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Summary
Gene expression has to be regulated in a cell type-specific manner to ensure proper functional-
ity of cell types and tissues. In a diploid organism, the two alleles of a gene can be regulated
independently, causing differential contribution to mRNA levels and thus to cellular function.
Allelic imbalance in gene expression has long been recognized as a contributor to cellular phe-
notypes, however, it is not well understood how and to which extent allelic imbalance is shaped
by the regulatory environment of different cell types. Recent advances in single-cell technolo-
gies provide the opportunity to profile gene expression and its regulation in a cell type-specific
manner at scale, extending our understanding of genome function.
In this thesis, I performed a comprehensive analysis of allele-specific expression (ASE) at
single-cell resolution in interspecific mouse hybrids. I first analysed the differentiation-
dependence of allelic imbalance caused by strain-specific genetic effects during murine sper-
matogenesis. This analysis shows that across cell types, variation in ASE is extremely perva-
sive. Using an F1 trio design, I further separated cis- and trans-contributions to gene expression
divergence and showed that cell type-specific action of regulatory variants is mainly driven by
the interaction of cis-effects with the cellular environment. Finally, I investigated the contribu-
tion of dynamic genetic effects to cell type-specific transcriptional evolution.
Next, I focussed on ASE caused by an epigenetic mechanism, namely X-chromosome inacti-
vation (XCI). In female humans and mice, XCI causes mosaic haplotype-specific expression of
X-linked genes, and escape from XCI can lead to increased gene dosage compared to males.
Using single-cell genomics assays, I developed an analysis approach to distinguish active and
inactive X-chromosomes in individual cells, which allowed me to identify cell type-specific es-
cape. I further showed that T-cell expansion during ageing leads to globally impaired silencing
of the inactive X which is associated with an exhaustion phenotype. These findings replicated
on the level of chromatin accessibility, demonstrating that variation in escape is associated with
an active chromatin state. Collectively, I showed that escape can vary at the cell type level and
during organismal ageing.
While these results show that escape from XCI is plastic, they do not address how it might
be regulated in different cell types. In the final chapter, I therefore explored whether the Xist
long non-coding RNA can regulate escapee expression. Using allele-specific RNA-Seq data, I
showed that increased Xist-levels lead to almost complete silencing of escapees in neural pro-
genitor cells. Modelling of silencing trajectories showed substantial variability among genes in
both their resistance to silencing as well as their reversibility, suggesting that escape is genomi-
cally encoded. Finally, I demonstrated that over-expression of Xist leads to escapee silencing in
early embryogenesis. These results provide a potential mechanism that might drive variability
in expression from the inactive X.
Taken together, this thesis delineates to which extent allelic imbalance is driven by cell type-
specific regulatory environments and suggests analysis approaches for allele-resolved single-
cell data. This provides the basis for a comprehensive survey of allelic usage in vivo and the
molecular mechanisms causing its context-specificity.
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Zusammenfassung
Um die Funktionalität von Zellen und Organen zu gewährleisten, muss Genexpression auf
Zelltyp-spezifische Weise reguliert werden. In diploiden Organismen können die zwei Allele
eines Gens unabhängig voneinander reguliert werden und so differenziell zu mRNA-Levels
und zellulären Funktionen beitragen. Es ist bekannt, dass Allelspezifität in der Genexpression
zelluläre Phänotypen beeinflussen kann, aber zu welchem Maße sie von Zelltyp-spezifischer
Genregulation beeinflusst wird, ist nicht genau verstanden. Moderne einzelzell-aufgelöste
Sequenzierungstechnologien bieten nun die Möglichkeit Genexpression und seine Regulation
genomweit in verschieden Zelltypen zu untersuchen und ermöglichen so Einblicke in die Funk-
tionsweise von Genomen.
In dieser Arbeit führe ich eine umfassende Analyse von allelspezifischer Expression (ASE)
in individuellen Zellen inter-spezifischer Maushybride durch. Ich untersuche zuerst inwieweit
ASE, die durch spezies-spezifische genetische Effekte verursacht wird, während der Spermato-
genese variiert. Diese Experimente zeigen, dass Variabilität von ASE zwischen Zelltypen ein
extrem häufiges Phänomen ist. Durch ein F1-Trio-Experiment kann ich zudem durch cis- und
trans-Effekte verursachte Änderungen der Genexpression trennen und so zeigen, dass regula-
torische Varianten, die Zelltyp-spezifisch aktiv sind, vor allem durch Interaktionen von cis-
Effekten mit regulatorischen Netzwerken wirken. Zuletzt untersuche ich die Wirkung von
dynamischen genetischen Effekten auf die Zelltyp-spezifische Evolution von Transkription-
sprofilen.
Als nächstes fokussiere ich mich auf ASE, die durch epigenetische Mechanismen her-
vorgerufen wird, speziell durch X-Chromosom-Inaktivierung (XCI). In weiblichen Menschen
und Mäusen führt XCI zu mosaisch haplotyp-spezifischer Expression von X-chromosomalen
Genen, aber manche Gene entgehen dieser Inaktivierung (escape), was zu einer erhöhten
Expressionsdosis gegenüber männlichen Zellen führt. Unter Verwendung von einzelzell-
aufgelösten Sequenzierungsmethoden entwickle ich ein Verfahren, um aktive und inaktive X-
chromosomen in einzelnen Zellen zu identifizieren, und so Zelltyp-spezifische Escapees zu
finden. Zudem zeige ich, dass die Expansion von T-Zellen im alten Immunsystem zu global
beeinträchtigter XCI führt. Diese Ergebnisse bestätige ich durch eine Analyse der Chromati-
noffenheit in den selben Zelltypen und zeige, dass escape mit einem aktiven Chromatinstatus
einhergeht. Zusammenfassend zeige ich, dass escape zwischen Zelltypen und während des Al-
terns eines Organismus variieren kann.
Obwohl diese Ergebnisse eine gewisse Plastizität beim escape von der XCI zeigen, erklären
sie nicht, wie dies in verschiedenen Zelltypen reguliert werden könnte. Im letzten Kapitel un-
tersuche ich daher ob die nicht-kodierende RNA Xist die Expression von escapees reguliert.
Unter Verwendung von allelspezifischen RNA-Sequenzierungsdaten zeige ich, dass erhöhte
Xist-Levels escape in neuralen Progenitorzellen fast vollständig verhindern. Ein statistisches
Modell des Inaktivierungsverlaufs zeigt, dass Gene variabel auf erhöhte Xist-Level reagieren,
und dass diese Inaktivierung zu unterschiedlichen Graden reversibel ist. Zuletzt zeige ich,
dass Xist escape auch in vivo während der frühen Embryonalentwicklung reduzieren kann.
Diese Daten zeigen einen potentiellen Mechanismus, der Variabilität beim escape von der XCI
erklärt.
Im Ganzen zeigt diese Arbeit, inwieweit ASE durch Zelltyp-spezifische Genregulation her-
vorgerufen werden kann und demonstriert Verfahren zur statistischen Analyse von Einzelzell-
daten mit allelspezifischer Auflösung. Damit lege ich die Grundlagen für eine vollständige
Analyse von ASE in vivo und den molekularen Mechanismen, die diese Kontextspezifität verur-
sachen.
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Chapter 1
Introduction

1.1 Regulation of eukaryotic gene expression in cis and trans
The ”central dogma” of molecular biology states that the DNA sequence encodes instructions
for the synthesis of proteins encoded through an RNA intermediate [Crick, 1970]1. However,
in multicellular organisms, all cells contain (approximately) the same genetic information, even
though their protein composition can be vastly different. Since the formulation of this central
dogma, molecular biology has uncovered a remarkable diversity of strategies at which the tran-
scription of genomic DNA to RNA and the translation of mRNA into proteins is regulated,
allowing cells to express the appropriate set of genes necessary to perform cell type-specific
functions, respond to stressors, self-replicate and to assemble full multi-cellular organisms
[ENCODE Project Consortium, 2012]. In the following I am going to outline the role of cis-
regulatory elements within the DNA and trans-acting factors that act on them to ensure timely
regulation of gene expression (Figure 1.1).

1.1.1 Cis-regulatory sequences and epigenomic state
Only 1.5% of the human and comparable mammalian genomes is coding for known proteins
[Lander et al., 2001]. While a large fraction of the remainder is composed of non-functional
repeat elements, it is thought that it also includes many regulatory elements that allow for
genes to be transcribed in a context-specific manner [Khodosevich et al., 2002]. Sites of active
transcription can generally be identified by a promoter upstream of the transcription start site
(TSS) that allows for the primary binding of the transcriptional machinery centered around the
RNA polymerase complex (protein coding genes are transcribed by RNA polymerase II, the
separate polymerases RNA Pol I, III and IV transcribe the ribosomal, transfer RNAs and small
interfering RNAs) [Haberle and Stark, 2018]. While promoters contain characteristic elements
thought necessary to initiate transcription (e.g. TATA boxes), much of the context-specific
regulation of genes relies on a second class of regulatory elements known as enhancers. These
are distal regulators, that is, they regulate transcription of genes which are kilo- mega-bases
away [Banerji et al., 1983]. While it is known that genes can have multiple enhancers
[Heinz et al., 2015], their relative importance, which has to be carefully assessed by enhancer

1The way the central dogma is usually cited is somewhat divorced from its original meaning. It states primarily
that information in DNA and RNA are not generated based on protein sequence. It is also clear that RNA can
indeed code for DNA or itself, for example in viruses.
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deletion assays, in regulating expression in a spatiotemporal manner is still largely elusive.

How do enhancers activate and support gene expression? Their presence is closely linked
with what is known as an active regulatory state. In the nucleus, DNA is bound to histone
proteins as chromatin, which physically allows for transcription only in its uncondensed, ac-
tive form known as euchromatin. While non-active chromatin (heterochromatin) associates
with the nuclear lamina, euchromatin is able to form higher order structures including loops
that can bring enhancers into proximity of their target genes. The resulting topologically
associating domains (TADs) form hubs that concentrate factors necessary for transcription
[Jerkovic and Cavalli, 2021]. Active and inactive chromatin states are furthermore strongly
associated with covalent modifications of both the DNA sequence and histone proteins. In the
non-active genome and repeat elements, cytosines are marked with 5’-methyl modifications
(also known as DNA methylation, DNAme), while its absence marks active regulatory elements
[Bell et al., 2011]. Indeed, DNAme at promoters can abrogate transcription, while removal of
DNAme ectopically activates repeats [Pappalardo and Barra, 2021, Smith et al., 2020]. CpG is-
lands, stretches of DNA sequence with high GC content, are often found in promoters and were
among the first sequence-based features to predict regulatory elements. While DNA methyla-
tion undoubtedly plays functional roles in regulation, it is fully absent in some eukaryotes (for
example, in yeast and fruit flies) and cells can exist in hypomethylated states, for example
embryonic stem cells [Lyko et al., 2000, Deshmukh et al., 2018, Leitch et al., 2013].

Figure 1.1: Gene regulatory mechanisms in eukaryotes. Broad overview over strategies to control
gene expression from regulatory elements in the DNA sequence with epigenetic modifications and three
dimensional chromatin structure, transcription-factor driving RNA polymerase activity, RNA processing
through splicing, capping and polyA-tailing. Finally, RNA is exported from the nucleus and translated or
degraded, and protein levels are further controlled by post-translational modifications, active degradation
and intracellular transport.
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While DNAme is by far the most common covalent modification of DNA, histones can be mod-
ified at many sites and the complex ”histone code” marks various classes of genomic elements.
Most modifications are present on lysine residues (K) of histone 3 (H3), in particular mono-, di-
and tri-methylation of H3K4 and methylation and acetylation of H3K27. These partly antago-
nistic marks correlate well with the genomic activity of promoters and enhancers and, although
the functional impact of some marks is debated, interference with their deposition affects gene
expression [Blackledge and Klose, 2021, Lawrence et al., 2016, Berger, 2002]. For example,
this is clearly the case for H3K27me3 and H2AK118ub/H2AK119ub which are modified by
polycomb repressive complexes which confer gene silencing [Piunti and Shilatifard, 2021].

While the evidence for functionality of promoters and enhancers is clearly the strongest, other
classes of regulatory elements in the genome have been described. Insulators, mainly associ-
ated with the DNA-binding protein CTCF, are thought to abrogate possible interactions between
activating regulatory elements and their target genes [Doane and Elemento, 2017]. Similarly,
silencers are thought to confer silencing by direct interaction with a target genes, but their
functional relevance is less clear [Segert et al., 2021].

1.1.2 Regulation of transcription and mRNA processing
While the DNA sequence in regulatory elements encodes information on potential activity,
they will only act in combination with trans-acting factors that interpret this information and
transfer it into an effect on gene expression, so called transcription factors (TFs). A simple but
surprisingly effective model of transcriptional regulation posits that TFs bind to TF binding
sites (TFBS) in enhancers, a specific DNA sequence to which they have a high affinity, and act
as bridges to allow for the first steps in the initiation of transcription [Haberle and Stark, 2018].
In this way, the DNA sequence is converted into a binary signal (presence / absence of TFBSs
in a regulatory element) which is incomplete, but provides a powerful approximation to
construct regulatory networks [Badia-i Mompel et al., 2023]. In reality, TF binding is driven
by stereotypic DNA-binding domains, but their affinity is dependent on co-binding with
other regulatory factors (cooperativity), DNA methylation, competition with nucleosomes and
chromatin accessibility [Spitz and Furlong, 2012]. TFs are thought to orchestrate regulatory
processes as diverse as immune reactions and embryonic patterning [Duboule, 2007].

Besides their DNA binding domains, TFs contain effector domains through which they exert
their function. Fundamentally, (activating) TFs promote the recruitment of RNA polymerase II
through direct interactions or via chromatin remodellers, histone modifying complexes, the me-
diator complex which conntects TFs to RNA Pol II, or other TFs [Lambert et al., 2018]. Once
RNA Pol II is recruited at the promoter, it undergoes a series of tightly regulated steps to gener-
ate mRNA molecules (Initiation, pausing, elongation and termination) [Vervoort et al., 2022].
During the process of transcription, the pre-mRNA is spliced to remove intronic sequences and
modified with poly-A tails and 5’ capping nucleotides [Wilkinson et al., 2020]. Active regula-
tion and dysregulation of these processes lead to different proteoforms through alternatively
spliced mRNA and changes in transcript abundance via mRNA stability. Since translation
takes place in the cytosol, nuclear retention and mRNA transport provide another opportunity
for expression regulation [Das et al., 2021].

In the cytosol, mature mRNA complexes will be translated by ribosomes, where the rates
of protein production depend on active regulation of the translation steps, the availability
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of tRNAs and mRNA modifications. Ribosome assembly can be specifically inhibited by
RNA interference through miRNAs, which also promote mRNA decay [Bartel, 2004]. Fi-
nally, protein stability, transport and degradation are likewise heavily modulated, which allows
for RNA-independent control of expression [Gebauer and Hentze, 2004, Hershey et al., 2012].
Considering the wealth of regulatory processes, it is central to consider a quantitative de-
scription of gene regulation, as regulatory processes are likely to affect all genes, but their
relative contribution to expression levels will on the one hand drastically differ and on the
other be highly context-specific [Ay and Arnosti, 2011]. An important corollary from this
is that mRNA levels, which are often taken as a proxy for gene expression will provide
a useful first approximation for protein levels, but can not replace direct measurements
[Liu et al., 2016, Carpenter et al., 2014].

1.1.3 Rewiring of regulatory landscapes during cell state transitions
While I was only able to provide a reduced overview of the existing knowledge regarding
gene regulatory mechanisms, their general principles are most relevant to this work. Gene
regulatory relationships are genetically encoded and interpreted by the trans-regulatory
environment of the cell. This allows for cell type-specific interpretation of genomes into gene
expression, and for cells to respond to exogenous stimuli or to undergo programmed cellular
functions like the cell cycle, differentiation or apoptosis. Regulation is multi-layered and it is
not always clear which step in the transcriptional process will determine the final expression
levels. Also, these mechanisms are usually not on-off switches, but occur in a chemical
equilibrium. For example, effective transcription factor binding depends on its affinity to the
target sequence in combination with its abundance, and might compete with the binding of a
repressor [Neikes et al., 2023]. In this complex dynamic system, the high number of inputs
might confer both flexibility and robustness [Macneil and Walhout, 2011]. I am going to use
these ideas when discussing gene regulation at the single-allele level, which is the topic of the
next section and this thesis in general. Before, that, I am going to briefly discuss cell type
transitions in mammalian biology which require rewiring of the regulatory landscape.

The arguably most remarkable changes in cell fate occur during embryonic development,
where all cell types of the body derive from a single cell. The fertilized zygote develops into
the blastocyst which contains of embryonic stem cells and precursors of extra-embryonic
tissues. This represents the first lineage decision stem cells make in the developing embryo.
During a step of symmetry breaking, the pluripotent ESCs then commit to either ectodermal,
mesodermal or endodermal fate in a process called gastrulation. Patterning signals then
instruct cell types to further differentiate into tissue-specific precursors and induce embryonic
geometry until organogenesis is completed [Tam and Loebel, 2007]. The permissive chromatin
state in ESCs represents their pluripotency and cellular differentiation processes are thought
to represent a successive restriction of lineage potential, which accompanies progressive
remodelling and inactivation of the regulatory landscape. Pluripotency is maintained by a
network of transcription factors (including Nanog, Pou5f1, Sox2) which act on enhancers and
promoters [Kinoshita and Smith, 2018, Shi et al., 2016]. Interestingly, differentiation-induced
genes are though to be maintained in a poised chromatin state marked by bivalent domains of
both active H3K4me3 and repressive H3K27me3, suggesting that pluripotency is defined by
active repression of differentiation (Fig. 1.2) [Calo and Wysocka, 2013].

When cells acquire new fates, this is accompanied by a global reorganization of enhancer
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Figure 1.2: The changes in gene regulatory landscapes upon cellular differentiation during devel-
opment. Pluripotent stem cells differentiate into mature progeny in a step-wise manner, forming first
ectoderm and then mesoderm and endoderm. During this process histone modifications switch from
being active (green) to inactive (red) at promoters and enhancers in some cell types, in parallel a gain in
DNA methylation occurs. This leads to a loss of gene expression, and differentiation potential.

usage, epigenetic marks, three dimensional chromatin structure and expression. The regulation
of axial patterning by Hox genes can be seen as an example of this rewiring, where multiple
transcription factors interact with promoters and enhancers do drive expression of the appro-
priate variants [Duboule, 2007]. These regulatory hierarchies defined during development
are paralleled by adult stem cell systems, where lineage-restricted stem cells differentiate
to replenish tissues with fast turnover. While some of these are unidirectional, that is, they
produce only one differentiated cell type through a series of intermediates (for example basal
cells in the skin or spermatogenesis), others include branching points, where cells decide
between alternative fates (hematopoietic cells, gut epithelium). These systems recapitulate
many of the molecular features of embryonic development, but are distinct in that they are
required to maintain a homeostatic tissue, whereas development moves towards the mature
embryo [Crane et al., 2017, Gehart and Clevers, 2019].

Stem cell differentiation represents a cell state transition that spans days or months and
radically changes the morphology and function of cells. However, cell state changes can
be induced over a range of time scales and with varying degrees of induced change. Ex-
amining T-cell differentiation and activation provides an example of different cell state
changes, and how they differ from cell type transitions during differentiation (Fig. 1.3)
[Kumar et al., 2018]. Lymphocytes are generated from hematopoietic stem cells through a
series of bifurcating differentiation steps, similar to other mammalian stem cells systems
[Cabezas-Wallscheid et al., 2014]. As in embryonic development, this is accompanied by
a successive loss of potency, and requires large-scale rearrangement of gene regulation
driven by master transcription factors and exemplifies transitions between cell types. In
the thymus, T-cells then differentiate into sub-celltypes, such as cytotoxic and regulatory
classes, which can then be further categorized based on function and marker gene expression
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[Henning et al., 2018]. Meanwhile, the activation of T-cells by an antigen-induced stimulus
changes their molecular phenotype similarly drastically from a resting cell state to prolif-
eration, differentiation and cytokine release. This transition is however naturally reversible
and activated T-cells are not usually considered a separate cell type, but rather a different
cell state [Martinez-Jimenez et al., 2017]. Similarly, prolonged or repeated antigen contact
leads ot T-cell exhaustion in which effector function is lost. Although this is an irreversible
transition, it is not clear whether it should be considered a new cell type or a different state
of a T-lymphocyte [Kumar et al., 2018]. These examples demonstrate that change in cellular
function is complex, and that terms like cell type and state are not fully defined, although cell
state changes like cell cycle phase can be considered independent of other transitions.

As illustrated at the example of T-cell exhaustion, cell state changes can also arise from
accumulated exposure to stimuli over long periods of time. In immune cells, this can be a
result of their tissue environment. For example, macrophages drastically differ in their gene
expression programs based on the tissue they are found in, and some of them are considered
different cell types (for example Kupffer cells in liver and microglia in the brain, which are
possibly seeded at different times in development) [Lavin et al., 2014]. Similarly, accumulated
expression changes can be the result of aberrant signalling in diseases such as cancer, or due
to organismal ageing. While the pathways and mechanisms driving age-related expression
changes are not well understood, it is thought that they result from prolonged exposure to
signalling, epigenetic erosion and genomic instability [López-Otı́n et al., 2013].

In conclusion, cell state changes encompass a variety of fast and slow processes that require
a reorganization of gene regulatory mechanisms, while also defining the set of trans-acting
factors available in a cell. Single-cell genomics methods are generating systems-level data
which allow us to move towards a generalizable definition, which I further discuss in Section
1.3.

Figure 1.3: Cell type and state changes in T-cells. The T-cell lifecycle demonstrates cell type and
state changes. Lymphocytes differentiate from hematopoietic stem cells (HSCs), as all other blood cells.
After T-cell commitment in lymphoid cells, double negative T-cells move to the thymus, where they are
selected based on their reactivity and become naive T-cells, for example with cytotoxic function. These
cells can then acutely adopt different cell states through activation or apoptosis, or gradually through
exhaustion, ageing or tissue-specific signalling.
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1.2 Causes and consequences of allelic imbalance
In general, the term ”gene expression” is used to refer to a gene as a single unit, however,
for most genes in most eukaryotic cells, two near-identical copies of the same DNA are
present. This diploid state provides in principle two independent copies of each gene that
can be independently regulated. Indeed, this is frequently the case and mainly the result of
three causes. First, due to both germ line and somatic variation, the two allelic copies do not
carry the exact same sequence (Fig. 1.4). These changes will interact with the regulatory
machinery at different levels and slightly (or strongly) alter expression. Second, specific
epigenetic mechanisms lead to full or partial silencing of single alleles. This is exemplified by
classic genomic imprinting and X-chromosome inactivation. Importantly, this leads to allelic
bias in the absence of any sequence variation, although genetic effects will interact with these
processes as well.

Both sequence changes as well as epigenetic modifications are inherited through cell di-
vision and embryonic development, so these allelic biases will therefore act in every cell
of the organism. Third, allelic imbalance can be the result of stochastics in transcriptional
regulation. As the two alleles are independent physical entities, regulatory mechanisms are
not directly coordinated. At small timescales, transcription is not uniform, but is thought
to occur in a bursting manner, which therefore leads to variable allelic bias over time
[Cleary and Seoighe, 2021, Robles-Espinoza et al., 2021]. I will now discuss all of these
processes in more detail, focussing on genetic and epigenetic heritable allelic variation, which
are the foundation of the work in Chapter 2 and Chapter 3 and 4 respectively.

Figure 1.4: Causes of allelic imbalance in diploid cells. Allelic copies are independently expressed
through three major mechanisms: First, the presence of regulatory variants that affect transcription or
mRNA processing. Second, epigenetic mechanisms, mainly genomic imprinting, in which an allele is
inactivated in a parent-of-origin manner, and random inactivation of one X-chromosome in female cells.
Third, stochastic transcriptional dynamics lead to unequal allelic usage over time.
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1.2.1 Genetic variation causing expression imbalance
A main contributor of allelic imbalance are sequence changes between the two haplo-
types, mainly caused by single nucleotide variants (SNVs). Human genomes contain an
average of 3 million SNVs (1 per kilobase), approximately half of which are expected
to be heterozygous [Albert and Kruglyak, 2015]. As the majority of these are located in
non-coding parts of the genome, it is thought that a main driver of phenotypic variation
between individuals are the effects of these sequence changes on regulatory elements
[Lappalainen and MacArthur, 2021]. The main hypothesis is that the binding affinity of
transcription factors or other DNA- and RNA-interacting molecules can be perturbed by
single base changes, which then leads to reduced enhancer activity, perturbed splicing or
chromatin folding. However, it is generally difficult to predict how a sequence change
will mechanistically affect the functionality of a regulatory element, especially when only
single bases are affected2. Therefore, our understanding of the impact of non-coding
variation on disease is still limited to individual variant-gene links (see, for example,
[Chatterjee et al., 2016, Weedon et al., 2013, Benko et al., 2009, Sun et al., 2018a]).

A systematic approach to identifying regulatory variation are genome-wide association studies
(GWAS). In GWAS, a phenotype of interest, for example a disease status, is measured
in a large number of individuals alongside a genome-wide analysis of the genome. As
many variants are common in populations and will be shared between multiple individuals
statistical analysis, usually linear regression on the number of alternative alleles, can then
be used to ask whether there is an association between a specific variant and the trait of
interest. Measuring variants genome wide has been made possible through cost-effective
whole-genome sequencing and genotyping arrays. In the last 20 years, GWASs with ever
increasing sample sizes have been used to identify common and rare genetic risk factors for
many diseases [Uffelmann et al., 2021]. Of note, the ability of a GWAS to find risk factors is
intrinsically coupled to its sample size: First, GWAS explicitly makes use of inter-individual
variation to identify causal variants across many individuals (if a correlation persists across the
many ways in which phenotypes differ among individuals, it should be a direct relationship).
Second, by computing correlations between potentially millions of variant-trait pairs, any
statistical analysis suffers from a large multiple testing burden. Early studies were therefore
intrinsically underpowered and the amount of identified links steadily rises with sample
size. In the recent release of the UK Biobank datasets (more than 150.000 individuals
analyzed) this increase seems to saturate, indicating that ”all”, at least all naturally occuring,
genotype-trait associations can be identified for common genotypes given large enough sample
sizes [Sudlow et al., 2015]. One major success of these studies is the ability to quantify the
fraction of phenotypic variation that is explained by the genetic sequence, and not by their
environment, life history or change. This measure is also called the heritability of a trait and
quantifies the extent to which it is genetically predisposed [Zaitlen and Kraft, 2012].

Naturally, a similar analysis approach can be used to find associations between genotype and
molecular phenotypes. These are known as quantitative trait loci (QTLs) and traditionally
refer to any quantitative (rather than binary) trait, but have become increasingly synonymous
with associations measured by ”omics” analysis (also known as molecular QTLs). The specific
power of these studies is driven by novel technologies that perform genome-wide molecular

2As they are not the focus of this thesis, I am ignoring non-SNV mutations such as larger deletions or translo-
cations here, which are known to have strong effects on allelic gene regulation and can even be oncogenic.
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measurements of all genes, for example through transcriptome-wide RNA-Sequencing
[GTEx Consortium et al., 2017]. In this way, one can in principle assess the impact of genetic
variants on the expression of all genes and in this way, QTL mapping can help to close the gap
in mechanistic understanding between a variant and an associated GWAS-trait. Although the
most common molecular readout are gene expression levels, QTL studies have been performed
using many molecular readouts, indicated by a prepended letter x for (x)QTL-studies, referring
to expression (eQTL), protein (pQTL), meQTL (methylation) or others [Ye et al., 2020].

How do genetic variants affect molecular phenotypes? Although sequence changes will
perturb gene regulation in many ways, some general principles can be established. Mutations
in a coding sequence can lead to amino acid substitutions or frameshift errors, which can
render the gene product non-functional. These variants will have the strongest effects, but
will be comparatively rare, since only a small fraction of the genome is coding and strong
deleterious changes will be selected against [Lappalainen and MacArthur, 2021]. Therefore,
the majority of variants are so-called regulatory variation, affecting promoters and enhancers.
On a molecular level, this can be the result of changes to the binding sites of transcription
factors, proteins that change chromosome conformation, DNA methylation changes and
others [Albert and Kruglyak, 2015]. In genes, sequences directing splicing, RNA editing and
interactions with the ribosome impact have been shown to affect expression levels (Fig. 1.5).

Figure 1.5: Classes of genetic variation affecting gene expression. Schematic providing an overview
of the mechanisms genetic changes act through. Coding variants do not necessarily change expression
levels, but will impact protein function. In contrast, variants in cis-regulatory elements can change
transcription directly, regulate splicing or reduce mRNA levels through nonsense-mediated decay.

Although in principle modern eQTL mapping allows to test for associations between all
measured genes and variants, the analysis is usually heavily focussed on a gene-centric view,
considering only the surrounding 106 bp for a gene. This is due to the fact that we assume
most genetic variation to be acting locally by affecting regulatory elements within or close to
the gene body [Pai et al., 2015]. These variants are also referred to as cis-eQTLs, cis referring
to action within the same chromosomes and with a relatively short distance. The definition of
cis-eQTLs is analogous to cis-regulatory elements such as enhancers and promoters affecting
gene expression nearby, and the former are often thought to be the result of mutations in the
latter. For eQTL mapping, often variants within a one megabase window around the gene of
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interest are considered. While the majority of known variant-expression associations are acting
in cis, it can also act in textittrans in a potentially genome-wide manner [Võsa et al., 2021].
Trans-eQTLs are the result of a variant affecting the protein structure or the expression level
of a trans-acting factor, which then result in differential expression of the factors target gene,
potentially due to regulation of its gene expression, splicing, RNA stability or translation. I
note that the analysed variant potentially exerts a cis-eQTL on the trans-factor, which then
drives differential expression of target genes, trans-effects therefore inherently aim for a
mechanistic understanding of a QTL. Practically, eQTL-testing requires massive sample sizes
as the number of association tests for all variants V against all genes G is V × G, scaling
quadratically. Trans-eQTL testing can be constrained on prior biological knowledge, for
example on known target genes of transcription factors and pathway information.

The distinction between cis- and trans-effects connects the discussion of genetic variation to
allele-specific expression [Võsa et al., 2021, Bonder et al., 2021, Signor and Nuzhdin, 2018].
If a variant is heterozygous and cis-acting, it can change the allelic balance of expression
within an individual. When affecting regulatory elements, this is often mediated through
allelic imbalance in histone modification levels, DNA methylation or chromatin accessibility,
and these effects can occur without a change in gene expression. Of note, allelic imbalance is
a better estimator of cis-variant effects, because it measures the variants effect directly and not
between individuals, where technical and biological differences might affect the measurement.
In particular, allelic imbalance isolates the effect of cis-regulatory variants and removes any
trans-effects, which will be further discussed in Chapter 2 [Mohammadi et al., 2017].

