells. The clear distinction between qNSC1 and qQNSC2 that I previously observed in
the methylome data is not visible.

3.1.6 Two waves of methylation change occur in the adult NSC lineage

Due to the intriguing pattern of methylome changes observed in Fig. 3.6, I decided to
quantify methylation and demethylation events in the NSC lineage. For each VMR,
I thus fitted a step function to the methylation values as a function of pseudotime.
I then determined those VMRs that clearly show a rapid increase or decrease of
methylation and simultaneously inferred the most likely change point in pseudotime
(see Extended Methods M.7 for details). In agreement with the patterns observed in
Fig. 3.6, a histogram of these change points (Fig. 3.7a) shows that most methylation
or demethylation events occur in one of three waves.
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FIGURE 3.7: DNA methylation changes in pseudotime.

(a) Histogram of inferred pseudotime points at which VMRs become methylated (red, up)
or demethylated (blue, down). (b) Expression and epigenetic state of genes intersecting with
VMRs that become demethylated in late TAPs (dashed orange box in a). I ordered the rows by
hierarchical clustering on gene expression values. Note that most of these genes are expressed
in neuroblasts. Figure and caption modified from Kremer et al. (2022b).

The first wave of methylation change corresponds to the transition between qNSC1
and qNSC2. It is characterized by both methylation and demethylation events,
although methylation events were observed more frequently. The second wave
occurs at the late TAP stage and consists almost exclusively of demethylation events.
Lastly, towards the end of pseudotime in late neuroblasts, both methylation and
demethylation events are observed, which may correspond to the implementation
of neuron-specific methylomes as previously described (e. g. Luo et al., 2017). It is
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worth noting, however, that inferred (de)methylation events of this third wave are
likely less reliable, since their prediction depends on the methylomes of very few
olfactory bulb neurons. These neurons furthermore showed below average quality
metrics, and the methylation changes of this third wave are not clearly visible in
Fig. 3.6. For these reasons, I decided to focus on the two other (de)methylation

waves.

I will first discuss epigenomic changes occurring in the second wave, at the late TAP
stage. Visualization of VMRs that change at this point in pseudotime demonstrated
that their methylation indeed decreases at the late TAP stage (Fig. 3.7b). To estimate
whether these methylation changes are accompanied by changes in gene expression,
I furthermore visualized the expression of genes intersecting with these VMRs.
Ordering these genes by hierarchical clustering showed that roughly half of these
intersecting genes become transcriptionally active at the neuroblast stage, i. e. shortly
after the demethylation wave (Fig. 3.7b). This suggests that demethylation may pave
the way for the expression of genes required at the neuroblast stage.

However, it is worth noting that not all genes follow this expression pattern. Among
the intersecting genes are also several genes that are predominantly expressed in
qNSC1 cells (vVSVZ astrocytes), or in aNSCs and later stages. A possible explanation
is that the heuristic method I used to match genes and VMRs resulted in incorrect
matches. For instance, some VMRs might not affect expression of the nearest gene
and instead regulate more distant genes, or they may not influence gene expression
at all. Furthermore, there may also be VMRs where high methylation does not
repress and instead enhances gene expression.

Lastly, visualization of chromatin accessibility (Fig. 3.7b) revealed that demethy-
lation of the identified VMRs coincides with a wave of increased accessibility of
these VMRs. Unlike demethylation, however, this increase in accessibility is merely
transient and no longer detected in neuroblasts and neurons of the olfactory bulb.
This transient increase in VMR accessibility might enable binding of TFs and TET
enzymes required for demethylation.

3.1.7 VMRs are enriched for cell type-specific transcription factor motifs

Next, I aimed to identify TFs that might be responsible for methylation differences
between the various cell populations in the data set. To do so, I performed a motif
enrichment analysis to find transcription factor binding site (TFBS) motifs that
frequently occur in VMRSs. Specifically, I used HOMER (Heinz et al., 2010) to scan
the DNA sequences of VMRs for sequence motifs from the JASPAR2022 (Castro-
Mondragon et al., 2022) TFBS motif data base. I used the previously computed PC
vectors based on VMR methylation to group VMRs into three groups (Fig. 3.8a):

* VMRs with high PC1 scores, indicative of low methylation in oligodendrocytes
* VMRs with low PC2 scores, indicative of low methylation in astrocytes
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* VMRs with high PC2 scores, indicative of low methylation in the neurogenic

lineage.

To narrow down the list of TF candidates, I furthermore considered the average
expression of each TF, highlighting only those TFs that are expressed as indicated
by the scRNA-seq portion of the data.
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FIGURE 3.8: Transcription factor motifs enriched in variably methylated regions.
Transcription factor (TF) binding site motif enrichment of variably methylated regions (VMRs)
with low methylation in astrocytes, neuroblasts or oligodendrocytes. (a) PCA of single-cell
methylomes, based on VMR methylation values. Since PC1 and PC2 separate oligodendrocytes
and astrocytes, respectively, from the other cells, I used these PCs to identify the genomic regions
(i.e., VMRs) used for motif enrichment. (b) Scatter plots of transcription factors, showing the
TF motif’s enrichment p-values (reported by HOMER, Heinz et al., 2010) on the y axis, and the
TF mean gene expression in the respective cell population on the x axis. Figure and caption
modified from Kremer et al. (2022b).

Motifs associated with low methylation in astrocytes / qNSC1 cells

Motif enrichment of each VMR group revealed several enriched TFBS motifs, many
of which were enriched only in one of the three VMR groups (Fig. 3.8b). VMRs
lowly methylated in gNSC1 cells (vSVZ astrocytes) are enriched for the motifs of
several nuclear factors, including NFIA, NFIX and NFIC. While motif enrichment is
no definite evidence that these TFs are involved in astrocyte-specific demethylation,
NFIA is used to convert human iPSC-derived NSCs to astrocytes, and in doing so
induces demethylation at GFAP, an astrocyte-specific intermediary filament that

is commonly used as an astrocyte marker (Tchieu et al., 2019). Together with the
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results from my TFBS enrichment analysis, this suggest that NFIA may promote
astrocyte cell identity by inducing demethlyation near genes required for astrocyte

function.

In contrast, another nuclear factor whose motif is enriched in gNSC1 cells, NFIX,
was previously linked to NSC function: Martynoga et al. (2013) previously demon-
strated that NFIX promotes NSC quiescence, but does not simultaneously induce
the expression of astrocyte markers such as S100-B. A follow-up study also showed
that NFIX suppresses oligodendrogenesis in adult vSVZ NSCs (Zhou et al., 2015),
which raises the question why I found the NFIX motif to be enriched in astrocyte-
specific regions. First, since all NFI proteins bind to the same DNA recognition motif
(Gronostajski, 2000), with only slight variations in the composition of surrounding
base pairs, my analysis cannot distinguish between individual members of this gene
family. It is thus possible that e. g. low methylation of NFIA motifs led to enrich-
ment of NFIX motifs, purely due to their motif similarity and not because NFIX is
responsible for astrocyte-specific demethylation. Alternatively, it is also possible that
vSVZ astrocytes (QNSC1) share some epigenomic properties with NSCs, and that
these depend on NFIX. A first step towards entangling the role of nuclear factors in
NSCs and astrocytes would be to characterize their expression and the methylation
status of their TBFS in greater detail, and to assess whether the NFI motifs that are
demethylated in vSVZ astrocytes are similarly demethylated in NSCs.

Motifs associated with low methylation in the neurogenic lineage

VMRs lowly methylated in the neurogenic lineage, i. e., in cells at the qNSC2 stage
up until neuroblasts, are enriched for the TFBS motifs of several neurogenic TFs
(Fig. 3.8b). Among these are EMX2, a homeobox TF that controls proliferation of
adult v6VZ NSCs (Galli et al., 2002; Gangemi et al., 2001), and DIx2. The role of
DIx2 in forebrain development is well-characterized, where it regulates interneuron
migration (Anderson et al., 1997) and promotes generation of interneurons over
oligodendrocyte progenitor cells (Petryniak et al., 2007). It was also shown that DIx2
is crucial for the generation of olfactory bulb interneurons from the lateral vSVZ
(Brill et al., 2008).

Motifs associated with low methylation in oligodendrocytes

Lastly, inspection of TFBS enriched in oligodendrocyte-specific LMRs revealed
Olig2 and Tcf12 as the top hits (Fig. 3.8b). Olig2 is a well-studied master regulator
of oligodendrocyte cell identity (Zhang et al., 2022; Zhou et al., 2000). Tcf12 is a
member of the TCF/LEF (T cell factor/lymphoid enhancer factor family) TF family,
which regulates expression of Wnt target genes (Behrens et al., 1996). It was recently
shown that Wnt ligands, specifically Wnt3a, stimulate oligodendrogenesis of adult
NSCs in the dorsal vSVZ (Ortega et al., 2013). The authors also demonstrated that
Tcf4, another member of the TCF/LEF family, is required for this. Whether Tcf12
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plays a similar role in adult oligodendrogenesis, and whether this process involves
demethylation near Tcfl12-binding sites, remains to be determined.

Overall, many of the TFs identified in this enrichment analysis correspond to cell-
type specific functions, or even act as master regulators of cell fates or lineage
decisions. Nonetheless, there are also caveats to the presented analysis. First, my
approach cannot inform us about the causality that led to decreased methylation at
the identified TFBS motifs: Are the identified TFs pioneer TFs that cause changes in
methylation and chromatin accessibility (Tchieu et al., 2019; Donaghey et al., 2018;
Reizel et al., 2018)? Or is binding of the identified TFs sensitive to DNA methylation
(Kaluscha et al., 2022; Hernandez-Corchado and Najafabadi, 2022), which would
mean that binding of these TFs might be regulated by changes in DNA methylation?
Or are the identified motifs not functionally linked to changes in DNA methylation,
but merely a byproduct of demethylation near gene sets that are regulated by certain
TFs? Experimental validation of individual TFs is required to distinguish between
these options. Second, my analysis is limited to TFs with known motifs listed in the
JASPAR2022 database, and several motifs correspond to human TFs (indicated by
their capitalization). Last, since most TFs are part of a larger protein family with very
similar motifs, it is often not possible to know which exact TF binds to the identified
motifs. This limitation is clearly visible in the motif enrichment of VMRs with low
methylation in the neurogenic lineage (Fig. 3.8b), which identified several members
of the homeobox TF family that all share a variant of the TAATTA-motif. To alleviate
this issue, I disregarded TFs that are not expressed according to the transcriptomic
data, but in many cases multiple members of the same family are expressed. Despite
these limitations, the TFs identified here are promising candidates for TFs that might
regulate cell fate by a mechanism that involves changes in DNA methylation.

3.1.8 Epigenetic changes at marker genes

In the preceding analyses, I was able to distinguish cell types based on DNA methy-
lation alone and found that VMRs were enriched for TFBS motifs linked to cell
type-specific functions. Thus, I hypothesized that DNA methylation regulates the
expression of genes specifically expressed in certain cell types or cell states, as it was
previously proposed for cell differentiation in embryonic development (Cedar et al.,
2022, Fig. 1.7). To assess whether this is the case, I first selected genes that contain a
VMR in their gene body and then used the single-cell transcriptomic data to identify
100 VMR-containing marker genes for each observed cell type/state.l then visual-
ized the average expression of these markers, as well as the average methylation
and accessibility of the intersecting VMRs and promoters, in pseudotime (Fig. 3.9).
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FIGURE 3.9: Epigenetic changes at cell type-specific genes.
Expression and epigenetic status of genes expressed at different states of the NSC lineage (top
legend). The top heatmap row indicates the average expression of 100 marker genes which I
identified in a differential expression analysis of the single-cell transcriptomes. Middle and
bottom rows indicate the average DNA methylation (meth) and chromatin accessibility (acc) at
the 100 promoters (p) of these markers, and at 100 VMRs (V) overlapping marker gene bodies.
Figure and caption modified from Kremer et al. (2022b).

This analysis revealed several patterns. First, despite explicitly searching for genes
that are expressed only in qNSC1 cells and striatal astrocytes, the identified set of
100 astrocyte marker genes was also lowly expressed in gNSC2 cells. This once again
highlights the challenge of finding reliable marker genes to distinguish common
parenchymal astrocytes from NSCs (reviewed e. g. in Lim and Alvarez-Buylla, 2016,
section 1.1.4), due to their transcriptomic similarity (Llorens-Bobadilla et al., 2015;
Zywitza et al., 2018; Cebrian-Silla et al., 2021). In stark contrast, methylation at VMRs
intersecting these genes showed a very distinct cut that clearly distinguishes vSVZ
astrocytes (QNSC1 cells) from qNSC2 cells. This clear separation was not visible
in any of the other epigenetic features, which displayed more gradual, continuous
change over pseudotime. Overall, these observations suggest that VMRs at astrocyte
marker genes are specifically demethylated in common parenchymal astrocytes of
the striatum and vSVZ, but not in gNSC2 cells or later stages of the NSC lineage.
Nonetheless, despite the high methylation of these VMRs, gNSC2 cells retain some
expression of the identified astrocyte marker genes.