GWAS, QTL and allelic imbalance analyses are not limited to human populations, but have
also been used in model organisms. While analysis in humans has an obvious medical interest,
model organisms can provide insight into the (evolutionary) mechanisms of how genetic
changes shape phenotypic traits. While analysis in wild populations have been performed,
using model organisms allows to control the genetic diversity that is analyzed by using inbred
strains. Multi-generation inbreeding leads to organisms that are near-homozygous in the
entire genome, therefore an F1 cross of two different inbred strains will be fully heterozygous
in all strain-specific variants. In an F2 cross the alleles will be shuffled through meiotic
recombination and the offspring will be a combination of homo- and heterozygous alleles.
In contrast to mapping in wild populations, the shuffled genetic diversity will be the only
determinant of gene expression differences, drastically improving the power to detect genetic
effects [Zheng et al., 2011, Schadt et al., 2003, Orozco et al., 2012].

F1 hybrids provide a second, orthogonal opportunity to study genetic effects in cis and trans.
When measuring gene expression, or other molecular traits between two inbred strains, one can
keep environmental variables constant, so that as a first approximation, any measured difference
should be due to the varying genetics only. In this way, comparing the founder strains ”inte-
grates” over the set of genetic variants affecting the expression of a specific gene and shows the
sum of genetic effects on gene expression, without explicitly determining which variants exert
these effects. However, in an F1 hybrid, the two alleles are placed in the same trans-regulatory
environment: This means that any strain-specific trans-acting factor will act on both alleles,
so any residual difference will only be driven by cis-effects3. This is a powerful approach
to quantitatively dissect total cis- and trans-contributions as it does not require to explicitely

3Of note, the absolute magnitude of both alleles in the F1 might be different to the F0 founders since the
trans-factors are replaced by a mixture of both parents. It is only the ratio that will be unaffected by trans-actors.
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nominate interacting variants which might be missed due to insufficient power. Here, only the
sequencing depth controls the number of detected effects, which is easier to increase than the
number of considered samples. From a QTL analysis point of view, do cis- or trans-effects play
a larger role in driving gene expression differences and disease heritability? As all analysis so
far lacks the power to show that it is comprehensive, that is, it has enough statistical power
to detect all effects with a relevant effet sizes, this question remains open. Trans-effects can
impact targets genome-wide, affecting for example all target genes of a transcription factor. In
contrastcis-effects appear to have stronger effect sizes on their single target genes, potentially
because the set of trans-regulators is much larger and therefore more redundant. Additionally,
the set variants we can observe in standing populations are the result of selective pressure elim-
inating disadvantageous and lethal variants from the genome. Due to their higher pleiotropy,
mutations affecting trans-actors are more likely to be deleterious and therefore selected against
[Goncalves et al., 2012, Shen et al., 2014, Wittkopp et al., 2004, Halow et al., 2021].

1.2.2 Genomic imprinting
Genomic imprinting is the classical example of allelic imbalance in the absence of genetic
variation and of its importance for embryonic development. Imprinting silences genes in a
parent-of-origin specific manner, that is, for a given gene, either the maternally or paternally
inherited chromosome will be expressed [Ferguson-Smith and Bourc’his, 2018]. This process
is driven by the deposition of epigenetic marks, especially DNA methylation in differentially
methylated regions (DMRs) during germ cell development, and therefore differs between
the two sexes [Li and Sasaki, 2011, Reik and Walter, 2001]. During embryonic development,
allelic differences in imprinted regions are erased and genes are either expressed or silenced
fully, such that the combination of both alleles in the zygote will represent haploid expression
[Ferguson-Smith, 2011]. While controversial for a time, it is now generally accepted that the
number of affected loci is likely small, encompassing 100-200 genes within imprinting control
regions (ICR), most famously the Callipyge locus (Meg3, only expressed from the maternal
haplotype) and the Igf2r locus (Slc22a3, Igf2, Mas1) [Ferguson-Smith and Bourc’his, 2018].
Strikingly, imprinting is required to complete embryonic development, providing an example
of non-genetic allelic imbalance that is essential for organismal viability. Furthermore, mu-
tations in imprinted loci inherited from the non-imprinted parental allele will exert dominant
effects, as the non-mutated allele is silenced. For example, paternal deletions in the human
ICR of 15q11-13 causes Prader-Willi-syndrome, Beckwith-Wiedemann is caused by a loss of
imprinting of Igf2 and loss of maternal Ube3a causes Angelman syndrome [Monk et al., 2019].
In summary, genomic imprinting can drive an all-or-nothing allelic imbalance for many genes
that is dictated by the parent of origin and can have drastic phenotypic consequences.
While the classic imprinted loci are fully biased towards one allele, a large number is under
partially imprinted control, although the epigenetic basis for this is still largely unclear
[Goncalves et al., 2012].

As the imprints are established in the earliest stages of development and are passed on
through mitosis, it is generally thought that imprinting varies little across somatic cells
[Baran et al., 2015, Latham, 1995]. Anecdotal examples for tissue-specific imprinting exist
especially in the brain where, likely due to neuron-specific effects [Laukoter et al., 2020], im-
printing has important functions throughout organismal life [Wilkinson et al., 2007]. For ex-
ample, Ube3a is a brain-specific imprinted gene [Yamasaki et al., 2003], while Dlk1 loses its
mono-allelic expression to support neural stem cell function [Ferrón et al., 2011]. Other exam-
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ples of context-specificity include Kcnq1 in the pancreas development [Travers et al., 2013].
Of note, tissue-specific genomic imprinting is pervasive in the developing trophoblast and in
the placenta, and is required for its function supporting fetal growth and might be linked to
its particular expression of endogenous retroviruses [Hanna, 2020]. Meanwhile, a compre-
hensive assessment of celltype-specific imprinting and its heterogeneity across single cells
is still lacking. Preliminary work has demonstrated the possibility of using scRNA-Seq to
identify imprinted genes [Santoni et al., 2017, Laukoter et al., 2020, Andergassen et al., 2017].
These studies highlight the independence of imprinting on cell types, but suggest variability
across cell types. Also, it has been shown that beyond DNA methylation, polycomb repres-
sive complexes, and insulation via CTCF is important for genomic imprinting, but it remains
an open question whether these could contribute to context-specificity. In particular, non-
canonical imprinting which might be driven by polycomb complexes is a candidate for context-
specificity [Hanna, 2020]. Similarly, secondary DMRs are candidates for context-specific im-
printing, as they can be established later during development, for example at the Cdkn1c gene
[Wood et al., 2010, Fan et al., 2005].

1.2.3 X-chromosome inactivation
The second canonical class of allele-specific expression due to epigenetic effects arises from
X-chromosome inactivation in female mammals4, a process that acts as a dosage compensation
mechanism to equalize gene expression levels between sexes with one or two X chromosomes,
and is thought to be essential for cellular function [Loda et al., 2022]. Remarkably, the neces-
sity for such a mechanism was first proposed without much knowledge about the molecular
underpinnings, but has been fully confirmed experimentally later [Lyon, 1961]. Classical
X-inactivation is agnostic to the parental haplotype of the X chromosome, and therefore
randomly inactivates either copy during early development and just before gastrulation. Sub-
sequently, the X-inactivation status is maintained through cell division and creates a mosaic
adult individual. Mechanistically, XCI is triggered by a long non-coding RNA called Xist
[Willard, 1996, Plath et al., 2002]. In the epiblast cells of the blastocyst, both X-chromosomes
are active. In coordination with the exit from pluripotency, both chromosomes upregulate Xist,
but a reciprocal feedback mechanism involving the antisense lncRNA Tsix represses a single
allele at the expense of the other, eventually leading to full mono-allelic Xist expression within
individual cells (Fig. 1.6). Xist then spreads, exploiting the 3-dimensional structure of the
chromosome, in cis over the X-chromosome from the X-inactivation center where the Xist
gene is located [Furlan and Galupa, 2022, Fang et al., 2019]. Silencing of the X-chromosome
is initiated by Xist-mediated recruitment of repressive factors and complexes, including SPEN,
polycomb and others. Establishment of the fully silenced X finally requires repressive histone
marks like H3K27me3, DNA methylation and massive changes in the three dimensional
chromosome structure [Giorgetti et al., 2016]. In vivo as well as in cell culture systems based
on mouse embryonic stem cells, this process is fully completed after around 6 days and
textbook knowledge predicts only minor changes to the genome structure of the Xi after that
[Wutz et al., 2002].

As a mechanism causing allelic bias, XCI is expected to lead to full monoallelic expres-

4We are using male and female strictly as referring to (chromosomal) sexes defined by XY and XX kary-
otypes, not in relation to gender identity. Also, we are not considering rarer karyotypes such as XXY (Kline-
felter syndrome), which undergo X-chromosome inactivation but have many characteristics of the male sex
[Kinjo et al., 2020].
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Figure 1.6: X-chromosome inactivation in the mouse. Adapted from [Loda et al., 2022]. XCI
proceeds during embryonic development in two steps. First, imprinted XCI specifically inavtivates the
paternal X-chromosome due to a non-canonical imprint on the maternal Xist gene. This process is
finished in the blastocyst, and reversed shortly after. Then, random XCI takes place after implantation
and affects the paternal haplotypes randomly. Both XCI waves half the expression output from X-linked
genes, unless these genes escape XCI.

sion of X-linked genes at a randomly chosen haplotype at the single-cell level. However,
not all genes are subject to full silencing and are known as genes that ”escape” XCI.
For these escapees, XCI might introduce a range of allelic balance levels or not lead
to any silencing at all. One focus on this thesis is to explore the extent of XCI quan-
titatively in different cell types, and to which extent the inactive X can be reactivated
[Carrel and Willard, 2005, Balaton et al., 2015, Berletch et al., 2015, Marks et al., 2015].
Most escape from X-inactivation is assumed to be necessitated due to dosage compensation.
While the majority of genes on the X-chromosome are dosage compensated with respect to
the male karyotype by XCI, a subset of genes is present on both the X and Y as orthologous
gene pairs (gametologs) [Zhou et al., 2023]. By escaping silencing, these genes maintain
dosage compensation through XCI. In humans, these genes are mainly located on the pseudo-
autosomal regions (PARs) of the sex chromosomes, which originate from the autosomal
ancestor chromosome before their divergence and deterioration of the Y. In mice, where PARs
are greatly reduced, gametologs are found spread across the chromosome. Notably, many of
the gene pairs escaping XCI are shared between mice, humans and other therian mammals, for
example Km5c/Kdm5d, Kdm6a/Uty and Ddx3x/Ddx3y This suggests an evolutionary origin for
their escape from XCI.

Because gametologs and genes with similar escape patterns are biallelically expressed across
almost all cell types and contexts so far surveyed, including imprinted XCI in pre-implantation
embryos and extraembryonic tissues, they are sometimes summarized under the umbrella
term ”constitutive” escapees (Figure 1.7). This suggests that they show intrinsic resistance
to X-inactivation, regardless of the cellular context. However, in mice and humans biallelic
expression of non-constitutive escapees has also been observed sporadically and inconsistently
across cell types. These genes are sometimes known as ”facultative” escapees, as they are not
necessarily found in all contexts. Facultative in this context has been used interchangeably for
variation in escape across cell types, tissues, developmental stages, individuals and individual
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cells. There is a need for both comprehensive survey of escape across these contexts, and
clearer terminology regarding potentially very different mechanisms causing variation in
allelic balance [Wainer Katsir and Linial, 2019, Tukiainen et al., 2017, Tomofuji et al., 2023,
Garieri et al., 2018, Peeters et al., 2014, Petropoulos et al., 2016].

Figure 1.7: Different modes and sources of escape from XCI. Potential mechanisms driving expres-
sion from the Xi. Possible courses are a resistance to inactivation, especially in constitutive escapees or
PAR genes. Other potential paths is reactivation in the adult, or resistance in specific cells, which lead
to context-specific escape.

These molecular mechanisms, both regarding facultative and constitutive escape, remain
largely elusive. It is known that escapees exhibit an active regulatory environment, includ-
ing accessible chromatin, low DNA methylation at promoters and active histone marks
[Berletch et al., 2015, Qu et al., 2015]. Interestingly, the three dimensional structure of the X
chromosome places escapee genes outside of heterochromatic super-domains, which points
towards CTCF-mediated TAD structures as a factor in allowing escape [Giorgetti et al., 2016].
The inactive X seems largely devoid of intergenic accessible chromatin, suggesting that prox-
imal or distal enhancers are not a major driver of escapee expression [Giorgetti et al., 2016].
These results seem to suggest that at large, escapees on the active and inactive X are regulated
equivalently. However, the possibility that CREs or transcription factors regulate expression
specificically on the Xi remains open. It is likewise largely unclear whether in general,
expression from the Xi results from of a lack of inactivation, or a specific re-activation. Many
escapees appear to fully or partially escape silencing during random XCI in the blastocyst
[Loda et al., 2022], but it is unclear whether the level of escape remains stable throughout
development. Some escapees, especially tissue-specific ones, are likely re-activated. It is
known that loss of Xist can lead to mild reactivation of the Xi in tissues and tumors, but
the vast majority of genes does not show changes in escape even upon complete removal
[Csankovszki et al., 2001, Splinter et al., 2011, Adrianse et al., 2018]. Similarly, repro-
gramming of differentiated cells in to a pluripotent state leads to re-activation of the Xi
[Janiszewski et al., 2019].

The main cell biological relevance of escape from XCI is that it provides a possible explanation
for sex-biased gene expression. In the absence of other regulatory effects, escapees will be
expressed at a higher combined dosage in females compared to males, and sex-biased gene
expression is thought to underlie sex-specific phenotypes [Carrel and Brown, 2017]. In
disease, sex-bias is well documented, but which factors cause differential incidence between
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sexes remains an open question [Xing et al., 2022]. It is known that sex-bias originates
from differential environments and lifestyle choices between men and women, which are
independent of biological differences. For example, lung cancer incidence tracks with smoking
behaviour in both sexes [Ragavan and Patel, 2022]. Secondly, sex hormones are known to
drive disease risk, which is mechanistically independent of the direct action of karyotypic
differences [Moulton, 2018]. Effects directly through the chromosome complement are the
third option, which are mostly due to Y-linked gene expression and escape from XCI. Which
factors contribute most to disease risk likely depends on the condition in question and the
affected individuals. Unravelling the different mechanisms underlying sex-biased disease risk
will pave the way towards targeted therapies specific for women and men. One example with
strong evidence for a contribution of escape to disease risk are autoimmune diseases, which
will be discussed further in Chapter 3.

Escape has been studied extensively in human samples, but mouse and murine cell culture
models remain an important workhorses for the study of escape from XCI. On the one hand,
we rely on mice to study escape in controlled in vivo systems and under genomic perturbations.
Furthermore, the limited density of heterozygous variants in human samples can preclude
direct analysis of escape (see also the Discussion). To study human escapees, many articles
therefore resolve to only assess sex-biased expression as a proxy, which can also result from
regulatory differences on the active X [Tukiainen et al., 2017]. It is therefore important to
assess the ability of model organisms such as mice to model human escape. On the one hand,
escape from XCI is a phenomenon clearly conserved across therian mammals. Furthermore,
the set of escapees seems to be partially conserved across many species, especially but not
limited to gametologs [Peeters et al., 2014, Carrel and Willard, 2005]. However, escape seems
to be much more common in humans than in mice. This is likely due to the small size of the
PAR on the acrocentric X-chromosome in mice, whereas in humans, the entire pre-centromeric
region is pseudo-autosomal. This enlarged PAR contains many escapees, and the centromere
has been suggested to be a barrier to Xist-spreading [Berletch et al., 2010]. Previous studies
have estimated the set of escapees on the mouse X to be 5-10% of expressed genes, as
opposed to 20% on the human X [Loda et al., 2022]. However, comprehensive studies across
developmental stages, tissues and cell types are still lacking, so a final quantification remains
outstanding. In any case, in the study of escape it remains particularly important to validate
findings in model organisms in humans.

Elucidating the full set of escapees across species and in different tissue-, cell type- and
age-contexts will pave the way for a mechanistic understanding of this process and its con-
sequences for sex-biased biology. A genome-wide survey has identified genes with tissue-
specific escape in humans [Tukiainen et al., 2017]. Similarly, mouse tissues show varying es-
cape to some degree, although expression levels from the Xi are relatively low in this study
[Berletch et al., 2015]. Further work has implicated CTCF as a determinant of tissue-specific
escape [Fang et al., 2023]. Variability is also seen between human individuals, although it
is unclear whether this is genetically encoded or due to a stochastic epigenetic mechanism
[Carrel and Willard, 2005]. For development-, Individual-, tissue- and even cell line-specific
escape the umbrella term ”facultative escapee” has been used, in particular to contrast them to
”constitutive escapees” (which might also be a heterogeneous group). However, these processes
are likely mechanistically variable. We will address in particular cell type- and age-specific es-
cape in Chapter 3 of this thesis.
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1.2.4 Random mono-allelic expression
Finally, stable non-genetic allelic differences can be driven by other biological mechanisms
that affect specific sets of genes [Gendrel et al., 2016]. As the direct cause of these biases is not
known, they are commonly known as genes with ”random monoallelic expression” (RAME).
It is known that immunoglobulin choice in B-cells selects a single allele of a specific Ig-gene
[Nutt et al., 1999]. Similarly, olfactory receptors only express one allele of a single Olfr gene
out of the 100s-1000s of possibilities, which is driven by trans-interactions between the two
chromosomes [Magklara and Lomvardas, 2013, Monahan et al., 2019]. Other genes with such
expression patterns include Interleukins in immune cells and [Chess, 2005, Guo et al., 2005].
However, these phenomena are comparatively rare, only described in specific gene sets and
cell types, and mechanistic explanations or their necessity remain unexplored.

Whether mitotically stable inactivation of genes is a more widespread phenomenon, and
whether it contributes to phenotypic differences has received further interest in the recent
years. To distinguish RAME from genetic effects, an array of isogenic clonal populations
has to be used. If genes appear varyingly mono-allelically expressed between both hap-
lotypes in the same genetic background, it can be concluded that this is not a function of
sequence variability. As such, persistent RAME that does not vary between cells or clonal
propagates thereof can not be distinguished from direct genetic action, if it is always biased
towards the same paternal haplotype. Early studies used these approaches and proposed that
around 10% of genes might show RAME [Gimelbrant et al., 2007], although that number
is debated [Gendrel et al., 2014, Li et al., 2012]. RAME has been shown to affect genes
important for embryonic development, including the transcription factors Six1 and Eya1/2,
[Gendrel et al., 2014]. There is therefore substantial interest in determining the extent of
RAME and its relevance for disease.

An open question is the extent of RAME in vivo, as it is inherently difficult to detect in
population-based measurements. Direct identification requires either clonal or temporal trac-
ing of the same cells, to prove that allelic variation is passed through mitosis. Recently, a
study has used expression data from many tissues to identify genes whose allelic ratio varies
across measurements within the same individual [Kravitz et al., 2023]. The results suggest that
non-genetic variation in allelic ratios is common, but it is difficult to distinguish this from
tissue-specific action on genetic effects.

1.2.5 Stochastic allelic dynamics
The last cause of ASE arises from stochastic fluctuations in allelic usage. Although it is
sometimes discussed in similar terms, this class of allelic effects is fundamentally different
to random mono-allelic expression [Gendrel et al., 2016, Raj and van Oudenaarden, 2008]
(Figure 1.7). While RAME is mitotically stable and propagated clonally, allelic dynamics can
show expression of either haplotype within the same cell and potentially in short time-spans.
It is tightly connected to the bursting model of transcription, where it is assumed that mRNA
is produced during short periods of gene activity, as opposed to continuous production of
mRNA [Fukaya et al., 2016, Tunnacliffe and Chubb, 2020]. As both alleles are to a first
approximation acting independently, bursting is the result of two stochastic processes and
allelic usage will vary between full mono-allelic bias and bi-allelic expression over time.
Bursts can be described in terms of their size (the amount of RNA molecules produced,
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usually considered proportional to the burst length) and their frequency (how often they
occur), which decomposes ”expression level” into two distinct modes of regulation (Fig.
1.8). Measuring bursting necessarily requires single-cell resolution. This can be achieved
by single-molecule live-imaging, where the temporal resolution provides a direct readout of
allelic usage over time. These studies have revealed, for example, how enhancers control
expression by modulating parameters of bursting [Donovan et al., 2019, Chubb et al., 2006,
Patel et al., 2023, Bartman et al., 2016, Rodriguez et al., 2019].

However, transcriptional kinetics can also be derived from static measurements of indepen-
dent cells, as bursting will introduce an overdispersed signal and under certain assumptions,
these kinetics can be recovered from repeated measurements of independent and identical cells
from a homogenous population. ScRNA-Seq has provided the first genome-wide estimates of
transcriptional bursting, which can yield important mechanistic information on gene regulation
[Larsson et al., 2019, Deng et al., 2014a, Reinius et al., 2016]. These studies have confirmed
that, at the single-cell level, allelic bias due to transcriptional bursting is common. They have
also made first steps towards genome-wide mechanistic explanations of bursting by showing
and confirming that both promoter and enhancer features contribute to bursting. However, it
is important to concede that it is difficult to obtain precise overdispersion estimates which are
critical for bursting kinetics inference. In particular technical and biological variation, such as
PCR bias and inter-cell heterogeneity will increase the observed overdispersion regardless of
bursting [Larsson et al., 2019, Grima and Esmenjaud, 2023].

Figure 1.8: Differences between RAME and stochastic allelic usage. Illustrating the conceptual
distinction of RAME to allelic bias due to transcriptional bursting. In RAME, individual cells inactivate
one specific allele. This information is passed through mitosis into daughter cells, leading to a mosaic
population, similar to that resulting from X-inactivation. Transcriptional bursting of two independent
alleles leads to mosaic allelic usage, but is not stable in time or through mitosis.
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1.3 Probing allele-specific expression in context using single-
cell readouts

1.3.1 The resolution revolution
With the advent of cost-effective high-throughput sequencing and the availability of high-
quality genomes, the last 20 years have seen a revolution in biologists ability to quantitatively
measure molecular phenotypes. By converting the entire content of biomolecules in samples
into sequencing libraries, one gets a genome-wide view of cells (’omics’-view), as opposed to
classical assays that typically measure only one or few specific genes (or proteins and metabo-
lites in non-sequencing-based assays). The first full map generated was of the human genome
[Lander et al., 2001], but soon after, sequencing methods for the quantification of mRNA
(via cDNA libraries), DNA modifications (in particular, DNA methylation), post-translational
histone modifications, genome structure and RNA-protein interactions were developed
[Stark et al., 2019, Moore et al., 2020, Park, 2009, Bienko, 2023, Hafner et al., 2021]. By now,
novel ”-Seq” methodologies are being developed yearly and allow for the measurement of
various molecular processes.

While these assays generate genome-wide information, they only provide aggregate measure-
ments across many cells and therefore average over cell-to-cell heterogeneity, which poses a
difficulty in data analysis when working in complex samples. This short-coming has been
addressed in the last decade by single-cell methods, which provide quantifications at the ”bio-
logical unit” of a sample - the cell [Tang et al., 2009]. Especially mRNA-Seq of single cells has
developed considerably, and processing thousands of cells is now a routine experiment using
commercial solutions. Furthermore, single-cell level assays of chromatin accessibility, DNA
methylation and histone modifications are now also widely available [Stuart and Satija, 2019].
Naturally, all sequencing-based methods also provide information about the sequenced allele if
there is genetic variation distinguishing them.

1.3.2 Single-cell sequencing methods
Of the single-cell methods, sc-mRNA-Sequencing is the most mature [Hwang et al., 2018,
Papalexi and Satija, 2017, Potter, 2018]. This is in part by the fact that a major limitation
of single-cell based methods is the low amount of input material, and while cells only
contain two copies of each gene, each mRNA can be present in potentially many copies.
All scRNA-Seq methods function by first converting RNA into cDNA libraries, using either
priming from the poly-A tail for mRNA-Sequencing or more elaborate strategies to also
capture non-polyadenylated RNAs. To achieve single-cell resolution, different methods to
compartmentalize individual cells have been used (Fig. 1.9). First proof of concept studies
manually isolated single cells for sequencing, which was soon replaced by automated cell
sorting, scaling up throughput to 100s and 1000s of cells [Picelli et al., 2014]. Microfluidic
separation of cells for reverse transcription and successive pooling has increased throughput
by an order of magnitude and underlies the currently most commonly used technologies
[Zheng et al., 2017]. Even higher throughput can be achieved by so-called combinatorial
indexing protocols, where the cells (or nuclei) themselves provide the reaction compartment to
introduce barcodes during reverse transcription and ligation steps. The key inside here is that
by repeatedly mixing and barcoding sub-pools of the sample, a large enough barcode space
makes it stochastically unlikely to yield two cells with the same label, effectively achieving
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single-cell resolution without physical separation of individual cells [Cao et al., 2017]. Besides
their throughput in number of cells, these methods differ in their detection sensitivity, which is
likely determined by the capture efficiency of mRNA molecules during reverse transcription
[Ziegenhain et al., 2017]. While plate-based methods might perform better in this metric,
although they more likely suffer from PCR bias if not corrected using unique molecular
identifiers. In most applications, it is arguably more efficient to measure many cells with
fewer detected mRNA-molecules, than to sequence few cells with the aim of capturing many,
although measurements of cell-to-cell variability might rely on the second strategy. High-
throughput methods furthermore allow higher sensitivity in detecting rare cell populations, and
therefore might be preferred when for example complex tissues are analyzed. In general, the
purpose of the application should dictate the method used.

Figure 1.9: Different technologies to generate single-cell libraries. Individual cells need to be iso-
lated for all technologies and barcoded before library preparation. This can be achieved by fluorescence-
assisted cell sorting (FACS) into individual wells, in which the library is generated (1). Alternatively,
microfluidics with beads can transfer barcodes, or combinatorial indexing can generate individual bar-
codes per cell.

A second breakthrough of single-cell methods has been the establishment of scATAC-
seq to measure chromatin accessibility (Assay for transposase-accessible chromatin,
[Buenrostro et al., 2015]). Here, the ability of a Tn5 transposome to cleave and barcode
native chromatin is measured, which correlates with the regions accessibility to regulatory
factors and RNA polymerase. Although accessibility can be similarly measured using
DNAse and methyl-transferases, transposase-based assays have been easiest to incorporate
into plate-, microfluidic- and combinatorial indexing and are most widely used. By using
antibody-based targeting of the Tn5 transposome to specific chromatin marks, single-cell
Cut-and-Tag methods extend scATAC-Seq to profile histone modifications in single cells,
revealing heterogeneity in chromatin states [Bartosovic et al., 2021]. Also bisulfite-based DNA
methylation has been analyzed at the single-cell level in both low- and high-throughput assays
[Smallwood et al., 2014]. For all of these epigenomic single-cell methods, the interpretation
of their quantitative signal differs from RNA-Seq. While mRNA-levels can be assumed to
be the result from a genes activity, cells only contain two copies of their genome and can
therefore only be in three different epigenetic states. With perfect measurement sensitivity,
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the number of reads would represent the probability of accessibility (or presence of a histone
modification or DNA methylation) across a population of cells, as is the case in a bulk assay.
Single-cell epigenomic profiling is therefore best understood as linking these probabilities
between genomic loci. However, we have to expect these assays to give highly sparse signal,
and the absence of a read at a genomic locus does not correspond to the absence of the assayed
feature.

Finally, sequencing methods are being extended to many other molecular readouts: At the
RNA-level, there are single-cell methods for non-polyadenylated RNAs (such as miRNAs, tR-
NAs, transposable elements and others) and RNA bound to ribosomes [Salmen et al., 2022,
VanInsberghe et al., 2021]. At the DNA-level, assays are being extended to measure replica-
tion timing and [Miura et al., 2019]. Although these are not topic of this thesis, all of these
assays can be or have been applied to study allele-specific signals.

1.3.3 Tracing cell types and states with scRNA-Seq data
The primary purpose of single-cell resolution is to deconvolve expression and its variation
into the cell types these measurements correspond to. On the one hand, this improves the
sensitivity of differential expression analysis, as changes in specific, possibly rare cell types
can be directly measured instead of being masked by a tissue-aggregated measurement. In this
sense, single-cell readouts simply increase the resolution of bulk sequencing assays. However,
measuring the totality of gene expression levels also provides a novel way of defining cell types
in the first place. Cell types have traditionally been defined by their function or morphology
[Fleck et al., 2023]. However, both of these are a result of their gene expression, which in turn
stems from their cell type-specific transcriptional regulation. Measuring gene expression levels
therefore assesses cell type identity at its source. Furthermore, different cellular phenotypes
are encoded by the expression of independent gene sets. By assaying all genes simultaneously,
scRNA-Seq can quantify the activity of orthogonal cellular programs to refine the definition of
cell types or states.

Cells can change their cell type through cellular differentiation, which is directly necessitated
by the fact that all cells originate from the same fertilized zygote. Both during embryonic devel-
opment and in adult differentiation systems, pluri- or multipotent stem cells give rise to varying
individually different cell types. Differentiation per se is uni-directional and irreversible as
mature cells can not re-enter a multipotent state, although cell types can be changed artificially
through cellular reprogramming [Takahashi and Yamanaka, 2006, Joung et al., 2023] or in
regenerating species [Reddy et al., 2019]. However, in a given cell type, a systematic tran-
scriptional shift is not necessarily creating a new one. For example, an activated T-cell shows
drastically changed transcriptional profile, but is still considered a T-cell, and similarly changes
in cell gene expression due to cell cycle phases, senescence or apoptosis is not necessarily a
cell type transition. For this reason, these kind of regulatory shifts are often known as different
cell states [Trapnell, 2015].

To identify cell types and states in scRNA-Seq data, one needs to identify populations of cells
that are substantially different from each other. Starting with a matrix of expression levels
across genes and cells, the most common approach is to first reduce the dimensionality of
this space by excluding genes with constant expression and to compress the set of genes into
a smaller amount of independent factors, for example using principal component or factor
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analysis. Assuming that cell types represent sets of cells with similar expression profiles,
but different from all other cells, clustering analysis is then usually use to group cells, and
these clusters can be assigned to known or unknown cell types based prior knowledge about
expression patterns. Of note, there is no obvious way to distinguish whether a shift in
expression profile corresponds to a different cell types or state [Ianevski et al., 2022].

Mathematically formulated, this concept considers a cell as a point in an n-dimensional space
defined by the number of detected genes. In this space, different cell types are neighbourhoods
around an average expression profile of that cell type and in which individual genes can vary in
an accepted range. This variability can encompass sub-cell types, different cell states and the
natural biological variability that a cell type can exist in. By this definition of sub-celltypes,
the concept is hierarchical. For example, immune cells can be considered a (broad) cell type,
which encompasses the myeloid and lymphoid cells as sub-cell types, which in turn encompass
the known cell types of the hematopoietic tree. In this hierarchy, defined before the advent of
transcriptomic profiling, cells with similar functions tend to have similar gene expression, and
transcription tends to predict relatedness in hematopoiesis [Velten et al., 2017]. While the cell
type concept necessitates a discrete classification, changes between cell types and states are
naturally smooth transitions. One key contribution of single-cell methods is that by sampling
many cells across such a transition, cell types can be assessed in a continuous manner. Indeed,
describing cellular differentiation as pseudo-temporally ordered processes has been one of the
main focus points of the first single-cell transcriptomics studies [Trapnell et al., 2014].