The analysis of qNSC2- and aNSC-specific marker genes was overall more chal-
lenging. The reason for this is that, as discussed above, gNSC1 and qNSC2 cells are
transcriptomically similar, and thus I was unable to identify strong markers that
are exclusively expressed in QNSC2 cells. Since I additionally restricted the analysis
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to markers that intersect VMRs and only few VMRs arise at e. g. the aNSC stage
(Fig. 3.7a), my approach was unable to identify 100 very specific marker genes for
these stages. As a result, the average marker gene did not display a very specific
expression peak at the gNSC2 or aNSC stage and instead was also lowly expressed
at other stages. Epigenetic readouts at VMRs and promoters near these marker
genes overall appeared to be noisy and often in disagreement with changes in gene
expression. For instance, VMRs at aNSC markers were more lowly methylated at dif-
ferentiation stages past aNSCs. Due to the unclear patterns observed at aNSC- and
qNSC2-markers, possibly due the dearth of VMRs specific to these stages, this analy-
sis did not allow me to draw strong conclusions. Similarly, promoters and VMRs
near neuroblast markers and markers of olfactory bulb neuroblasts /neurons showed
only weak patterns. In general, VMRs and promoters of both marker gene sets tend
to become more accessible and less methylated in pseudotime. These changes occur
gradually in pseudotime and might correspond to a gradual transition from an

astrocytic to a neuronal cell identity.

Inspection of TAP markers, however, showed a very characteristic pattern distinct
from that of other marker genes: In contrast to other markers, promoters of these
genes were both lowly methylated and highly accessible. Curiously, this promoter
state was not specific to the TAP stage, but also clearly observed at all other stages
of the NSC lineage and even in oligodendrocytes. A reason for this might be that
many TAP marker genes are involved in the cell cycle (e. g. Llorens-Bobadilla et al.,
2015). This means that many identified TAP markers do not perform a cell type-
specific function per se, but rather a basic cellular function, i. e. cell division, that
might also be active on other cycling cells and not only TAPs. For this reason, the
epigenetic makeup of TAP markers might resemble that of housekeeping genes,
i. e. constitutively expressed genes involved in core cellular functions. It is long
known that promoter methylation differs strongly between housekeeping genes
and cell type-specific genes. Promoters of housekeeping genes have a higher CpG
density and are generally more lowly methylated, while CpG sites at promoters
of tissue-specific genes are more variably methylated and occur at a lower density
(Bird, 1986; Gardiner-Garden and Frommer, 1987; Larsen et al., 1992; Saxonov et al.,
2006; Zhu et al., 2008). Since the cell cycle is not a tissue-specific or cell-type specific
function, I thus speculate that cell cycle genes share epigenetic properties, including
constitutively low promoter methylation, with housekeeping genes. Indeed, a recent
study in which genes were clustered based on their CpG distribution described that
both housekeeping genes and genes related to cell division were found in the same
gene cluster, characterized by high density and low methylation of CpG sites (Tian
et al., 2022).
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3.2 A unique methylome distinguishes NSCs from other

astrocytes

All my previously described analyses suggested that there are strong methylation
differences between qNSC1 cells and QNSC2 cells: Visualization of single-cell methy-
lomes with PCA (Fig. 3.8a) and UMAP (Fig. 3.1b) resulted in a clear separation of
gNSC1 cells from the remaining cells. In agreement with this, visualization (Fig. 3.6)
and quantification (Fig. 3.7a) of methylation changes suggested that many VMRs
are indeed differentially methylated between QNSC1 and gNSC2 cells. Furthermore,
astrocytes isolated from the striatum grouped with QNSC1 cells in these analyses,
suggesting that the methylome of gNSC1 cells resembles that of common paren-
chymal astrocytes. For these reasons, I proposed that qNSC1 cells correspond to
common parenchymal astrocytes of the vSVZ.

If this is the case, the strong methylation differences that I detected between qNSC1
cells and gNSC2 cells might support different functions: either functions of a com-
mon parenchymal astrocyte, or stem cell function in the case of gNSC2. To test
this hypothesis, I next aimed to identify and functionally characterize the genomic

regions that make up the observed methylome difference.

To identify differentially methylated regions (DMRs) between qNSC1 cells and cells
of the neurogenic lineage (QNSC2 — neuroblast), I considered the set of previously
identified VMRs and tested each VMR for differential methylation between the
two cell groups. To this end, I performed a Wilcoxon rank sum test between the
two groups for each VMR and corrected for multiple testing with the Benjamini-
Hochberg method. Of note, this analysis predates development of our improved
DMR detection approach (Braun, 2023), which is why I resorted to post hoc testing of
VMRs. This approach identified 1372 genomic regions that were lowly methylated in
qNSC1 cells, which I labeled astrocyte lowly-methylated regions (astrocyte LMRs),
as well as 621 regions that were lowly methylated in the neurogenic lineage (NSC
LMRs) (Fig. 3.10a). In this volcano plot, I furthermore colored each VMR by the
logy-fold change in expression of the nearest gene, to assess whether methylation
differences go hand to in hand with differences in gene expression. This visualization
revealed that low VMR methylation is often accompanied by increased expression
of the nearest gene, but this tendency was not evident for all VMRs.



3.2. A unique methylome distinguishes NSCs from other astrocytes 69

a differentially methylated regions b GO term enrichment of nearby genes
P astrocyte LMRs NSC LMRs astrocyte LMRs NSC LMRs

Slc1a2

Htral
N negative regulation of hemopoiesis

Gnal3 Trim9 Mn1 16~ negative regulation of cell differentiation
Mihas1 .
€ - Fam20a - Gabbry/ Sle1a2 Nio2-2 < 5 sodium:amino acid symporter activity « - double-stranded DNA binding
g g Ppplr3c © / ~ , Slcla2 Enct - yi/;lha‘* “EJ - NG cerfjral jervous system neuron differentiation
£ S 20- Utplab  GlulSlc41al » Atp1b2 L . Efb2 £ [ 1 Chemical homeostasis . L regionalization
i . T 12- Ll . .
£2 Slela2 o Rgma Dz Paxs Epha4 ‘E& " amino acid impoit into cell P
oox2( - = +
o 2 Adgri3 F3 o 2
i) . -Ndrg2: Mab? CrebS L & lipid biosynthetic process -
8 o St o s Zip503 “Sfrpl lgsecl 8 g " v P Wt signaling pathway
T LY . Intu T s "
10- : . oed . 6 ion homeostasis _/egulation of neurogenesis

Prikea 8h33 |\ gomy

«| ® Biological Process

* Cellular C

© Molecular Function

75(.)% 0% SC:%
difference in DNA methylation

c
k=)
7]
o
<4
S
3
[}
©
c
I3}
=)

[log,-fold change]

log,-fold enrichment

C expression of nearby genes

gene expression low = high

SHNT
a1A004sy

Astrocyte
LMRs
yym Bunoasisjul sausb

NSC
LMRs

pseudotime Y pseudotime
/as, trg I/ﬁNchNSc Tap Z/ﬁ:sm ge"foofl
4 C ast
Vie ‘ ne%isr
d selection of LMRs from C
DNA methylation high I low gene expression low =l high

Astrocyte
markers

Astrocyte
LMRs

DNA-
binding

Ephrin

NSC
LMRs

Wnt

pseudotime \

S Y JENN

VS|, 9INS~GNS A 77 Ne O,

FIGURE 3.10: NSCs possess a pro-neurogenic methylome that clearly distinguishes them
from other astrocytes.

(a) Volcano plot of lowly methylated regions (LMRs), which I identified by testing for differential
methylation between vSVZ astrocytes (QNSC1) and NSC-lineage cells (QNSC2 — neuroblast).
(b) Gene ontology (GO) term enrichment of genes near astrocyte LMRs and NSC LMRs iden-
tified in a. (c) Heatmap of LMR methylation (left) and expression of the nearest gene (right)
along pseudotime. Rows are ordered by hierarchical clustering on gene expression values. (d)
Selection of LMRs and genes from c. Note the clear separation of NSCs and other astrocytes
(striatal astrocytes, vSVZ astrocytes = gNSC1) in the methylation data. Figure and caption
taken from Kremer et al. (2022b).

3.2.1 Astrocyte LMRs and NSC LMRs support distinct cellular functions

To assess the functional implications of NSC LMRs and astrocyte LMRs, I inspected
genes which overlap these putative regulatory regions. Among the genes located
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near astrocyte LMRs were many genes associated with classical astrocyte functions.
This includes genes involved in amino acid metabolism and transport such as the
excitatory amino acid transporter Slcla2 and the glutamine synthetase Glul, as
well as other ion transporters such as the magnesium transporter Slc41a2 and the
ATP-dependent sodium/potassium transporter Atp1bl. Low methylation near these
genes might contribute to the release and uptake of neurotransmitters by astrocytes
and to their role in maintaining ion homeostasis. Similarly, low methylation near
Lcat, a gene involved in cholesterol metabolism, might support astrocytic production
of cholesterol. Gene ontology (GO) term enrichment of VMRs, using the GREAT tool
(McLean et al., 2010), indeed showed an enrichment of several GO terms related
to ion transport, lipid / cholesterol metabolism, and ion homeostasis and transport
(Fig. 3.10Db).

Genes near NSC LMRs included several genes involved in Eph/ephrin signaling
(Epha4, Efnb1, Efnb2), which regulates both neuroblast migration and NSC quiescence
(Holmberg et al., 2005; Jiao et al., 2008; Nomura et al., 2010; Ricard et al., 2006)
(Fig. 3.10a). Enriched GO terms such as "negative regulation of cell differentiation”,
"central nervous system neuron differentiation" and "regulation of neurogenesis"
furthermore suggest that low methylation at NSC LMRs may contribute to the
neurogenic function of NSCs (Fig. 3.10b).

Curiously, the top enriched GO term was "negative regulation of hemopoiesis".
A possible explanation is that other somatic stem cells, including hematopoietic
stem cells, employ a similar set of genes to regulate cell differentiation. Indeed, a
closer inspection of the gene sets associated with the identified GO terms showed
that 110 of the 111 genes associated with "negative regulation of hemopoiesis"
are also associated with the more general GO term "negative regulation of cell
differentiation"”, which is the second most enriched GO term in my analysis. I
suspect that many of these genes are not only involved in hematopoietic stem cell
function, but also important for other somatic stem cells such as adult NSCs. The
functional annotation of genes involved in hematopoiesis might simply be more
accurate than that of other somatic stem cells, since hematopoiesis is a well-studied

process.

Other enriched GO terms include "double-stranded DNA binding" and "Wnt sig-
naling pathway". The former GO term most likely corresponds to the presence of
hypomethylated VMRs near TFs such as Nkx2-2, Pax8, Mn1 and Zfp503 (Fig. 3.10a).
These TFs may contribute to NSC-specific functions. In the case of Zfp503, it was
recently shown that this gene encodes for a transcriptional repressor that targets
the astrocyte marker gene Gfap and promotes neurogenesis over astrogliogenesis
in the developing mouse cerebral cortex. Low methylation near this gene might
thus contribute to the transition from an astrocyte cell identity to the neuroblast cell
identity in NSC-to-neuroblast differentiation. Similarly, the presence of LMRs near
Wnt signaling genes might contribute to the regulation of adult neurogenesis by
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Wnt signaling as reported for the vSVZ (Qu et al., 2010) and dentate gyrus (Lie et al.,
2005).

3.2.2 Genes required for neurogenesis are hypomethylated in NSCs

The observed DNA methylation differences and associated GO terms seem to con-
firm the notion that DNA methylation underpins either astrocyte function in the case
of QNSC1 cells, or the generation of neuroblasts in the case of gINSC2 cells. However,
previous studies (e. g. Kalamakis et al., 2019) and my own analysis (Fig. 3.6) showed
that gqNSC1 and gNSC2 cells have similar transcriptomes. Thus, it seems unlikely
that all identified DMRs are tied to gene expression differences between qNSC1 cells
and qNSC2 cells. But is there any link between DNA methylation differences and
gene expression? To investigate, I determined the closest gene for each significant
LMR and visualized LMR methylation alongside gene expression in pseudotime
(Fig. 3.10c). Additionally, to illustrate some exemplary gene-to-LMR matches, I
picked some of the most significant LMRs and grouped them into four categories
(Fig. 3.10d).

Hierarchical clustering of the log-normalized gene expression values showed that
most genes near hypomethylated VMRs are indeed more strongly expressed in the
respective population. For instance, approximately two thirds of the genes near as-
trocyte LMRs are more strongly expressed in early pseudotime, i. e. in astrocytes and
qNSCs. However, unlike the methylation state of LMRs, gene expression of nearby
genes does not show a clear change point between qNSC1 cells and qNSC2 cells,
as also previously observed in Fig. 3.6. Instead, many genes near astrocyte LMRs
appear to be gradually fading out in pseudotime (Fig. 3.10c). Among these genes
are several astrocyte marker genes such as S100b and Aldoc, which I highlighted
in Fig. 3.10d. As was already reported long ago (e. g. in Doetsch et al., 1999), these
astrocyte markers are not only expressed in striatal astrocytes and qNSC1 cells, but
also in gNSC2 cells, which means that they are not suitable to distinguish common
parenchymal astrocytes from NSCs. However, LMRs near these astrocyte markers
are clearly methylated at the QNSC2 state and at later pseudotime points of the
neurogenic lineage, while the same LMRs are hypomethylated in striatal astrocytes
and qNSC1 cells. Surprisingly, this might mean that astrocyte marker genes are
suitable to distinguish common parenchymal astrocytes from NSCs, but only if one
considers their LMR methylation instead of their expression.

Why astrocyte marker genes are expressed in gNSC1 cells despite the high methyla-
tion of nearby astrocyte LMRs is unclear. One possible explanation is that cells are
constantly transitioning between the qNSC1 and qNSC2 states, and that astrocyte
marker transcripts are retained and thus detectable in qNSC2 cells that recently
transitioned from the gNSC1 state. However, since I observed moderate expression
of most astrocyte markers in qNSC2 cells, this scenario would require significant
turnover between the gqNSC1 and qNSC2 populations and/or very long persistence
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of mRNA molecules. Another possibility is that methylation at the identified LMRs
does not silence gene expression but rather modulates it in another way. For instance,
one might speculate that hypermethylation of astrocyte LMRs does not influence
the expression of astrocyte marker genes directly. Instead, methylation at astrocyte
LMRs may simply be the first step toward silencing nearby astrocyte markers in the
course of NSC-to-neuroblast differentiation. A possible mechanism is that methy-
lated CpG dinucleotides in astrocyte LMRs enable binding of methyl-CpG-binding
domain (MBD) proteins such as MeCP2. During NSC activation, MBD family pro-
teins might bind astrocyte LMRs, leading to changes in chromatin conformation
and histone modifications, and subsequently to silencing of astrocyte marker genes.
Clemens et al. (2020) recently uncovered a similar mechanism in the murine cerebral
cortex, where intragenic enhancers of certain genes are first methylated during early
postnatal development. Later in adulthood, methylated cytosines in these enhancers
are then bound by MeCP2, which leads to repression of these genes.

However, not all genes near astrocyte LMRs are expressed early in pseudotime.
Roughly one third of these genes, illustrated in Fig. 3.10c, shows a more diffuse
pattern that is not anticorrelated with LMR methylation. Many of these genes
appear to peak in their expression at the neuroblast stage. I suspect that some of
these genes are mismatched, which means that the displayed gene is simply not
regulated by the assigned LMR, since matching LMRs and genes by proximity is
a simple heuristic that likely results in some erroneous matches. Another option
is that DNA methylation at some of these LMRs is not repressive, but is rather
positively correlated with gene expression as previously reported for e. g. gene body
methylation (Tran et al., 2005; Neri et al., 2017, section 1.4.2).

Genes located near NSC LMRs are expressed at various time points of the adult NSC
lineage (Fig. 3.10c). Approximately half of these genes are expressed in neuroblasts,
which suggests that the observed methylation differences are related to the expres-
sion of genes required at the neuroblast stage. In Fig. 3.10d, I manually selected some
of the most significant NSC LMRs and grouped them by their function. Again, the
progression of gene expression along pseudotime paints a slightly different picture
than the observed changes in DNA methylation: While the methylation state of NSC
LMRs clearly differs between qNSC1 cells and striatal astrocytes on the one hand
and gNSC2 cells and later stages on the other hand, gene expression appears to be
much more dynamic and often restricted to specific cell states.

Expression of the previously discussed genes involved in Eph/ephrin signaling
peaks at the neuroblast stage and a similar trend was also observed for several genes
encoding DNA-binding proteins and for genes involved in Wnt signaling. Again,
the data indicate that DNA methylation does not simply mirror gene expression.
Instead, the relationship between DNA methylation and gene expression appears
to be more complex and temporally uncoupled. Since VMRs near many genes that
become transcriptionally active in neuroblasts are already lowly methylated much
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earlier, at the QNSC2 stage, I suspect that low methylation alone is not sufficient to
enable transcription. Instead, low methylation at NSC LMRs might be a prerequisite
for gene regulatory mechanisms that cause gene expression at a later stage. This
would mean that gINSC2 cells have the epigenetic license to express neuroblast
genes, while QNSC1 cells are locked in their astrocyte fate by methylation at NSC
LMRs, which may prevent the expression of genes required for neurogenesis. For a
more detailed formulation of this model, please refer to section 4.2.2. Overall, my
analysis suggests that the observed methylation differences promote neurogenesis
in qQNSC2 cells and later stages, and common parenchymal astrocyte functions in
qNSC1 cells and striatal astrocytes.

3.3 Ischemiainduces methylation changes in NSCs and other

astrocytes

Based on my analysis of our scNMT-seq data of the murine NSC lineage, I proposed
that the two methylome states that I discovered support stem cell function and
parenchymal astrocyte function, respectively (section 3.2). However, testing this
hypothesis is challenging. To assess whether the NSC methylome, characterized by
hypomethylated NSC LMRs and hypermethylated astrocyte LMRs, is required for
the generation of neuroblasts, one would ideally endow striatal astrocytes with a
NSC methylome and observe whether this leads to the generation of neuroblasts.
Alternatively, one could also induce methylation of NSC LMRs in cells of the vSVZ,
to assess whether this impairs neurogenesis. However, methods to modify DNA
methylation are still in their infancy. While recent advances in CRISPR /Cas9-based
technologies enable editing of DNA methylation at precisely defined loci (reviewed
in Nakamura et al., 2021; Nufiez et al., 2021), these methods are only suitable to target
few loci simultaneously. However, my analysis identified at least 2 043 astrocyte
LMRs and NSC LMRs, which means that employing epigenome modifiers to convert

one of the methylome states into the other is not feasible.

Thus, we devised a different experiment to determine whether the previously de-
scribed NSC methylome is essential for neurogenesis. As reviewed in section 1.2.3,
common parenchymal astrocytes of the striatum can acquire NSC properties and
generate neuroblasts under certain conditions such as ischemic injury. If my hypoth-
esis is true and a specific DNA methylation profile is required for NSC function, this
acquisition of neurogenic properties by striatal astrocytes must be accompanied by
a transition from the astrocyte methylome to the NSC methylome.

To test this hypothesis, Dr. Cerrizuela and colleagues subjected male 2 month old
mice to transient global brain ischemia for 22 minutes. They then isolated GLAST*
cells from the striatum and vSVZ of mice 2 days post ischemic injury (dpi) and 21 dpi
and subjected them to scNMT-seq (Fig. 3.11). To ensure that any potential neuroblasts
or NSC-like cells in the striatum are not simply vSVZ NSCs that migrated toward
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the site of ischemic injury, they furthermore used a transgenic mouse line that allows
for labeling of vSVZ NSCs via the tamoxifen-inducible Cre recombinase system. In
these mice, injection of tamoxifen leads to expression of yellow fluorescent protein
(YFP) in cells expressing the NSC marker gene Nr2el, commonly known as tailless
(Tlx).

tamoxifen injections ischemic sort GLAST*cells
striatum _v8VZ to label Tix* NSCs with YFP injury from vSVZ and striatum
3 days 14 days 2 days 21 days
—- - -
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FIGURE 3.11: Experiment to assess the effects of ischemia on GLAST" cells of the vSVZ and
striatum.

This experiment was carried out by Dr. Santiago Cerrizuela and colleagues (see Kremer et al.,
2022b, for details). I analyzed the resulting data. GLAST" cells comprise vSVZ NSCs, vSVZ
astrocytes (QNSC1) and striatal astrocytes. Both tissues were sequenced at two time points:
2 dpi (days post ischemia) and 21 dpi. Tamoxifen was injected to label Nr2el* (commonly
known as Tlx) vSVZ NSCs via Cre-inducible YFP (yellow fluorescent protein) expression to
detect potential NSCs that may have migrated to the striatum. Figure and caption modified
from Kremer et al. (2022b).

3.3.1 Ischemia induces a neurogenic response in the vSVZ and striatum

To assess the effects of ischemia on astrocytes and NSCs of the vSVZ and striatum, I
processed single-cell transcriptomes and methylomes as previously described for
cells from naive mice. I then integrated the single-cell transcriptomes of scNMT-
seq cells from naive mice and post-ischemic mice with the larger 10X Genomics
scRNA-seq data set from Carvajal Ibafiez et al. (2023) (Fig. 3.12).

This visualization revealed dramatic changes in gene expression two days after
ischemia in both the vSVZ and the striatum. In the vSVZ of naive mice, the tran-
scriptomes of GLAST™ cells are distributed along a continuous trajectory that starts
with vSVZ astrocytes (QNSC1 cells) and ends with neuroblasts. In contrast, the
naive striatum harbors a homogeneous population of striatal astrocytes that closely
resemble QNSC1 cells of the vSVZ. Two days after ischemic injury, the distribution
of cells in both the vSVZ and striatum shifts drastically: The transcriptomic space
previously occupied by vSVZ astrocytes and striatal astrocytes contains fewer cells
two days after ischemia, suggesting that ischemia led to the depletion of this cell
population. Another striking difference in cells isolated two days after ischemia is
the presence of a new GLAST™ cell population in transcriptomic space that was not
previously occupied in cells from naive mice. This ischemia-specific cell population,
located outside transcriptomic space occupied by cells of the naive NSC lineage,
was observed in both the vSVZ and the striatum. The observed depletion of striatal
and vSVZ astrocytes and the concomitant emergence of another cell population
might be the result of ischemia-induced gene expression changes in astrocytes. This
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would mean that the ischemia-specific cell population located outside the naive NSC
lineage consists of striatal astrocytes and vSVZ astrocytes that underwent expression
changes in response to ischemia.

naive 2 dpi 21 dpi
5 .
* o°* A‘
. W, %
et R B
- P -
N -
> e 2
I } :
reactive
astrocyte
expression
signature
1.25
1.00
0.75
.* q & .t.. 0.50
3 ‘e e , *e Y 0.25
, 0.00
£ . o
g ' '- .
® L

FIGURE 3.12: Injury-induced changes in gene expression.

Comparison of the cell states 2 dpi (days post ischemia) and 21 dpi with the cell states in naive
mice. I colored the cells by their mean log-normalized expression of reactive astrocyte marker
genes from Liddelow et al. (2017). Figure and caption taken from Kremer et al. (2022b).

Reactive astrogliosis

It is known that astrocytes respond to brain injury by entering a reactive state
that is characterized by changes in morphology, gene expression and function
(Escartin et al., 2021, section 1.2.2). To test whether the newly emerged cell population
corresponds to reactive astrocytes, I obtained a list of reactive astrocyte marker
genes from Liddelow et al. (2017). In this publication, the authors described two
sub-populations of reactive astrocytes: Al reactive astrocytes, to which the authors
attributed neurotoxic properties, and A2 reactive astrocytes, which the authors
described as neuroprotective. I obtained their marker gene list to assess whether
the novel cell population I observed two days after ischemia consists of reactive
astrocytes. To do so, I colored each cell by its average log-normalized pan-reactive
astrocyte marker gene expression (Fig. 3.12). This revealed that both cells in the early
NSC lineage, as well as cells in the ischemia-specific transcriptomic space express

genes that were previously ascribed to reactive astrogliosis.

Visualizing expression of marker genes for reactive astrocyte sub-types, I showed
that post-ischemic cells in the early neurogenic lineage express markers of Al
reactive astrocytes, while the cells positioned outside the naive lineage are more
similar to the A2 reactive astrocyte sub-type (Fig. 3.13a-b). However, it is worth
noting that not all marker genes reported by Liddelow et al. (2017) follow this

pattern and several of these marker genes have low gene expression values in our



76 Chapter 3. Characterization of methylation dynamics in the adult vSVZ

data set (Fig. 3.13c). This is to be expected, since both the binary classification into Al
and A2 reactive astrocytes, as well as the presence of marker genes from Liddelow
et al. (2017) is not universally applicable to all tissues and conditions (Escartin et al.,
2021).
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FIGURE 3.13: Expression of reactive astrocyte marker genes.

(a, b) Mean log-normalized expression of marker genes for the two sub-types of reactive
astrocytes (a: Al, b: A2) listed in Liddelow et al. (2017). (c) Expression of reactive astrocyte
marker genes in the striatum 2 dpi (days post ischemia). Figure and caption taken from Kremer
et al. (2022b).

Nonetheless, the presence of two distinct cell populations expressing reactive astro-
cyte marker genes in our data suggests a heterogeneous response of astrocytes to
ischemia that roughly resembles the binary classification into A1 and A2 reactive
astrocytes. Already 21 days after ischemia, reactive astrocytes are no longer detected
and striatal astrocyte and vSVZ astrocyte populations are replenished (Fig. 3.12).

Exit from the astrocyte state

The observation that one of the injury-responsive astrocyte sub-populations is lo-
cated in transcriptomic space that is occupied by gNSC2 cells in naive mice suggests
that these cells might contribute to neurogenesis. In the striatum, this putative shift
from striatal astrocytes toward transcriptomic states previously observed in the
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naive vSVZ lineage is especially striking: While the naive striatum contains a homo-
geneous population of striatal astrocytes, the striatum 2 dpi contains several cells
resembling vSVZ NSCs, TAPs and neuroblasts (Fig. 3.12). Overall, this suggests
that ischemia caused activation of a neurogenic program in striatal astrocytes as
previously described by Magnusson et al. (2014) and others. 21 days after ischemia,
the striatal astrocyte population is restored, although several neuroblast-like and
NSC-like cells are still observed.

In the vSVZ 2 dpi, I also identified a greater number of neuroblasts than in the naive
vSVZ. This suggests that depletion of the vSVZ astrocyte population is not only
accompanied by reactive astrogliosis, but potentially also by an increase in the gener-
ation of neuroblasts. Taken together, the depletion of vSVZ astrocytes and simultane-
ous increase in the number of neuroblasts suggests that vSVZ astrocytes/NSCs are
activated upon ischemia, as previously reported by Llorens-Bobadilla et al. (2015).