As this definition follows from the notion that cell types can be defined by their gene regulatory
programs, profiling of chromatin states, protein content or even translation rates can also be
used to define cell types [Pierce et al., 2021, VanInsberghe et al., 2021]. It is an open question
which of these, in the absence of technical noise, carry the most information on cell state
changes, if there is any difference at all [Fleck et al., 2023]. For example, it is conceivable
that some cell state changes, for example ageing, might track more on the DNA methylation
level and it is known that first responses to stimuli are often driven by post-transcriptional
mechanisms [Teixeira and Lehmann, 2019].

There are limitations to this regulatory definition of a cell type. In particular, it largely ignores
physical location and cell division history. While the context that a cell is placed in is likely
to induce gene expression changes, for some cell type such as neurons, their location and
connectivity is going to be vastly more informative than their expression profile [Zeng, 2022].
Similarly, different lymphocyte clones will be more well defined by the antigen they are
reactive to, than the potentially small transcriptional variability between them. It is therefore
necessary to consider the appropriate features when classifying cell states and how they relate
to their function.

Finally, cell types have to be defined in relation to the evolutionary history they appear
in [Arendt et al., 2016]. By comparative analysis, homologous cell types between different
species can be defined by their molecular makeup [Sarropoulos et al., 2021, Behm et al., 2023].
At the same time, the transcriptomic similarity relates to the rate at which these cell types in
different species diverge from their common ancestor [Murat et al., 2022]. [Arendt et al., 2016]
define cell types as ’a set of cells in an organism that change in evolution together, partially
independent of other cells, and are evolutionarily more closely related to each other than
to other cells’. In this model novel cell types can emerge from ancestral ones through
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the emergence of novel specifying gene regulatory networks. Also, ostensibly similar cell
types can have different evolutionary histories even though they have simlar expression profiles.

In summary, single-cell methods provide the data necessary to formalize the power-
ful concept of cell types defined by their regulatory state. This has lead to broad
”cell atlas” initiatives that aim to map the complete possible space of expression states
[Osumi-Sutherland et al., 2021].The conceptual importance for this thesis is that by adding al-
lelically resolved data to whole transcriptome information, we can relate cell state to allele-
specific regulatory mechanisms.

1.3.4 Multimodal assays and spatio-temporal analysis
The most recent developments in single-cell methods have aimed at two tasks: The first
is to combine multiple single-cell measurements from the same individual cell. Doing
so allows to decipher the inter-dependencies between transcriptome and regulatory lay-
ers [Baysoy et al., 2023]. Indeed, the first successful multi-omics approaches combined
RNA-sequencing with either DNA methylation, chromatin accessibility, or both. Mul-
timodal data can also be achieved by combining readouts that destroy the cell such as
single-cell RNA-Sequencing with measurements that do not, for example antibody-based
profiling of membrane protein expression by FACS sorting or using oligonucleotide-
conjugated antibodies. As with unimodal readouts, multimodal assays vary in throughput,
sensitivity and experimental complexity, and in the future, researchers will likely explore
further combinations of existing sequencing assays and increase their technical capabilities
[Stoeckius et al., 2017, Argelaguet et al., 2019]. Multimodal measurements provide two
key opportunities: On the one hand, global patterns in different datasets can be directly
compared to identify the modalities explaining specific sources of variability in the dataset.
On the other hand, correlation-based approaches can be used to link measurements at specific
loci, for example enhancer activities to gene expression, and thereby nominate mechanistic
relationships [Argelaguet et al., 2018, Granja et al., 2021].

The second frontier has been to place cells back into their spatio-temporal context. For tissues,
single-cell analysis usually starts with a digestion protocol that yields a single-cell solution, in-
formation of the cells position is therefore lost. Spatial transcriptomics methods have started to
assay expression levels in native tissues, first by aggregating multiple cells, but increasingly at
the cellular and sub-cellular resolution [Chen et al., 2015, Rodriguez and Larson, 2020]. These
methods have been extended to also assay chromatin accessibility, histone modifications and
combinations thereof and are an active field of research [Deng et al., 2022]. As an alternative
to slide-based spatial transcriptomics, cells can be barcoded based on their position and then
subjected to varying single-cell sequencing methods [Srivatsan et al., 2021]. This opens the
potential to apply the vast array of single-cell methods directly to spatially resolved samples.
A somewhat overlooked dimension is longitudinal analysis of the same cells over time. This is
due to the fact that most readouts require lysis of the cell, but also because through longitudinal
sampling or pseudotemporal analysis of dynamic processes, similar cells have been success-
fully used as proxys instead of repeatedly measuring the actual same cell. However, both
repeated sampling of mRNA and an assay that ”records” the activity of DNA binding proteins
for later analysis have been demonstrated and provide an exciting view of future possibilities
[Chen et al., 2022, Frieda et al., 2017].
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1.3.5 Quantifying allelic imbalance in expression levels measured by
scRNA-Seq

When two alleles differ in their DNA sequence, it is straightforward to distinguish from which
allele a sequencing reads was derived. In the context of RNA-Seq, this idea allows for the
independent quantification of allelic gene expression levels. Individual reads mapped to a
reference genome, and then checked for whether they contain a heterozygous variant differing
between the two alleles. In practice, it is advisable that these variants are known a priori and
not inferred from the measurement dataset, as variant calling for example from RNA-Seq
data is prone to yield false positives [Quinones-Valdez et al., 2022]. A second distinction
is whether the set of variants is phased across the genome, that is, whether for each pair
of loci on the same chromosome, the different alleles can be assigned to one or the other
chromosome. When information from the parents is available, the different chromosomes can
be further phased into full maternal or paternal haplotypes, and allelic measurements can be
fully assigned to them. For human samples, phasing can be achieved by sequencing trios of
a donor and both parents, by using artificial separation of the two genomes or by imputation
algorithms [Porubsky et al., 2020, Browning and Browning, 2011].

The second difficulty arises from potential errors in either mapping or allelic assignments.
Erroneous genotyping will yield fully biased estimates of allelic usage, so it is important
to ensure accurate input genotypes, also because false negatives pose less of a problem as
they only reduce the amount of assignable reads [Castel et al., 2015]. However, mapping
errors can be more challenging to identify and eliminate. As the DNA sequence differs
between the two haplotypes their mapping this poses a fundamental bias, which makes allelic
assignments especially difficult when the to be mapped regions are repetitive. Importantly,
not only observed, but also unobserved variants bias this analysis, further highlighting the
need for complete genotype information. In general, there will be a ”reference bias”, that is,
the haplotype that is closer to the reference genome will be favoured due to these unobserved
variants. One attempt to reduce mapping bias is to remove the tagging variants used for allelic
assignment from the alignment procedure (N-masking).To account for this approaches like
WASP propose a two-step procedure by which reads are mapped first as observed, and then
simulated to contain the alternative variant. Only the reads mapping to the same locus in both
scenarios are retained for analysis, which has been shown to improve specificity compared
to N-masked mapping [van de Geijn et al., 2015]. However, neither approach accounts for
scenarios in which the alternative genotype show unobserved variation. If possible, it is
therefore advisable to include controls where the allelic bias is known a priori to identify
problematic areas in the genome. Of note, these errors introduce bias that will be systematic
across an experiment. When analysing variation in allelic bias between tissues or cells within
the same experiment, these technical factors are largely going to introduce the same bias in
every case.

Specific to single-cell readouts, the inherent sparsity of these methods poses an additional prob-
lem, which is further exacerbated by the necessity to cover a SNV to assign reads to a haplotype.
The fraction of assignable reads depends on the SNP-density in the analyzed sample and the
read length utilized. As all current single-cell methods rely on short-read sequencing, this pa-
rameter is inherently capped at the maximum read length of around 200 base pairs, potentially
twice that when paired end sequencing is available. The variant density is similarly a fixed
parameter - in humans it is commonly estimated as one variant every per kilobase, although the
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density is non-uniform and coding regions are generally depleted for variants. Finally, for gene
expression analysis, common methods often only measure reads derived from the 5’ or 3’-end
of the transcript, which further reduces the likelihood of hitting variants compared to full-
length protocols, which are therefore commonly advertised as preferable for allelic mapping
[Glinos et al., 2022, Cuomo et al., 2020]. The observed allele-specific signal is therefore likely
substantially lower than the already sparse total signal, and this reduction is only partially uni-
form across the genome. This is particularly relevant for single-cell chromatin readouts, where
the expected number of reads only covers a fraction of the accessible genome.

1.3.6 Exploring variable allelic imbalance using single-cell methods
Allelic bias and variability thereof have been part of single-cell sequencing analysis since
the inception of early methods. One of the first large-scale studies measured allele-
specific expression during the earliest steps of mouse development and were able to
visualize zygotic genome activation, imprinted XCI and suggested widespread allelic bias
[Deng et al., 2014b]. In particular X-inactivation has been extensively analyzed with single-
cell methods, as it allows for the deconvolution of random inactivation. These studies have
contributed to the quantification of silencing dynamics and X-chromosome upregulation
[Pacini et al., 2021, Lentini et al., 2022, Borensztein et al., 2017]. Other work has addressed
the question to which extent escape from XCI varies across cell types [Tukiainen et al., 2017,
Tomofuji et al., 2023, Garieri et al., 2018, Wainer Katsir and Linial, 2019]. Single-cell analy-
sis has also been used to detect mosaic imprinting, demonstrating heritable allelic variation
[Santoni et al., 2017, Ginart et al., 2016].

ASE has also been a critical tool to explore context specific genetic effects in human
samples. As described previously, ASE isolates the impact of cis-genetic effects on gene
expression. Importantly, by using the ratio between two alleles, multiplicative biases on gene
expression are internally normalized for. Single-cell level measurements therefore quantify
the strength of an allelic effect at the single-cell level, without the necessity to quantify
across large cohorts. This approach has been used in multiple single-cell genetics studies
([Qi et al., 2023, Heinen et al., 2022, Fan et al., 2021, Cuomo et al., 2020]).

Single-cell methods have finally been used to quantify random mono-allelic expression and
transcriptional bursting. An scRNA-Seq based study has helped to address the question how
much expression is mono-allelic [Reinius et al., 2016, Gimelbrant et al., 2007]. In particular
these studies have helped to clarify the distinction between random bursting-derived mono-
allelic expression and clonally inherited RAME, and addressed technical biases in these quan-
tifications [Choi et al., 2019, Reinius and Sandberg, 2015, Kim and Marioni, 2013].

1.3.7 Non-sequencing based methods to measure allelic imbalance
All so far described methods rely on the presence of known heterozygous variants be-
tween the paternal haplotypes, which require genetically heterogeneous populations or be-
spoke animal models. There are currently no methods that provide a generalizable ap-
proach to map alleles in the absence of these variants. If the homologous chromosomes
are genetically indistinguishable, the only other discerning factor is their nuclear position.
This allows for imaging-based methods to be used to measure allele-specific signals, for
example by RNA-fluorescence in situ hybridization (FISH) or labelling in transgenic lines
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[Herzing et al., 2002, Raj and van Oudenaarden, 2008, Ginart et al., 2016]. This approach is
a standard readout when characterizing the active and inactive X-chromosome, where the in-
active X can additionally be tagged by the lncRNA Xist, although these approaches are rarely
quantitative [Yue et al., 2014]. However, single-molecule FISH can be used to count transcripts
with essentially full sensitivity, and by measuring chromatin-associated RNA, these can be as-
signed to the chromosome of origin [Chen et al., 2015]. Similarly, chromatin accessibility can
be visualized at individual chromosomes [Chen et al., 2016]. However, these approaches do
not currently scale in a genome-wide manner.
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1.4 Statistical analysis of allele-specific single-cell omics data
The analysis of allele-specific sequencing data parallels the count based statistical models that
have been used for the analysis of total read counts - but using a binomial model for fractional
count data (k out of n) instead of poisson-like model for total counts. In this chapter, I am
going to discuss the foundations underlying modelling of count-based data. Secondly, analysis
of sequencing data greatly relies on generalized linear modelling to test for phenotypes of
interest, while accounting for various sources of covariation and the count-based nature of the
data. Generalized linear models can be used to perform such analysis for non-gaussian data,
which I am also going to discuss. I am going to largely focus on RNA-Seq methods, but both
total and allele-specific analysis of other sequencing modalities can, to a first approximation,
be done equivalently.

1.4.1 From poisson to binomial statistics
While it is usually assumed that gene expression represents a continuous phenotype, sequenc-
ing methods measure mRNA abundance by counting a finite number of individual sequencing
reads. As such, measurement models for discrete data can be used, in particular the Poisson-
distribution with probability mass function to observe a count of k (k reads).

Pλ(X = k) = λ
k

k!
e−λ (1.1)

The single parameter λ is simultaneously mean and variance of the distribution and, in the
context of sequencing data, can be understood as a latent gene expression level. For large
λ, a normal distribution N(λ,

√
λ) is a good approximation of the Poisson distribution. For

high read counts, explicit handling of the measurement noise can therefore be omitted and
the counts can be considered approximately normal. This assumption, together with variance
stabilization methods underlies much of the standard pre-processing of sequencing data
[Luecken and Theis, 2019]. However especially for low read counts obtained in single-cell
sequencing methods, this is critical [Svensson, 2020].

When assaying allele-specific expression, one obtains two counts per measurement, either
kAllele1, kAllele2 or k = kAllele1, n = kAllele1 + kAllele2, the more common consideration with one
arbitrarily chosen read count and the total counts. While it would be possible to simply model
the two allelic expression levels independently, one will usually be interested their ratio, the so
called allelic ratio, allelic imbalance (or allelic balance). Modelling the direct relationships
between the alleles has a number of advantages, mainly that technical and biological factors
affecting the expression measurement will usually affect both measurements equally. Indeed,
assuming a multiplicative bias θ, the allelic ratio a given latent expression levels x1, x2 will be
given as

a = x1θ
x2θ

= x1
x2

(1.2)

and is therefore internally normalized. This additionally implies that sequencing depth is not a
factor that needs to be accounted for, as opposed to Poisson-distributed data. The natural way
to model proportions of counts is the binomial distribution with the probability mass function

Pn,p(X = k) = (n
k
)pk(1 − p)n−k (1.3)
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Like the poisson model, this is a one-parameter model with mean np and variance p(1 − p)n,
where p can be understood as a latent ratio between the two read counts. Like the poisson, the
binomial approaches a normal distribution with mean µ when n → ∞ and pn → µ. In allelic
analysis, this means that for high read counts, the allelic ratios p can be modelled as normally
distributed. However, modelling binomial probabilities respects uncertainty due to differences
in total read counts, which would be lost if one would work with allelic ratios and is critical for
sparse single cell data.

1.4.2 Accounting for overdispersion
When modelling multiple samples as draws from the same Binomial (or Poisson)-distribution,
one has to assume each sample represents a draw from the same underlying rate p (or level λ),
which is usually not given in practice, where the measurement is additionally distorted by both
biological and technical effects. Equivalently, it can be said that observed data is overdispersed
with regards to these underlying distributions, where the variance is fully determined by the
mean. To account for this, a common approach is to assume that p is drawn from a Beta-
distribution with parameters a, b, leading to the hierarchical model

k ∼ Bin(n, p) (1.4)
p ∼ Beta(a, b) (1.5)

where Beta(x, y) = cxa−1(1 − x)b−1 . By marginalizing over p, it can be shown that the joint
distribution has the form

Px,n,a,b = (n
x
)B(x + x,n − x + b)

B(a, b) (1.6)

Where B is the Beta-function B(a, b) = ∫
1

0 t
a−1(1 − t)b−1dt. This distribution is called the

Beta-Binomial and has mean and variance

µ = n a

a + b (1.7)

σ2 = nab(a + b + n)
(a + b)2(a + b + 1) (1.8)

= nµ(1 − µ)a + b + n
a + b + 1

(1.9)

= nµ(1 − µ)(θ(n − 1) + 1) (1.10)

In this way, the Beta-Binomial can be re-parametrized based on µ and θ, where µ is equiva-
lent to the Binomial rate p and θ controls the amount of excess variance compared to binomial
counting noise (Fig. 1.10). For Poisson-distributed data, there is an equivalent approach by
assuming a gamma-distributed λ ∼ Ga(µ, θ), where the compound distribution is called a
negative binomial, which underlies most approaches detecting differentially expressed genes
[Love et al., 2014a, Robinson et al., 2010].
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Figure 1.10: Demonstration of overdispersed binomial data. For different overdispersion parame-
ters, draws with p = 0.5 and n = 50 are shown.

1.4.3 Statistical testing in gLMs
While one can use the model introduced in the previous section to describe the observed dis-
tribution of reads given some expression level (which can also be motivated by mechanistic
models of transcription) usually one will be interested in differences in expression or allelic
ratio over some condition. Given a set of measurements y and a covariate indicator matrix X
for n covariates, the simplest model is to assume a linear (additive) relationship such that for
an individual sample i it is:

yi = β0 + β1xi,1 + ... + βnxi,N + ψi = Xb +ψ (1.11)

with introduction of an intercept term β0 that captures the mean of y and use matrix notation
to aggregate across all samples. By allowing for normally distributed error ψ = (ψ1, ..., ψn) ∼
N(0, σ2

n), to acknowledge that the measurement will be imprecise. In matrix notation, one can
write this as a probability distribution:

y ∼ N(Xb, σ2
nIN) (1.12)

To identify the optimal set of parameters β∗ one can maximize the likelihood of this distri-
bution or, equivalently, minimize the sum of the residuals y − Xb, which through analytical
optimization can be shown to be the ordinary least squares solution:

β∗ = (XTX)−1XTy (1.13)

The power of this linear model lies in its ability to encode arbitrary designs in X that are not
limited to continuous covariates. For example, in a two-group design X = (0, ...,0,1, ...,1), β
will measure the estimated group difference and statistical testing in this model is equivalent to
the t-test (analogously for multi-group designs and ANOVA). Also, non-additive interactions
between covariates can be encoded using interaction effect designs.

However, this model is appropriate only for continuous data with normally distributed residuals.
To make it applicable to count-based data, two modifications have to be made: First of all,
one no longer directly observes the dependent variable in the linear model, but replaces the
observations y with a latent variable that will be connected to the rate parameter of the noise
distribution. Finally, when the rate is only defined on a subset of the real numbers, an invertible
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link function has to be introduced that maps y to the rate. The resulting model is called a
generalized linear model, and for Poisson-noise is given by

k ∼ Poi(λ) (1.14)
φ(λ) = µ (1.15)

µ =
C

∑
n=1

βixi (1.16)

where the link function φ(x) = log(x) applied element-wise transforms µ to the positive real
numbers. A similar model that uses a negative binomial noise model underlies most meth-
ods for differential gene expression (edgeR and DESeq2). These models use empirical Bayes
estimation to stabilize the over-dispersion parameter estimates across many genes, since the
number of replicates in most experiments is too low for reliable inference [Love et al., 2014b].
For binomial data, the rate parameter p is restricted to (0,1), so the logit transformation
φ(x) = log( x

1−x) is usually used. This leads to the model

k ∼ Bin(n,p) (1.17)
φ(p) = µ (1.18)

µ =
C

∑
n=1

βixi (1.19)

This is also known as the logistic regression model, with k ∈ 0,1. In this model, p is the success
probability of the binomial, and the link function converts it into log odds log( p

1−p). The linear
model coefficients can be interpreted as a fold change in log odds, since for a one-parameter
model

β1 = (β1 + β0) − β0 (1.20)
= µ2 − µ1 (1.21)

= log( p2
1 − p2

) − log( p1
1 − p1

) (1.22)

= log(
p2

1−p2
p1

1−p1
) (1.23)

When accounting for overdispersion, one can replace the binomial with a beta-binomial and
introduce an overdispersion parameter vector θ we get

k ∼ BetaBin(n,p,θ) (1.24)
φ(p) = µ (1.25)

µ =
C

∑
n=1

βixi (1.26)

which will be the core model to describe allelic read counts in this thesis.
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To test for significant associations between covariates and read counts, one can use hypoth-
esis testing. The null hypothesis is that a parameter of interest β is equal to zero, while the
alternative is that it is not:

H0 ∶ β = 0 (1.27)
H1 ∶ β ≠ 0 (1.28)

In gLMs, statistical testing uses the likelihood function of the model and evaluates its differ-
ence between the null and alternative model. This difference can be quantified by different test
statistics S, whose distribution under the null is known. One can then evaluate the probability
to observe a test statistic as extreme as the observed one under the null and define a level at
which to make the decision to be confident enough to reject the null. This probability is known
as the p-value and is often arbitrarily set at 0.05. There are three commonly used test statistic
in gLMs:

The Wald test finds the maximum likelihood solution βMLE under the alternative model and
compares it to a null estimate β0:

S = (βMLE −β0)T (var(β∗)−1)(βMLE −β0) (1.29)

Intuitively, this is similar to a t-test, where the mean difference to the null is scaled by the
variance estimate. It can be shown under some assumptions that S ∼ χ2

d, where d is the
number of parameters in β and corresponds to the degrees of freedom of the χ2 distribution
[Love et al., 2014b].
More generally, a likelihood ratio test can be used. Here, one directly compares the likelihood
of null to the alternative model given the data with using the test statistic

S = log(Lalt/Lnull) (1.30)

is used after maximum likelihood estimation. It is likewise distributed as 2S ∼ χ2
d.

Finally, a score test can be used. The score statistic is given by calculating the derivative of the
likelihood function under the null:

S = σ(β0)T [var(β0)]−1σ(β0) (1.31)

where σ(β) = δL
δβ . The score test has the advantage that it does not require the MLE of

the alternative model to be computed, which can be more complex than the null. Again
the score is asymptotically distributed as S ∼ χ2,d where d is the number of parameters in
b [Heinen et al., 2021]. All of these statistical tests provide a p-value which represents the
probability under the null model to observe a test statistic that is at least as extreme as the
observed one. If this is unlikely, the most common threshold is p < 0.05, one assumes that
H0 is wrong. If the null model is correct, p will be uniformly distributed, which means that
if many tests are performed at a p-value cut-off of 0.05, 5% of these will yield a significant
result even when the null is true in every case (Type II error). This is called the multiple
testing problem, and requires taking stricter p-values to retain confidence in their validity (the
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changed p-value is also called an adjusted p-value padj). One approach is to multiply each p-
value p by the number of performed tests. This means that a cut-off p < 0.05 now controls the
probability of rejecting the null wrongly once among all test. This Bonferroni-procedure leads
to extremely conservative p-values. In sequencing data analysis, the more common approach
is to control the false-discovery rate (FDR) directly using the Benjamini-Hochberg method
[Benjamini and Hochberg, 1995]. Here, instead of multiplying by the number of tests, each p-
value is adjusted as padji = Npi

ri
whereN is the number of tests and ri is the rank of pi in a list that

orders the p-values from lowest to highest. By choosing the largest adjusted p-value padjj < 0.05,
this approach ensures at most 5% of type II errors, which is acceptable in many cases. It can be
immediately seen that every adjusted p-value except p1 is lower than the Bonferron-corrected
one, which makes this procedure less prone to type I errors (wrong rejection of H1).

1.4.4 Allelic fold change models
One recently introduced alternative approach shows how allelic ratios can be modelled using
standard gaussian or poisson statistics by introducing a linear model with an allele-specific
covariate [Mohammadi et al., 2017]. When working with gaussianized expression data, this
can be written as

log(yi) = β0 + βAxi,A (1.32)

βA captures the fold change difference in expression from the two alleles, which can be ex-
tended to joint modelling of multiple alleles. By using interaction terms, this approach can
immediately be used to assess differences in allelic usage, for example through

log(yi) = β0 + βAxi,A + βCxi,C + βACxi,AC (1.33)

Here, βC will denote the expression differences between covariate c and βAC will capture its
differential allelic usage. This approach should be advantageous especially when the allelic
ratio is close to being fully biased, which places the binomial rate close to its parameter bound-
aries. It also provides a somewhat more intuitive interpretation of the allelic difference as an
expression fold change. However, the power of this approach has not been directly compared
to the commonly used binomial model.

1.4.5 Bayesian reasoning in statistical models
Before continuing to discuss extensions of gLMs, I will briefly cover Bayesian statistical mod-
els. One can consider the Bayesian approach as an alternative to the (frequentist) reasoning
used in hypothesis-based testing, where the focus is on assessing the significance of individ-
ual parameters in some hypothesis test. In contrast, Bayesian analysis focusses on the models
itself and uses a full probabilistic description, including all parameters. This is done by replac-
ing each parameter with a probability distributions that encodes prior expectations. This prior
is then combined with the model assumptions (likelihood) using Bayes theorem to yield the
posterior distribution of the parameters θ, given an observed dataset D:

p(θ∣D) = L(D∣θ)p(θ)
p(D) (1.34)
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p(D) is the probability of observing the data after integrating over all possible model parame-
ters θ ∈ Θ. Intuitively, this means that our model includes an expectation over the distribution
of θ that is ”updated” by observingD. Therefore θ retains information about the entire space of
possible solutions including their uncertainty instead of a point estimate. To use this idea prac-
tically, a common approach would be to compare the posterior π(M ∣D) two models M0,M1

with different parameter specifications accounting for the prior π(M):

B = π(M1∣D)
π(M0∣D)/

π(M1)
π(M0)

(1.35)

= π(θ1∣D)
π(θ0∣D)/

π(θ1)
π(θ0)

(1.36)

= L(D∣θ1)
L(D∣θ0)

(1.37)

B is called the Bayes Factor and is equal to the likelihood ratio of the two models. Of
note, this approach directly accounts for and penalizes model complexity, which is difficult
with frequentist methods. The disadvantage is that calculation of the posterior is often an-
alytically intractable and has to be replaced by computationally intensive sampling methods
[Argelaguet et al., 2018].

1.4.6 Accounting for structure using gLMMs
The final extension to linear models relevant to this thesis comes in the form of mixed models.
These are generally used when there is additional information about the structure of samples
that extends beyond simple covariates. The idea is that we can encode this information as
a covariance matrix, so given fixed effect covariates X and associated parameters βX , our
covariate of interest z with parameter β we can write

y ∼ N(XβX + zβ,σ2
uK + σ2IN) (1.38)

where K is a covariances matrix encoding a random effect and σ2
u controls its strength. While

this examples illustrates normally distributed data, this approach can be linked to counting
noise models as in (24), transforming the linear mixed model into a generalized linear mixed
model (gLMM).

This approach has two main applications: First of all, K can represent known confounding
structure in the data that one wants to account for. One well known example are LMMs for
genetic association tests in the context of quantitative trait locus mapping [Yu et al., 2006],
where K controls for relatedness between subjects. A second example are gLMMs used for
the analysis of single-cell data. When comparing multiple replicates, cells within the same
sample will share some correlation structure and will not be independent. When not accounted
for, this leads to a pseudo-replication problem and inflated test statistics. Using a random
effect encoding sample identity, this can be accounted for [Zimmerman et al., 2021]. There is
currently an active debate over whether in practice, this approach provides an advantage over
simple summation across similar cells (”pseudo-bulk” analysis) for differential expression
analysis between multi-condition single cell datasets. It should be noted that sample identity
in this case can also be given as a fixed effect.
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The second broad use case of mixed models are variance component tests to associate a given
structure in the data with the dependent variable, rather than regressing it out. Mathematically,
this is realized using the hypothesis test H1 ∶ σ2

u ≠ 0 and can be done using the parameter tests
outlined in the previous section. Of note this approach allows for a relative quantification of
the variance explained, since for a model with M − 1 random effect components

y ∼ N(XβX , σ
2
u,1K1 + σ2

u,2K2 + ... + σ2
NIN) (1.39)

we can compute the fraction of explained variance for Ki as ρi = σ2
i

∑M−1
1 σ2

i +σ2 and in particular

the total non-technical variance as ρtot = ∑M−1
1 σ2

i

∑M−1
1 σ2

i +σ2 .

One recently published model called scDALI provides such a gLMM for the analysis
of allele-specific single-cell sequencing data and to test for cell type-dependency thereof
[Heinen et al., 2021]. Given counts (ki, ni) and a covariate matrix X the scDALI model can
be cast as

k ∼ BetaBin(n,p, θ) (1.40)
φ(p) = u (1.41)

u ∼ N(u0 +Xa, σ2
hom11T + σ2

hetK) (1.42)

Here, two variance components assess the evidence for differences in allelic imbalance relative
to a null imbalance u0 (usually u0 = 0 Ô⇒ p = 0.5) after accounting for the covariates.
The homogeneous (persistent) imbalance that is shared across cells is quantified by σ2

hom,
while a heterogeneous imbalance is captured by σ2

het and depends on a cell type structure
given by K. scDALI uses score tests to assess the significance of the two components or their
combination. The pseudo-replication issue is solved by introducing a sample-level covariate
into X . Accounting for overdispersion can be done either globally or on the gene level. In
practice, the authors estimate a shared overdispersion parameter θ across all features which is
used for all feature-level tests.

1.4.7 Gaussian process regression
This use of LMMs to encode structural information in the data is closely linked to gaussian
process regression (GPR). GPR assumes the data is distributed as a multivariate Gaussian with
a structured covariance matrix:

y ∼ N(m(x,x),K(x,x)) (1.43)

where m(x,x) is called a mean function and K(x,x) is called the kernel function which
encodes our prior belief over the relationship between individual datapoints. A popular choice
is the radial basis function (RBF) kernel, given by

K(xi, xi) = exp(−
(xi − xj)2

σ2
) (1.44)
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which is high when points are close in x and therefore enforces smoothness in the fit,
depending on the length scale hyperparameter σ. However, kernels can also explicitely encode
parametric functions such as constant, linear, polynomial or periodic [Rasmussen, 2004].

Formally, the GP specifies a prior on the functions that we want to fit to the data. For this rea-
son, the normal distribution in (1.43) is actually infinitely-dimensional, as it spans the whole
input value space x. To use this prior to make predictions on experimental data of finite dimen-
sionality, one uses the joint distribution over the training and test points f ,fx:

[ f
fx

] ∼ N([ µ
µx

] , [ Σ Σx

ΣT
x Σx,x

]) (1.45)

This is using element-wise vector notation for the training and test mean-functions µ,µx and
denote the covariances with and between training and test data as Σ,Σx,x as well as Σx. To
predict the unknown distribution of test data based on training data, we write the conditional
distribution f ∣fx:

f ∣fx ∼ N(µx +ΣT
xΣ−1(f −µ),Σx,x −ΣT

xΣ−1Σx) (1.46)

GPR therefore represents the usage of a prior on the functions that fx defines. The output is a
posterior distribution with credible function values defined by the input data. If one assumes
gaussian noise on the data measurement, as done in linear regression, this amounts to adding
additional variance to the GP covariance:

[ ε
εx

] ∼ N(0, [σ
2I 0

0T σ2I
]) (1.47)

[ f
fx

] ∼ N([ µ
µx

] , [Σ + σ2I Σx

ΣT
x Σx,x + σ2I

]) (1.48)

GPR models can be fit by optimizing the log-likelihood, which involves optimization of
hyper-parameters included in the kernel functions. Their main benefits are their flexibility in
describing non-linear patterns in data, while being robust to overfitting, their main disadvantage
is computational complexity since computation of the covariance scales quadratically with the
number of input data points. In particular, GPs have been useful to describe spatiotemporal
data, where the covariance function encodes similarity of close data points. Indeed, one of the
main applications for GPs has been geostatistical data analysis, to which spatial transcriptomics
has obvious parallels [Stegle et al., 2010, Svensson et al., 2018, Velten et al., 2022]. Similarly
to the extension of linear models using gLMs, GPs can be applied to non-gaussian data by
coupling the function modelled by a GP to a noise model [BinTayyash et al., 2021].