3.3.2 Post-ischemic astrocytes acquire an NSC methylome

My analysis of scRNA-seq transcriptomes of cells isolated from post-ischemic mice
suggested that ischemia induced gain of neurogenic capabilities in common pa-
renchymal astrocytes of the striatum. To assess whether this gain of neurogenic
capabilities is accompanied by remodeling of the DNA methylome, I once again
quantified DNA methylation at those NSC LMRs and astrocyte LMRs that I had
previously discovered in data from naive mice. Most strikingly, striatal astrocytes
that have entered the neurogenic lineage 2 dpi are characterized by low methylation
of NSC LMRs and high methylation of astrocyte LMRs (Fig. 3.14, Fig. 3.15). This
suggests that ischemia-induced gain of neurogenic capabilities causes large-scale,
genome-wide remodeling of the astrocyte methylome into an NSC-like methylome
that supports neurogenesis and stem cell function. Unlike those cells that seemingly
entered the neurogenic lineage, reactive astrocytes outside the neurogenic lineage
(resembling A2 reactive astrocytes) do not have an NSC-like methylome, which
once again demonstrates that not all astrocytes activate a neurogenic program in
response to ischemia, and that epigenome remodeling is not necessarily linked to

reactive astrogliosis.
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FIGURE 3.14: Injury-induced changes in DNA methylation.

(a) Comparison of transcriptional and epigenetic cell states 2 dpi and 21 dpi with the cell
states in naive mice. I colored each cell according to its average methylation of NSC LMRs
and astrocyte LMRs from Fig. 3.10. The depicted score is the difference between the average
methylation of all astrocyte LMRs and the average methylation of all NSC LMRs (also see
Fig. 3.15). (b) Alternative visualization of the data in a. Here, I represented the transcriptome
state of each cell by a single pseudotime value instead of UMAP coordinates. Figure and caption
modified from Kremer et al. (2022b).

Both the vSVZ astrocyte population and the striatal astrocyte population is restored
21 dpi. These replenished astrocytes possess the previously described astrocyte
methylome, which suggests that injury-induced methylome remodeling is rapidly
reversed. However, it is important to note that our data set does not allow us to
draw definite conclusions about the origins of these cells. While it seems likely that
these 21 dpi astrocytes correspond to cells that returned from the neurogenic lineage
back to the astrocyte state, there are also other possible explanations: First, it is
possible that these restored astrocytes are astrocytes that migrated to the vSVZ and
striatum from neighboring brain areas. Second, these cells might simply correspond
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to astrocytes that did not respond to ischemia. While almost all astrocytes in the
2 dpi sample showed a strong response to ischemia, is might be that the individual
mouse sampled for the 21 dpi data point showed a weaker response. The complete
lack of a response to ischemia in this individual seems unlikely, however, since I
detected several cells in the 21 dpi striatum that epigenetically and transcriptomi-
cally resemble cells from the vSVZ NSC lineage (Fig. 3.14). Nonetheless, follow-up
experiments should aim to replicate my results on a larger number of mice.
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FIGURE 3.15: Methylation of astrocyte LMRs and NSC LMRs.
Average methylation of astrocyte LMRs (a) and NSC LMRs (b) from Fig. 3.10. Figure and
caption modified from Kremer et al. (2022b).

3.3.3 Lack of interferon signaling hinders the neurogenic response to
ischemia

Llorens-Bobadilla et al. (2015) previously demonstrated that interferon signaling
is required for the concerted activation of vSVZ astrocytes in ischemia. But does
impaired interferon signaling also prevent remodeling of the DNA methylome? To
address this question, Dr. Cerrizuela and colleagues obtained mice lacking both the
interferon-y-receptor and the interferon-o-receptor (IFNAGRKO mice, Huang et al.,
1993; Miiller et al., 1994). Again, they subjected these mice to transient global brain
ischemia and, two days after ischemia, isolated GLAST™ cells for scNMT-seq.

My analysis of the transcriptomes of these cells revealed that, compared to cells from
wild type 2 dpi, IFINAGRKO mice had a more limited response to ischemia, charac-
terized by a higher retention of cells in the astrocyte state (Fig. 3.16). Importantly, my
quantification of DNA methylation demonstrated that these cells also retained an
astrocyte methylome with low methylation of astrocyte LMRs and high methylation
of NSC LMRs. IFNAGRKO samples furthermore did not display the gene expres-
sion signature of Al-reactive astrocytes (Fig. 3.17). In contrast, the A2-reactive gene
expression signature was clearly present also in IFNAGRKO cells, suggesting that
interferon signaling may be required for the upregulation of some genes involved
in reactive astrogliosis upon ischemia, but not for others. In my previous analysis
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of wild type 2 dpi cells, I observed that astrocytes 2 dpi, which likely entered the
neurogenic lineage, express Al-reactive markers but not A2-reactive markers which
are expressed by cells outside the neurogenic lineage. As IFNAGRKO impairs both
the neurogenic response to ischemia and the upregulation of Al-reactive astrocyte
marker genes, it is tempting to speculate that both of these responses are related and

depend on interferon signaling.
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FIGURE 3.16: Lack of interferon signaling impairs the generation of neurogenic astrocytes
by ischemia.

GLAST" cells isolated from the vSVZ (a) and striatum (b) two days after ischemia, depicted as
in Fig. 3.14. For reference, the inset depicts GLAST" cells isolated from wild type mice 2 dpi
(from Fig. 3.14). A control of cells isolated from naive IFINAGRKO mice is shown in Fig. 3.17.
Figure and caption modified from Kremer et al. (2022b).

Surprisingly, even though the ischemia-induced depletion of astrocytes was in-
hibited in IFNAGRKO, I still detected an increased number of neuroblasts in the
IFNAGRKO vSVZ 2 dpi sample. This increase is clearly visible when comparing
the sample to both the naive wild type vSVZ and the naive IFNAGRKO control
vSVZ (Fig. 3.17). While additional independent statistical replicates are required
to derive strong conclusions from this observation, a possible interpretation is that
ischemia increases the production of vSVZ neuroblasts even in the absence of inter-
feron signaling. But how is increased neurogenesis achieved, if it is not the result
of increased astrocyte-to-qNSC2 transition? Carvajal Ibafiez et al. (2023) recently
showed that IFNAGRKO affects both NSC activation and self-renewal, and that
the overall effect on the rate of neural progenitor (TAPs, neuroblasts) production
strongly depends on age. In young mice, as I have studied them here, their model
predicts that IEINAGRKO leads to a strong decrease in activation, a modest decrease
in self-renewal, and decreased production of neural progenitors. As I observed high
neuroblast production and retention of astrocytes upon ischemia in IFINAGRKO, it
is possible that ischemia leads to increased self-renewal despite absence of interferon

signaling.
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FIGURE 3.17: Comparison of reactive astrocyte marker gene expression between wild type
and IFNAGRKO.

Mean log-normalized gene expression of three reactive astrocyte marker gene sets in wild type
(left) and IFNAGRKO (right). To aid the comparison between wild type and IFNAGRKO, the
wild type panels from Fig. 3.12 and Fig. 3.13a-b are repeated here. (a) Pan-reactive astrocyte
markers. (b) Al reactive astrocyte markers. (c) A2 reactive astrocyte markers. Figure and
caption modified from Kremer et al. (2022b); reactive astrocyte marker gene sets were obtained
from Liddelow et al. (2017).
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To summarize, my analysis suggests that interferon signaling might be an upstream
regulator of several responses to ischemia including astrocyte-to-qNSC2 transition,
the associated methylome remodeling, and the upregulation of Al reactive astrocyte

markers.

3.3.4 Ischemia induces additional methylation changes

In my previous analysis of single-cell methylomes isolated from naive and post-
ischemic mice, I quantified DNA methylation specifically at astrocyte LMRs and
NSC LMRs. This analysis indicated that ischemia induces epigenetic changes at these
genomic intervals that are consistent with a transition from the astrocyte state to
the neurogenic stem cell fate. However, since I restricted this methylome analysis to
LMRs which I had discovered in healthy mice, it was unable to reveal any additional
methylome changes that might occur outside of astrocyte/NSC LMRs upon ischemia.
To investigate whether ischemia also induces other methylation changes, I utilized
the single-cell DMR detection approach implemented by Martina Braun (2023) under
my supervision. To this end, I selected gINSC2 cells, aNSCs and TAPs of the vSVZ.
I then used scbs diff to scan the entire genome of these cells for potential DMRs
between 2 dpi and naive samples. This approach revealed several hypomethylated
and hypermethylated ischemia DMRs (Fig. 3.18). Although GO term enrichment
analysis did not yield any significant hits, possible due to the modest number of
identified DMRSs, I recognized genes involved in astrocyte function (Apoe, Clu) and
synapse function (Nrxn1) among the nearby genes (Fig. 3.18a).
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FIGURE 3.18: Methylation changes two days after ischemia.

(a) Volcano plot of DMRs which I detected 2 dpi (red: adjusted p-value < 0.05). Inset: NSC-
lineage cells 2 dpi (blue; gNSC2 cells, aNSCs and TAPs) were tested against NSC-lineage cells
from naive mice (red). Only DMRs that intersect a gene body are depicted. (b) Heatmap of
DMR methylation of cells isolated from naive mice and post-ischemic mice, as well as 2 dpi
IFNAGRKO mice. All DMRs with an adjusted p-value < 0.05 are depicted. Figure and caption
modified from Kremer et al. (2022b).

To also assess the methylation status of the identified DMRs at 21 dpi and in IFNA-
GRKO 2 dpi, I visualized these DMRs in a heatmap (Fig. 3.18b). This visualization
confirmed that the identified genomic regions are indeed differentially methylated
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between cells isolated from naive mice, and cells isolated 2 dpi. This difference in
methylation was almost entirely absent in cells from the 21 dpi sample. Nonethe-
less, a small number of DMRs that I found to be hypomethylated 2 dpi were also
hypomethylated 21 dpi, as indicated by the bright bands in the upper 21 dpi section
of the heatmap. This might suggest that these DMRs retain their low methylation
status for at least three weeks.

Next, I also interrogated the 21 dpi sample for ischemia DMRs, using the same
approach described earlier. Unlike the 2 dpi comparison, this analysis detected
mostly DMRs that were hypomethylated 21 dpi (Fig. 3.19a).
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FIGURE 3.19: Methylation changes 21 days after ischemia.

(a) Volcano plot of DMRs which I detected 21 dpi (red: adjusted p-value < 0.05). Inset: NSC-
lineage cells 21 dpi (blue) were tested against NSC-lineage cells from naive mice (red). Only
DMRs that intersect a gene body are depicted. (b) Heatmap of DMR methylation of cells
isolated from naive mice and post-ischemic mice, as well as 21 dpi IFNAGRKO mice. All DMRs
with an adjusted p-value < 0.05 are depicted. Figure and caption modified from Kremer et al.
(2022b).

Visualizing the DMRs in a heatmap showed that the hypomethylated DMRs detected
21 dpi were also hypomethylated in the 2 dpi sample, albeit to a lesser extent
(Fig. 3.19b). Even though I detected these DMRs 21 dpi, my observation that they
are also demethylated 2 dpi suggests that they were demethylated as an immediate
response to ischemia in the course of at most two days. What might be the reason
why ischemia DMRs detected 21 dpi are shared by both time points, while most
ischemia DMRs detected 2 dpi are observed at this time point exclusively? Since
DMRs detected at the later time point are also hypomethylated earlier, it appears
that the DMR detection approach simply missed most of these DMRs in the 2 dpi
sample. This might be due to lower statistical power, i. e. lower coverage or cell
count at this time point, or simply since the difference in methylation is lower at
2 dpi, as is also visible in (Fig. 3.19b). But why are not all 2 dpi ischemia DMRs
also shared by the 21 dpi sample? It might be that these DMRs are only transiently
demethylated upon ischemia and return to their former methylation state within
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three weeks. Furthermore, some observed ischemia DMRs might be the result of
epigenetic variation of individual mice due to limited sample size.

Methylation at Dnmt3a

Surprisingly, the top DMR detected 21 dpi intersects with the gene Dnmt3a, which en-
codes the methyltransferase responsible for de novo methylation of DNA (Fig. 3.19b,
also see section 1.4.1). To investigate this specific DMR in greater detail, I visualized
its methylation status for single cells (Fig. 3.20). This visualization confirmed that the
DMR 12:3895478-3915578 near Dnmt3a was indeed lowly methylated specifically
at 21 dpi, but not at other time points.
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FIGURE 3.20: Methylation at Dnmt3a is decreased 21 days after ischemia.

(a) Mean methylation of the top DMR from Fig. 3.19a, which overlaps the gene Dnmt3a. Cells
with no sequencing coverage at this DMR are shown in dark gray. I integrated the single cell
transcriptome data with a larger scRNA-seq data set from Carvajal Ibafiez et al. (2023) (small
light gray background cells). (b) Bee swarm plot of data from a. Small colored points represent
single cells, large black points denote the median. Figure and caption taken from Kremer et al.
(2022b).