1.5 Aims and outline of this thesis
Overarchingly, this thesis explores how single-cell resolved measurements of allele-specific
expression (and chromatin accessibility) can be used to inform the investigation of gene
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regulation. I make use of interspecific mouse hybrids, where two inbred strains with a high
density of single-nucleotide variants (around 1 / 100bp) are crossed and sequencing can assign
reads to paternal haplotypes based on the resulting heterozygous variants. Using single-cell
readouts, I can then probe ASE at cellular resolution, link it to the total expression state of
the cell, and both characterize its cell type-specificity and use cell-to-cell variation to infer
regulatory mechanisms. In Chapter 2, I first probe how genetically driven ASE varies during
cellular differentiation in vivo, for which I use spermatogenesis as a model system. I find
that interactions between cell type and ASE are remarkably pervasive, and demonstrate that
between mouse sub-species, cell type-specific transcriptional divergence is mainly driven
by cis-genetic effects. Chapter 3 moves to explore allele-specific expression driven by
X-chromosome inactivation. I develop an approach to classify X-inactivation haplotypes
which allows us to quantify escapee expression at the single-cell level, revealing unappreciated
variability in escape among immune cells. I use this approach to test the hypothesis that ageing
leads to loss of integrity of XCI and increased escape, and observe that this is only the case
in clonally expanding lymphocytes. In Chapter 4, I finally attempt to provide a potential
mechanism of variable escape, by showing that the Xist long-noncoding RNA can silence
escapees chromosome-wide. I also use this system to quantify the resilience of escapees to
silencing. These results showcase the power of coupling allele-specific expression analysis to
single-cell readouts. I will finally discuss future directions, such as perturbation experiments
with allelic readout, as well as challenges in transferring these approaches to human samples.

1.6 Publications
The results in this thesis are part of the following publication:

Jasper Panten, Tobias Heinen, Nils Eling, Christina Ernst, Rebecca E. Wagner, Maja Satorius,
John Marioni, Oliver Stegle*, Duncan T. Odom*; The dynamic genetic determinants of
increased transcriptional divergence in spermatids. Nature Communications (accepted,
equal contribution)

Manuscripts on the results in Chaper 2 / 3 are currently in preparation.

1.6.1 Other contributions
Contributions to published papers or preprints that are not covered in this thesis:

Ivana Winkler, Alexander Tolkachov, Fritjof Lammers, Perrine Lacour, Nina Schneider,
Marie-Luise Koch, Jasper Panten, Florian Grünschläger, Klaudija Daugelaite, Tanja Poth,
Simon Haas, Duncan T. Odom, Angela Goncalves; The function and decline of the female
reproductive tract at single-cell resolution. 2022, biorxive

Jasper Panten*, Stefania Del Prete*, James P. Cleland*, Lauren M. Saunders, Job van Riet,
Anja Schneider, Paul Ginno, Nina Schneider, Marie-Luise Koch, Moritz Gerstung, Oliver Ste-
gle, James M. A. Turner, Edith Heard*, Duncan T. Odom*. Four-Core Genotypes mice har-
bour a 3.2MB X-Y translocation that perturbs Tlr7 dosage. 2023, biorxive.



Chapter 2
The dynamic genetic determinants of
increased transcriptional divergence in
spermatids

Overview: Cis-genetic effects are known to drive gene expression changes in tissues and
discrete cell types. However, it is still poorly understood how cis- and trans-effects act
across continuous trajectories of cellular differentiation in vivo. Here, I use an F1 hybrid
mouse system to quantify allele-specific expression during spermatogenesis at the single-
cell level, which allows me to comprehensively quantify cis- and trans-genetic effects,
and in particular their dynamic changes across cellular differentiation. In total, I show
that almost half of the genes subject to genetic regulation show evidence for dynamic
cis-effects that vary during the differentiation process. My approach also allows me to
robustly identify dynamic changes in trans-effects, which are substantially less common
than cis-driven ones. I demonstrate that genetic effects shows the strongest effect sizes
in round spermatids, which contributes to their increased transcriptional divergence that
we detect across multiple species. My work quantifies genetic effects in an example of
cellular differentiation in vivo, and demonstrates a generalizable strategy to dissect the
impact of regulatory variants on gene regulation in dynamic systems.

Contributions: This study is joint work between the Stegle and Odom labs. The project
was conceived by Oliver Stegle, Duncan T. Odom and me. Tobias Heinen developed the
scDALI model and software. Christina Ernst and Nils Eling generated and performed
preliminary analysis of the cross-species dataset in Figure 5, under supervision by John
C. Marioni. Rebecca E. Wagner contributed to functional genomics experiments and
Maja Satorious assisted with the generation of scRNA-Seq libraries. I generated all
other data, performed computational analysis and designed all figures. Duncan T. Odom
and Oliver Stegle supervised the study and wrote the manuscript with me. The paper has
been accepted for publication as:
Jasper Panten, Tobias Heinen, Nils Eling, Christina Ernst, Rebecca E. Wagner, Maja
Satorius, John C. Marioni, Oliver Stegle, Duncan T. Odom. The dynamic genetic de-
terminants of increased transcriptional divergence in spermatids. Nature Commu-
nications
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2.1 Introduction
The probably most common cause of allelic imbalance in gene expression is the presence
of regulatory variants in the genome that differentially affect the two copies of a gene
[Cleary and Seoighe, 2021]. In recent years, it has become increasingly clear that the
interactions of these variants with the cell type-specific regulatory machinery are critical
to understand when and how they act, including for trait- and disease-associated variants
[Kim-Hellmuth et al., 2020]. However, we still lack a complete understanding about how these
interactions function and how pervasive they are. Recently, single-cell based approaches have
expanded the ability to fine-map these effects to specific cell types with unprecedented resolu-
tion, but have also been shown to capture more subtle variation between sub-celltypes and cell
states. These studies mapping the context-specificity of common genetic variants show that dy-
namic effects are the rule rather than the exception. A specific interest has been the detection of
differentiation-dependent genetic effects during developmental processes, which might be crit-
ical for phenotypic variation [Zhernakova et al., 2017, Jerber et al., 2021, Cuomo et al., 2020,
Strober et al., 2019, Sarkar et al., 2019, van der Wijst et al., 2020, Elorbany et al., 2022].

While working with human data has obvious practical interest to understand the genetic
effects underlying disease and general phenotypic variability, samples are generally difficult
to obtain, limited to accessible specimens like blood or post-mortem tissues. Furthermore
environmental exposure effects and the complex genetics of outbred populations introduce
variability, necessitating large sample sizes to perform powered mapping of genetic effects.
Therefore, studies in model organisms have purpose in particular to understand the general
architecture underlying sequence-to-phenotype links or to nominate molecular mechanisms
that turned out to be conserved in humans [Albert and Kruglyak, 2015]. An advantage is that
experiments using model organisms can be designed to have defined genetics. For example,
the collaborative cross generated offspring by crossing eight inbred, fully homozygous mouse
strains that can be used to map the effects of parental genotypes that are randomized through
meiotic recombination [Threadgill et al., 2011]. The known set of variants combined with
the consistent environmental conditions in these animals make studies using the mice more
powerful at the same sample number than for example human studies. This suggests that
these approaches should be beneficial to detect trans-effects and context-dependent effects,
that require larger power. To further reduce the complexity, one can perform an outcross
between two species only. In the F2 generation meiotic shuffling will then allow to perform
QTL mapping of all differences between the founder strains. These studies have revealed
development and cell type-specific action of cis- and trans-effects, in particular in nematodes
[Francesconi and Lehner, 2014, Ben-David et al., 2021].

An even more simplified system is provided by generating an F1 cross between two ho-
mozygous founders. In this setting, cis-effects can be read out directly by assessing allelic
imbalance in the hybrid animal. Additionally, one can compare the allelic usage in the
hybrid to the expression differences in the two founder strains. Since, as described ear-
lier, allelic imbalance isolates the cis-driven portion expression divergence since the two
alleles are measured in the same trans-regulatory environment, the difference between
allelic ratios between F1 and F0 has to be driven in trans. This approach has been pow-
erful to demonstrate that the vast majority of gene expression divergence between closely
related species is driven by cis-effects, that is, by the direct action of sequence changes
[Wittkopp et al., 2004, Wittkopp and Kalay, 2011, Goncalves et al., 2012, Tirosh et al., 2009].
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However, it is not known if context-specificity in genetic effects is primarily driven by
interactions of cis-effects with the cellular environment or context-specific trans-effects.

Of note, this analysis directly interrogates the expression divergence that drives phenotypes
between sub-species that can still be hybridized. This setup is therefore a powerful approach
to understand how small genetic changes drive changes in expression regulation and thereby
novel phenotypes. It has been suggested that trans-effects are more likely to be cell type-
specific than cis-effects, as the presence of trans-actors will depend on the cell type, but this
has not been comprehensively addressed [Yazar et al., 2022].

Here, I sought to develop an approach that comprehensively maps the variability of genetic
effects during differentiation in vivo. I achieve this by combining an F1 hybrid approach with
single-cell RNA-Sequencing, which allows me to dissect the cis- and trans-contributions to
transcriptional divergence at high resolution.

2.2 Separation of cis- and trans-effects in F1 hybrid designs
The F1 hybrid trio model has been originally introduced in Wittkopp, 2004 and is based on the
following assumptions: When allele-specific expression of two alleles is measured from the
same cell, one can assume that the sum of trans-factors acting on expression of each allele is
the same (Fig. 2.1) [Wittkopp et al., 2004]. Therefore, any allelic difference detected will be
caused by cis-acting effects, which impact the allele that is on the same chromosome as the
variant. In this way, measuring ASE in F1 hybrids shows the sum of all cis-acting effects on
a gene, and measuring ASE between F0s gives the sum of aggregate cis and trans-effects.
By combining this setup with single-cell resolved measurements of expression, I can now
measure cis-effects at single-cell resolution and trans-effects by comparing cells in similar
transcriptional states across the F0s and the F1. Consequently, this approach quantifies genetic
effects across (continually changing) cell states, and therefore characterizes the dynamics of
genetic regulation.

I chose spermatogenesis as a model differentiation process for multiple reasons. Most im-
portantly, it represents a simplified unidirectional and highly continuous process that has
been shown to be captured well in single-cell transcriptomics and involves minimal tis-
sue treatment during the experimental protocol [Ernst et al., 2019]. Secondly, spermatogen-
esis is known to show rapid transcriptional divergence between closely related and distant
species [Murat et al., 2022, Shami et al., 2020, Soumillon et al., 2013, Brawand et al., 2011,
Kopania et al., 2022].
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Figure 2.1: Conceptual outline of the project. I am using a previously established system to dissect
cis- and trans-effects. By coupling it to single-cell expression readouts, I can then quantify variability
in these effects across cell types. Additionally, the cells can be ordered according to their position in the
differentiation timeline using the whole transcriptome information.

2.2.1 Single-cell RNA-Sequencing of testis cells from an inter-specific F1
mouse cross and the parental strains

To analyse the context-specificity of genetic effects in primary mouse tissues, I generated
single-cell RNA-Sequencing data from 6 mice each of the standard lab strain C57BL6
(specifically C57BL6-Ly5.1, abbreviated B6 from here), the wild-derived CAST/EiJ (CAST)
strain and their immediate F1 cross (2x B6xCAST, 4x CASTxB6 where the first strain denotes
the female in the cross) (Fig. 2.2a). C57BL6 most closely represents the Mus musculus
domesticus sub-species, while CAST is Mus musculus castaneus, with approximately 500
thousand years seperating the two sub-species [Wong et al., 2015]. Previous whole genome
sequencing efforts identified 17361111 million SNVs between the two strains, corresponding
of a SNP density of 6.94 SNPs / kb [Keane et al., 2011]. The experiments were performed in 3
independent runs, where each run consisted of 2 samples per strain.
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I first processed droplet-based scRNA-Seq data from testis in an analogous way as previously
published [Ernst et al., 2019]. To allow for an integrated analysis of gene expression levels
across strains, I used the standard mm10 genome (derived from the B6 strain) as a refer-
ence where the CAST-derived SNPs were N-masked to reduce mapping bias. In order to
facilitate cross-comparisons between the different species, I used mutual-nearest-neighbour
(MNN) integration methods across all individual libraries to define a joint gene expression
space [Haghverdi et al., 2018]. Upon visualization using Uniform Manifold Approximation
and Projection (UMAP), samples were found to readily integrate within and across species
(Fig. 2.2b). I then used clustering and marker gene expression to classify cell types in the
dataset. In the UMAP-projection, germ cells formed a stereotypical one-dimensional differen-
tiation trajectory, allowing for the annotation of different spermatogenic sub-stages, including
meiotic stages (Leptotene, Diplotene, Meiosis I and II) and different stages of Spermiogenesis
(Round Spermatids 1-6 and Elongating Spermatids 1-6) (Fig. 2.2c).

Figure 2.2: Integration of F0 and F1 testis datasets. (a) Experimental outline of the data generation.
B6 and CAST mice are crossed into a hybrid, and 6 individual animals per experimental group are
processed using 10x-based scRNA-Seq. (b) UMAP of MNN-integrated samples, split by experimental
replicates (two biological replicates each). (c) Joint UMAP across all samples, with annotated cell types.

Across libraries, the dataset contained 54,863 cells split into 1,202-4,361 cell per library (Fig.
2.3a). Quality control metrics such as genes detected per cell and cell type marker gene ex-
pression were highly reproducible within and across species (Fig. 2.3b, d). In particular,
I validated marker gene expression for Sertoli (marker gene Cst12, Cldn11), Leydig (Insl3,
Fabp3) and endothelial / immune cells (Acta2)) as well as germ cells (spermatogonia (Dazl,
Stra8, Dmrt1), spermatocytes (Hormad1, Piwil1, Pou5f2, Aurka), round spermatids (Tex21)
and elongating spermatids (Prm1, Atg7, Akap4, Tnp1)). Finally, cell type compositions were
consistent across samples, with spermatids (RS, ES) and spermatocytes (SC) making up the
majority of sequenced cells (Fig. 2.3c). These results are in line with previous single-cell
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surveys and textbook knowledge of testicular cell types, indicating a high quality dataset with
strong technical reproducibility ([Ernst et al., 2019]). Furthermore, they demonstrate the func-
tional conservation of core gene expression patterns across closely related mammals. For all
subsequent analysis, I removed the somatic cell types and focussed on the differentiation of
spermatocytes and spermatids.

Figure 2.3: Dataset metrics across species and experiments. (a) Barplot showing the number of
cells per experimental replicate before (grey dot) and after (black dot) filtering out technical outliers.
(b) Violin plot showing the distribution of detected genes across experimental replicates. (c) Barplots
showing the cell type distributions per experimental replicate. (d) Dotplot showing gene expression of
marker genes across replicates. For each gene, the normalized gene expression is aggregated across cells
per cell type and library.

2.2.2 Mapping of allele-specific gene expression from droplet-based
scRNA-Seq data

In the second step, I aimed to verify that allele-specific gene expression could be quantified
in a robust and reproducible manner from droplet-based scRNA-Seq data. Expression profiles
generated using the 10x genomics platform are 1) sparse (median 4602 UMI / cell and detected
1791 genes / cell in the dataset) and 2) shows a strong 3’ bias, as the final sequencing library
only contains fragments that include the cell and UMI barcodes at the end of the transcript,
both of which limit the detectability of allele-specific expression. I therefore sought to assess
the resolution of allele-specific signals in the data. Using SNV sets between B6 and CAST
I determined which reads were derived from the maternal and the paternal haplotypes and
performed the same quantifications in the parental strains as a control. Reassuringly, virtually
all (>99.7%) allele-resolved reads in the parental strains mapped to the expected parental
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genotype, while in the F1 mice, approximately half of the reads were derived from each
strain (Fig. 2.3a-d). Furthermore, I found that maternally inherited chromosomes (X and
mitochondrial) were only expressed from the maternal haplotype in F1 mice (Fig. 2.3f). In
total, 25.82% of reads were assignable to a parental haplotype, which corresponded to robust
allelic quantifications of 6,495 genes, (54.98% of detected genes at more than 50 reads per
sample). In total, these results indicate that 10x Chromium-based single-cell RNA-Seq is a
valuable tool for the detection of allele-specific signals in complex tissues, although there is a
limitation in the detection of lowly expressed genes.

During differentiation, germ cells undergo ploidy changes from 2n (spermatogonia) to 4n (at
the beginning of Meiosis I) and again to 2n (after the first meiotic reduction) and 1n (in round
spermatids, after both meiotic reductions) [Ernst et al., 2019]. From the DNA content, it would
therefore be expected that spermatids should show gene expression only from a single parental
haplotype. However, I observed chromosome-wide bi-allelic gene expression in individual
round and elongating spermatids, similar to di- and tetraploid cells (Fig. 2.3e). This is due
to the fact that spermatids do not undergo full cytokinesis in the second meiotic division, but
remain connected through ”cytoplasmic bridges” that allow transfer of proteins and mRNA
between sister cells. From an evolutionary perspective, this phenomenon is thought to provide
essential X-linked gene products to cells with a Y-chromosome, thus avoiding reduced fitness
of sperm with different sex chromosomes [Bhutani et al., 2021]. In this context, I can therefore
treat spermatids as functionally diploid when assessing allele-specific expression as I cannot
distinguish whether transcripts are derived from a neighbouring cell.
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Figure 2.4: Quantifying allele-specific expression in mouse germ cells. (a-c) Scatterplot showing
allele-specific read counts in B6 F0 (a), CAST F0 (b) and hybrid mice (c). Allele-specific counts are
aggregated across all samples. (d) Boxplots showing allelic ratios per cell. Alternative (Alt) counts are
CAST-dervied, reference (Ref) from B6. Percentages above the plots indicate the proportion of reference
counts. e Violin plots showing allelic ratios per cell for chromosomes 1 and 10 in spermatogonia (SG),
spermatocytes (SC), round spermatids (RS) and elongating spermatids (ES). Note that haploid cells
do show diploid expression, similarly to di- and tetraploid cells. f Scatterplot show log allelic fold
changes B6

CAST in F1 against F0 for samples from the forward cross (female B6 x male CAST). Genes
on maternally (B6) inherited chromosomes show clear bias in the F1, but not in the F0.
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2.2.3 Cis- and trans-regulatory contributions to strain-specific expression
in testis

Having established the high quality of cell state, gene expression and allelic signals in the
dataset I next moved to analyse expression differences between F0 animals of the B6 and
CAST strains. Using DESeq2, I tested for differential expression across pooled whole germ
cell pseudobulk, as well as separated pseudobulk libraries of spermatocytes, round and elon-
gating spermatids [Love et al., 2014b]. I furthermore characterize the strength of differential
expression using the log fold change between allelic read counts xB6 and xCAST (allelic fold
change, [Mohammadi et al., 2017]):

aFC = log2
xB6

xCAST
(2.1)

Across the different comparisons, this analysis demonstrates widespread transcriptional
changes between both strains, detecting between 27.13 - 46.3% of genes as differentially
expressed (Benjamini-Hochberg adjusted p-value < 0.1) and 12.23 - 20.01% with an absolute
allelic fold change of at least 1 (Fig. 2.5e).

Figure 2.5: Allelic differential expression analysis on main germ cell types. (a) Volcano plots show-
ing the result of a differential expression analysis between the two alleles. Genes are considered dif-
ferentially expressed if they are detected at an FDR < 10% and stratified by whether their absolute fold
change exceeds 0.5.

Differential expression between two strains can be the result of genetic variation affecting
the expression of nearby genes in cis or by altering function or expression level of dif-
fusible factors which in turn affect gene expression levels in trans [Wittkopp et al., 2004,
Goncalves et al., 2012]. These two scenarios can be distinguished by measuring gene expres-
sion of the two strain-specific alleles in the same trans-regulatory environment, for example in
the nucleus of an F1 animal, and comparing it to the allelic expression levels in the parental
strains, where both cis- and trans-acting factor influence transcript levels. Mathematically, I
therefore define F0, F1, cis- and trans-allelic fold changes as follows:

aFCF0 = log2
xF0
B6

xF0
CAST

aFCF1 = log2
xF1
B6

xF1
CAST

aFCcis = aFCF1

aFCtrans = aFCF1 − aFCF0
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where xSa represents the number of reads mapping to an allele a in strain S. I next
sought to classify genome-wide, whether the differential expression of genes were driven
by cis- or trans-effects. To this end, I re-implemented a statistical model first presented in
[Goncalves et al., 2012]. In this framework, it is assumed that the presence of cis- and trans-
effects on allelic-specific gene expresion will lead to allelic fold changes as follows:

conserved: No difference in expression levels between alleles in F0 or F1,
aFCF0 = aFCF1 = 0

cis: Different expression levels between alleles, with the same difference in F0 and F1,
aFCF0 = aFCF1 ≠ 0

trans: No difference in expression levels between alleles in F1 but a difference in F0,
aFCF0 ≠ aFCF1 = 0

cis + trans: No difference in expression levels between alleles in F0 or F1,
aFCF0 ≠ aFCF1 ≠ 0

Next, the model places distributional assumptions on the generative process the data is derived
from. For a given gene, let xi and yj be the observed reference and alternative F0 counts
that are adjusted for sequencing depth by downsampling in a given replicate. Let kl, nl be the
reference and total counts in in a given F1 replicate. I assume that xi, yi are generated from
Poisson-Gamma distributions with mean parameters px, py and over-dispersion r and that kl, nl
are generated from a beta-binomial distribution with mean parameter π and over-dispersion θ:

xi ∼ Poi(λx), λx ∼ Ga(r, px/(1 − px))
yj ∼ Poi(λy), λy ∼ Ga(r, py/(1 − py))

kl ∼ Bin(nl, pl), pl ∼ Beta(π/θ, (1 − π)/θ)

For the Poisson-Gamma distributions, I used DESeq2 to estimate gene-specific over-dispersion
parameters r.
As px

(1−px) ,
px

(1−px) and π correspond to the average gene expression levels of both strains and
within the F1, I can translate the regulatory categories defined above into restrictions on the
mean parameters:

conserved: px = py and π = 0.5

cis: px ≠ py and π = px/(1 − px)/(px/(1 − px) + py/(1 − py))

trans: px ≠ py and π = 0.5

cis + trans: px = py and π ≠ 0.5

For statistical inference, I now fit the observed data to each statistical model using maximum
likelihood with each parameter restriction and identify the most likely model using the
Bayesian Information Criterion (BIC). Specifically, I computed the BIC for each model
and assign a gene to the conserved category, if for no alternative model the difference in
BIC ∆BIC = BICconserved − BICalternative > 4. If multiple alterantive categories showed
∆BIC > 4, I chose the category with the highest difference.
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I first assessed under which mode of regulation genes were across all germ cells, mirroring
an analysis of the tissue in bulk (I removed somatic cells, but these are a small fraction), as
performed in [Goncalves et al., 2012]. I found that the vast majority of genes showed either no
genetic effects (conserved) or cis-effects, while a much smaller fraction showed trans-effects
or cis and trans-effect (Fig. 2.6a). These results show that as in liver, the majority of gene ex-
pression changes are driven by cis-regulatory effects (Fig. 2.6e). I observe substantially fewer
trans-regulatory effects coinciding with cis-regulatory effects which might reflect differences
in regulatory effects between tissues, or differences in the technology utilized (bulk vs scRNA-
Seq). Indeed, I found significant but modest overlap between the regulated genes in testis and
liver. Besides being more common, cis-effects also showed stronger effect sizes (Fig. 2.6c, d).

Figure 2.6: (Caption on the next page.)
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Figure 2.6: Classification of genes into categories of genetic effects. (a) Scatterplot showing allelic
fold changes in F1 and F0 across all germ cells. Genes are classified using the framework described
above and colored by their category. The barplot underneath shows the fraction adn number of genes
annotated into the different categories. (b) As (a), but a separate analysis for spermatocytes (SC in the
following), round spermatids (RS) and elongating spermatids (ES). (c) Boxplot showing the magnitude
of cis-effects across categories. (d) Boxplot showing the magnitude of trans-effects across categories.
(e) Barplot showing the overlap between detected cis-, trans, and cis+trans-categorized genes. All genes
that are undetected in the testis dataset are excluded, which is shown more directly on the right. Anno-
tations of genetic effects in liver are used directly from the original publication [Goncalves et al., 2012].

2.2.4 Identification of cell type-specific cis- and trans-contributions
Having confirmed that most strain-specific expression is driven in cis, I next asked whether I
could identify differences in regulatory variation between cell types. To this end, I repeated
the assignment to regulatory categories for each of the major cell types (spermatocytes, round
spermatids and elongating spermatids). In each cell type I found that the majority of genes
was either conserved or regulated by cis-effects, with trans-effects playing a smaller role (Fig.
2.6a, b). Interestingly, I found more genes with genetic effects when aggregating all discoveries
across 3 cell types than by the whole-tissue analysis, suggesting that effects can be masked by
bulk level analysis (Fig. 2.7a). I next asked how often genes were categorized to show the same
effect category across cell types. This analysis showed that, first, a substantial number of genes
only shows genetic effects in specific cell types and, second, that a small proportion changes
regulatory categories (Fig. 2.7b). Finally, I aimed to test directly whether cis-effects differed
substantially between cell types. To this end, I fit a binomial linear model to the sample-
and cell type-level allelic counts kcs, ncs and used a likelihood ratio test to identify genes with
significant and strong differences:

kcs ∼ Bin(ncs, pc) (2.2)
logit(pc) = β0 + βcxs (2.3)

where pc represents the allelic ratio in cell type c and βc represents the cell type-specific dif-
ference in logit-transformed allelic ratios. This analysis showed 411 genes with differential
cis-effects between spermatocytes and round spermatids and 411 genes between spermatocytes
and elongating spermatids (Fig. 2.7c, d). Given that there seemed to be cell type-specificity
in allelic ratios, I asked whether these alone were sufficient to reconstruct a latent space that
would allow to separate cell type in the same way as total expression would. To this end, I
quantified the evidence for allelic imbalance ratios from 0.5 as the binomial deviance score in
every cell:

D = log(
Bin(n, k, nk )
Bin(n, k, p0)

) (2.4)

= k ⋅ log( k

n ⋅ p0
) + (n − k) ⋅ log( n − k

n ⋅ (1 − p0)
) (2.5)

Where p0 = ktotal
ntotal

summed acros all cells. In then subjected the resulting score matrix to princi-
pal component analysis and performed UMAP. The resulting UMAP structure groups cells of
the same cell type close to each other, suggesting that there is cell type-specific information in



2.2. Separation of cis- and trans-effects in F1 hybrid designs 48

allelic ratio profiles (Fig. 2.7e. This analysis should be caveated on whether this score is fully
independent on total gene expression levels.
Collectively, these results demonstrate that using single-cell readouts of allelic usage, I can
identify genes under genetic control in a transcriptome-wide manner and that genetic effects
vary substantially across cell types.

Figure 2.7: Variation in genetic effects across cell types. (a) Barplot showing how many genes are
assigned to have a genetic effect (cis, trans, cis+trans) when assigning them to counts derived from
aggregating the entire sample (”bulk”) as opposed to assigning them to major cell types seperately and
counting the number of genes with an effect in at least one cell type. The right panel shows the same
analysis, when subsetting on effects with a log-likelihood ratio of > 4. (b) Upset plot categorizing
genes into categories based on their genetic effects. (c) Scatterplot showing allelic fold changes be-
tween spermatocytes and round spermatids, colored based on whether differential allelic imbalance had
been detected (binomial linear model, FDR < 10% by likelihood ratio test). (d) as (c), comparing sper-
matocytes and elongating spermatids. (e) UMAP embedding of allelic ratios, overlaid with cell types
annotated based on total expression values.
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2.3 Dynamic models of cis- and trans-contributions to
species-specific expression

In the previous section, I analysed genetic effects in testes by treating the 3 major cell
types as distinct entities. However, this is clearly a simplification of the process by which
spermatogonia differentiate into spermatids, which features multiple continuous transitions
through differentiation stages. One exciting prospect of single-cell based methods is that it
can reconstruct such processes as, given sufficient sampling, one will be likely to capture cells
in all states and sub-states. Indeed, the dimensionality reduction in (Fig. 2.2c) shows that
the cluster definitions during germ cell differentiation are somewhat artificial as cell states
transition into each other.

2.3.1 Allelic variability during cellular differentiation
I therefore aimed to switch from a cell type-centric to a differentiation-centric view and
attempt to model genetic effects as a continuous function f: cell state → strength of a
genetic effect. To this end, I used principal curve analysis to fit a 1-dimensional trajectory
to the PC-compressed gene expression data. This analysis assigns a single coordinate in
differentiation to each cell in both F1 and parental datasets and clearly shows a progression
from the stem cell to the most differentiated states (Fig. 2.2a, b). I can consider this
trajectory as a pseudo-time of differentiation, as it captures its temporal progression through
repeated sampling from multiple asynchronous differentiation processes [Trapnell et al., 2014].

I next asked to which extent cis-effects were modulated by differentiation stage. From a sta-
tistical point of view, this analysis corresponds to the question of whether allelic imbalance
in F1 animals varies significantly across pseudotime. For this analysis I employed scDALI,
a binomial generalized linear mixed model to test genes for a) persistent cis-effects, that is,
unequal expression of the two alleles that is constant across pseudotime and b) dynamic cis-
effects, where the allelic imbalance varies [Heinen et al., 2022]. Visually, this corresponds to
a constant function centered at an allelic imbalance of 0.5 for genes with no cis-effect, while
a constant shift represents a persistent and any non-constant function represents a dynamic ef-
fect (Fig. 2.8c, d). The statistical tests are implemented as scDALI-hom and scDALI-het and
correspond to testing for significant variance components σ2

p and σ2
d respectively in the follow

model:

k ∼ Bin(n, p)
p ∼ Beta(µ, θ)

logit(µ) = u
u ∼ N(α, σ2

pI + σ2
dK)

where k and n are the cell-specific observed reference and total allelic counts and p is the
underlying allelic rate. In the scDALI-model, p is drawn from a Beta-distribution with
over-dispersion parameter θ to account for unmodelled technical or biological variability.
The vector of (logit-transforemd) mean allelic rates is then drawn from a multivariate normal
distribution with mean of a null allelic rate α (usually and in this case, α = logit(0.5) = 0)
with a covariance matrices that allow for constant shifts (σ2

pI) and temporal variation (σ2
dK).
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Similar to gaussian process regression, here K represents a kernel matrix that determines the
shape of the underlying function fit to the allelic rate. For simplicity, here I use an order-3
polynomial kernel P = [t, t2, t3],K = PTP.

2.3.2 Pervasive differentiation-dependence of cis-effects
I tested 4,039 genes with at least 1000 allele-specific counts per sample for persistent and
dynamic allelic imbalance to identify persistent and dynamic cis-effects. As an example,
I observed strong cell type-dependent allelic imbalance for the gene Ddt, which is highly
expressed in spermatocytes and whose expression drops on both alleles throughout spermio-
genesis. However, as the B6-allele drops faster in expression than the CAST-allele in round
spermatids I observed a strong stage-dependent effect on the allelic ratio (FDR < 10%) (Fig.
2.8c, d). Notably, in the genome-wide analysis, I found persistent effects in 2275 (56%) of
genes and dynamic effects in 1152 (29%) of genes. This corresponds to 44% of genes for
which the cell type-specific regulatory environment modulates the magnitude of the genetic
effect. Notably, 334 of dynamic effects did not show a persistent effect, meaning that they
would be missed if analyzing the tissue in bulk (Fig. 2.8d). Specifically, I found examples of
these genes that a) showed allelic imbalance in an extremely narrow window of differentiation
or b) showed opposite directions in allelic imbalance, both of which lead to a aggregate
imbalance close to 0.5 (Fig. 2.8e). I also showed that when encoding the cell state not as a
continuous, but a discrete variable (block covariance encoding cell types) I found fewer allelic
effects, demonstrating that in systems not well described by discrete cell types, power can be
gained by dynamic modelling (Fig. 2.8f-g).

Next, I asked when during cellular differentiation dynamic cis-effects occured. To this end, I
first derived estimated allelic trajectories using the Gaussian process model in scDALI. Here,
the model is simplified to a Gaussian data likelihood and I used Gaussian process regression
with a RBF-Kernel to derive a non-parametric fit to the allelic trajectory:

k

n
∼ N(α, σ2K)

I then performed hierarchical clustering on the z-scored inferred trajectories and identified
seven clusters of genes with similar changes in allelic usage (Fig. 2.9a). This analysis first
showed that groups of genes with changes in cis-effects exist across the entire differentiation
process. However, cell type transitions showed a concentration of changes and the two largest
clusters featured strongest changes during the transition from round to elongating spermatids.
This process features global chromatin remodelling and progressive silencing of transcription
caused by the exchange of histones to protamines, which might exacerbate differential allelic
effects on transcription [Rathke et al., 2014] . I next asked where during a gene expression
trajectory allelic balance would be strongest. To this end, I also used hierarchical clustering
to group genes with similar changes in total gene expression (the sum of both alleles) during
differentiation. I found that dynamic genetic effects occured similarly in genes that peaked
in expression early, intermediate or late and that there was little association between when a
gene was most strongly expressed and when it showed strongest allelic imbalance at a global
scale (Fig. 2.8b). Indeed, there was little association between allelic imbalance and expression
clustering across pseudotime (Fig. 2.8c).
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Figure 2.8: Dynamic modelling of allelic imbalance during spermatogenic differentiation. a
UMAP showing the progression of pseudotime estimates across the differentiation process, separated
by strains. b pseudotime scores are shown as a density, showing an equal distribution of cells across the
assigned pseudotime. c Top panel: Scatterplots showing expression of the B6 (black) and CAST alleles
across pseudotemporal ordering for the Ddt gene. The lines represent a LOESS interpolation. Middle
panel: The same data, visualized as allelic ratios. The green line and shading represent mean and
variance of the interpolated ratio of the scDALI fit. Lower panel: Schematic and cell type distributions
of germ cells across spermatogenic differentiation. d Schamtic showing the analysis approach. Genes
with persistent and dynamic allelic imbalance are detected using scDALI. On the right a Venn diagram
shows the number and overlap of detected genes. e Examples of scDALI results, showcasing different
classes of genetic effects. f Schematic showing an alternative analysis approach where cell types are
defined as discrete cell types instead of pseudotemporal ordering. f Venn diagram showing the overlap
between a static, dynamic and the cell type-specific modelling approach. f Bar plot showing the number
of genes with genetic effects between the three approaches.
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Figure 2.9: Clustering of ASE trajectories across spermatogenesis. a Heatmap showing z-scores of
allelic rate interpolations calculated by scDALI, where black represents a relative bias towards the B6
and brown towards the CAST allele. The genes are ordered into seven groups using hierarchical clus-
tering. The top panel shows total expression levels of all genes (grey) and histone protamine transition
genes (Prm1, Prm2, Tnp1, Tnp2). The bottom arrow indicates the stages of spermatogenic differentia-
tion across pseudotime. (b) Similarly, this heatmap shows z-scored total expression for the same genes.
Right annotations show hierarchical clustering results based on allelic trajectories (as in a, purple) and
total expression trajectories (green). (c) Heatmap showing the overlap between the two clustering anal-
yses in number of genes per cluster combination (left). On the right, ratios of observed against expected
number of genes if all clusters were equally distributed.
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2.3.3 Dynamic cis-effects are associated with transcriptional regulation
and chromatin accessibility

To investigate further which regulatory mechanisms might drive dynamic allelic im balance, I
specifically asked whether for individual genes, allelic imbalance would be strongest during
gene up-regulation, down-regulation or its highest point of expression. To this end I identified
726 genes that showed such a behaviour (from low to high and again to low expression) and
quantified allelic balance during the start and the end of this trajectory (Fig. 2.8a). I calculated
the strength of an allelic effect as the absolute difference to allelic balance ∣AI − 0.5∣ and
quantified it across 20% quantiles of the pseudotime where the gene in question is expressed.
I found both genes that were strongest early and late in differentiation, with allelic imbalance
more frequently escalating late (Fig. 2.8b). Late effects were also generally stronger (Fig.
2.8c) and were as common as genes peaking in AI throughout the trajectory (Fig. 2.8d). This
analysis suggests that allelic imbalance is associated with phases in gene expression where a
gene is actively regulated (up- or down). Also, the enrichment of genes with a strong allelic
imbalance during down-regulation suggests a possible mechanistic explanation for differential
allelic imbalance: When a gene is up-regulated, its transcript levels are mainly driven by
its transcription rate, while down-regulation will be driven both by changes in transcription
rate and changes in RNA stability, for example through differential activity of RNA-binding
proteins.

Figure 2.10: (Caption on the next page.)
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Figure 2.10: Strength of allelic imbalance across gene expression trajectories. (a) Schematic
showing the analysis approach. A gene expression-driven effect will be visible as a multiplicative change
across the gene expression trajectory. A stability-driven effect will lead to an imbalance only during
down-regulation. (b) Scatterplot showing allelic imbalance in the beginning (first 20% quantile) and the
end (80% quantile) for all considered genes. Genes are highlighted as ”early stronger” (green) if their
allelic ratio is at least 0.1 stronger than late and ”late stronger” (blue) if the reverse is true, or without
change if neither is true. (c) Violin plots showing the distribution of the absolute allelic effect across 20%
quantiles through the expression. (d) Barplots showing the number of genes which show the strongest
allelic effect in the respective quantile of pseudotime.

To further investigate the impact of transcriptional regulation on allelic imbalance, I next asked
if allele-specific chromatin accessibility was associated with allele-specific expression. To
this end, I performed ATAC-Seq in spermatocytes by using FACS-sorting to isolate tetraploid
cells. After data processing and identification of regions with open chromatin, I confirmed
that across two replicates, both total read count and allelic imbalance were well reproducible
and that I found many sites with allelic bias in chromatin accessibility (Fig. 2.11a,b). When
analyzing the genomic location of identified peaks, I observed that the majority overlapped
promoters or gene bodies, and only around 15% were located in intergenic regions (at least 3
kb away from any gene) (Fig. 2.11c). This is unlike chromatin accessibility profiles in most
somatic cells [Buenrostro et al., 2015], and shows that meiotic cells at this stage are depleted
for accessibility at distal regulatory sites.

To assess whether allele-specific chromatin accessibility (asCA) was associated with allele-
specific gene expression (asGE), I performed an enrichment analysis as follows: I identified
6,844 sites with an asCA > 0.1 (calculated as the absolute difference of the allelic ratio

B6
B6+CAST to 0.5). I then calculated the fraction of genes asGE that showed at least one peak
with asCA nearby. To obtain a null expectation, I shuffled the association between peaks and
genes randomly throughout the genome. I found that genes with asGE were more likely to
show asCA than expected randomly, and that this differences was stronger for genes with
higher asGE, suggesting that asCA might underly allelic differences in expression (Fig.
2.11d). To ask whether asCA was also able to predict cell type-specific asGE, I repeated this
analysis considering genes with asGE in specific cell types (SC, RS and ES). Spermatocytes
showed a higher coordination between asGE and asCA, which is expected as the ATAC-Seq
profiles were measured in SCs (Fig. 2.11e). These results show that there is a cell type-specific
association between asGE and asCA. asGE was also associated with spermatocytes-asCA in
other cell types, likely because the majority of genes show asGE across cell types (even if it is
variable). To finally assess coordination between dynamic asGE and chromatin accessibility,
I ranked all genes with dynamic AI by how much stronger AI was in spermatocytes. As
expected, genes with higher AI in SCs were more likely to show asCA nearby, reflecting an
association between cell type-specific chromatin accessibility and cell type-specific asGE (Fig.
2.11f,g).
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Figure 2.11: Allele-specific chromatin accessibility in spermatocytes. (a) Scatterplot showing the
number of reads per peak across the two analyzed replicates. (b) Scatterplot showing allelic ratios
between the two analyzed replicates. (c) Distribution of genomic location of the accessible sites. Exons,
Introns and untranslated regions are defined based on gene models, promoters as 3kb regions up- and
downstream the transcription start site. All other peaks are considered ”distal intergenic”. (d) Barplots
showing association analysis between allelic imbalance measurements in RNA and accessibility. (e) As
(d), but seperated by major cell types. (f, g) Analysis approach to associate dynamic allelic imbalance to
chromatin accessibility. Violin plots show asCA of peaks assigned to the nearest gene which are ranked
by the difference of allelic imbalance in spermatocytes and spermatids.
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2.3.4 Sequence conservation, but not other genomic features are predic-
tive of dynamic cis-effects

Finally, I aimed to identify other genomic features associated with dynamic allelic imbalance.
To this end, I adopted a machine learning procedure by asking if I could train a classification
model to predict whether genes showed cis-effects based on genomic properties. I included in-
formation 1) from my scRNA-Seq dataset such as expression level and intra- and inter-celltype
expression variability, 2) genic features such as gene length, promoter structure and the size
of untranslated regions, 3) sequence conservation and specifically SNV-densities between the
B6 and CAST strains and 4) the presence of promoters and enhancers derived from previous
publications [Roller et al., 2021].

I transformed the features if necessary and then trained two random forest classification
models to first predict whether a gene had any cis-effect (persistent or dynamic) and secondly,
among these genes, whether they had a dynamic as opposed to only a persistent cis-effect.
To assess model performance, I performed 5-fold cross-validation and then ranked features
by their mean decrease in accuracy. I obtained an average cross-validation AUC of 0.633 for
predicting persistent and of 0.605 for dynamic effects, showing that genomic features were
generally not strongly predictive (Fig. 2.12a). However, I found that genes with genetic effects
were under generally lower sequence conservation as measured both by PhastCons scores
and the SNV-density between B6 and CAST. Indeed, genes with dynamic cis-effects showed
even lower sequence constraint than genes with persistent effects, showing that variation in
gene expression is associated with sequence variability. I also found gene expression level to
be weakly predictive which likely reflects that the power to detect genetic effects is generally
lower for lowly expressed genes (Fig. 2.12b).

Figure 2.12: Prediction of genes with cis-effects from sequence features. ((a)) Summary of predic-
tion results. Feature importance is measured by mean decrease in accuracy when the respective feature is
remoed. Grey values represent the results when predicting genes with cis-effects from all tested genes.
Red values represent the prediction of genes with dynamic cis-effects from genes with persistent and
dynamic effects. (b) Violin plots showing the distribution of predictive features across effect categories.
Significance is estimated by Wilcoxons rank sum test, *< 0.1, **< 0.05, ***< 0.01, ****< 0.001.

In this section, I use dynamic modelling to provide a comprehensive characterization of genetic
effects acting in cis that vary across differentiation. Surprisingly, the strength of genetic effects
varies for more than 40% of cis-effects, highlighting their frequent context-dependency. These
dynamics can be partly explained to allele-specific chromatin accessibility, but to a lesser extent
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by genomic features. Finally, I show that increased allelic imbalance occurs during up- and
down-regulation of genes, providing a possible relation to differential RNA stability.

2.3.5 A novel approach to identify genes with dynamic trans-effects
Besides dynamic cis-effects, my experimental design uniquely provides the opportunity to
identify dynamic trans-effects that occur when a specific allele of a trans-acting factor influ-
ences gene expression. Classical genetic association tests are usually focussed on cis-effects
(that are close to the gene of interest). Meanwhile, trans-association testing effectively
requires regression every genetic variant against the expression of all individual genes, which
requires extremely large sample sizes for a powered analysis, and this is especially true when
context-specificity is considered. Meanwhile, an F1 design provides trans-components of
genetic effects by comparing allelic usage differences between F1 alleles (which are in the
same trans-regulatory environment and therefore isolate the cis-effect) and F0 alleles (which
are affected by both cis and trans). This controlled analysis is possible with few replicates
and can be easily extended to test for differentiation dependency. As an example, I visualized
the allelic expression trajectories Dnajc2 gene for which I observe a deviation between allelic
trajectories specifically in spermatids (Fig. 2.13a).

I therefore sought to extend the dynamic modelling approach outlined by scDALI to test for
differences in allelic usage between two trajectories, rather than just testing for variability in
one. To this end, I first needed to quantify allele ratios in F0 over differentiation. Since both
alleles are not measured in the same cell in the parental strains, I estimated a joint pseudotime
for all samples (strains) together and then grouped cells with similar pseudotime values into
100 evenly spaced intervals. I then quantify a bin-wise allelic ratio between F0s and with the
F1. This results in two allelic trajectories for which deviations show the presence of (dynamic)
trans-effects. Statistically, I describe the two trajectories through co-localized gaussian process
regression (Fig. 2.13b).

Specifically, I quantified F1 and F0 read counts kc, nc and xc, yc, per interval t0 < t1 < ... < t100
across pseudo-time and compute average allelic rates in an interval [ti, ti+1]

rtiF0 =
∑xc

∑xc +∑ yc
, rtiF1 =

∑kc
∑nc

, (2.6)

where the index c considers all cells in the interval ti. I then assumed for rF0 =
(r1F0, r

2
F0, ..., r

n
F0) and rF1 = (r1F1, r

2
F1, ..., r

n
F1) and with φ(x) = log( x

1−x) applied element-
wise:

(uF0

uF1

) = (φ(rF0)
φ(rF1)

) (2.7)

(uF0

uF1

) ∼ N((µµµF0

µµµF1

) ,(KF0,F0 KF1,F0

KF0,F1 KF1,F1

) + (σ11 0
0 σ21

)) (2.8)

,
µµµF0 and µµµF1 represent constant mean functions that model shifts of the allelic imbalance tra-
jectory from φ(0.5) = 0. KF0,F0 and KF1,F1 represent the covariance functions of the F0 and
F1 trajectories respectively and KF1,F0 , KF0,F1 are cross-covariance functions modelling corre-
lated or uncorrelated behaviour of the F0 and F1 functions. The normal approximation to the
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Beta-binomial likelihood in (2) and (3) is justified for high total counts ∑xc +∑ yc and ∑nc. I
therefore only considered bins with at least 100 aggregated reads across F0 and F1. I assumed a
single kernel function K with joint hyper-parameters across F0 and F1 (but potentially different
realizations), allowing me to write

N((µµµF0

µµµF1

) ,(KF0,F0 KF1,F0

KF0,F1 KF1,F1

) + (σ11 0
0 σ21

)) (2.9)

= N((µµµF0

µµµF1

) ,(σF0,F0K σF1,F0K
σF0,F1K σF1,F1K) + (σ11 0

0 σ21
)) (2.10)

= N((µµµF0

µµµF1

) ,(σF0,F0 σF1,F0

σF0,F1 σF1,F1

) ⊗K + (σ1 0
0 σ2

) ⊗ I) (2.11)

= N((µµµF0

µµµF1

) ,C⊗K + (σ1 0
0 σ2

) ⊗ I) (2.12)

where ⊗ is the kronecker product and σ1 and σ2 encode residual variation not explained by the
cell state. Based on this general GP model, I can now derive specific models for static and
dynamic trans effects:

no or only cis effects (1): No difference in allelic trajectory between F1 and F0:

µµµF0 = µµµF1 ,C = (1 1
1 1

)

only static trans-effect (2): Only constant shift between F0 and F1:

µµµF0 ≠ µµµF1 ,C = (1 1
1 1

)

static + dynamic trans-effect (3): Variable allelic trajectories:

µµµF0 ≠ µµµF1 ,C = (σF0,F0 σF1,F0

σF0,F1 σF1,F1

)

I fit all models using variational Gaussian processes (VGP model in the package gpflow) and
used the ELBO (evidence lower bound) as an approximation to the marginal likelihood of the
data under each model. Based on this, I defined Bayes Factors as the ratio of these marginal
likelihoods between two models. I defined evidence for static trans-effects as the Bayes factor
for model (2) against model (1) and dynamic trans-effects as evidence for model (3) against
model (1). Moreover, this framework allows to detect dynamic cis-effects by substituting K
with a constant kernel (Fig. 2.13c).

I next tested genome-wide by considering genes with significant evidence for trans-effects
when they showed a difference in log posterior probability > 10. This analysis shows 313 genes
with only persistent and 117 genes with dynamic trans-effects. To validate this analysis, I
considered the effect sizes for trans-effects. Let di = ∣rF0

i −rF1
i ∣ be the trans-residual for a given

gene in the pseudotime interval i, I can define a persistent trans-effect size dpers = mean(di)
and a variable effect size as ddyn = quantile(di,0.9) − di,0.9) (Fig. 2.14c). Genes with higher
evidence for trans-effect also generally show stronger effect sizes, showing that my analysis
identifies relevant genes. The observed trans-effects occur across different differentiation
stages and bias both alleles, which I specifically analyze for the genes Rnaseh2a, Tcp1, Guk1
and 4930503B20Rik and genome-wide (Fig. 2.14d). In the genome-wide analysis, I found that
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trans-effects more commonly peak late in differentiation (Fig. 2.14e). Finally, I showed that
similar to genes with cis-effects, trans-effects are associated with lower sequence conservation,
as evidenced by PhastCons scores. However, I do not find a stronger reduction of conservation
in dynamic genes (Fig. 2.13d).

I finally sought to analyze the co-occurence of cis- and trans-effects on specific genes. For this,
I needed to repeat the classification of dynamic cis-effects in my Gaussian process framework,
in order to derive Bayes Factors comparable between both analyses. To this end, I identified
dynamic cis-genes using the co-localized GP model, comparing between the static and dynamic
cis-models. I observed comparable numbers of genes with dynamic cis-effects at a log BF of
10 and show that this method and scDALI-het show strong overlap (Fig. 2.14a, b). Based on
this classification, I identified that in general, much fewer genes show trans-effects, and that
these are not more and potentially less often dynamic (Fig. 2.13e). I also observed that both
static and dynamic cis / trans-effects commonly co-occured on the same genes, with a stronger
enrichment for dynamic effects (Fig. 2.13f, g). This is in line with previous observations of
a large number of cis+trans effects in previous studies and suggests possible interactions of
different genetic effects on the same genes [Goncalves et al., 2012].
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Figure 2.13: Gaussian process models to detect dynamic trans-effects. (a) Allelic trajectories
measured in F1 and between F0 mice for the gene Dnajc2. Individual points represent aggregates in
100 evenly spaced intervals of pseudotime. The underneath arrow represents the most common cell
type at the respective pseudotime interval. (b) Schematic showing the analysis approach. Differences
between F0 and F1 trajectories, are decomposed into an additive shift and additional variation, which
captures persistent and dynamic trans-effects. (c) Scatterplot showing log Bayes Factors for persistent
and dynamic trans-effects. (d) Boxplot showing average exonic PhastCons scores for genes without,
persistent or dynamic trans-effects. (e) Barplots showing the absolute numbers and fractions of effects
that are dynamic, for cis and trans respectively. (f, g) Scatterplots comparing the evidence for cis- and
trans-effects that are persistent or dynamic. OR indicates the odds ratio of both effects co-occurring.
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Figure 2.14: (Caption on the next page.)
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Figure 2.14: Features and examples of dynamic trans-effects during spermatogenesis. (a) Scatterplot
showing the correlation between log Bayes factor and -log10(p-value) to test for dynamic cis-effects.
Smoothing line is derived by linear regression. (b) The same information, visualized as a ROC-curve,
to show correspondence between the two models. (c) Scatterplots showing the association between
persistent and dynamic trans effects sizes and evidence from the two models. (d) Examples of dynamic
trans-effects. Derived estimates for F0 and F1 allelic trajectories are shown in every case, with the
trans-effect size, of which the most extreme points are highlighted by arrows. (e) Heatmap showing the
intervals with strongest trans-effect sizes across pseudotime. (f) Evidence for dynamic trans-effects as
a function of allele-specific coverage, showing that expression level is not the main determining factor
in detecting genetic effects.

In summary, I describe a novel approach to detect dynamic trans-effects in a mouse model
system. These are relatively uncommon and are not more dynamic than cis-effects. I also
show that similar to cis-effects, trans-effects are associated with reduced sequence constraint.
Finally, I show that there is a moderate co-occurence of dynamic cis- and trans-effects on the
same genes, that is stronger than the co-localization of persistent effects.
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2.4 Species-specific gene expression dynamics are mainly
driven by cis-effects

Through the previous sections, I have demonstrated that a single-cell snapshot of gene
expression in a complex mouse tissue allows the analysis of both differentiation-dependent
genetic effects. I found that cis-effects are both more common and stronger than trans-effects,
which is in line with previous studies highlighting the predominance of cis-effects in shaping
strain- and species-specific gene expression [Wittkopp et al., 2004, Goncalves et al., 2012].
My data now allows us to determine the impact of cis- and trans-effects on cell type-specific
expression divergence: One could theorize that a) it would be mainly a function of cell
type-specific trans-actors or b) it could be mainly a function of how the trans-regulatory
environment interacts with cis-acting effects in different contexts.

2.4.1 Dynamics in species-specific gene expression is mainly caused by
cis-effects

To address this question, I asked how similar the allelic trajectories were between F0 parental
(cis+trans) and F1 alleles (cis only). To this end, I first identified genes where strain-specific
expression varied across differentiation using a dynamic modelling approach equivalent to
the on used in the previous section. This analysis identified 924 genes, a similar amount as
genes with dynamic cis-effects. I compared these dynamics to trajectories of genetic effects
by using joint hierarchical clustering into seven clusters. This analysis shows which genes
show comparable behaviour over pseudotime, and whether divergence is more similar to cis-
or trans-effects. I found that differential divergence and cis-components showed highly similar
behaviours over pseudotime, whereas trans-effects differed markedly (Fig. 2.15a-c). Indeed,
63.6% of genes with dynamic expression divergence showed dynamic cis-effects, as opposed
to only 12.0% showing dynamic trans-effects (Fig. 2.15d). Also, clusters largely contained the
same genes between divergence and cis-effect patterns (Fig. 2.15e). These results demonstrate
that species-specific expression dynamics are very similar to the activity of dynamic cis-effects,
demonstrating that as persistent cis-effects drive tissue-level differential expression, dynamic
cis-effects drive species-specific context-specific divergence [Goncalves et al., 2012].



2.4. Species-specific gene expression dynamics are mainly driven by cis-effects 64

Figure 2.15: Trajectories of genetic effects compared to expression divergence. (a) Average F0
allelic ratio effect sizes (absolute deviation from 0.5) trajectories for different clusters. These are scaled
to their maximum (relative effect size, RES). The lower panel shows the average absolute effect size
(AES) interpolated during pseudotime. The pie-chart shows how genes are distributed across clusters.
(b) As (a) but for allelic ratios measured in the F1. (c) As (a), but showing the absolute difference
between F0 and F1 trajectories.
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2.4.2 Round spermatids show higher transcriptional divergence across
sub-species

I finally addressed if genetic effects are, on average, stronger in specific cell types. To
this end, I quantified the average strength of expression divergence, cis- and trans-effects
across pseudotime intervals (Fig. 2.15a-c, lower panels). This analysis revealed a strongly
increased concentration of expression divergence during the late round spermatid stage in all
three quantifications. Previous work has demonstrated that spermatids show stronger gene
expression divergence than other testicular cell types and that this drives accelerated evolution
of transcription levels in testes [Shami et al., 2020, Murat et al., 2022, Soumillon et al., 2013].
These results were shown to hold across primate species and broad vertebrate evolution.
One specific study analysed expression divergence between FACS-sorted mouse spermato-
cyte and spermatids, also suggesting that transcription levels changed faster in spermatids
[Kopania et al., 2022]. My results confirm and extend these findings to sub-species of mice. I
also show that expression divergence escalates during the course of differentiation. Further-
more, previous studies mainly implicated pervasive transcription of testis-specific genes in this
phenomenon. I demonstrate that this increased divergence is partly driven by stronger genetic
effects on widely expressed genes, which suggests that transriptional regulation is under lower
constraint in this cell type.

2.4.3 Stronger transcriptional divergence extends to closely related
species

I finally sought to validate and extend these findings by using a third strain of mice, Mus
caroli, that represents a full sub-species which can not produce offspring with Mus musculus
domesticus or Mus musculus castaneus. I used a previously generated single-cell RNA-Seq
dataset from testis of C57BL6, CAST/EiJ and CAROLI/EiJ in biological duplicates. I
processed the scRNA-Seq data in an analogous way to the F1 dataset and confirmed high
reproducibility in detected genes and celltypes between samples and strains (Fig. 2.16a-c).
As in the previous dataset, the individual samples readily integrated providing a cross-species
map of spermatogenesis with all expected cell types (Fig. 2.16d,e). Similarly, marker gene
expression and cell type proportions were highly consistent (Fig. 2.16f,g).
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Figure 2.16: Quality control of the three-species dataset. (a) Overview of the sample generation in-
cluding their evolutionary relationship and the number of biological replicates (n = 2). (b) Barplot show-
ing the number of cells before and after filtering for individual samples. (c) Distribution of UMI counts
per cell across individual libraries. (d) UMAP showing the joint embedding of individual libraries. (e)
Cell type annotations across three mouse species. (f) Gene expression of marker genesacross cell types
and species, for comparison see (Fig. 2.3d). (g) Cell type distributions as fractions of total for each
sample, showing high consistency.

I asked whether similar to B6 and CAST, CAROLI mice showed increased transcriptional
divergence late in differentiation, using the integrated representation of spermatogenesis across
the three species (Fig. 2.17a-c). To this end, I performed two sets of analysis: First, similar
to the last section, I asked which genes showed cell type-specific transcriptional divergence
across differentiation. To make the analysis comparable to the previous dataset, I used the
differentiation pseudotime defined in the F1 dataset as a reference. To this end, I identified
the 5 nearest neighbours in the F1 dataset based on pearson correlation coefficients for every
sample in the 3-species dataset and assigned the mean pseudotime value to the cell.
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Based on this definition of differentiation, I next used Gaussian Process Regression to iden-
tify genes that varied in species-specific expression measured as the absolute difference of the
allelic ratio to 0.5 over pseudotime (Fig. 2.17d,e). I identified 1521 genes in the B6/CAST
and 4135 genes in the B6/CAROLI comparison. Using hierarchical clustering, I found that
the majority of genes peaked in differential expression late in differentiation, similarly as in
the F1 dataset. Indeed, the average absolute divergence was strongest in round spermatids
for both comparisons (Fig. 2.17d,e, lower panels). As a second analysis strategy, I used
a correlation-based approach. To this end, I partitioned cells into their respective cell types
and then computed pairwise pearson correlation coefficients between 1) all pairs of B6 cells
within that cell types and 2) between pairs of B6 and CAST cells. I then repeated the same
analysis with B6-CAROLI pairs. I then compared the average correlation coefficients per cell
type and found lower correlations between species in round spermatid stages than in other cell
types, closely mirroring the results of the previous analysis (Fig. 2.17f). Collectively, these
analyses demonstrate increased transcriptional divergence in round spermatids across mouse
sub-species, mirroring previous results in divergent species and primates.

Figure 2.17: Expression divergence analysis across three mouse species. (a) Overview over the ex-
perimental design, including sequence divergence in SNV frequency compared to the reference genome
(B6). (b) UMAP plots giving showing the cross-species embedding of cells. (c) Legend of colors to
cell type groups. (d, e) Trajectories of expression divergence between B6 and CAST (d) or CAROLI
(e) across clusters. Lower panels show average absolute divergence across genes and pie charts show
distribution of clusters. (f) Results of correlation-based divergence quantification. Boxes show median
cell-cell correlation values within B6 cells (black) and B6-CAST (light brown) and B6-CAROLI cell
pairs (dark brown). Whiskers show 0.1 and 0.9 quantiles. Lower panel shows the difference in median
correlation values to B6, with an interpolated line.
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2.5 Discussion
Recently, a flurry of studies with increasingly high power has used single-cell RNA-Sequencing
to discover context-specific genetic effects using variations of QTL mapping in human samples.
Their primary conclusion is that to understand genetic effects, it is essential to measure them
in the right context, which primarily means cell type, but extends to for example disease, sex
and age. However, these studies are still largely underpowered, as measurements from human
samples are intrinsically noisy due to unobserved covariates and genetic association studies
carry a large multiple testing burden. This is particularly severe for both context-specific tests
and in particular trans-effects, that require ∼ 106 variants to be tested against ∼ 104 expressed
genes. Based on these studies, it is therefore difficult to assess, in a global manner, what the
extent of context-dependency is for either class of genetic effects.

Our approach allows for the discovery and analysis of context-specific variation in primary
mouse tissues. While genetic effects between specific mouse strains are generally of lower
interest than the genetic impact of variants on human traits, my approach provides a number
of unique advantages. I only require a small sample size, as variation between inbred strains
with defined genetics and under equal conditions is reproducible. Furthermore, up to the
detection limit of single-cell RNA-Seq, my approach comprehensively assays all genes. I use
this strength to show that during spermatogenesis, context-dependency is remarkably common,
affecting close to half of genetic effects. Furthermore, I observed that trans-acting variants are
less common and do not show higher cell type-specificity. I also show some evidence that both
chromatin accessibility and RNA stability might contribute to allelic effects. In the future, a
key contribution of genetics in model organisms could be to quantify the effect of different
regulatory mechanisms to context-dependency of genetic effects by employing single-cell
multi-modal readouts. This approach is starting to be used in QTL analysis settings.

One additional advantage of model organisms is that the analysis of genetic effects can be
easily coupled to treatment regimens. For example, allele-specific expression in human T-cells
has been analyzed to map interactions with immune responses [Gutierrez-Arcelus et al., 2020].
In mice, much more complex experimental designs can be used and analyzed in vivo.

A limitation of the F1 hybrid trio approach is that it does not directly link specific variants to
the gene of interest, but instead integrates over all genetic variation affecting it. On the one
hand, direct links will increase my understanding of the genetic architecture of expression
variability. On the other, summing over multiple variants means that I likely underestimate
their total action because they might cancel each other out. However, it might be reasonable
to assume that for the majority of genes, single or few variants explain most of the observed
divergence. Direct mapping of variant effects between two strains can be achieved through
meiotic shuffling in the F2 generation followed by QTL mapping across a large number of
individuals. Recent advances in single-cell technologies now allow for large sample sizes
through multiplexing [Srivatsan et al., 2020], which makes these experiments feasible, when
coupled to an opimized design in terms of individual and cell numbers [Cuomo et al., 2021].