What could be the functional role of demethylation at Dnmt3a upon ischemia? My

analysis of naive and post-ischemic scNMT-seq samples suggests that astrocytes
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undergo epigenetic remodeling, including the demethylation of astrocyte LMRs,
upon ischemia. I also observed that astrocytes with a regular astrocyte methylome
are replenished already 21 days after ischemia. Similarly, as shown in Fig. 3.18b,
it appears that several DMRs that acquire low methylation upon ischemia return
to their original hypermethylated state after 21 days. If this dynamic is true, it
requires a mechanism by which DNA methylation is restored at e. g. astrocyte LMRs,
most likely by DNTMB3A. I speculate that demethylation at Dnmt3a might be part
of a negative feedback loop that occurs upon ischemia: Ischemia might lead to
hypomethylation near Dnmt3a, which in turn might cause increased expression of
this gene. Increased DNMT3A levels might then facilitate re-methylation of loci that
were previously demethylated upon ischemia, such as astrocyte LMRs. While this
model might help explain how ischemia-induced demethylation is reversed already
21 dpi, I was unable to find evidence for increased gene expression of Dnmt3a in
the single-cell transcriptomics data. Considering that ischemia-induced changes in
DNA methylation are already reverted 21 dpi, it might be that the proposed increase
in Dnmt3a has already ceased at this time point.

Both the ischemia DMRs observed 2 dpi, as well as those observed 21 dpi, were
not differentially methylated in cells isolated from post-ischemic IFNAGRKO mice
(Fig. 3.18b, Fig. 3.19b). This suggests that interferon signaling is not only an upstream
regulator of the neurogenic response to ischemia, but might also be required for the
establishment of ischemia DMRs.

To summarize, my analysis confirmed that ischemia leads to activation of a neuro-
genic program in astrocytes of the vSVZ and striatum. Excitingly, this transition from
a common parenchymal astrocyte to a specialized stem cell astrocyte is accompanied
not only by changes in gene expression, but also by genome-wide remodeling of the
DNA methylome. Methylome remodeling occurs predominantly at genomic sites
that are already differentially methylated between common parenchymal astrocytes
and NSCs in the naive brain. This suggests that the LMRs I identified in cells isolated
from naive brains are indeed linked to neurogenesis. In addition, I identified a small
number of ischemia-specific DMRs that are not present in the naive brain, one of
which might facilitate the return of cells to the parenchymal astrocyte state after
ischemia. Knockout of the interferon o- and y-receptors impaired both gene expres-
sion changes and methylome remodeling, which unveils interferons as potential

upstream regulators of this response to ischemia.
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3.4 Active demethylation in oligodendrocytes

The single-cell triple-omic data set of the naive vSVZ comprised a large number of
oligodendrocytes. In my analysis of single-cell methylomes I noticed that oligoden-
drocytes readily separated from other cell populations in PCA (Fig. 3.8), even when
using basic analysis methods (Fig. 2.4c). Based on this observation, I speculated that
oligodendrocytes may possess a unique methylome with distinct characteristics.
Thus, I set out to identify genomic regions that are lowly methylated in oligoden-
drocytes specifically.

3.4.1 Genes required for myelination are hypomethylated in
oligodendrocytes

Since this analysis predates the development of scbs diff (Braun, 2023), I used the
same approach that I used to detect astrocyte LMRs and NSC LMRs (see section 3.2):
I considered the set of previously identified VMRs and tested them for differential
methylation between oligodendrocytes and other vSVZ cells. I detected a large
number of DMRs, many of which showed an average methylation difference of
+50% (Fig. 3.21a). I suspected that these DMRs might underpin the expression
of genes that are highly expressed in oligodendrocytes. To investigate, I utilized
the scRNA-seq layer of the data and computed the log,-fold change in expression
between oligodendrocytes and other vSVZ cells for each gene. I then restricted
the analysis to VMRs that intersect a gene and colored each VMR by the log,-fold
change in gene expression.
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FIGURE 3.21: Identification of oligodendrocyte LMRs.

(a) Volcano plot of VMRs that intersect gene bodies, tested for differential methylation between
oligodendrocytes and all other cells (from naive wild type mice only). VMRs are colored by
the log,-fold change in gene expression between oligodendrocytes and other cells. (b) Gene
ontology (GO) term enrichment of genes near oligodendrocyte LMRs identified in a. Each point
corresponds to one GO term and is colored by its sub-ontology. Figure and caption modified
from Kremer et al. (2022b).

Among the intersecting genes were several commonly used oligodendrocyte marker
genes such as Mbp, Mobp, Mag and Sox10. This visualization also revealed a clear link
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between differential methylation and differential gene expression: Almost all VMRs
that were lowly methylated in oligodendrocytes also intersected with a gene that
had higher expression in oligodendrocytes, in line with the common notion (Mattei
et al., 2022, section 1.4.2) that DNA methylation acts as a repressive epigenetic mark
(Fig. 3.21a). Only few VMRs appeared to deviate from this relationship, which is why
I decided to focus on genomic regions that are lowly methylated in oligodendrocytes
(oligodendrocyte LMRs).

Visual inspection of Fig. 3.21a suggested that oligodendrocyte LMRs occur near
genes that are highly expressed in oligodendrocytes. To gain insight into the function
of these genes, I used GREAT (McLean et al., 2010) for region-based GO term
enrichment analysis. Among the top enriched GO terms were several terms linked
to the primary function of oligodendrocytes, namely formation of the myelin sheath
around axons (Fig. 3.21b). Taken together, these results indicate that oligodendrocyte
LMRs support oligodendrocyte function by enhancing the expression of genes

required for myelination.

3.4.2 Oligodendrocytes show traces of active demethylation

Next, I wondered by which molecular mechanism the cell type / cell state-specific
LMRs I identified in oligodendrocytes, astrocytes and NSCs are introduced. As
summarized in section 1.4.1, DNA methylation can be removed either passively
during DNA replication, or actively via TET enzymes. TET enzymes remove DNA
methylation by catalyzing a targeted, stepwise series of oxidations (Tahiliani et al.,
2009, section 1.4.1). Asillustrated in Fig. 3.22a, this series of oxidations contains three
intermediate stages that represent partially oxidized derivatives of 5-methylcytosine.
Two of these intermediates, 5-formylcytosine (5fC) and 5-carboxylcytosine (5caC),
can be detected by methylase-assisted bisulfite sequencing (MAB-seq), a technique
based on bulk WGBS (Wu et al., 2014). To assess whether active demethylation via
TET enzymes occurs in cells of the adult vSVZ, Dr. Sascha Dehler and Dr. Santiago
Cerrizuela had performed MAB-seq on several cell populations of the vSVZ, isolated
by FACS. Of these samples, I analyzed the following three cell populations:

e O4" oligodendrocytes
* PSA-NCAM* neuroblasts
o GLAST*/CD9M8sh vSVZ astrocytes and NSCs.

This data set comprises two replicates per cell population, with each replicate

consisting of twelve pooled mice.
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FIGURE 3.22: Using MAB-seq to quantify active DNA demethylation.

(a) Schematic of TET-mediated active demethylation (top) and the experimental workflow to
detect active demethylation with MAB-seq (bottom). This experiment was performed by Dr.
Sascha Dehler and Dr. Santiago Cerrizuela. I analyzed the resulting data. 5mC: 5-methylcytosine;
5hmc: 5-hydroxymethylcytosine; 5fC: 5-formylcytosine; 5caC: 5-carboxylcytosine. (b) Quan-
tification of active demethylation in LMRs of specific cell types and cell states. I previously
identified the genome coordinates of LMRs (lowly methylated regions) in scNMT-seq data
(Fig. 3.10a and Fig. 3.21a). I assessed these coordinates in the MAB-seq data to quantify active
demethylation at these LMRs. Figure and caption modified from Kremer et al. (2022b).

I utilized this MAB-seq data set to examine astrocyte LMRs, NSC LMRs and oligo-
dendrocyte LMRs for traces of active demethylation, i. e. 5fC and 5caC. Specifically,
I used a binomial generalized linear model with a logit-link function, testing the
alternative hypothesis that the average 5fC and 5caC level is higher than the global
average level of the samples. I then used the Benjamini-Hochberg method to ad-
just p-values for multiple testing. My analysis identified several LMRs with strong

evidence for traces of active demethylation (Fig. 3.22b).

My analysis showed that only a modest number of astrocyte LMRs and NSC LMRs
contain molecular traces of TET-mediated demethylation. However, it is important
to note that MAB-seq can likely only detect recent demethylation events, since 5{C
and 5caC may only persist for a limited time. Thus, I cannot exclude the possibility
that astrocyte LMRs and NSC LMRs are the result of past TET activity that is no
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longer detectable. Nonetheless, the quantity of 5fC/5caC-containing astrocyte and
NSC LMRs may allow me to speculate about the rate at which cells transition
between the vSVZ astrocyte (QNSC1) state and the gNSC2 state under homeostatic
conditions in vivo. Assuming that this transition is accompanied by TET-mediated
methylome remodeling, the modest number of 5fC/5caC-containing LMRs suggests
that the majority of cells in the bulk MAB-seq samples did not recently transition
between the gNSC1 and qNSC2 states. However, the detection of some actively
demethylated astrocyte and NSC LMRs may still provide evidence for the transition
between these two states. To summarize, my analysis of MAB-seq samples of NSCs
and vSVZ astrocytes indicates low TET activity at astrocyte LMRs and NSC LMRs,
which suggests that cells do transition between the vSVZ astrocyte and qNSC2
states, albeit at a low rate. I expect that samples isolated from mice that were
recently subjected to ischemia would contain more traces of active demethylation,
particularly at NSC LMRs, which become demethylated upon ischemia (Fig. 3.14).

In stark contrast to astrocyte LMRs and NSC LMRs, my analysis identified hundreds
of oligodendrocyte LMRs with high 5fC/5caC content (Fig. 3.22b). This finding
indicates high activity of TET enzymes in oligodendrocytes, at those regions which
my previous scNMT-seq analysis revealed to be hypomethylated specifically in
oligodendrocytes (Fig. 3.21).

MAB-seq samples

NSCs, oligo-
neuroblasts astrocytes dendrocytes
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FIGURE 3.23: Active demethylation at three sets of LMRs.

Each column represents one MAB-seq replicate consisting of 12 pooled mice. For visualization
only, I used a binomial test for each individual replicate here, instead of the binomial generalized
linear model which incorporates data from both replicates (Fig. 3.22b).

Next, I asked whether the high levels of 5fC/5caC occur specifically at these oligo-
dendrocyte LMRs, or whether oligodendrocytes generally possess higher 5fC/5caC
levels at regions with variable methylation. To assess this, I quantified 5fC and 5caC
levels in all three sets of LMRs, tested for increased 5fC/5caC levels in all three cell
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populations, and visualized the resulting p-values in a heatmap (Fig. 3.23). This
visualization clearly showed that only oligodendrocyte LMRs, but not astrocyte or
NSC LMRs, show traces of active demethylation.

Strikingly, the top hit among those LMRs with significant evidence for active
demethylation was located near Mbp, the gene encoding myelin basic protein. This
protein is the second most abundant constituent of the myelin sheath and plays a
major role in myelin sheath stabilization and formation Boggs (2006). To illustrate
oligodendrocyte-specific demethylation and traces of active demethylation near
Mbp, 1 visualized both the scNMT-seq methylome data and the MAB-seq data at
this genomic site (Fig. 3.24). To do so, I aggregated the single-cell methylomes into
pseudobulk data, based on cell type or cell state, and then displayed the average
DNA methylation level of each CpG site per cell population. To visualize active
demethylation, I displayed for each CpG site the proportion of reads with evidence
for active demethylation (T instead of C, indicative of bisulfite-converted 5fC and
5caC).
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FIGURE 3.24: Mbp is lowly methylated in oligodendrocytes and shows evidence for active
demethylation by TET enzymes.

DNA methylation in pseudobulk scNMT-seq cell populations (top) and molecular traces of
active demethylation (bottom) near the gene encoding myelin basic protein (Mbp). Figure and
caption modified from Kremer et al. (2022b).

This visualization clearly shows that Mbp is demethylated specifically in oligoden-
drocytes, but not in other cell populations, and that the VMR detection approach that
Iimplemented in scbs scan successfully captured this genomic site. Furthermore,
hypomethylation near Mbp coincides with accumulation of several CpG sites with
high MAB-seq signal. This indicates that low methylation near Mbp is the result
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of recent TET activity in the oligodendrocyte populations that were sampled for
MAB-seq.

In summary, my results suggests that oligodendrocytes employ TET enzymes to
decrease DNA methylation near genes involved in myelination. The strong signal
indicates recent TET activity in a large fraction of the oligodendrocytes that were
sampled for MAB-seq. Why might this TET activity be required? First, some of the
sampled oligodendrocytes might be immature, or they might have matured only
recently. I suspect that demethylation of genes required for myelination might be
a crucial aspect of oligodendrocyte maturation, since expression of these genes is
required for the function of mature oligodendrocytes. Second, it is also possible that
TET enzymes are not only active during oligodendrocyte maturation, but also in
mature oligodendrocytes. At this stage, oligodendrocytes might use TET enzymes

to modulate and fine-tune the expression of e. g. myelin components.

In line with my observations, a concurrent study by Zhang et al. (2021) found solid
evidence that TET-mediated demethylation is indeed required for function and mat-
uration of oligodendrocytes. In this study, the authors first utilized antibody-based
5hmC immunoprecipitation combined with high-throughput sequencing to identify
hydroxymethylated loci in oligodendrocytes isolated from the murine cortex at post-
natal day 6. Similar to my analysis of MAB-seq data, Zhang et al. (2021) identified
these remains of active demethylation near genes required for myelination, such
as Mbp and Mag, but also near genes associated with differentiation and matura-
tion of oligodendrocytes and OPCs. By performing experiments on mice where
Tet1 was conditionally knocked out (cKO) in Olig1* oligodendrocytes and Cspg4*
(commonly known as NG2) OPCs, the authors confirmed that Tet1 is required for
OPC and oligodendrocyte function. Tet1 cKO mice showed impaired OPC differ-
entiation and myelination especially at young ages, as well as behavioral defects.
However, the authors also demonstrated that Tet1 is required for the function of
mature oligodendrocytes in adult brains: When inducing demyelinated lesions by
injecting lysolecithin into the corpus callosum, oligodendrocytes of control mice
swiftly remyelinated exposed axons, but this response was greatly impaired in
Tetl cKO mice. Taken together, my findings and the findings reported by Zhang
et al. (2021) reveal that active demethylation by TET enzymes is crucial for nor-
mal functioning of oligodendrocytes, including their maturation and myelination

capabilities.