In this chapter, I also present a robust approach to detect persistent and dynamic trans-effects
by joint modelling of allelic imbalance trajectories using Gaussian Process regression. This
extends the scDALI model to compare differences in allelic interpolations between conditions.
However, I used a simplified model that assumes Gaussian data noise instead of using a bino-
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mial likelihood, and this requires me to aggregate measurements across intervals of pseudotime
and to restrict the analysis to regions of high gene expression. A full model of trans-effects
could include the noise assumptions from [Goncalves et al., 2012] and be cast as:

yB6 ∼ NegBinom(µB6,θ1) (2.13)
yCAST ∼ NegBinom(µCAST ,θ1) (2.14)

kB6 ∼ BetaBinom(kB6 + kCAST , rF1 ,θ2) (2.15)

rF0 =
µB6

µB6 +µCAST
(2.16)

uF0 = logit(
rF0

1 − rF0

) (2.17)

uF1 = logit(
rF1

1 − rF1

) (2.18)
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uF1
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µµµF1

) ,(KF0,F0 KF1,F0

KF0,F1 KF1,F1

) + (σ11 0
0 σ21

)) (2.19)

This would allow to better account for variation in total expression levels and give reliable
results at low read counts.

Besides serving as a model for the structure of human genetics, closely related mouse
species can serve as a model for evolutionary dynamics. The F1 trio approach has previ-
ously shown that pure trans-effects are rare, and shown that expression and transcription
factor binding changes are usually directly resulting from sequence variation acting in cis
[Wittkopp et al., 2004, Goncalves et al., 2012, Wong et al., 2015, Stefflova et al., 2013]. I have
now shown that cell type-specific action of genetic effects can be similarly predicted from
cis-action alone.

In particular, my analysis confirms results from divergent species which states that the testis
and in particular spermatids show a faster accumulation of transcriptional changes compared
to other tissues and cell types [Murat et al., 2022, Shami et al., 2020]. Indeed, I show that this
increased divergence is already observable in closely related species. I did not observe the same
increase in divergence for elongating spermatids, however, this is likely due to lack of active
transcription and reduced mRNA amounts in these cells. An important contribution is that
previous studies largely attributed this increase to pervasive and spermatid-specific expression
of quickly evolving genes. I show directly, that cis- and trans-driven genetic effects show
increased activity in spermatid differentiation stages. This suggests that round spermatids not
only tolerate pervasive gene expression, but also show less constraint against changes in gene
regulation through genetic variants.



Chapter 3
The landscape of escape from X-inactivation
in immune cells

Overview: In female cells, one X-chromosome is inactivated, leading to mono-allelic
expression of most X-linked genes. However, a number of genes escapes X-inactivation
(XCI), retain full or partial bi-allelic expression from both active and inactive X (Xa/Xi)
and might increase gene dosage in a sex-specific manner. It has been suggested that these
dosage changes contribute to sex-specific phenotypes, in particular autoimmune disease.
However, it is largely unknown which genes escape in adult immune cells, how their
expression level varies across cell types and how it evolves during ageing. I therefore
developed a single-cell based approach to deconvolve random XCI across cells and to
quantify escapee expression. I show that X-inactivation is largely complete in adult im-
mune cells, but that cell type-specific escape exists. Strikingly, T-cell types that expand
strongly during ageing show a global increase in escape, while other cell types retain
a stable Xi. This global rise in escape affects leads to an increased expression dosage
of potentially functional genes, including Med14 or Cxcr3. Furthermore, integration of
escape measurements with continuous cell state annotations links instability of the Xi to
exhaustion phenotypes in T-cells. I finally confirm these results at the level of chromatin
accessibility. Cell type-specific escape is associated with an active chromatin state and
ageing leads to a globally more accessible Xi in CD8+ memory T-cells. This work shows
an unanticipated level of variation in epigenetically driven allelic imbalance across cell
types and ages, while also providing a first map of X-inactivation in complex tissues.

Contributions: This study represents joint work between the Stegle, Odom and Heard
labs. The project was conceived by Stefania del Prete and Agnese Loda. Stefania del
Prete performed all experiments related to this project and parts of the single-cell RNA-
Sequencing data preprocessing. I performed all other computational analysis and gen-
erated all figures used in this chapter. Agnese Loda and Edith Heard gave input on the
interpretation of results. Duncan T. Odom and Oliver Stegle supervised the project. A
paper including most findings from this chapter is currently in preparation.
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3.1 Introduction
Sex bias in disease is widespread, particularly for disorders with an immunological com-
ponent. This is true for cancer, infections and especially autoimmune diseases which show
sex biased incidences up to 90% [Billi et al., 2019]. Sex bias is multifactorial and can be
driven by differential exposures to environmental effects, lifestyle choices or the micro-
biome, but also intrinsic biological factors including sex hormone levels and chromosome
complement [Dhakal et al., 2022, Xing et al., 2022, Takahashi and Iwasaki, 2021]. NK cell
numbers are higher in males, although they are less functional, and CD4+/CD8+ T-cell ratios
are higher in females [Cheng et al., 2023]. Innate immune responses including Toll-like
receptor activity and antigen-presenting cell efficiency are likewise higher in females. These
cellular and molecular features are thought to cause enhanced immune responses associated
with better clearance of infections, but also an increased propensity to autoimmune disease
[Takahashi and Iwasaki, 2021].

An emerging area of research has linked escape from X-inactivation to changes in immune
function through specific X-linked genes known to participate in immunity, including Kdm6a,
Tlr7, Cd40lg and Cxcr3 [Souyris et al., 2018, Youness et al., 2021, Oghumu et al., 2019].
Lymphocytes have further been suggested to show alternative mechanisms to
maintain silencing of the Xi which might predispose them for increased escape
[Yu et al., 2021, Wang et al., 2016]. However, a direct link between chromosome com-
plement and immune phenotypes has not been established. Also, reports of immune cell
specific escape remain anecdotal and the heterogeneity across the many cell types of the
immune system is not well described.

The immune system changes during ageing, which presents a risk factor for autoimmunity
[Goronzy and Weyand, 2012] and drives organismal changes across non-immune tissues
(”inflammaging”) [Yousefzadeh et al., 2021, Chung et al., 2019, Franceschi et al., 2018]. For
example, there is an increase in inflammatory cytokines, a shift from naive to memory
lymphocytes and a reduction of the antibody repertoire [Santoro et al., 2021]. These pro-
cesses have been associated with loss of epigenetic integrity [Keenan and Allan, 2019]
and increased transcriptional variability across cells [Martinez-Jimenez et al., 2017].
Ageing has also been hypothesized to destabilize the Xi and lead to increased escape
[Grigoryan et al., 2021, Peeters et al., 2014]. In particular, the Otc has been shown to increase
in escape during ageing, which might be due to telomere shortening resulting in a loss of
silencing integrity on the Xi [Brown and Rastan, 1988, Schoeftner et al., 2009]. However, this
hypothesis has not been tested directly at genome and tissue scale.

In general, it remains unclear to which extent escape from XCI is context-specific. In mice,
X-linked genes with Y-linked gametologs (Kdm6a, Kdm5c, Ddx3x, Eif2s3x) and genes in the
pseudo-autosomal region in humans are known to escape across contexts, likely because this
retains dosage balance between XX and XY [Tukiainen et al., 2017]. Independently, genes
have been found to re-activate after XCI or to escape in a context-specific manner, where con-
text can refer to different tissues, cell lines or developmental stages ([?, Richart et al., 2022]).
However, escape might also vary between cell types and even individual cells in either dynamic
or clonally heritable patterns [Peeters et al., 2014, Carrel and Willard, 2005].

To close these gaps in knowledge, I used profiled escape from XCI in a dataset encompassing
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mouse immune cell types and ages in vivo. I develop a novel approach to quantify escape using
single-cell sequencing that does not rely on transgenic mice or clonal populations and directly
provides cell type-specific measurements. I show that silencing of the Xi is largely stable,
but specific genes show cell type-specific escape. By integrating single-cell transcriptomics,
chromatin accessibility and allelic expression, I show that within cell types, the level of escape
is associated with specific transcriptional programs. During ageing, the Xi is stable in most
cell types, but cells with high proliferative capacity like CD8+ memory T-cells show increased
escape and a more open chromatin landscape. These effects may confer clonal advantages and
affect the stability and function of the T-lymphocyte pool in a sex-specific manner, which might
impact disease-specific immune responses in people with multiple X-chromosomes.

3.2 Profiling sex- and age-specific gene expression in the
mouse spleen at single-cell resolution

I sought to set up an experimental and computational system that would allow for
the quantification of escape from XCI in different cell types and tissues using RNA-
sequencing technologies. Escape has previously been inferred from sex-biased gene
expression, or from allelic bias in the presence of skewed XCI using bulk transcrip-
tomics [Balaton et al., 2015, Oliva et al., 2020, Qu et al., 2015, Berletch et al., 2015,
Carrel and Willard, 2005, Tukiainen et al., 2017, Andergassen et al., 2017]. However, to
definitively measure escape, it is required to 1) identify the active and inactive haplotype in
the sample of interest and 2) to measure expression with full allelic resolution to resolve how
much is derived from the inactive one. This is complicated by the fact that XCI is random
and therefore healthy tissues contain a mixture of cells with maternal or paternal haplotypes
inactive.

So far, most studies assessing escape have circumvented this problem by creating an exper-
imental system with clonal, fully biased XCI whose status can be determined a priori Fig.
3.1a). This can be achieved by using cell lines with clonal origin, as the XCI status of ex-
panded cell will be passed through mitosis. While this approach can not be used to directly
measure escape in vivo, transgenic mouse models have been employed to create clonal XCI
populations in vivo. By monoallelic deletion of the Xist gene, all cells in the blastocyst will
inactivate the other allele, where Xist is normally expressed. In these clonal populations escape
can be directly measured from the allele-specific expression levels of the inactive X chromo-
some. Using the mouse as a model provides the further advantage that interspecific crosses
with high SNP densities allow for high-resolution mapping of allele-specific expression. While
powerful, this model requires transgenics that might affect the X-inactivation process itself. I
reasoned that single-cell sequencing approaches should be able to assess expression from the
inactive X directly, because the Xi of each individual cell can be directly identified from the
data, while also providing information on specific cell types and states. This approach has been
used sporadically in human cells, but never to globally assess the landscape of XCI in complex
tissues [Tukiainen et al., 2017, Wainer Katsir and Linial, 2019, Garieri et al., 2018].
To allow for high resolution allele-specific measurements, I utilized data generated from an
F1 cross between the C57BL6 and CAST/EiJ strains, equivalently to the one used in Chapter
2. Native spleen cells were isolated from whole tissues by dissociation, MACS-based dead
cell exclusion and were immediately used for parallel single-cell RNA- and ATAC-sequencing.
No further FACS-based enrichment of specific cell types was performed, but instead all cells
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present in the tissue were captured. Using the Chromium 10x based platform, 4-6 samples
per experimental condition were generated Fig. 3.1b). This included both males and females
to compare escape and sex-biased gene expression, young (2 months) and aged (24 months)
animals to assess the impact of ageing on escape and both cross directions (that is, swapping
the maternal and paternal genotypes) to rule out imprinting effects. Finally, 21 mice from a
secondary cross (SPRET/EiJ x B6) were included, to validate the results in an additional genetic
background that has an even higher SNP-density. In total, the dataset I am using contains 79
animals processed for scRNA-Seq Fig. 3.1c).

Figure 3.1: Strategies to measure escape using allele-specific RNA-Sequencing. (a) To quantify
expression from the Xi by RNA-Seq, one needs both allelic resolution and the haplotype of the Xi has
to be known in each cell. This can be achieved by clonal expansion of a single cell which propagates the
X-inactivation status into the population (Strategy 1). Strategy 2 involves fully biasing XCI towards one
allele by deleting Xist on the Xi. In this project I am using allele-specific single-cell measurements to
identify the Xi and expression thereof directly within each cell (Strategy 3). (b) Experimental overview.
First generation F1 hybrids are generated by crossing female B6 and male CAST mice (forward) or male
CAST and female B6 mice (reverse). For both young (2 months) and old (24 months) mice, spleens are
isolated and processed for single-cell RNA-sequencing. (c) Table depicting the number of analyzed
mice. These include 21 mice from a B6 / SPRET cross which are not considered for any subsequent
analysis.
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3.2.1 Computational analysis of single-cell RNA-Sequencing data
I first assessed the data quality, reproducibility and representation of cell types in the two
datasets. Low-level analysis of single-cell RNA-Sequencing data largely follows the procedure
outlined in Chapter 2. I used CellRanger to align and quantify per cell-expression using an
N-masked mm10 reference genome. I therefore only assess loci with comparable genomic
structure in the B6 and CAST strains. I noted that inclusion of intronic reads substantially
increased the number of UMIs per cell (not shown), likely because resting lymphocytes of
which the spleen is primarily composed are expected to show comparatively little cytoplasmic
RNA, and therefore included these in the quantification. This also likely provides a subtantial
improvement on allele-specific quantifications, as a larger genomic space is used for the
quantification (see Section 3.3).

I identified high quality cells by removing barcodes outside of four median absolute deviatons
(MADs) from the sample average in both UMIs and detected genes per cell, as well as cells
with >5% of mitochondrial transcripts. Across samples, I retained a median of 5693 cells per
sample and 1283 UMIs per cell, which was comparable across biological conditions and ex-
perimental days. I excluded a small number of samples with low cell numbers and low average
UMIs per cell (4 samples) (Fig. 3.2a,b). Among the remaining libraries, the different co-
variates distributed similarly across dimensionality reductions generated by tSNE (Fig. 3.2c-e).

To classify cell types in the final dataset, I used a semi-supervised strategy. After correcting for
sequencing depth and sample-effects using mutual nearest neigbours-based batch correction,
louvain clustering identified 35 clusters in the data (3.2f, g). I then used a per-cell reference-
based annotation to assign most similar cell types from the ImmGen database and annotated
each cluster as B-cells, T-cells or other based on a majority vote within each cluster. I then re-
clustered the data and used per-cluster marker genes, automatic annotations and dimensionality
reductions to assign a second level cell types to every secondary cluster (3.2h-j). I further
identified likely doublet clusters with high doublet detection scores and removed clusters that
were difficult to assign as outliers as well as two clusters likely composed of erythrocytes.
I validated these cell type assignments by assessing marker gene expression (3.2h-j, bottom
panels).
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Figure 3.2: QC metrics, dimensionality reductions and cell type annotation of the immune XCI
dataset. (a) Scatterplot showing the median number of genes detected per sample against the amount
of cells in that sample. Color showing four excluded samples. (b) TSNE plot depicting all cells in the
scRNA-Seq dataset and resolved by age (c), sex (d) and batch (sequencing library) (e). (f, h) Overview
over the annotation procedure. Label-transferred cell types are collapsed at the cluster level (indicated
by numbers in (f)). B-cells, T-cells and others are then isolated, re-clustered and annotated at the sub-
celltype level, represented as UMAP plots (h-j). Dotplots in the bottom row indicate marker gene
expression level for sub-celltypes.
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3.2.2 Age-effects on cell type-distribution and gene expression
After removing doublets, technical artefacts and erythrocytes, all cells in the dataset could be
assigned to expected splenic immune cell populations. The dataset is primarily composed of
B- and T-lymphocytes, small myeloid populations of basophil and neutrophil granulocytes as
well as antigen-presenting monocytes and dendritic cells. Among B-cells, I found pre-B-cells
which are the first stage migrating into secondary lymphoid organs, differentiate into tran-
sitional and ultimately follicular B-cells which make up the majority of lymphoid follicles
[Lewis et al., 2019]. I furthermore observe distinct marginal zone (Mz) and germinal center
(GC) B-celltypes which correspond to distinct anatomic locations in the spleen, as well as
rare plasma B-cells. Among T-cells, I could distinguish regulatory CD4+ and cytotoxic CD8+
subtypes, and both unstimulated naive and stimulated effector as well as memory populations.
Within CD4+ cells I observed a population with naive and memory features which I dubbed
”intermediate”, and I observed small numbers natural-killer like T-cells and gamma-delta
T-cells, as well as distinct natural killer cells. I are using these main classes of cell types for all
subsequent analysis (Fig. 3.3a).

To more directly assess the consistency of expression measurements, I next assessed sample-
and cell type-level similarities between individual libraries. Samples showed largely repro-
ducible cell type fractions, with follicular B-cells being the most common cell type, followed
by naive and effector T-cell types, NK-cells, marginal zone and transitional B-cells and finally
small populations of myeloid cells (Fig. 3.3b). To assess reproducibility at the gene expression
level, I performed principal component analysis on sample-level pseudo-bulk aggregates (Fig.
3.3c). I found that clustering of a subset of samples was strongly driven by experimental
batch (first experiments performed), which I excluded to minimize technical artefacts. After
removing these samples, clustering in principal component space was less strong, and largely
driven by differences between young and old samples (Fig. 3.3d). I next performed principal
component analysis on pseudo-bulk aggregates of individual cell types for each cell type which
represents more 100 cells in at least five samples. Differences between sexes and ages were
apparent in some PCs, in particular for CD8+ memory T-cells, where PC1 separated samples
by age (Fig. 3.3e). I note that experimental batch and condition is confounded in this dataset
(not shown), and detected differences should be validated at the level of batches.
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Figure 3.3: Exploratory analysis and outlier detection. (a) Scatterplot showing a UMAP-projection
of the filtered dataset, with doublets and outlier cell types removed. (b) Barplot showing the fraction of
cell types across individual samples. (c) Scatterplot showing the first two principal components from a
PCA on pseudo-bulk aggregates of all samples. Colors indicate sex- and age of the shown libraries. (d)
as (c), but with early batches excluded. (e) as (d), but PCA is run on pseudo-bulk aggregates per cell
type seperately. Only samples with at least 100 cells of the indicated cell type are shown, and cell types
are shown if at least 5 samples show at least 100 cells.
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Previous single-cell studies in mice have revealed profound changes in gene expression
and cell type distributions in aged compared to young spleens [Mogilenko et al., 2022,
Kimmel et al., 2019, Lewis et al., 2019] I therefore quantitatively assessed variation in cell
type distributions by performing variance component analysis on a binomial generalized linear
model of each cell type fit to cell type fractions. This model can be written as

kc,s ∼ Bin(ns, pc) (3.1)

log( pc
1 − pc

) = β0 + βAge + βSex + βSex,Age (3.2)

where kc,s is the number of cells in a sample for the tested celltype, ns is the total number
of cells in that sample pc is the latent fraction of cells. pc is then decomposed into age, sex
and interaction effects βAge, βSex and βSex,Age. To obtain a global measure of each covariates
effect, I computed model divergences when removing individual predictors for each cell type.
The fraction compared to the intercept-only model stands in as a variance-explained-like
measurement as in ordinary linear regression.

I found that sample age explained the most variance, whereas sex, cross direction and ex-
perimental batch only explained little, suggesting that biological variation induced by age
exceeds technical biases (Fig. 3.4a). Directly testing for the significance of βAge and βSex
showed no sex-biased cell types, but confirmed strong age-related changes (likelihood ratio
test, FDR < 10%). Comparing across cell types, all classes of naive, effector and memory
T-cells, as well as Tgd and NK-cells were strongly affected by ageing with differentiated
cells increasing at the expense of naive cells (Fig. 3.4b, c). These effects, including age-
related loss of NK cells has previously been shown, and suggested to affect immune responses
[Hazeldine and Lord, 2013, Mittelbrunn and Kroemer, 2021]. Additionally, I observed an in-
crease in Plasma B-cells, consistent with previous results [Frasca and Blomberg, 2009]. Fi-
nally, follicular B-cells, neutrophils and monocytes increase slightly in proportion, which is
potentially an artefact resulting from a relative increase of these cell types due to the mas-
sive loss of naive T-cells, a drawback of the non-absolute quantification through single-cell
RNA-sequencing. Finally, I tested for interaction effects between sex and age in cell type
distributions, that is, for significance of the βSex,Age. I only found one cell type with a signif-
icant interaction effect after multiple testing correction, namely for neutrophils (Fig. 3.4d). It
should be noted that their low transcriptional complexity makes it challenging to identify these
in scRNA-Seq data [Grieshaber-Bouyer et al., 2021]. These results suggest that splenic ageing
is largely sex-independent at the cell type level, at least for phenotypes that can be quantified
reliably by single-cell RNA-sequencing.
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Figure 3.4: Analysis of cell type proportion differences between sexes and ages. (a) Barplot
showing the results of a variance component analysis of cell type fractions against multiple covariates in
the dataset. On the x-axis, I show the relative change in model divergence when including the respective
covariate. Residual divergence is measured against a saturated model that exactly predicts the data. (b)
Scatterplot showing the average cell type fractions across female samples against the fractions of male
samples. No significant differences (through testing in the model defined by equation 3.1) are observed.
(c) As (b), but comparing young and old conditions. Cell types with significant differences are shown
by color and name (likelihood ratio test, FDR < 10%). (d) Boxplots showing the distribution of cell
type fractions across sexes and ages for each cell types. Only neutrophils show significant interaction
coefficients βSex,Age (likelihood ratio test, FDR < 10%).
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3.3 Mapping of escapees at single-cell resolution

3.3.1 Elimination of mapping bias in allele-specific mapping of X-linked
genes

Having established that the dataset is of high quality, recapitulates expected differences
between sexes and ages, and that these conditions are well comparable, I next sought to
explore escape from XCI by quantifying allele-specific expression from the X-chromosome. I
considered that it would be critical to ensure reliable allele-specific mapping between the B6
and CAST haplotypes to obtain unbiased measurements. I quantified allele-specific expression
(ASE) by mapping sequencing reads to an N-masked genome and assigning reads to the
maternal or paternal haplotype based on the presence of known heterozygous single-nucleotide
variants. This quantification can be affected by problems in mapping (specific alleles might
cause reads to align differently than the alternative allele), genotyping (SNVs might differ
between the reference database and the analyzed animal), sequencing or PCR errors (read
might contain a wrong base) or ambient RNA (dying cells are known to release RNA, which
might then be measured in a different cell). I therefore analyzed allelic bias at the gene
level in male mice, where, depending on the maternal genotype, only one X-chromosome is
expected. The majority of genes in male mice showed only genes derived from the maternal
haplotype, although a small fraction of reads (< 1%) were derived from the opposite haplotype,
likely representing sequencing errors. However, a smaller subset of genes showed biallelic
or opposite allelic polarization, which is easiest explained by genotyping errors or strong
mapping bias (Fig. 3.5a,b).

As some of these genes were highly expressed, in a genome-wide analysis, I found that this
lead to not fully polarized measurements from the X Fig. 3.5c). I therefore removed all SNPs
with more than 1% of reads mapping to the wrong haplotype in males, which eliminated the
off-target X-linked expression. I observed that by excluding reads that overlap SNPs biased
in male samples removed a number of genes that were outliers compared to the proportional
relationship between the two alleles in female samples as well (Fig. 3.5e,f). Meanwhile,
autosomes showed the expected allelic ratio of 0.5 in both sexes, whereas mitochondrial
haplotypes were only expressed from the maternal haplotype. Females show X-expression
ratios of around 0.3, suggesting unequal X-inactivation between the haplotypes (Fig. 3.5c, d).

In total, the corrected allelic ratios follow the expected distributions across sexes and chromo-
somes. The presence of genotyping artefacts in this widely used model with published genomes
and variant sets highlights the need to quality control the genotype assignments used for allelic
analysis. The here presented strategy of including male hybrid mice should generally be effec-
tive to reduce false-positive signals during the analysis of escape.



3.3. Mapping of escapees at single-cell resolution 81

Figure 3.5: Addressing quantification biases in X-linked allelic counts. (a) Overview over the map-
ping strategy. (b) Scatterplot showing per-gene allelic read counts of all X-linked genes in a single male
mouse with a B6 X-chromosome. Genes with more than 1% of UMIs assigned to the wrong genotype
are coloured grey. (c, d) Chromosome-wide allelic ratios obtained by summing reads across genes, sep-
arating female and male individuals. Grey points represent autosomes, black the mitochondrial genome,
red the X-chromosome and blue the Y-chromosome, which shows unreliable quantifications due to the
low number of allelically assignable reads (c). On the right, after excluding SNPs identified in (b) from
the quantification. (e, f) as b, but showing a single female sample (e), and the same data after excluding
SNPs with off-target mapping identified in male mice (f). Note the reduced number of outliers from the
proportional relationship between B6 and CAST counts.
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3.3.2 Identifying the inactive X in single cells
In general, two approaches can be considered to assess expression from the Xi. The direct
approach would be to identify genes with bi-allelic signal in individual cells. However, this
requires high read counts at the gene-level, which my dataset did not contain, and might not
be achievable genome-wide with an scRNA-sequencing technology in cells with a low RNA
content like resting lymphocytes. Indeed, I obtained a median of 1200 allele-specific UMIs
per cell which corresponds to an assignment rate of 40%, and around 20 UMIs mapping to
the X-chromosome in an allele-specific manner (Fig. 3.6a-c). However, given ASE data with
phased genome information, it is possible to assign an X-inactivation status to individual cells
to quantify haplotype-specific expression by aggregating across all X-linked genes, and to then
quantify expression from the Xi even with only few reads or no supporting it for a given gene.
Indeed, individual cells showed a clear bimodal distribution in chromosome-wide ASE on the
X, while the autosomal ratio was close to the expected 0.5 (Fig. 3.6d). To ensure accurate
assignments and to minimize impact of wrongly assigned cells, especially those with few X-
linked reads, I designed a beta-binomial mixture model to assign cells to inactivation haplo-
types:

ki ∼ Bin(ni, p) (3.3)
p ∼ Beta(µ, θ) (3.4)
µ = (1 − ε) ∗ a + ε ∗ (1 − a) (3.5)
a ∼ Ber(f) (3.6)

Here, (ki, ni) are the B6 and total read counts for cell i and p encodes, via µ and ε, the average
fraction of reads from the non-inactive haplotype while accounting for overdispersion of these
counts, and f encodes the probability that a cell has a B6 inactive haplotype (via the indicator
variable a). Evaluating the posterior of this model given (ki, ni) allows for the quantification
of evidence for either class as opposed to the other. I quantified haplotype-specific read counts
while excluding Xist, fit the above model using variational inference and called cells with at
least a posterior ratio >7 as B6 inactive, <7 as CAST inactive and unassigned otherwise. This
procedure allowed for the assignment of more than 90% of female cells (Fig. 3.6e).

Without Xist, this model estimates the fraction of expression from the Xi ε = 1.95%, confirming
that XCI is nearly complete in adult cells. I note that I can not exclude the presence of indi-
vidual cells that largely lack inactivation, which this approach excludes as technical artefacts.
I compared this strategy to basic thresholding-based approaches. Assigning cells only based
on the allelic ratio, while calling cells with less than 25% bias as unassigned, lead to a number
of cells not being excluded as unassigned, whereas thresholding out cells with fewer than 10
allelic reads over-called unassigned cells that the model-based approach could classify (Fig.
3.6f). Finally, I confirmed that Xist was expressed only from the Xi, which was the case as
Xist allelic ratios were close to zero for B6-active and close to 1 for CAST-active cells, consis-
tently across samples (Fig. 3.6g). Unassigned cells were showing intermediate Xist-ratios, and
therefore likely represent doublets.
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Figure 3.6: Annotating the Xi haplotype in single cells. (a-c) Boxplots showing for each B6 x CAST
F1 sample the number of UMIs with allelic assignment (a), the fraction of allically assignable reads
among total UMIs per cell (b) and the number of assignable and X-linked UMIs of the total (c). In each
case, the shown value is the median within each sample. (d) Histogram showing the fraction of reads
assigned to the B6 haplotype on the X-chromosome per cell. Pink indicates the same allelic ratio, but
for autosomes. (e) Heatmap showing Xa annotation results. Cells were binned by the number of X-
linked allele-specific reads and the resulting allelic ratio. The background of each tile shows whether the
majority of cells in that bin are assigned as an CAST Xa (brown), B6 Xa (black) or unassigned (grey).
The size of the points indicates the number of cells. (f) Barplot showing the fraction of cells assigned to
the respective haplotypes, or unassigned. (f) Barplots showing comparisons between thresholding-based
annotation strategies. (f) Dotplot showing the average allelic ratio of Xist across samples and stratified
by inactivation haplotype. The size of the points indicates the number of cells assigned to the respective
haplotype in the given sample.

To my knowledge, this is the first demonstration of an X-inactivation status map of a
mammalian tissue using single-cell methods. In particular, this approach allows to assign
skewed inactivation in different cell types, which, in humans, is linked to ageing and genetic
disease [Shvetsova et al., 2019]. Across samples, the CASTxB6 F1 crosses showed skewed
X-inactivation of a median of 75% (as opposed to unskewed XCI at 50%) (3.7a). This result
confirms previous reports that link different alleles in the X-chromosome control region to a
higher probability of the CAST X to stay active during XCI, likely due to strain-specific Xist
mRNA levels [Calaway et al., 2013]. I also confirm a slightly increased skew reported in the
reciprocal cross (CAST female x B6 male, reverse). I did not observe significant differences
in skew in aged animals. I also noted that individual mice showed variable skew in XCI,
consistent with a bottleneck during X inactivation that leads to overdispersed fractions (3.7b).

Second, my XCI classification assignments gives the opportunity to measure skewed XCI in
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different cell types. Since all splenocytes differentiate from the same hematopoietic stem cell
pool, it would be expected for them to have the same XCI skew across populations. However, I
observed substantial variation in skew values across cell types. Using a binomial linear model
that accounts for the baseline skew per sample, I found that all T-cell types show decreased
skewing compared to the sample average, that is, more cells within the T-cell population
have an active B6 X-chromosome than expected from the sample average. This holds when
comparing T-cells to myeloid cells (Macrophages, DCs and Neutrophils) which are more
distantly related to T and B-cells in the hematopoietic differentiation hierarchy, but also when
comparing them to closely related B-cells, suggesting a T-cell specific effect (3.7c).

Given the base assumption that the XCI status is fixed during early development, there are two
likely explanations for this effect: First, the higher or lower expression of an X-linked factor
could improve T-cell proliferation or survival, giving cells with an active B6 chromosome a
long term advantage. I reasoned that in this case, I should be able to identify a corresponding
transcriptional signature in the B6 X-active cells, however, differential expression analysis be-
tween the two inactivation genotypes did not reveal any such signature in any T-cell subtypes
(not shown). Secondly, the X-linked factor could bias differentiation in B6 X-active T-cells
towards the T-cell lineage, in which case the effect would not be visible in mature cells. While
this data can not provide a definitive mechanism, differential expression analysis identified X-
linked genes differentially expressed between B6 X-active and CAST X-active cells, suggesting
potential candidates that might drive this effect (not shown).

Figure 3.7: Skewed X-inactivation across cell types. (a) Barplot showing the fraction of cells
with CAST Xa (brown), B6 Xa (black) and unassigned. (b) Boxplots showing the fraction of B6 Xa
cells across samples, stratified by cross direction and age. Forward indicates the B6 (female) x CAST
(male) cross direction, reverse the opposite. (c) Fraction of B6 Xa across cell types, which are ordered
by relatedness in the hematopoietic hierarchy. Only instances of at least ten cells per cell type and
sample are shown in small points, and grey lines connect measurements in the same sample (mouse).
Large coloured dots represent mean and with standard deviations across measurements. Significance
is evaluated using a beta-binomial GLM (FDR 10%), where the fractions are tested in the respective
against all cell types and significant tests are shown with by a star.
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3.3.3 The set of escapees in mouse immune cells
During the previous sections, I have shown that this dataset efficiently resolves both cell
types, X-inactivation status and allele-specific expression on the X-chromosome. I therefore
next sought to identify the set of genes that were expressed from the Xi in immune cells. As
this analysis relies on the presence of variants segregating between the parental genotypes,
genes without these might be missed. I therefore assessed how many genes with significant
expression levels in spleen did not show sufficient variants to assess allelic expression, and
found that the majority of expressed genes (>100 total reads) showed at least 50 allele-specific
reads (87%, and 85% when considering genes >1000 total and >500 allele-specific reads). I
note that the high observed coverage is likely facilitated by reads originating from secondary
priming during reverse transcription, which increases the coverage of variants across the
transcript compared to only 3’-based profiling [La Manno et al., 2018].

Allelic bulk RNA-Seq of spleen in artificially skewed models has been published previously,
giving me the opportunity to directly compare the sets of identified escapees between the two
technologies [Berletch et al., 2015]. To identify genes with significant expression from the Xi,
I summed all reads mapping to the Xi across all cells based on the assigned Xi haplotype and
compared them to the number of reads mapping to the Xa (allelic ratio Xi

Xi+Xa ) (3.7a). Under
around a 100 allele-specific reads, measurements were noisy and likely preclude accurate
quantification of escape. As expected, the majority of genes with sufficient signal (351 genes)
showed low allelic ratios, with 321 genes under 5% of Xi expression and the only gene with
full Xi bias is Xist. 30 genes possibly shows evidence for escape (allelic ratio greater 5%)
(3.7b). I observed that the majority of genes show a small fraction of reads mapping to the
Xi, which I attribute to likely background due to sequencing errors and ambient RNA (3.7c).
I therefore defined escapees as genes with significant evidence for an allelic ratio greater than
5% and consistent observation across replicates. I used a beta-binomial model and compared
the banded null hypothesis of an allelic rate H0 ∶ p <= 0.05 against H1 ∶ p > 0.05.

Aggregating full samples, I found that 12 genes (other than Xist which as the causative
factor in XCI I do not consider as an escapee) showed escape from XCI (Kdm5c, Kdm6a,
Ddx3x, Eif2s3x, Jpx, Ftx, Utp14a, Pbdc1, Cxcr3, Bcorl1, 1810030O07Rik, Gm15228)
(3.7d). Most of these genes are known to escape XCI in spleen and many other tissues
and are either X-Y orthologs (Kdm5c, Kdm6a, Ddx3x, Eif2s3x), associated with the X-
inactivation center (Ftx, Jpx) or known escapees with other functions (Pbdc1, Utp14a)
[Loda et al., 2022, Berletch et al., 2015]. Cxcr3, for which I estimate 5.64% expres-
sion from the Xi, has been previously shown to escape in a small population of T-cells
[Oghumu et al., 2019]. I also tested seperately if the same genes were detected from both
inactive haplotypes, finding broadly comparable results for both, although the detection
power on the CAST haplotype, which is three times as likely to be active than the B6
haplotype, is substantially lower (3.7e). Berletch et al. additionally showed escape of 6
genes 5430427O19Rik, 5530601H04Rik, 5730416F02Rik, Cfp, Vsig4, Firre, all of which are
lowly expressed or inconsistent across replicates in the dataset (not shown), and confirmed
Xist, Kdm6a, Eif2s3x, Pbdc1 and Kdm5c with similar allelic ratios. In summary, I find that
single-cell RNA-Seq reliably identifies escapees, and that the set of these in adult tissues is
small.
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Figure 3.8: Reliable identification of escapees from single-cell data. (a) Overview over the analysis
procedure. Cells are classified by their Xi status which allows for the direct quantification of Xi-specific
expression as an allelic ratio Xi / (Xi + Xa). (a) Scatterplot showing total allelic signal (x) and allelic
ratios (y) summarized across all female cells in the dataset. Note that allelic ratios in lowly expressed
genes (left of the plot) are unreliable. (c) Zoom-in into (b), highlighting baseline allelic ratios. (d) as
(a), but removing lowly expressed genes and genes with significant escape are coloured (binomial GLM,
banded Wald test FDR 10%). (e) as (a), but seperating cells by assigned Xi haplotype. (f) Heatmap
showing allelic ratios across cell types. The colour scale indicates the allelic ratio Xi / (Xi + Xa), and
is capped at 0.7 (grey cells). Cells are only shown if the gene is detected in at least 3 samples in the
respective cell type. An ”x” in a cell indicates significant escape as in (d). The colour bars on the side
indicate: (left) significantly variable escape across cell types (scDALI FDR of 10%), (middle): whether
the gene escapes in Berletch et al (black box), (right) if the gene is classified as constitutive, facultative
or non-escapee in the Chapter 4 meta-analysis.
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Next, I tested for escape in every cell type separately. This analysis identified 39 genes, of
which 18 showed escape in at least 2 and 21 in only one cell type (3.7f). These genes include
Cxcr3, which I identify as uniquely escaping in NK-T cells. I also find that Med14, whose
escape has recently been linked to increased proliferation in cancer cells specifically escapes
in T- and most in CD8+ memory T-cells [Richart et al., 2022]. I also found that for genes with
escape across multiple cell types, the escape level, that is the fraction of expression from the
Xi, varied between these cell types. I therefore used scDALI to identify statistically significant
variation in allelic ratios and found 6 genes Gm15228, Pbdc1, Cxcr3, Slc9a7, Cybb, P2ry10
at an FDR of 10% . The majority of genes I found in specific cell types were not identified
by Berletch et al., likely because low expression from the Xi in subpopulations is difficult
to detect. I also compared this set of escapees to a meta-analysis I conducted that classified
genes as constitutive escapees if they were detected in the majority of a set of studies and
facultative if genes were variably expressed or silenced (see also Chapter 4). I found that
cell type-unspecific escapees largely corresponded to the set of constitutive escapees, while
escapees only found in few cell types were more likely to be facultative, demonstrating that
some previously observed variability in escape extends into inter-celltype variation. Finally,
I note that all escapees show allelic ratios well below 0.5, which corresponds to full biallelic
expression, suggesting that either the regulatory mechanisms on the Xi do not permit full
expression, or that escape only occurs in a fraction of cells.

These results provide the first map of escape in a complex tissue at cell type resolution.
Single-cell measurements both resolve more escapees than bulk assays, where escape in small
sub-populations is masked, and identify genes with inter-cell type variation in escape. My
results show previously unappreciated variability, including critical genes that have been
undetected (Med14, Bcorl1). My approach also provides a framework to measure escape even
with very limited signal per cell, and still covers the X-linked transcriptome broadly (> 80% of
expressed genes), even though I acknowledge that the signal in small populations is sparse and
limits the detection power.

While I identified genes with significant expression from the Xi, it is unclear whether this leads
to dosage differences in gene expression. The increase in transcription due to the presence
of two alleles might be offset by secondary sex-specific effects (for example due to hormone-
induced regulation) and regulatory feedback or X-upregulation can modify Xa expression be-
tween sexes. In particular, it is unclear whether cell type-specific escape leads to sex-specific
dosage in the affected cell types, especially since the allelic ratios and their differences are often
low. I therefore compared the measured escape to the observed bias between sexes. Assuming
equal expression from the Xa in both sexes and no secondary effects, the predicted sex-bias
log2( yfym ) due to escape would be with d ∶= yXi

yXi+yXa
:

log2(
yf
ym

) = log2(
yXa + yXi
yXa

) (3.7)

= log2(1/
yXa

yXa + yXi
) (3.8)

= log2(1/(1 −
yXi

yXa + yXi
)) (3.9)

= log2(
1

1 − d) (3.10)

I compared expected to the observed sex bias and found a that they did not necessarily corre-



3.3. Mapping of escapees at single-cell resolution 88

spond Fig. (3.9a). In particular, I observed genes that showed female expression bias without
broad escape for Cybb, although this was rare, and a number of genes with male bias, even
though they showed escape. I performed the same analysis across cell type, and found that
genes generally showed similar patterns across the cell types they were expressed in (Fig.
3.9b). However, I do confirm that some genes, including Med14 and Suv39h1, showed female
expression bias in parallel to their escape. I conclude that escape is somewhat predictive of
female expression bias, but has to be separately evaluated for each individual gene. Also, this
analysis only addresses RNA, not protein levels, which might vary further.

Figure 3.9: Escape partly explains expression sex bias. a Scatterplot showing observed (x) sex bias
derived from a differential expression analysis between female and male spleens against expected (y)
sex bias from measured escape. (b) The same analysis, showing sex-bias and escape measurements in
individually different cell types.
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3.4 The total activity of the X-chromosome varies across cell
types and ages

Focussing on cell types rather than genes, I found the most escapees in CD8+ memory T-
cells. Little is known on whether specific cell types show globally higher or lower escape Fig.
(3.8b). However, it has been hypothesized that in aged cells, escape might increase due to a
loss of heterochromatic structure on the Xi, but this has not been experimentally demonstrated
genome-wide [Schoeftner et al., 2009] (Fig. 3.10a). In general, changes in total Xi expression
could result from either 1) coordinated activation of many cell type-specific escapees, or 2)
random activity of genes in individual cells. To capture both of these effects, I defined the
global level of escape as the fraction of all Xi-linked reads compared to all X-linked reads. I
excluded Xist, as its high expression level will strongly impact the escape measurement and
its regulation is likely independent of global Xi activity, and Rps4x which is uniquely highly
expressed, most likely globally silenced in this dataset, and therefore prone to introduce false
positive background signal. I first inspected total escape ratios derived from summing all reads
across cells and genes per individual mouse. As above, I found that approximately 2% of
gene expression is derived from the Xi in young mice Fig. (3.10b). I observed a very modest
increase in total escape during ageing, suggesting that silencing of the Xi is largely stable. I
considered that this small increase could be due to a larger gain in specific cell types. I therefore
aimed to quantify total escape in single cells. As the total number of reads used to derive global
escape estimates per cell is still low (median 20 reads), I used scDALI to interpolate the total
rate of escape r between cells of similar cell types, represented by a 10-dimensional principal
component-space:

logit(r) = u
u ∼ N(α, σ2

dK)
K = XPC10

Comparing these estimated escape rates between ages demonstrated that the majority of cells
showed similar global escape in aged cells, but a subpopulation of cells showed increased rates
Fig. (3.10c). Visualizing rates on a UMAP showed an increase in global escape in specific
cell types, most obviously in aged CD8+ memory T-cells Fig. (3.10d). I validated these
results by computing aggregated allelic ratios across cell types and individuals, focussing
on cell types that were detected with at least 50 cells in 3 samples in both young and aged
mice. This analysis showed that significant differences between ages were present only in
NK-T cells, CD8 memory T-cells and marginal zone B-cells Fig. 3.8e, f). These results are
in line with the higher number of detected escapees in these cell types Fig. (3.8f), and show
that neutrophils show the lowest escape, followed by NK cells, follicular and transitional
B-cells, Monocytes, and naive T-cells, but higher escape in all differentiated T-cells. Of
note, differentiated CD4+ and CD8+ T-cells showed higher levels of global escape than their
naive counterparts, suggesting that activation and differentiation of T-cells might generally be
accompanied by increases in escape. Strikingly, I observed the highest levels of global escape
in aged CD8+ memory T-cells, and aged cells did generally show higher levels of escape in
the T-cell compartment. However, this effect is highly cell type specific, as transitional and
follicular B-cells did not show this increase. This suggests that ageing might indeed affect the
global stability of the Xi, but that this occurs in a cell type-specific manner.
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Figure 3.10: Global escape increases during ageing in specific cell types. (a) Diagram outlining the
hypothesis of increased escape in aged cells due to loss of epigenetic integrity on the Xi. (b) Quan-
tification of global escape in young and old mice. Each data point represents one profiled individual.
The y-axis shows the fraction of reads from the Xi across all genes from the X-chromosome (exluding
Xist and Rps4x), summed across all cells in the respective individual. Significance is assessed using a
t-test. (c) Density plots showing expression from the Xi across individual cells. Per-cell allelic ratios are
smoothed between similar cells using scDALI. (d) UMAP based on gene expression profiles showing
the same estimated allelic ratios in different cell types. (e) Boxplots comparing allelic ratios between
young and old samples, as in (b), but aggregating per individual and cell type. Significance is assessed
using a t-test. (f) Scatterplots showing average total escape estimates per cell type across samples.

Having identified an increase of escape with age in T-cells, I next investigated which genes were
affected. T-lymphocytes arise from progenitors that migrate into the thymus, where they are
counter-selected to avoid auto-reactivity, and differentiate into regulatory CD4+ and cytotoxic
CD8+ cells [Miller, 2011]. These naive T-cells migrate to the secondary lymphoid tissues,
including the spleen and lymph nodes, where they await stimulation by clone-specific anti-
gens Fig. (3.11a). Activated cells start proliferating and differentiate into effector or memory
cells and establish long-term memory of immune responses. I found that naive T-cells showed
comparable escape profiles to B-cells and other immune populations, showing mainly canon-
ical escapees and others (Cybb), with little changes in aged mice. Meanwhile CD8+ memory
T-cells show an abundance of genes with escape in aged mice Fig. (3.11b, c). However, I
observe a depletion of naive and an increase in differentiated T-cells upon ageing, which makes
it difficult to compare within both populations between ages. I therefore compared mixtures
of naive and memory CD8+ T-cells between ages, and found that constitutive escapees showed
moderate increases in escape Fig. (3.11d). Additionally I found a number of age-specific es-
capees in CD8+ cells, in particular 1810030O07Rik, Med14, Bcorl1, Gm15232, Gab3, Zdhhc9
and Chm. I note that many of these de novo escapees are close to other escapees, in particular
1810030O07Rik which neighbours Med14 or Bcorl1 and Zdhhc9 which are close to the con-
stitutive escapee Utp14a. I next asked whether escape of these genes in individual mice was a
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deterministic event (for example triggered by age-related changes in the splenic environment)
or stochastic event (for example caused by escape in specifically expanded clones). I found that
Med14 escape in ageing occured in all profiled individuals, 1810030O07Rik showed escape in
multiple mice, whereas Akap17b, Tlr7 and Marp3k15 only escaped in a single individual Fig.
(3.11e, f). This suggests that escape can be both stochastic and deterministic.

Figure 3.11: Variation in escape during T-cell ageing. (a) A schematic overview of T-cell develop-
ment in thymus and periphery, showing the relationships between CD4 / CD8 naive / effector cells. (b,
c) Scatterplots showing escape in young (top) and aged (bottom) mice for multiple T-cell types. (d)
Scatterplot showing the changes in escape within CD8+ T-cells, aggregating over naive and differenti-
ated cell types. (e) Plot showing consistency in escape changes across individuals. Some genes show
age-related escape in all, some only in single or few individuals. (f) Strip plot showing changes in es-
cape during ageing for the Med14 gene in multiple cell types. (g) Scatterplot showing the relationship
between fraction of CD8+ memory T-cells and Med14 escape.
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I therefore propose to distinguish facultative escape that appears as ”structured” variability, for
example through age-related tissue remodelling or ”random” variability, for example through
clone-specific effects. Med14 has been described as a facultative escapee previously and has
been linked to proliferation and progression in breast cancer. My results present further evi-
dence that escape of this gene might be selected for. Indeed, I observed a moderate correlation
between the abundance of CD8+ memory T-cells in aged mice and the extent of Med14 escape
Fig. (3.11g).

3.4.1 Total escape correlates with an exhaustion phenotype in T-cells
In the previous section, I have demonstrated the analysis of escape from XCI in populations
of cells using cell type and XCI haplotype annotations, to obtain cell type-level pseudobulk
measurements. However, single-cell resolved data allows for more fine-grained analysis
of cellular phenotypes in relation to escape. This can be achieved by correlating cellular
phenotypes of interest, measured by total RNA analysis to the escape phenotypes at the
single-cell level. Specifically, I considered whether in CD8+ memory T-cells, specific gene
expression programs could be associated with the global level of escape from XCI. To this end,
I used scDALI to perform logistic regression to predict global escape from individual highly
variable genes Fig. (3.12a).

I found that many genes significantly associated with global escape, some even after regressing
out sample identity, were markers of T-cell exhaustion (S100a4, S100a6, Ctla4, Inpp4b, and in
particular the exhaustion-associated transcription factor Maf [Verdeil, 2016] Fig. (3.12b-e).
Meanwhile, the escape Kdm6a was strongly associated, as expected since total escape is
partly computed from it and is expected to increase expression levels, but Xist dosage was not
associated, suggesting that steady-state fluctuations in Xist do not impact escape substantially
in immune cells Fig. (3.12c).

Collectively, these results demonstrate a remarkable variability in the global extent of escape,
both across individual cell types and ages. Then, I have shown that T-cell exhaustion is as-
sociated with the escape state. This regression-based analysis can also be applied to all other
cell types, or any other dataset, to discover associated transcriptional signatures. It can also be
directly applied to individual genes, to for example identify links between upstream regulators
and escapees. Of note, this correlation-based approach does not distinguish between cause and
consequence. Consequently, it might yield downstream targets of overexpressed genes, or up-
stream regulators. It might also be a mere association, as for example exhaustion and loss of
escape might be the result of clonal hyper-proliferation. Integrating functional genomics data
might help with this distinction by assessing escapee-specific gene regulation.
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Figure 3.12: Global escape is associated with an exhausted T-cell phenotype. (a) Cartoon of the
analysis approach. Logistic regression is performed to identify correlations between total expression-
derived phenotypes and escape-derived measurements. (b) Scatterplot showing p-values derived from
using scDALI to predict total escape from individual gene expression measurements in CD8+ T-cells.
X-axis shows the results from a test without covariates, the y-axis from a test where sample identity is
blocked, to remove the effects of sample-specific bias or ageing. Shown is are -log10(p-values), and the
dashed line shows significance at 10% FDR. (c-d) Aggregated allelic ratios across binned expression
levels of different genes, specifically Xist and Kdm6a (c), S100a4 and S100a6 (d) and Maf, Ctla4 and
Inpp4b (e).
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3.5 The cell type-specific chromatin landscape of the Xi
Previous work has assessed the landscape of accessible chromatin on the Xi, but only rarely in
adult cell types and never in specific cell types [Berletch et al., 2015, Giorgetti et al., 2016].
I therefore used scATAC-sequencing data to characterise domains of accessible chromatin
on the Xi and its inter-celltype variation. To process scATAC-sequencing data, I followed
a conceptually similar approach as for the scRNA-sequencing dataset using the ArchR pack-
age [Granja et al., 2021]. After CellRanger-based alignment to the same N-masked reference
genome, I defined cells with >5000 unique read pairs and >12 transcription start site enrich-
ment. To assign cell types, I used the annotated single-cell RNA-Seq dataset as a reference
using the SingleR workflow, and assigned equivalent cell types manually (Fig. 3.13a). The
resulting structure of the UMAP-space and cell type proportions were broadly in agreement
with the scRNA-sequencing data and largely reproducible across samples (Fig. 3.13b). Cell
filtering left the dataset with a median of 6760 cells per library with average 26502.5 read pairs
and 20.6 transcription start-site enrichment, evenly distributed across experimental conditions
(Fig. 3.13c-e). As expected, accessible chromatin was concentrated at promoters, but was also
present in intergenic regions, likely representing cis-regulatory elements (Fig. 3.13f, g).

Figure 3.13: (Caption on the next page.)
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Figure 3.13: Processing and cell type annotation of the scATAC-Seq dataset. (a) UMAP represen-
tation of all integrated samples, showing the variety of cell types. For the cell type legend, see b. (b)
Cell type distribution across individual samples, showing the fractions relative to the number of cells per
sample. With some exceptions, these cell type representations are highly consistent. (c-e) Per sample
statistics, demonstrating reproducibility of quality control metrics. (c) Number of individual read pairs
per cell. Each point shows the median value per cell for the respective sample. (d) Transcription start site
enrichment per cell. (e) Number of sequenced cells per sample. (f) Cell type-specific coverage tracks at
the Ebf1 locus, showing B-cell specific accessibility. (g) Cell type-specific coverage tracks around the
Cd3e locus (highlighted in grey), showing T-cell specific accessibility and further variation across cell
types.

There was substantial variability in accessibility, reflecting he activity of marker genes, for
example at the B-cell-specific Ebf1 locus. Similarly, the T-cell marker Cd3e indeed showed
accessibility only in T-cells. Furthermore, other regulatory elements in the region showed
consistent or variable accessibility.

3.5.1 Chromatin accessibility corresponds to escapee expression on the
Xi

Similar to expression, chromatin accessibility is expected to be greatly reduced on the
inactive X [Giorgetti et al., 2016, Berletch et al., 2015]. I therefore used the same approach
to classify cells in the scATAC-sequencing dataset as the transcriptomics-based analysis.
Haplotype-specific allelic ratios in chromatin accessibility were clearly bimodal, as they were
for expression (Fig. 3.14a).

Using the beta-binomial mixture model presented previously I was able to classify 86.3%
into B6 and CAST Xa haplotypes and finding an average Xi activity of 10.4%, showing that
as a global measure, more signal is derived from the Xi in chromatin accessibility than in
expression. However, this is at the cost of a reduced number of assignable cells and therefore
potentially more background signal. On a UMAP-projection, different cell types show mixing
of Xa haplotypes. This analysis also visually confirms the higher probability of T-cells to show
an active X-chromosome than other cell types which I observed in the scRNA-sequencing
data.

Across libraries I demonstrate consistent Xa haplotype ratios, and the same skewed XCI derived
from the transcriptomics datasets and previously observed (Fig. 3.14c). I next assessed the
tissue-wide open chromatin profiles generated across all cells in the dataset. As described
previously, the Xi is largely devoid of accessible chromatin with punctuate exceptions (Fig.
3.14d). Furthermore, both active and inactive accessibility profiles were highly concordant
between the two strains, when analyzed at this resolution.
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Figure 3.14: Chromatin accessibility of the Xi. (a) Histogram showing the allelic ratios when com-
puting the ratio across all haplotype-specific reads. Only female cells are shown in this plot. (b) UMAP
projection showing annotated Xa haplotypes based on mixture modelling. (c) Barplots showing the frac-
tion of Xa haplotypes across individual samples. (d) Coverage plot showing accessibility profiles on the
Xa and Xi for both haplotypes, normalized by total signal across transcription start sites and number of
cells [Granja et al., 2021].

I next identified the sites of open chromatin on the Xi in a peak-based method. I used the
addReproduciblePeakSet function from the ArchR-package to identify a consensus peak set
based on total accessibility of the X-chromosome. I then calculated allelic read count ratios
Xi/(Xi+Xa) per peak across all cells. It has been suggesteed that chromatin regions accessible
on the Xi are depleted of distal enhancers [Giorgetti et al., 2016]. I therefore also annotated
peaks depending on whether they overlapped exons, introns, promoters (defined as regions 1kb
upstream of the transcription start site of a gene) or none of those, in which case I refer to them
as ”distal” (Fig. 3.15a). I observed peaks of all categories to show allelic ratios greater than
0.05, indicating accessibility on the Xi. Interestingly, promoters were generally depleted from
accessibility on the Xi, whereas intronic peaks made up the majority of peaks with Xi-biased
accessibility (>0.5). Distal peaks were more common among low allelic ratio sites (Fig. 3.15b,
c). I also performed the same statistical test as in (Fig. 3.8d). This analysis identified that
536 out of 3244 peaks showed significant escape when aggregating counts across all immune
cell types. When focussing on specific genes carrying Xi-accessible chromatin, I found that
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many known constitutive escapees showed high allelic ratios, evenly spread across accessibility
levels as measured by the total number of allelic reads. In particular, Kdm6a, Kdm5c, Utp14a,
Tmem29, Ftx, Eif2s3x and Pbdc1 showed accessibility in their promoter regions (Fig. 3.15d,
e). In contrast to the gene expression measurements, Xist shows accessibility on both Xa and
Xi. Finally, I compared allelic ratios derived from RNA-sequencing to ATAC-sequencing based
measurements. This analysis revealed high and moderate escape in gene expression, defined
as genes with an RNA-derived allelic ratio >0.2 as well as > 0.1 (and < 0.2) respectively, was
associated with high or moderate ATAC-derived allelic ratios (Fig. 3.15f). Indeed, the set of
escapees derived from both methods overlapped strongly and allelic ratios showed a reasonable
correlation (Fig. 3.15g).

Figure 3.15: Chromatin accessibility of the Xi. (a) Overview of the analysis strategy. (b) Scatterplot
showing the total accessibility, as derived from allele-specific counts, against the fractions of Xi-derived
reads. (c) Barplots stratifying peaks by allelic ratio, and by annotated region. (d) Allelic ratios of
accessibility measurements across genes. Each peak is annotated to the nearest gene, and allelic ratios
are aggregated across them. (e) As d, showing promoter allelic ratios. (f) Boxplots comparing promoter
allelic ratios measured from RNA, see Secion 3.8. (g) Scatterplot showing the same data as in (f),
demonstrating a correlation between the two omics datasets.

Next, I asked whether chromatin accessibility varied across cell types. To this end, I employed
scDALI with a cell type-based kernel and detected cell type-specific accessible peaks at an FDR
<10%. This analysis revealed that intronic peaks were the most likely to be variable across cell
types. This was followed by promoter-overlapping, distal, and last, exonic peaks (Fig. 3.16a).
Overall, this analysis demonstrates remarkable variability in the regulatory landscapes of adult
immune cell types. As specific examples, I examined chromatin accessibility around the Med14
and Cxcr3 loci, which showed variable escape in expression. I observed that CD8+ memory
T-cells, among other cell types, showed Xi-specific accessibility on the Med14 promoter and
the end of the gene body, whereas follicular B-cells and other cell types did not. Similarly,
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Cxcr3 showed accessibility only in NK-T- and CD8+ memory T-cells.

Figure 3.16: Cell type-specific chromatin accessibility of the Xi. (a) Outline of the scDALI-based
analysis of cell type-specific accessibility ratios (top). On the bottom, a barplot shows the fraction of
peaks with significant variability, stratified by genomic context. (b) Coverage plot across the Xa (grey)
and Xi (black) across cell types, around the Med14 locus. (b) Coverage plot across the Xa (grey) and Xi
(black) across cell types, around the Cxcr3 locus.

Finally, I sought to replicate the increase in global escape derived from scRNA-sequencing
data, considering that a general loss of silencing integrity should lead to increased chromatin
accessibility across the X. To this end, I calculated allelic read ratios Xi

Xi+Xa
across the Xi

for each cell, and for each population of cells within a sample (Fig. 3.17a). I observed
that for the vast majority of cell types, average allelic ratios stayed the same of increased
during ageing. Notably, CD8+ memory T-cells showed a stark increase, paralleling the
results derived from scRNA-sequencing data (Fig. 3.17b). This was largely consistent across
analyzed samples. Of note, the scATAC-sequencing data also showed an increase in CD8+
naive T-cells, suggesting that the effect is indeed ageing-related and not only differentiation-
dependent. Furthermore, I observed strikingly high allelic ratios in Plasma B-cells (Fig. 3.17c).

I next asked whether this increase in accessibility corresponded to specific genomic features,
and stratified the analysis by promoter, intronic, exonic and distal peaks. Globally, exonic and
promoter peaks shpwed the lowest accessibility, relative to the Xa, and less variation across cell
types (Fig. 3.17d). However, CD8+ memory T-cells showed and increase also at the promoter
level, which is most closely associated with gene expression. Of note, distal and intronic peaks
showed striking variability in allelic ratios across cell types and the strongest increase in CD8+
memory T-cells. These results indicate that ageing-related increases in accessibility affect the
entire genome, and include regulatory elements. I confirmed this by analyzing the allelic ratios
between young and old CD8+ T-cells, pooling across naive and memory cells whose popu-
lations contract and expand during ageing respectively. This analysis revealed a set of peaks
with increased allelic ratios in aged cells, including sites close to the Tmsb4x and Elf4 genes
(Fig. 3.17e). The former has been shown to escape in different contexts, while the latter is a
transcription factor relevant to T-cell biology [Mousavi et al., 2020, Yamada et al., 2009].
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Figure 3.17: Global increase of accessibility on the Xi during ageing. (a) Scheme of the analysis
approach to quantify global accessibility on the Xi. I both consider X-chromosome-wide ratios by
summing reads across genes, and sample-cell type population bulks. (b) Boxplots showing distributions
of Xi ratios across cell types and ages. Boxplots show medians, 25 and 75% and 1.5 times inter-quartile
ranges (whiskers). (c) Boxplots showing aggregated counts per cell type and sample. (d) The same
plot as (c), but stratified by peak category. (e) Scatterplot showing allelic ratios in young and old CD8+
T-cells (naive and memory).
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3.6 Discussion
My work in this chapter dissects the cell type-specificity of escape from X-inactivation in
an adult tissue. By employing single-cell methods, I show that it is possible to assign the
X-inactivation status of individual cells. Thereby, one obtains a multi-modal dataset containing
information on expression levels, including cell types and states, allele-specific expression,
specifically escape from XCI and skewed XCI together. Using this data, I show that XCI is
largely complete in all immune cell types, but that both quantitative variation in escape and
cell type-specific escapees exist. Then, I move to organismal ageing, and test a long-standing
hypothesis that the inactive X-chromosome loses its stability in aged cells. I show that global
escape does indeed increase, but that this is a cell type-specific, not a universal feature of
ageing. Specifically, this increase is most prominent in CD8+ T-cells and might be due to their
clonal proliferation history. Finally, I show that chromatin accessibility can be analyzed using
scATAC-Seq data in an equivalent way. These results show that expression and chromatin
accessibility are largely correlated at escape loci, and confirm that ageing of CD8+ T-cells
destabilizes the Xi.

How high the total fraction of genes escaping XCI is has been under some debate. The
prevailing view has been that in mice and humans, around 3-7% and 20% of genes escape,
largely due to the larger pseudo-autosomal regions in humans which retain expression on the
Xi [Loda et al., 2022]. However, some studies suggested that in individual cell types escape
might be widespread, affecting more than 50% of genes [Sierra et al., 2023]. My results show
that escape is largely stable across different cell types, and applying the approach presented
here to other tissues has largely confirmed this (preliminary results from James Cleland). Re-
assuringly, some of the genes I observe to escape have been suggested to do so before and are
likely to impact cell function [Oghumu et al., 2019, Richart et al., 2022]. This approach can be
used to generate tissue-level escape maps, and fully define the extent of expression from the Xi.

The most important contribution of this chapter is the observation that global escape in-
creases in some cell types, but that the Xi is largely stable during ageing. It is known
that Xist is dispensable for maintenance of XCI, which is instead maintained by repres-
sive regulatory machinery and epigenetic erosion is thought to be a hallmark of ageing
[López-Otı́n et al., 2013]. This has been shown for different epigenetic marks as well as
chromatin acessibility [Bozukova et al., 2022, Tauc et al., 2021, Benayoun et al., 2019]. It
will therefore be interesting to investigate whether repressive marks are affected in par-
allel to increased escape. In particular, it is noteworthy that CD8+ memory T-cells show
the strongest clonal expansion [Sun et al., 2022]. It is therefore tempting to speculate
that excessive proliferation drives loss of escape, possibly through telomere shortening
[Schoeftner et al., 2009, Goronzy and Weyand, 2019]. This parallels the erosion of XCI in
induced pluripotent stem cells in vitro [Cloutier et al., 2022].