3.4.3 Active demethylation may be impaired in multiple sclerosis

My findings suggest that oligodendrocytes of adult mammalian brains employ
TET-mediated active demethylation to regulate the expression genes involved in
myelination. Thus, I wondered whether this mechanism might be compromised in
demyelinating diseases such as multiple sclerosis (MS). To link the murine MAB-seq
data set to potential epigenetic aberrations in human MS patients, I obtained data
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from Huynh et al. (2014). In this study, the authors profiled CpG methylation of
pathology-free regions isolated from human MS (and control) brains using Illumina
450K methylation arrays. The authors reported thousands of genomic regions that
were differentially methylated in MS (MS DMRs). I speculated that some of these
MS DMRs might be the target of TET enzymes in healthy brains, and that this active
demethylation might be compromised in MS.

To test this hypothesis, I first set out to identify regions in the mouse genome that
are orthologous to human MS DMRs, using the liftOver ! tool. I then quantified
traces of active demethylation at these MS DMR orthologs in the MAB-seq samples
and tested whether the signal exceeds background 5fC/5caC levels (Fig. 3.25a)
as done earlier for LMRs (see Fig. 3.22b). In total, 30.8% of the 315 murine MS
DMR orthologs with sufficient sequencing coverage showed significant evidence for
active demethylation, suggesting that many MS DMRs are indeed subject to active
demethylation in healthy brains (Fig. 3.25b).
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FIGURE 3.25: Active demethylation at regions orthologous to multiple sclerosis (MS) DMRs.
(a) Quantification of active demethylation in genomic regions orthologous to MS DMRs re-
ported by Huynh et al. (2014), using the MAB-seq data. (b) 30.8% of MS DMRs show significant
evidence for active demethylation in murine oligodendrocytes, in contrast to other cell types
(top) or random control intervals of the same size distribution (bottom). Figure and caption
taken from Kremer et al. (2022b).

To ensure that the large proportion of actively demethylated regions did not arise
due to random chance, I performed two control analyses: First, I also quantified
active demethylation at murine MS DMR orthologs in MAB-seq samples that do
not consist of oligodendrocytes, namely neuroblast samples and NSC/astrocyte
samples. Both of these cell populations contained a much smaller proportion of
regions with significant evidence for active demethylation, indicating that MS DMRs
are targeted by TET enzymes only in oligodendrocytes, but not in other cell types.
Second, I also generated a control set of random genomic regions. To do this, I
used bedtools shuffle (Quinlan and Hall, 2010) to generate a randomly placed
set of genomic intervals that matches the size distribution of MS DMR orthologs.

Only a small fraction of these control regions showed significant evidence for active

1https ://genome.ucsc.edu/cgi-bin/hgliftOver
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demethylation, which demonstrates that oligodendrocytes deposit 5fC/5caC at MS
DMR orthologs specifically (Fig. 3.25b).

To summarize, my findings suggest that oligodendrocytes of adult murine brains
employ active demethylation via TET enzymes to regulate myelination. Specifically,
I propose that active demethylation near genes encoding myelin components such
as Mbp, as well as other genes required for myelination, is used to regulate the
expression of these genes. This mechanism might be employed in mature oligoden-
drocytes to fine-tune the expression of myelin components, or whenever a burst of
myelin production is acutely required. The latter option might apply, for instance,
when pre-myelinating oligodendrocytes mature and begin to ensheath an axon, or
upon remyelination after injury. In line with this interpretation, Zhang et al. (2021)
recently demonstrated that Tet1 is required for both oligodendrocyte maturation
and remyelination. Furthermore, I showed that genomic regions linked to MS are
targets of active demethylation in murine oligodendrocytes, suggesting that MS

might involve misregulation of myelination genes due to improper TET activity.






95

Chapter 4

Conclusions and open questions

4.1 Advances in single-cell methylome sequencing

Research of the last decade provided us with new sequencing protocols which
allow for genome-wide quantification of DNA methylation at single cell resolution
(section 1.5.2). Similarly to the early days of single-cell transcriptomics, most research
in the single-cell methylome field is still focused on the development of new methods
(e. g. Nichols et al., 2022; Chatterton et al., 2023) or the creation of large reference
data resources (Luo et al., 2017; Liu et al., 2022). I am confident that the field will
soon enter a phase where the newly developed methods are utilized to uncover new
biology that was previously obscured by a lack of single-cell resolution. The first
examples include the observation that commitment to the mesoderm and endoderm,
but not to the ectoderm cell fate requires TET-mediated epigenome remodeling of
enhancers (Argelaguet et al., 2019), as well as my finding that adult NSCs possess
a pro-neurogenic methylome distinct from that of other astrocytes (Kremer et al.,
2022b, section 3).

Despite these successful applications, the single-cell methylome field is still held
back by two major limitations which prevent the widespread application of scBS.
First, scBS data are very sparse, which hampers their analysis and interpretation.
Second, the generation of scBS data is associated with prohibitive costs. High se-
quencing costs not only restrict such experiments to well-funded laboratories only,
but also encourage shallow sequencing which furthermore increases sparsity in
return. At the heart of these issues lie two fundamental limitations of scBS: First,
scBS aims to achieve whole-genome sequencing coverage, which necessitates deep
sequencing to achieve acceptable coverage. In contrast, scRNA-seq (e. g. Macosko
et al., 2015) and scATAC-seq (Buenrostro et al., 2015) only quantify transcripts and
accessible chromatin, respectively, which means that much fewer sequencing reads
are required to generate informative data sets. Second, scBS protocols struggle with
DNA degradation as an inevitable but undesirable side-effect of bisulfite conversion

(Grunau et al., 2001), which furthermore exacerbates sparsity.

In the long run, bisulfite-free approaches for genome-wide methylome profiling

are a promising alternative to current protocols. Such enzyme-based protocols
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were recently described in Liu et al. (2019), Vaisvila et al. (2021) and Wang et al.
(2023). But even with currently available approaches based on bisulfite conversion,
it is possible to reduce sequencing costs and sparsity. To achieve this, I propose
to sacrifice whole-genome coverage in favor of higher sequencing coverage at
informative loci when possible. This can be achieved, for instance, by enriching for
reads that are rich in CpG sites (Guo et al., 2015) or by enriching for reads which
correspond to gene bodies, regulatory elements or other regions of interest. Naturally,
a downside of such approaches is that any informative methylation pattern that
might occur outside the targeted regions will inevitably be missed. For this reason,
it might be useful to combine both genome-wide and targeted approaches: In a pilot
experiment, the tissue or cell lineage of interest may be profiled with whole-genome
scBS, which allows for the discovery of informative genomic regions (i. e. DMRs or
VMRs identified with scbs). These costly experiments might be carried out by large
consortia or well-funded laboratories which aim to generate methylome cell atlases,
i. e. large reference data sets. Follow-up experiments may then be carried out with
more cost-effective, targeted approaches such as the recently developed scTAM-seq
(single-cell targeted analysis of the methylome), which allows for profiling of up
to 650 selected CpG sites in thousands of cells and achieves over 90% sequencing
coverage (Bianchi et al., 2022). This strategy not only reduces sequencing costs, but
also facilitates the study of informative regions at a higher resolution in a greater
number of cells.

4.1.1 Analysis of single-cell methylation data

As outlined in section 1.5.4, the interpretation of scBS experiments is currently very
challenging since scBS data is extremely sparse and fundamentally different from
scRNA-seq data. Furthermore, there is a lack of dedicated software for its analysis. I
am confident that my software scbs (Kremer et al., 2022a) addresses this bottleneck
as it is not only easy to use, but also improves results and facilitates the discovery
of putative regulatory genomic sites (section 2.3). Thus, my contributions have
significantly eased the processing, analysis and interpretation of scBS data while
also providing more accurate results.

Despite these significant advances, scBS data analysis methods are still in their
infancy and further contributions are needed to elevate scBS data analysis meth-
ods to the more mature level of scRNA-seq or scATAC-seq methods. First, most
scRNA-seq tools are designed for use in an interactive computing environment. In
contrast, since schs comprises many computationally demanding data processing
steps, its features are currently only accessible from the command line. To facilitate
interactive data exploration and visualization, for instance to inspect genomic loci
such as DMRs, a future release of scbs might contain methods to support its use in

interactive computing environments.
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Second, there is an urgent need for the development of scBS analysis methods
designed to handle data sets that comprise multiple replicates, i. e. data obtained
from several individuals. Specifically, scBS currently lacks methods to account for
technical batch effects. Furthermore, just like many methods for differential gene
expression analysis in scRNA-seq (Nguyen et al., 2023), the DMR detection approach
implemented in scbs diff currently considers single cells as experimental units
(Braun, 2023). In the same vein, the sliding window approach implemented in scbs
scan likely captures some genomic intervals that have a high variance of methylation
due to technical batch effects or differences between individuals, and not due to
differences between cell states. Future methods for single-cell DMR detection should
aim to incorporate cell-wise sample labels into differential methylation testing, to
ensure that reported DMRs occur robustly in all sampled individuals.

Finally, due to the ever-increasing size of single-cell sequencing data sets, it is
important to ensure that scBS analysis methods are computationally efficient and
scalable. To ensure this, I used Numba (Lam et al., 2015) to parallelize and accelerate
crucial inner-loop code, and furthermore implemented an option to parse large data
sets in chunks. To uncover any additional bottlenecks in the analysis of large data
sets, scbs should be benchmarked on real or simulated scBS data comprising tens of
thousands of cells.

To summarize, both sequencing protocols and data analysis methods for single-cell
methylome analysis are still in their infancy. My work outlined in this thesis not
only offers new tools for the analysis of such data, but also provides a good example
of how such data can be used to uncover new biology.

4.2 Emerging roles of DNA methylation

4.21 DNA methylation is dynamic in adult tissues

Historically, DNA methylation has been viewed as a static epigenetic mark that is
faithfully copied in subsequent cell divisions (Mattei et al., 2022). Only in the past
decade, this static view was overturned by novel insights including the discovery of
TET enzymes (Tahiliani et al., 2009), the identification of tissue-specific methylation
differences using WGBS (Ziller et al., 2013), as well as the in-depth characterization
of methylation dynamics in embryonic development (Argelaguet et al., 2019; Parry
et al., 2021, also see section 1.4).

My observations not only provide additional evidence for this emerging view
that DNA methylation is dynamic, but furthermore demonstrate that this concept
may also apply to adult tissues and not just embryonic development: First, my
identification of methylation and demethylation events in the healthy adult NSC
lineage strongly suggests that adult NSC differentiation is accompanied by dynamic
changes in DNA methylation (section 3.1.6). Second, my analysis of scNMT-seq data



98 Chapter 4. Conclusions and open questions

derived from post-ischemic mice suggests that some cells of adult tissues undergo
methylome remodeling in response to environmental stimuli such as ischemia
(section 3.3). Third, my analysis of MAB-seq data suggests that dynamic changes
in DNA methylation might be required for myelination in adult brains (section 3.4,
Fig. 4.1), an assertion that was recently confirmed by Zhang et al. (2021).

active demethylation [}
via TET enzymes

I;ﬂﬂ

myelination gene

FIGURE 4.1: Summary and interpretation of my characterization of oligodendrocyte methy-
lomes.

Oligodendrocytes possess unique DNA methylomes, characterized by low methylation levels
near genes required for myelination. My analysis of MAB-seq data revealed that these sites are
the target of TET enzymes. I propose that this active demethylation is an important regulator
of myelination. Figure taken from Kremer et al. (2022b).

Taken together, these findings demonstrate that DNA methylation is dynamic in
various cell types and functional contexts of the adult brain. I suspect that future

studies will uncover similar methylation dynamics in other adult tissues.

4.2.2 A permissive methylome may contribute to stemness of NSCs

My results outlined in chapter 3 demonstrate that NSCs possess a unique DNA me-
thylome, which sets them apart from other astrocytes of the vSVZ and striatum and
likely contributes to their neurogenic capabilities. Furthermore, my analyses suggest
that ischemia causes astrocytes of the vSVZ and striatum to enter the neurogenic
lineage, and that this transition is accompanied by methylome remodeling (Fig. 4.2).

How exactly might the unique methylome of NSCs contribute to stemness? Already
in 1995, Adrian Bird speculated that one function of DNA methylation might be to
reduce transcriptional noise by acting as a global repressor that decreases transcrip-
tion of most of the genome. An extension of this concept was later formulated to
describe embryonic development, where it was reasoned that DNA methylation at
regulatory elements is used to repress genes that are only required in specific cell
types or tissues (Meissner et al., 2008; Ziller et al., 2013; Suzuki et al., 2017; Reizel
et al., 2018; Argelaguet et al., 2019; Edrei et al., 2021; Cedar et al., 2022).

In line with this notion, I view the DNA methylome as a repressive force that
imposes constraints on the transcriptome space that a given cell can occupy. Thus, a
restrictive methylome might lock a cell into a specific cellular fate by silencing those
genes that would be required to (de)differentiate to an alternative fate. In contrast, a
permissive methylome may promote the acquisition of new cell fates by enabling the
expression of genes required for such transitions. Permissive methylomes might thus
be characterized by hypomethylation near genes required for cell differentiation,
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and possibly also by hypomethylation near genes that are functionally important
for the terminally differentiated endpoint.
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FIGURE 4.2: Summary and interpretation of my main findings.

(a) Schematic illustration of changes in gene expression and DNA methylation in the NSC
lineage (depicted in b). Genes required for astrocyte function are expressed in both astro-
cytes and gNSCs and gradually fade out. In contrast, VMRs near these genes are methylated
(black) in the entire NSC lineage, but hypomethylated (white) in astrocytes including vSVZ
astrocytes (QNSC1). Genes required for neurogenesis show an inverse pattern, characterized
by VMR methylation in astrocytes and gradual upregulation at various time points of NSC
lineage progression. Mitotic genes are induced regardless of their epigenetic state, as they are
constitutively demethylated. (b) Schematic depiction of the NSC lineage including lineage
transitions that occur under homeostatic conditions (gray arrows), lineage transitions which I
hypothesize (gray dotted arrow), and lineage transitions which I observed upon ischemia (red
arrows). Only forward transitions (i. e., neurogenic transitions) are depicted. vSVZ astrocytes
and qNSC cells correspond to the gNSC1 and qNSC2 states described in Kalamakis et al. (2019),
respectively. (c) Annotation and interpretation of epigenetic change which I observed in the
NSC lineage. Speculative statements are marked with question marks. (d) Schematic depiction
of astrocyte / neurogenic genes and their methylation and expression status at three points
of the NSC lineage. I frequently observed methylation change downstream of the promoter
region, in the first intron. Putative regulatory factors of expression and methylation change
are denoted by text. Arrows colored as in b, with one backward arrow to signify a potential
negative feedback loop by demethylation near Dnmt3a. Some figure elements were taken from
Kremer et al. (2022b).

In the case of adult NSCs, I suggest that their DNA methylome does not primarily
promote stemness by directly affecting gene expression. This is evidenced by my
observation that DNA methylation does not mirror gene expression, as seen very
clearly in Fig. 3.10c-d. Rather, hypomethylation of NSC LMRs might resemble an
open door that permits NSCs to drift along the NSC lineage trajectory, toward
the neuroblast state. In contrast, from the perspective of a common parenchymal
astrocyte, the door that leads to the neuroblast state is locked by DNA methylation,
and thus parenchymal astrocytes are stably locked in their fate (Fig. 4.3).
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FIGURE 4.3: The methylome fate-locks common parenchymal astrocytes but permits differ-
entiation of NSCs.

I propose that DNA methylation locks common parenchymal astrocytes, including striatal
astrocytes and vSVZ astrocytes (QNSC1) in their astrocyte fate by repressing genes required for
neurogenesis. NSCs, however, possess a permissive methylome that permits their progression
along the neurogenic lineage. This methylome is characterized by the absence of repressive
DNA methylation near neurogenic genes, which means that NSCs possess the epigenetic license
to express these genes.

As reviewed by Stricker and Go6tz (2018), evidence to support the idea that DNA
methylation guides neural fate decisions is currently very limited, although the
authors acknowledge that DNA methylation might be important for differentiation
and neuronal maturation. While I did not investigate whether methylation might
predict alternative fate decisions, my results show convincing evidence that specific
methylation patterns are required for neurogenesis. Furthermore, my analysis of sin-
gle-cell methylomes obtained from post-ischemic mice (Fig. 3.14) demonstrates that
injury-induced exit from the common parenchymal astrocyte fate is accompanied by
methylome remodeling, which provides new evidence for the idea that DNA methy-
lation is an important regulator of cell fate. To irrevocably demonstrate whether
DNA methylation plays a causal role in neurogenesis, future studies should aim
to manipulate DNA methylation using targeted epigenome modifiers (Nakamura
et al.,, 2021; Nufiez et al., 2021), or aim to prevent injury-induced epigenome remod-
eling using conditional knockout or inhibition of the DNA methylation machinery.
A criticism voiced by Stricker and Go6tz is that previous studies found only poor
correlation of DNA methylation and gene expression. I am confident that my model
depicted in Fig. 4.3 offers a convincing explanation why this might be the case, as
DNA methylation may not acutely control gene expression, but may rather permit
the expression of genes required at future cell states.

4.3 Common parenchymal astrocytes may act as a backup

stem cell pool

After decades of research on astrocyte sub-populations of the adult vSVZ, astrocyte
heterogeneity of this region is still incompletely understood (section 1.1.4). One of the
challenges in this field is to reconcile classical astrocyte sub-state definitions, derived
from imaging and immunostainings, with those cellular sub-states determined with
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scRNA-seq (section 1.1.5). Due to the uncertainties associated with manual labeling
of scRNA-seq clusters, the most basal (i. e., most astrocyte-like) scRNA-seq cluster
was either interpreted as parenchymal non-neurogenic astrocytes (e. g. Cebrian-
Silla et al., 2021, who labeled this cluster "astrocytes" and discarded it from further
analysis) or as a population of deeply dormant NSCs (e. g. Kalamakis et al., 2019,
who labeled this cluster "qNSC1"). However, it is challenging to find support for
either of these proposed functions using scRNA-seq data alone, as transcriptomes
of this cluster are highly similar to those of QNSC2 cells.

In the work presented here,  was finally able to identify strong molecular differences
between gNSC1 cells (vSVZ astrocytes) and QNSC2 cells: As clearly visible in Fig. 3.6,
qNSC1 transcriptomes are highly similar to qNSC2 transcriptomes, while DNA
methylation at VMRs is not correlated at all between these two populations. Classical
astrocyte marker genes, including various transmembrane proteins required for
parenchymal astrocyte function, are only hypomethylated in gNSC1 cells (Fig. 3.10).
For this reason, I propose that gNSC1 cells are primarily dedicated to parenchymal
astrocyte functions and tissue homeostasis of the vSVZ, which is why I labeled
them "vSVZ astrocytes". In contrast, I propose that gqNSC2 cells represent the bona
fide QNSCs that regularly contribute to neurogenesis. Nonetheless, my results also
demonstrated that the parenchymal astrocyte fate of gNSC1 cells is not set in stone,
as these cells underwent methylome remodeling and became neurogenic upon
ischemia. Thus, vSVZ astrocytes (qQNSC1) act as a deeply quiescent backup NSC
population that is recruited in times of need, for instance upon ischemic injury. Why
might astrocytes, and not other resident brain cells, evolve to act as a backup stem
cell pool? It might be that astrocytes are particularly suited for this purpose due to
their innate ability to sense and act upon a diverse range of stimuli, including injury
(Sofroniew and Vinters, 2010; Sloan and Barres, 2014; Linnerbauer and Rothhammer,
2020, section 1.2).

It remains to be investigated whether recruitment of gNSC1 cells to the neurogenic
lineage also occurs in homeostasis. A promising strategy to test this hypothesis is
the use of clonal lineage-tracing combined with scRNA-seq (reviewed in Kester and
Van Oudenaarden, 2018; Chen et al., 2022), or even single-cell multi-omics, to recon-
struct lineage relationships among cells of the vSVZ. This approach might unveil
some qNSC1 and qNSC2 cells that share a recent common ancestor. A downside
of this approach is that evidence for shared ancestry does not inform us about the
directionality of the lineage relationships, i. e. it might not be possible to distinguish
gNSC1 — gNSC2 from qNSC2 — qNSC1 transitions. For this reason, it might be
worthwhile to supplement clonal lineage tracing experiments with data obtained
from molecular recorders, which record transcriptional activity over a defined pe-
riod of time and thus make it possible to gain insight on past transcriptional activity
of cells (Masuyama et al., 2022; Boers et al., 2023). Such data might reveal gNSC2
cells which had the transcriptome of a gINSC1 cell in the past. Interpreting these data
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might be challenging, however, since gNSC1 and qNSC2 cells share highly similar
transcriptomes.

To avoid the abovementioned ambiguity, I suggest to also consider the methylome
when inferring past cell states. A promising strategy to achieve this is to detect
past epigenome remodeling events at single-cell resolution, for instance using the
recently described single-nucleus 5ShmC sequencing (snhmC-seq), which allows for
the detection of 5hmC, i. e. the detection of recent TET activity (Fabyanic et al., 2021).
However, the scNMT-seq data set discussed in this thesis might already contain some
evidence for homeostatic gqNSC1 — qNSC2 transitions: My methylome analysis of
cells isolated from the post-ischemic vSVZ revealed a small number of cells with an
astrocyte methylome but an NSC transcriptome (Fig. 3.14b), suggesting that these
cells recently transitioned from the gNSC1 to the QNSC2 state but that methylome
remodeling had not occurred yet. Albeit at a minuscule quantity, I also observed
such putative transitioning cells in the naive vSVZ. While a much greater sample
size is required to draw definitive conclusions, this observation may provide some
limited evidence that gqNSC1 — qINSC2 transitions occur in homeostasis, albeit at a
lower frequency compared to ischemia.

Further evidence for the latent stem cell potential of gNSC1 cells is the observation
that GLAST* /Prominin-1* cells, as isolated by FACS, populate both the gNSC1
and qNSC2 scRNA-seq clusters (Llorens-Bobadilla et al., 2015). As the first two
scNMT-seq plates of our scNMT-seq data set also contain GLAST* /Prominin-1*
cells isolated by FACS, I was able to confirm this observation (Kremer et al., 2022b,
Supplementary Table 1). The presence of Prominin-1, a protein found in the cilia of
radial glial cells and adult NSCs (Mirzadeh et al., 2008; Beckervordersandforth et al.,
2010), suggests that gINSC1 cells possess the characteristic ciliated apical process
also found in gNSC2 cells, a feature which would set them apart from common

parenchymal astrocytes of other brain regions.

My investigation of single-cell triple-omic data of the vSVZ made it possible to attach
the common parenchymal astrocyte label to specific cells with a higher confidence,
as methylation data provides an additional, more informative molecular layer for
this task. Nonetheless, to date some astrocyte sub-populations previously described
in the vSVZ, such as type B2 cells (Doetsch et al., 1997), were not yet pinpointed in
scRNA-seq data sets of the vSVZ. I anticipate that advances in spatial transcriptomics
(reviewed in Cheng et al., 2023) will ultimately make it possible to throw a bridge
between classical imaging-based nomenclature of vSVZ cell populations and those
that were recently used to label scRNA-seq data sets.
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Chapter M

Extended methods

As part of my doctoral research, I developed, implemented and applied novel
computational methods for the analysis of scBS data. For a detailed breakdown
of these methods see chapter 2, as well as Kremer et al. (2022a) for mathematical
details. For details on laboratory experiments (all of which were performed by Dr.
Santiago Cerrizuela and colleagues, see External Contributions), as well as details
on the mice used for these experiments, see the methods section and supplementary
material of Kremer et al. (2022b). In this extended methods section, I will provide
additional details on my analysis of scNMT-seq data and MAB-seq data.

M.1 Processing of single-cell multi-omic sequencing data

I processed single-cell triple-omic sequencing data as previously described in Cer-
rizuela et al. (2022). Specifically, I processed the transcriptomic portion of the se-
quencing data with the zZUMIs pipeline version 2.9.4f, which uses STAR version
2.7.3a (Dobin et al., 2013) internally for read mapping. I mapped to the mouse
genome build GRCm38/mm10, using the Mus musculus genome annotation of
Ensembl Release 102 (Martin et al., 2023).

To process genomic sequencing reads, I first trimmed these reads in paired-end
mode with Trim Galore ! and then mapped them to the mouse genome (GRCm38)
using the single-end, non-directional mode of Bismark version 0.22.3 (Krueger and
Andrews, 2011). I then used the deduplicate_bismark script, included in Bismark
software, to filter PCR duplicates. After merging single-end alignments per cell, I
used the coverage2cytosine script with the --nome-seq option to generate reports
separate reports for CpG and GpC methylation. I used these reports as input for

downstream analysis with scbs.

M.2 Quality filtering of single-cell multi-omic data

To assess data quality, I computed three quality metrics for each cell: The number
of observed genes, the number of observed CpG sites, and the number of observed

1https ://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
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GpC sites (Fig. 3.2). Both GpC and CpG methylation data was processed with scbs
version 0.3.2. To ensure that only non-empty wells and high quality cells were part of
the analysis, I discarded all cells with less than 2500 observed genes and/or less than
50000 observed CpG sites. Setting a separate threshold for the number of observed
GpC sites was not necessary, since this value is highly correlated with the number
of observed CpG sites as both metrics depend on sequencing coverage.

To furthermore assess the quality of the epigenomic data, I used scbs profile to
visualize the average DNA methylation and chromatin accessibility around TSSs for
each cell. An example TSS profile of a single high-quality neuroblast is depicted in
Fig. 3.3. Since TSSs are known to be more accessible and less methylated than their
surroundings, I manually discarded a small number of cells that clearly violated
these criteria. Note that I later also identified off-target cells such as ependymal
cells using our single-cell transcriptomic data. These cells were then discarded from
all three parallel (triple-omic) data sets. For a complete list of all cells that passed
quality filtering, as well as additional metadata on each cell, see the supplementary
material of Kremer et al. (2022b).

M.3 Transcriptome integration

To process scRNA-seq data, I used Seurat version 4.1.0 (Stuart et al., 2019). I used Seu-
rat to integrate the single-cell triple-omic data with a larger scRNA-seq data set from
Carvajal Ibafiez et al. (2023), only using the wild type cells from this source. Specifi-
cally, I used the default Seurat normalization workflow for both data sets, identified
3000 highly variable genes, and then used Seurat’s FindIntegrationAnchors and
IntegrateData functions with 30 dimensions. I then used the integrated data for
PCA on 30 PCs, followed by UMAP.

M.4 Dimensionality reduction

To process the quality-filtered epigenomic data, I first used scbs smooth with a
bandwidth of 1000 bp for CpG data and a bandwidth of 500 bp for GpC data. I
then used scbs scan with default options for VMR detection and VAR detection.
In the case of CpG data I used the default bandwidth of 2000 bp; for GpC data I
used 1000 bp. To obtain matrices for dimensionality reduction, I used scbs matrix
to quantify CpG and GpC and methylation at VMRs, VARs and promoters (defined
as £1000 bp intervals around TSSs). For CpG data, I used the shrunken means of the
residuals of VMRs, using only VMRs that were observed in at least 20% of cells. For
GpC data, I used the shrunken means of the residuals of both VARs and promoters as
features, using only features observed in at least 40% of cells. As artificially induced
GpC methylation showed technical variation between cells, I centered the rows
(cells) of the GpC matrix. I next centered the columns (features) of both matrices
and separately subjected them to a modified implementation of PCA that handles
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missing values (proposed by Simon Anders and described in Kremer et al., 2022a).
For visualization, I used UMAP (Mclnnes et al., 2018) on the top 15 PCs, excluding
PC 5 in the case of CpG data as it was strongly associated with data quality.

M.5 Pseudotime and cell type annotation

To order cells isolated from naive mice along the NSC differentiation trajectory
using information from all three molecular layers, I combined MOFA+ version 1.6.0
(Argelaguet et al., 2020) with slingshot version 2.4.0 (Street et al., 2018). Specifically,
I used the CpG and GpC matrices described in the previous sections, as well as
the scRNA-seq count matrix of 3000 highly variable genes (transformed with SC-
Transform, Hafemeister and Satija, 2019) as input for MOFA+. Using MOFA+, I
reduced this data to 15 dimensions called factors. I excluded factors 4 and 11 as
they correlated with cell quality and then used Leiden clustering (Traag et al., 2019)
on the remaining factors. I then subjected the factors to pseudotime inference with
slingshot, defining the cluster corresponding to astrocytes as start point and the
cluster corresponding to neurons as end point. To annotate cell types, I first visual-
ized the expression of well-known NSC lineage markers in pseudotime (Fig. 3.4a). I
then manually segmented the pseudotime values to derive groups of cells which
correspond to NSC cell states described in the literature. For pseudotime analyses
which also include cells isolated from post-ischemic mice, I repeated the identifica-
tion of Leiden clusters and pseudotime inference with slingshot in integrated PCA

transcriptome space.

M.6 Correlating gene expression with epigenetic features

I'used the R function cor. test to separately test for significant Pearson correlation
between CpG and GpC methylation values of nearby genomic intervals includ-
ing promoters, VMRs and VARs. I used log-normalized expression values and the
shrunken means of the residuals in this correlation analysis, considering only epige-
nomic features which had sequencing coverage in at least five cells. To correlate
VMRs and VARs with gene expression, I correlated their methylation values with
the expression of the nearest gene. Nearby genes were determined with bedtools
version 2.27.1 using the command bedtools closest -D 'b' -a VMRs.bed -b genes.bed .
When multiple VMRs/VARs intersected the same gene, I matched only the largest
VMR/VAR with that gene. I corrected the p-values obtained with cor.test for
multiple testing with the Benjamini-Hochberg method.

To quantify how frequently putative regulatory VMRs or VARs intersect with var-
ious genomic features, I selected only those features that showed a significant
(adjusted p-value < 0.05) correlation with gene expression. I then used ChlPseeker
version 1.32.0 (Yu et al., 2015) to quantify overlaps with gene features, using the
options tssRegion=c(-1000, 1000) and overlap="all". To quantify intersection
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of VMRs and VARs with putative regulatory elements, I obtained mouse genome
coordinates of candidate cis-regulatory elements (cCREs) ? annotated by the EN-
CODE consortium (Moore et al., 2020). I quantified overlaps with these features
with the mergeByOverlaps function of the R package GenomicRanges version 1.48.0
(Lawrence et al., 2013).

M.7 Epigenetic changes in pseudotime

To assess epigenetic changes occurring along the NSC differentiation trajectory, I first
binned cells in pseudotime. In this binning, I ensured that each bin contains 10 (or
close to 10) cells and that each bin contains only cells of the same cellular state and
tissue. I used this binning for all heatmaps of naive wild type data. Log-normalized
gene expression values of the top 3000 highly variable genes, as well as methylation
and accessibility values of VMRs and VARs, were averaged per bin. To visualize
changes of these three molecular layers in pseudotime, I computed and visualized
the Pearson correlation of all bins with the R package ComplexHeatmap (Gu et al.,
2016).

To furthermore quantify methylation and demethylation events in the NSC lineage,
I focused on VMRs with sequencing coverage in at least 100 NSC lineage cells. I
fit a step function to the methylation values (shrunken mean of the residuals) as
a function of pseudotime, separately for each of these VMRs. This step function
comprises the parameter s, which represents a change point in pseudotime, as well
as two constant values corresponding to the mean methylation values before and
after s. To find the most likely value for s for each VMR, I minimized the sum
of squared residuals over these parameters. If this procedure resulted in a 15%
lower sum of squares than a constant fit without a step, I counted the VMR as a
(de)methylation event that occurs at pseudotime point s. I visualized these values
for s in a histogram in Fig. 3.7a.

M.8 Epigenetic changes near marker genes

To identify representative marker genes for all cellular states and cell types, I used
the two-sided Wilcoxon rank sum test. Specifically, I tested the log-normalized gene
expression values in the cell group of interest against the expression values of all
other cells. I restricted the resulting gene list to genes with a Benjamini-Hochberg
adjusted p-value < 0.05 and to genes that intersect a VMR. Of these, I defined the top
100 most overexpressed genes, according to log,-fold change, as marker genes. For
each marker gene, I quantified CpG methylation of the intersecting VMR, as well as
the TSS+1000 bp promoter region of the gene. Log-normalized expression values and
cell-wise methylation percentages were averaged per pseudotime bin and visualized

2downloaded on 2021-08-03 from the registry of cCREs V3 at https://screen.encodeproject.org/


https://screen.encodeproject.org/

M.9. Enrichment of transcription factor binding site motifs 109

in Fig. 3.9. I repeated the same procedure with VARs instead of VMRs, and GpC
methylation instead of CpG, to assess dynamics of chromatin accessibility. For a
complete list of the identified markers genes, as well as the genomic coordinates of
overlapping VMRs, see the supplementary material of Kremer et al. (2022b).

M.9 Enrichment of transcription factor binding site motifs

As the PCA of VMR methylation values separated oligodendrocytes from other cells
on PC 1, I selected the 5000 VMRs with the highest loading of PC 1 to identify TFBS
motifs that are lowly methylated specifically in oligodendrocytes. To perform motif
enrichment, I used HOMER version 4.4 (Heinz et al., 2010) in conjunction with the
motif database JASPAR2022 (Castro-Mondragon et al., 2022) using the following

command:

findMotifsGenome.pl VMRs.bed mm1@r output/ -len 5,6,7,8,9,10,11,12 -size given -mcheck
— JASPAR2022.db -mknown JASPAR2022.db -bg JASPAR2022.db

The same strategy was used to identify TFBS motifs enriched in VMRs which are
hypomethylated in other cell states. These VMRs were identified using PC 2, as PC 2
separates astrocytes/qNSC1 cells from the rest of the NSC lineage. Accordingly,
NSC lineage VMRs were identified by selecting the top 5000 VMRs with the highest
PC 2 loading, while astrocyte VMRs were identified by selecting the bottom 5000.

M.10 Detection of LMRs and GO term enrichment

To identify genomic regions that are lowly methylated in one group of cells compared
to all other sampled cells (lowly methylated regions; LMRs), I considered the set
of previously identified VMRs and restricted the analysis to cells isolated from
naive mice only. For each VMR, I used Wilcoxon’s two-sided rank sum test to
test for differences in DNA methylation, as measured by the shrunken means of
the residuals, between cells in the group and all other cells in the quality-filtered
data set. I assigned the term "LMR" to VMRs that were more lowly methylated in
the cell group of interest and had a Benjamini-Hochberg adjusted p-value below
0.05. I limited all LMR heatmaps and volcano plots to those LMRs whose genome
coordinates intersect with a gene body;, to facilitate interpretation of LMRs. For a
complete list of the genomic coordinates of astrocyte LMRs and NSC LMRs, see the
supplementary material of Kremer et al. (2022b).

Iused the GREAT tool (McLean et al., 2010) with the option "basal plus extension",
specifying a constitutive 20 kb downstream regulatory domain and up to 1000 kb
maximum extension, to identify GO terms associated with cell type-specific LMR
sets. Note that this LMR detection approach precedes the development of a more
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appropriate method to detect DMRs in single-cell methylation data (Braun, 2023),
which I employed in a later analysis described in the next section.

M.11 Detection of post-ischemic methylation and expression

change

I acquired three sets of reactive astrocyte marker genes from (Liddelow et al., 2017).
These three sets (pan-reactive, A1 and A2) were used to derive reactive astrocyte
gene expression signatures by averaging the log-normalized gene expression values
of the respective markers for each cell.

To visualize methylation differences in UMAPs, I calculated a cell-wise methylation
score that denotes whether a cell has an NSC-like or an astrocyte-like methylome.
This methylation score is simply the difference between the mean methylation of
all astrocyte LMRs and the mean methylation of all NSC LMRs, using the raw
methylation fraction (percentage) and not the shrunken means of residuals to aid
interpretability.

To detect DMRs induced by ischemia, I restricted the analysis to gNSC2 cells, aNSCs
and TAPs of the vSVZ. Using scbs diff (Braun, 2023), I tested cells isolated from
mice 2 dpi against cells isolated from naive mice. I used the same procedure to test

cells isolated 21 dpi against cells from naive mice:

scbs diff --bandwidth 2000 --stepsize 100 --threshold 0.05 --min-cells 6 data_dir/
— group_labels.txt DMRs.bed

M.12 Analysis of MAB-seq data

I obtained bulk MAB-seq data generated by Dr. Sascha Dehler, Dr. Santiago Cer-
rizuela and Dr. Dieter Weichenhan. Of this data set, I used four bulk MAB-seq
samples: Two MAB-seq replicates of O4* oligodendrocytes and two MAB-seq repli-
cates of GLAST*/CD9"gh vSVZ astrocytes and NSCs. I first trimmed MAB-seq
reads with Trim Galore version 0.4.5 in paired-end mode. I mapped the trimmed
reads to the mouse genome build GRCm38 with bwa-meth version 0.2.2 (Pedersen
et al., 2014) using default options. I then discarded all reads with a mapping quality
below 30 and/or with an unmapped mate. PCR duplicate reads were discarded
with the MarkDuplicates script version 2.18.14, which is part of Picard tools 3. To
quantify methylation I used MethylDackel # version 0.3.0. Common mouse single nu-
cleotide polymorphisms were filtered with BS-SNPer (Gao et al., 2015) with options
--minhetfreq 0.1 --minhomfreq ©.85 --minquali 20 --mincov 10 --mapvalue 30.

3https://broadinstitute.github.io/picard/
4https://github.com/dpryan79/Methy1Dacke1
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To answer the question whether LMRs which I had previously detected in scNMT-
seq data are the target of active demethylation by TET enzymes, I used bedtools
intersect version 2.27.1 to extract only those CpG sites from the methylation re-
ports generated by MethylDackel that intersect with an LMR. I then restricted the
analysis to only those LMRs with a mean sequencing coverage greater than 5 in
both MAB-seq replicates. These LMRs were separately tested for evidence of active
demethylation in the two astrocyte/NSC replicates, and in the two oligodendro-
cyte replicates. Specifically, to make use of the two bulk MAB-seq replicates per
cell population, I used a binomial generalized linear model (glm) with a logit-link
function to test the alternative hypothesis that the average methylation in a given
LMR is lower than the background methylation level. I used the mean genome-wide
methylation level of the two samples as the background methylation level. I adjusted
the resulting p-values for multiple testing with the Benjamini-Hochberg method.

To test MS DMRs for evidence of active demethylation, I obtained genome coor-
dinates of MS DMRs from the supplementary materials of Huynh et al. (2014). I
used the liftOver tool ° with the option -minMatch=0.1 to first convert the human
genome (hg18) coordinates to homologous mouse genome coordinates (mm9). I then
converted the mm9 coordinates to mm10 coordinates using liftOver with default
options. The obtained regions correspond to regions in the mouse genome that are
homologous to MS DMRs reported by Huynh et al. (2014). I tested these regions for
evidence of active demethylation using the binomial glm approach described above.

Shttps://genome.ucsc.edu/cgi-bin/hgLiftOver
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terstiitzung und dafiir, dass du mir nun schon seit fast acht Jahren mein Leben

versufdt.
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