Furthermore, plasticity of escape during clonal expansion might explain recurrent increase of
Med14, which has been shown to affect proliferation [Richart et al., 2022]. Increases in ex-
pression of these genes might be selected for by proliferative pressure, and indeed provide
female-specific phenotypic variability. These results need to be confirmed in human samples,
where large single-cell datasets of immune cells across ages are available [Yazar et al., 2022].
Furthermore, these results suggest specific functional experiments: If increased escape is due to
hyper-proliferation, it should be possible to induce this change by long-term culture of T-cells



3.6. Discussion 101

in vitro. Furthermore, it should be validated that Med14 has an impact on T-cell prolifera-
tion or function, and that aged female cells show proliferative advantages over male cells. A
largely unaddressed topic is what regulates escapees, and whether cell-type specific gene reg-
ulation on the Xi is different to the Xa. My single-cell approach can use correlative analysis
to address this question in two ways: On the one hand, the integrative total expression mea-
surements with escape quantifications can nominate transcription factors which correlate with
mRNA levels from the Xi. This type of analysis has been used to derive gene regulatory net-
works [Aibar et al., 2017]. However, it can be challenging to distinguish genuine causal links
from joint correlation with an upstream cell state variable, which is correlated to both.
Secondly, chromatin accessibility can be used in a similar manner to identify links between
cis-regulatory elements and target genes [Pliner et al., 2018]. The dataset I preliminarily anal-
ysed will be useful to identify CREs associated with escapee activity, since the Xi is known
to show a strikingly different accessibility landscape than the Xa [Giorgetti et al., 2016]. In
the future, multi-modal measurements of RNA, ATAC and others will be useful to refine these
links.

A recent study has used a similar approach as presented here to assess escape in human
immune cells [Tomofuji et al., 2023]. This preprint proposes an approach to partially phase the
X-chromosome based on expression data alone, which is particularly useful when no genomic
phasing information is present. However, the number of genes and loci of accessible chromatin
assessed in that study is limited, partly because of the lack of phased genome information and
the rarity of heterozygous variants. Furthermore, that study did not use statistical models of
allele-specific read counts to account for sparsity.

Although single-cell data in principle provides the ability to quantify escape at the single-cell
level, neither I nor [Tomofuji et al., 2023] use the data to quantify inter-cell variability beyond
comparing cell types. This is due to the inherent sparsity of allele-specific data. It is also an
open question whether other methods such as Smart-Seq2 which suffer from PCR amplification
bias due to the lack of UMIs will improve these quantifications, as escapees are generally not
highly expressed. Given enough signal, it will be interesting to model overdispersion of escape
directly, and to assess whether the incomplete escape I observed is due to lower expression in
all cells or lack of escape in some cells. A specific model for a given gene could be similar to
the BASICS model for total expression variability:

ki ∼ BetaBin(ni, p, log(θt) + log(θ0) + log(θx)) (3.11)

where θt captures technically induced overdispersion which can be estimated using spike-ins, θ0
is the baseline biological overdispersion and θx captures condition or cell type-specific overdis-
persion. When read counts are low, mean and variance are indistinguishable, as the read counts
are close to Bernoulli-distributed. However, by sharing information on θ across genes or in-
creasing read counts, this model could quantify the extent to which escape is technically driven
or varies across cells and conditions.



Chapter 4
Xist modulates the expression of escapees

Overview: Little is known about how escape from X-inactivation is regulated. In
humans and mice, the long non-coding RNA Xist is the causative factor driving X-
inactivation during embryogenesis, but appears to be largely dispensable for long-term
silencing. However, deletion of Xist leads to moderate de-repression of the Xi, and its
expression levels and localization have been suggested to impact escape. Here, I sys-
tematically test whether Xist can silence escapees in a post-silencing context. In neural
progenitor cells, Xist overexpression leads to a time-dependent loss of escape of almost
all genes. Genes show variable resistance to silencing, partly dependent on their chro-
mosomal position. As during X-inactivation, silencing is dependent on the Xist co-factor
SPEN. When Xist-levels are reduced back to normal, genes show partial reversibility,
again depending on how long they had been silenced. Finally, increased Xist-levels re-
duce escape during imprinted XCI. These results demonstrate a potential mechanism by
which physiological or pathological variation in Xist activity might impact escape from
XCI.

Contributions: This study represents joint work between the Heard, Stegle and Odom
labs. The project was conceived by Edith Heard, Antonia Hauth and Agnese Loda. Anto-
nia Hauth and Agnese Loda performed all experiments. The embryo data was generated
by Agnese Loda and Emma Kneuss. Sequencing data was pre-processed by Antonia
Hauth and me, using a workflow designed by Yuvia Perez. The escape meta-analysis
was conducted by Yuvia Perez and extended by me. I performed all other computational
analysis. The project was supervised by Edith Heard, Oliver Stegle and Duncan Odom.
A paper including all of the results presented in this chapter is currently in preparation.

4.1 Introduction
In the previous chapter, I have performed a comprehensive mapping of escape in adult cell
types, but that study did not address the gene regulatory mechanisms acting on escapees. I
have shown, as others previously, that expression from the Xi is associated with a retention of
accessible chromatin at their gene bodies and promoters [Berletch et al., 2015]. Furthermore,
it has been demonstrated that they show marks of an active chromatin state, and a depletion
of DNA methylation [Balaton et al., 2015]. In contrast, distal regulatory elements that
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are critical for context-specific gene expression on the Xa, are rarely accessible on the Xi
[Giorgetti et al., 2016]. Additionally, there is a clear connection to chromosome conformation,
with intact TAD structures at escapees [Giorgetti et al., 2016]. This is driven by binding of
CTCF, suggesting that local compartmentalization is critical to resist full condensation of
the Xi [Berletch et al., 2015, Fang et al., 2023]. These results suggest that a partially active
chromatin environment facilitates Xi-specific expression. Apart from CTCF, there is little
evidence of trans-acting factors driving escape, although escapee promoters are enriched for
motifs of the transcription factor YY1 [Peeters et al., 2023].

As the term ”escape” from XCI implies, these genes resist silencing during the inactivation
process, as opposed to them being re-activated later during development or adult life. It has
been suggested that by the mechanics of Xist spreading across the Xi, some genes are pro-
tected from silencing [Engreitz et al., 2013]. Furthermore, repetitive DNA, especially LINE1
elements are associated with Xist progression and are depleted from escapees [Lyon, 1961]].
Therefore, sequence features contribute to the intrinsic ability of a subset of genes to resist
silencing, which has in particular been shown for constitutive escapees which escape in all
tissue contexts [Barros de Andrade E Sousa et al., 2019, Pacini et al., 2021]. However, it
remains open whether these parameters play a role in their propensity to become re-activated
as well. In particular, facultative escape which is only observed in specific tissues or other
contexts, might result from secondary loss of silencing later in life.

Whether Xist RNA can impact escape remains an open question. The prevailing model is that
during XCI, it needs to be expressed for a sufficient period of time to make XCI irreversible
[Wutz et al., 2002]. Afterwards, silencing is driven through secondary actors, and is thought to
be Xist-independent. In accordance with this, its experimental deletion does not lead to full re-
activation of the Xi. It does however lead to mild increase in expression, and has hematological
phenotypes [Yildirim et al., 2013, Yang et al., 2020, Yu et al., 2021, Yang et al., 2022b]. This
suggests that the continued presence of Xist on the Xi contributes to silencing, even though it
is not strictly required. A similar phenomenon was observed in breast cancer, where loss of
Xist-mediated silencing has been shown to contribute to aggressiveness [Richart et al., 2022].

Here, I use expression data generated in a reduced model system of escape to directly and
quantitatively test the impact of Xist on escape from XCI. Using an inducible Xist-transgene in
neural progenitor cell lines, I show that increased Xist mRNA levels silence escapees. Silencing
progresses as long as Xist is overexpressed and leads to almost full, chromosome-wide loss
of escape. However, dynamic modelling shows that constitutive escapees show the strongest
resistance to silencing. I further show that as during XCI, Xist action depends on the presence of
its co-factor SPEN. The partial silencing induced by short-term Xist-overexpression is largely
reversible when Xist-levels are reduced again. Meanwhile, long-term overexpression leads to
irreversible inactivation of many genes, especially those strongly susceptible to Xist-mediated
silencing. Finally, I show that increased Xist-levels reduce escape in pre-implantation embryos,
validating these findings in vivo. Collectively, these results show that Xist has the capacity to
re-initiate X-inactivation in adult cells and especially facultative escapees can be inactivated
fully. Furthermore, I use this process to quantify a genes intrinsic resistance to inactivation in
adult cells, which might predict how likely a gene is to re-activate.
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4.2 Xist overexpression silences genes that escape X-
inactivation

4.2.1 Measuring escape from XCI using clonal NPC lines
To assess the role of Xist in the silencing of escapees, I used data generated in a cell line system
that allows to model escape. A commonly used model are neural progenitor cells generated
from mouse embryonic stem cells (mESCs) derived from an F1 hybrid cross. In naive mESCs,
both X-chromosomes are active. By changing medium conditions mESCs are grown in to
remove self-renewal cues, they undergo spontaneous differentiation, mainly committing to the
neural lineage [Ying et al., 2008]. During this process, X-inactivation proceeds, which has been
used as an in vitro model for XCI in previous studies [Wutz et al., 2002]. As in the embryo, XCI
is random, but by clonal expansion of individual NPCs, cell lines with fully biased XCI can be
obtained (Fig. 4.1a). The NPC lines described in this chapter were generated from a C57B6
x CAST/EiJ ESC line that carries a dox-inducible transgene on the B6 X-chromosome (Clone
E6) (see next section) [Dossin et al., 2020]. I also make use of transgenic cell lines that carry
an inducible degron for SPEN (Clones CL30/CL31, and subcloned cell lines CL31.16/CL30.7)
(see Section 4.3). In this study the RNA-Sequencing data is has full transcript length, which
facilitates the quantification of allele-specific expression. I first validated that for the vast ma-
jority of expressed genes, total read counts were strongly correlated with allelic read counts,
suggesting that only few genes do not permit quantification of escape (Fig. 4.1b). In total, I can
assess escape in 442 genes out of 573 expressed X-linked genes (>10 reads per sample, 77.1%).
Next, I confirmed that autosomes show expected bi-allelic expression, and that the majority of
X-linked genes show mono-allelic expression from the Xa, which is the CAST haplotype in all
cell lines used here. To this end, I calculated the ratio between allelic read counts

Xa

Xa +Xi

= XCAST

XCAST +XB6

(4.1)

which revealed strongly Xa (CAST)-biased expression for most X-linked genes in all cell lines
(Fig. 4.1c).

Figure 4.1: (Caption on the next page.)
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Figure 4.1: Allele-specific quantifications of escape in NPC lines (a) Scheme demonstrating the
derivation of neural progenitor cell lines used in this study, modified from graphics generated by Agnese
Loda. (b) Scatterplot showing total (x-axis) against allele-specific (y-axis) read counts of X-linked genes
in the three analyzed cell lines, showing one replicate each. Only a small number of genes shows no
allele-specific discrimination and can therefore not be analyzed in this study. (c) Density plot showing
distributions of allelic ratio for autosmal (grey) and X-linked genes in the indicated cell lines. Note that
in each cell line, the majority of genes is only expressed from the active (CAST) haplotype.

4.2.2 Widespread escape from XCI in neural progenitor cells
I found that bi-allelic expression of X-linked genes, indicating escape from XCI, was common
in the E6 cell line, but scarcer in CL30 and CL31 (Fig. 4.2a). Escapees were highly
similar across experimental replicates and most genes that I found in the low escape clones
CL30/CL31 were also found in E6. As expected, Xist was fully biased to the Xi (Fig. 4.2a).
As Xist is the only gene expected to be only expressed from the Xi, I excluded a small number
of genes with an allelic ratio > 0.8, as these likely represent mapping artefacts. Furthermore, I
observed that escapees tended to appear in clusters along the length of the X-chromosome, in
accordance with previous work that suggests regions of the Xi to be conducive for expression
[Giorgetti et al., 2016].

Previous work has identified many escapees in different mouse tissues, with a subset of them
being found in most datasets analysed [Fang et al., 2023]. These ”constitutive” escapees might
have different molecular features than sporadic ”facultative” escapees. I therefore extended a
previously conducted survey of studies profiling escapees to classify genes as constitutive and
facultative, or usually silenced. Across 19 studies, the escape status of 863 genes was assessed
in at least one dataset (Fig. 4.2b). I then classified genes that were observed to escape in more
than three and at least half the studies as constitutive and genes that never escaped as silenced.
All other genes I termed as facultative. Previously, escape has been defined as the fraction of
Xi-derived reads being greater than 10% [Balaton et al., 2021]. In the NPC dataset, 13-14 out
of the 14 annotated constitutive escapees escaped, with 12 of them being observed in all cell
lines, showing that also in NPCs, constitutive escapees are generally expressed from the Xi
(Fig. 4.2c, d). In contrast, 30 to 95 facultative escapees were escaping across samples, with
23 being shared among cell lines, and an excess of genes in the E6 cell line. Of note, 17 - 46
silenced genes also escaped (10 shared), which might represent NPC-specific escape, or might
have been missed due to lack of power in previous studies. I therefore consider these genes
”NPC-specific” escapees for the rest of this chapter.

In total, the presented analysis demonstrates widespread escape that varies across NPC lines,
and is consistent with previous surveys of escape. Also, the dataset shows that the E6 cell
line shows extensive escape and the majority of expressed genes has sufficient allele-specific
coverage, making it an ideal model system to study regulation of escape genome-wide.
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Figure 4.2: Measuring escape in neural progenitor cell lines. (a) Heatmap showing allelic ratios for
X-linked genes, ordered by their position on the X-chromosome. Individual replicates are shown for
the E6 cell line, and parental and subcloned cell lines for C30/C31. (b) Scatterplot showing the results
of a meta-analysis of escape across RNA-Sequencing studies. For each X-linked gene, the number of
datasets in which its escape was assessed is plotted against the fraction in which it was reported an
escapee. Genes which are never considered escapees are termed ”silenced” (grey). Genes which escape
more than half the time and at least in three studies are termed ”constitutive” escapees (orange) all other
genes are termed ”facultative”. (c) Number of genes escaping in cell lines, and common escapees in
different combinations. (d) As (c), but stratified by escape category.

4.2.3 Time-dependent silencing of escape by Xist-overexpression
I next asked whether increased Xist-levels would lead to reduction of escape across the X-
chromosome. All used cell lines contain an inducible Tet-On Xist-transgene that allows for
controlled over-expression by addition of doxycycline (Dox) to the culture medium (Fig. 4.3a).
The transgene is located on the inactive B6 X-chromosome and Xist is known to act in cis, the
overexpression is therfore specific to the Xi, and is not expected to affect the Xa or autosomes.
Across three replicate experiments performed in the E6 cell line, I found that Dox addition
over 3, 7, 14 and 21 days lead to a robust and stable average 7-fold increase of Xist-mRNA
levels (Fig. 4.3b). I next assessed reduction of escape as measured by the allelic ratio of 134
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escapees in E6, excluding Xist. Addition of Dox induced a clear and time-dependent reduction
of escape across the X-chrosome (Fig. 4.3c). Stratifying between escape categories shows
that the vast majority of genes showed a reduction in allelic ratios (Fig. 4.3d). In particular,
NPC-specific and facultative escapees are almost fully silenced, while constitutive escapees
are strongly reduced, but retain more expression from the Xi. I next asked to which extent
genes were silenced at the different time points. To this end I quantified the extent of silencing
as the fraction of retained escape after treatment, and also assessed the fraction of genes that
retained more than 10% of expression from the Xi. I also used a binomial linear model to assess
significant reductions in allelic ratios derived from active and inactive read counts kXa, kXi by
modelling

kXi ∼ Bin(kXa + kXi, p)
logit(p) = u

u = β0 + βDox
and estimating the significance of βDox. This analysis shows progressively increasing numbers
of genes that decrease significantly in escape, and genes that fall below the fraction threshold of
10%. Importantly, most constitutive escapees saw a reduction in escape, even though half of the
genes still retained > 10% expression from the Xi. A majority of NPC-specific and facultative
escapees were already largely silenced after seven days of Dox overexpression (Fig. 4.3e).

Figure 4.3: (Caption on the next page.)
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Figure 4.3: Measuring escape in neural progenitor cell lines. (a) Scheme demonstrating the deriva-
tion of neural progenitor cell lines and Xist overexpression, modified from graphics generated by Agnese
Loda. (b) Barplot showing the increase of Xist RNA in the different timepoints. Each points represents
on replicate experiment (n = 3). (c) Heatmap showing loss of escape during Xist overexpression over
time. The heatmap only shows detected escapee genes, and genes are ordered by their position on the
X-chromosome. (d) Boxplots shpwing the distribution of allelic ratios in (c) across escape categories.
(e) Histogram shpwing the distribution of allelic ratios after Xist-overexpression, normalized to the un-
treated control. White fill shows the number of genes with significant reduction in a generalized linear
model (FDR < 5%).

These results demonstrate clearly that an increase in Xist levels leads to almost complete si-
lencing of the Xi in the E6 cell line. I next assessed whether this phenotype was reproducible
in independent cell lines. In an equivalent experiment, seven days of Dox exposure lead to
Xist levels being increased by an average of 11-fold in CL30 and CL31 (two experimental
replicates). As in E6, there was a clear reduction of allelic ratios after 3 and 7 days, with NPC-
specific genes being most affected (Fig. 4.4a, b). These results demonstrate that Xist mRNA
levels reduce escape in a chromosome-wide manner. Although almost all genes are efficiently
silenced, constitutive escapees seem to be most resistant to inactivation.

Figure 4.4: Validating the silencing phenotype in independent cell lines. (a) Barplots showing Xist
overexpression in CL30 and CL31. Expression levels are normalized to the median of all control sam-
ples. (b) Boxplots showing loss of escape in CL30 and CL31. Genes are stratified by their classification
in the escape meta-analysis.

4.2.4 Modelling the kinetics of escapee silencing
The results presented in the previous section suggest that while all X-linked genes can be si-
lenced by Xist, there is variation in how quickly expression is lost and whether some residual
escape remains, particularly for constitutive escapees. To understand this variation quantita-
tively, I devised exponential decay models to describe the observed silencing data. As the read
counts derived from bulk RNA-Seq are reasonably high, I approximated the allelic rates as
following a normal distribution, instead of modelling the read counts directly using a binomial
distribution. For each gene, I compute allelic ratios r = kXi

kXi+kXa
and assume that r is distributed
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as

r ∼ N(µ,σ2)
µ = e−ktA0 + b0

where t is the timepoint of measurement in days. This model assumes that the allelic ratios
start at A0 to account for variable basal escape levels and then reduce with a decay constant
k, which captures the speed of silencing. The half-time of reduction, until r = 1

2A0 can be
computed by t1/2 = k

ln(2) . Finally, b0 accounts for the possibility that escape is not reduced to
zero, but that the exponential decay approaches a non-zero value over time. I refer to this value
as residual escape (Fig. 4.5a). By comparing the full model to a reduced model without b0, I
can assess whether genes get fully silenced or not.

I estimated model parameters using non-linear regression (nls function, stats R package) and
assessed the validity of function fits by the R2 value, which showed that 136 genes were fit
well by regression including or excluding b0. At the level of specific genes, there were fully
and quickly silenced genes such as Mecp2, slowly but fully affected genes such as Gpm6b and
varying levels of residual escape, for example at Kdm5c and Pbdc1 (Fig. 4.5b). As the dataset
encompasses only a limited set of timepoints, it is not necessarily clear whether genes are fully
silenced or silencing is very slow. I therefore assessed whether there was statistical evidence
for residual escape. To this end, I compared two model fits with and without b0 and computed
the Bayesian Information Criterion to account for the additional parameter and found that 33
out of 136 genes had a higher BIC in the offset model (Fig. 4.5c). Across genes, I found
that silencing speeds, measured by escape half-life, varied broadly across genes, and that
constitutive escapees showed slower silencing than facultative ones which were themselves
slower than NPC-specific ones (Fig. 4.5d). Similarly, residual escape was strongest in
constitutive escapees than the other classes (Fig. 4.5e). However, after accounting for escape
category, there was still large variation in all categories, suggesting that other features impact
the silencing behaviours of genes.

Indeed, visual inspection of (Fig. 4.3d) suggests that genes in close proximity to each other
were silenced at similar rates. To quantify this effect I defined clusters of escapees in close
proximity. Traversing the X-chromosome, I split genes into groups that were within 100kb of
each other, and split groups if they were further apart. Having defined 11 clusters of escapees
with greater than two genes, I then computed the average absolute difference in silencing half
times between genes within the same cluster, and random gene pairs (Fig. 4.5f). Genes in close
proximity showed significantly more similar silencing dynamics than random background,
suggesting that the local chromosome environment affects escape.

These results demonstrate differential resistance of genes to silencing. This variability is partly
explained by gene-intrinsic factors, associated with constitutive and facultative categories, but
also the local context on the X-chromosome. This is in line with previous results demonstrating
that escape is organized in topologically associating domains [Giorgetti et al., 2016].
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Figure 4.5: Modelling the silencing dynamics of escapees. (a) Scheme demonstrating the modelling
approach. Exponential decay functions with and without a residual parameter are fit to the escape
measurements of each gnee (b) Examples of decay curves for genes with varying dynamics, showing a
fully silenced gene (Mecp2), a partially silenced gene (Kdm5c), a slowly silenced gene (Gpm6c) and one
with high residual escape (Pbdc1). (c) Significance analysis of residual escape models. A scatterplot
shows the Bayesian Information Criterion for the normal exponential decay model and one with residual
escape. (d) Boxplot showing the distribution of estimated half-lifes and residual escape (e), stratified
by escape categories. (f) Boxplots showing distributions of half-time similarities between adjacent and
random gene pairs.

4.2.5 Effects of escapee-silencing on total expression
While the previous results show that escape is strongly reduced by Xist-overexpression, it
does not directly show whether combined gene expression levels from both X-chromosomes is
affected. I therefore next used DESeq2 to assess differential expression separately for the Xi
and Xa. As expected, the Xi showed significantly reduced expression of almost all X-linked



4.2. Xist overexpression silences genes that escape X-inactivation 111

genes after 7 and 21 days (Fig. 4.6a and Fig. 4.6b respectively). In contrast, almost no
genes on the Xa were affected, showing that X-linked expression is not changed in trans,
and that there is no compensation from the Xa. Across both X-chromosomes, a subset of the
genes showed a significant reduction in expression levels, demonstrating that increasing Xist
abundance can reduce X-linked expression levels.

Next, I assessed treatment effects on autosomal chromosomes. There have been mixed re-
ports of whether Xist will expand from the Xi and silence genes in trans [Markaki et al., 2021,
Jachowicz et al., 2022]. Furthermore, reducing the expression levels of escapees might have
secondary effects on autosomes. Using DESeq2, I found only few differentially expressed
genes, suggesting that neither of these effects are strong (Fig. 4.6c). However, it is necessary to
acknowledge that these might be weak effects that will only be visible using targeted analysis.
As expression from the Xi is either less or equal to the Xa, even a full loss of escape will only
decrease gene expression levels by at most 50%, and secondary effects from this difference
might be difficult to detect. These results collectively show that Xist-mediated silencing is Xi-
specific and reduces escapee expression levels, but has only a weak effect on gene expression
globally. This validates the NPC system as suitable to study loss of escape, as secondary effects
from silencing are limited.

Figure 4.6: Effect of escapee silencing on gene expression. (a) DESeq2 analysis for differential
expression of X-linked genes after seven days of dox treatment. The left plot shows counts from the
active X, the middle from the inactive X and the right combining both together. Genes with a significant
effect at 10% FDR are highlighted in red. (b) as (a), but showing tests after 21 days of dox treatment.
(c) DESeq2 test of total read counts on autosomal genes.
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4.3 Escapee silencing depends on the silencing co-factor
SPEN

The mechanisms downstream of Xist during random XCI in the post-implantation embryo
are relatively well understood. After establishment of Xist-expression on one chromosome,
the lncRNA spreads across the X and recruits various chromatin silencing factors. These
include the two polycomb repressive complexes (PRC1, through hnRNPK, and PRC2),
methyltransferase proteins, including Dnmt3b, and histone de-acetylase complexes. A key
factor that binds to Xist is the protein SPEN, which is thought to mediate silencing through
interaction with Hdacs and the NuRD complex [Jachowicz et al., 2022, Loda et al., 2022].

I next addressed whether the inactivation mechanism during X-inactivation was the same as
during silencing of escapees in differentiated cells. To this end, I made use of data generated
from the CL30.7 and CL31.16 cell lines. Besides the Dox-inducible Xist-transgene, these
contain SPEN alleles with an auxine-inducible degradation tag [Dossin et al., 2020]. Adding
the molecule auxin to the culture medium will lead to recruitment of SPEN to the proteasome,
and thereby to rapid degradation of the protein [Yesbolatova et al., 2020] (Fig. 4.7a). For
the combined treatment, auxin was added two days before Dox-induction to ensure full
SPEN-depletion ahead of silencing. In both 3 and 7 day timepoints, I found that there was no
reduction of allelic ratios in the absence of SPEN, compared to the untreated control, while
allelic ratios were strongly reduced in the treatment with Dox only Fig. (4.7b). This result
was consistent between the two assayed cell lines Fig. (4.7c). I note that this analysis only
contains the sub-cloned cell lines presented in Section 4.2.2, as the parental lines were not
genotypically pure (not shown).

I next visualized the distribution of allelic ratios across the different conditions, again demon-
strating that SPEN-depletion abolished Xist-mediated silencing almost fully and consistently
across cell lines. This was furthermore consistent for all escape categories, demonstrating that
also in differentiated cells Xist requires SPEN as a co-factor (Fig. 4.7d, e). These results show
that escapee-silencing through Xist requires at least some of the same co-factors and suggests
strongly that it follows the same mechanism as gene-silencing during random XCI.
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Figure 4.7: Escapee silencing depends on the Xist co-factor SPEN. (a) Scheme demonstrating Xist
overexpression and SPEN depletion, modified from graphics generated by Agnese Loda. (b) Heatmap
showing allelic ratios of escapees in CL30. Shown are untreated control, Xist overexpression (Dox) and
additional depletion of SPEN (Dox, Aux). Genes are shown in order by chromosomal location. The
lower annotation bar classifies genes as NPC-specific, facultative or constitutive escapees. (c) as (b),
for CL31. (d) Scatterplot of allelic ratios in control condition against 3 day dox condition (left) and 3
day dox with auxin (right). The diagonal represents equal values between the two conditions, that is, no
treatment effect. The marginal distributions are shown as boxplots. Values are averaged between CL30
and CL31. (e) As (d), but showing 7 day treatment effects.
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4.4 Silencing of escapees is partially reversible
During XCI, gene silencing becomes mostly Xist-independent after completion of XCI.
Inactivation proceeds from an initial reversible state into irreversibility within a few days,
both in vivo and in a cell line model of the process [Wutz et al., 2002]. As this study uses
a Dox-inducible transgene, irreversibility can be directly tested by removing Dox from the
culture medium (Fig. 4.8a).

I first confirmed that after 4 or 7 days of washout, irrespective of previous treatment time,
Xist abundances is reduced to control levels (Fig. 4.8b). I then inspected escape after
removal of Dox for seven days, to assure that re-establishment of expression can proceed.
I found that after seven days, many genes returned to the same allelic ratio as in control
conditions, while others stayed reduced. After 21 days, this effect was substantially more
pronounced, with a majority staying silenced and a subset returning to full escape (Fig. 4.8c).
Quantifying the distributions of these effects, as silencing became close to complete over
time, the amount of recovery was also reduced (Fig. 4.8d). I next quantified reversibility as
the fraction of the allelic ratio after washout, compared to control conditions. This analysis
showed that constitutive escapees returned to around 80% of escape after 7 day treatment
and washout, which did not change much for longer silencing time points. In contrast,
facultative escapees showed similar reversibility as constitutive ones after 7 days, but much
more stayed silenced after 21 days with washout. NPC-specific genes were largely irreversible
already after 7 days, and almost fully irreversible after 21 days (Fig. 4.8e). These results
could be confirmed after discretizing irreversibility into reversible, partially reversible and
irreversible categories, based on a recovery of 80% or 10% respectively. The vast majority
of genes were reversible after seven, but partially or irreversible after 14 and 21 days (Fig. 4.8f).

These results show that sustained Xist-overexpression is necessary to maintain the almost fully
silenced state of the Xi, but that it can irreversibly silence a subset of genes. I considered
that the observed variation in reversibility could correspond to the variability in resistance
to silencing I observed in Section 4.2.3. I therefore correlated the silencing half-time to the
irreversibility fraction. Indeed, there was a small but significant correlation (Pearsons corre-
lation coefficient r = 0.4), showing that slow-to-silence genes recover escape more readily,
and recapitulating the differences between categories (Fig. 4.8g). Similarly, reversibility
of a gene could be associated with its chromosomal context. To this end, I defined locally
connected groups of genes. Specifically, I calculated the distance of every escapee to the
second nearest one, and traversed the X-chromosome, assigning genes to a group as long as
they were within 100kb of each other, and splitting groups whenever the distance was greater.
This partitioned genes into 11 clusters with at least three genes, and the rest being singlets
or doublets. Region 11 (purple) encompassed four genes, all of which were silenced slowly,
and recovered escape largely. Similarly, genes in region 7 (pink) had intermediate half-times
and recovery, while the adjecent region 6 (green) was quickly silenced and did not recover.
In contrast, region 1 genes (light green) were silenced quickly and were irreversible (Fig. 4.8h).
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Figure 4.8: Escapee silencing reversibility is gene dependent. (a) Scheme demonstrating Xist over-
expression and washout experiments, modified from graphics generated by Agnese Loda. (b) Barplot
showing the increase of Xist overexpression and loss thereof after washout. Each point represents one
replicate experiment (n = 2). (c) Heatmap showing allelic ratios of X-linked genes in dox treatment con-
ditions and washout. Genes are ordered by chromosomal position. (d) Boxplots showing the distriution
of allelic ratios, averaged across replicates. Genes are stratified by escape categories. The colors below
indicate clusters of locally close genes as described above (e) Boxplots showing ”reversibility” of allelic
ratios calculated as the ratio recovered after releasing dox. Results are stratified by escape category and
silencing duration. (f) Discretization of the data in (e), by termining genes with less than 10% of es-
cape recovered ”irreversible”, genes with at least 80% recovered as reversible, and all others as partially
reversible. (g) Scatterplots comparing reversibility (y-axis) against speed of silencing as calculated by
exponential decay fits. Genes are colored by escape category. (h) Same results as in (g), but colored by
clusters of silencing as determined in (4.5)
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However, I also observed many genes with slow silencing and no recovery, or the other
way around, suggesting that other factors affect these behaviours. For example, a num-
ber of constitutive singlet escapees showed slow silencing. Collectively, these results show
that gene silencing by Xist becomes progressively irreversible, as it does during XCI. I
also show that the intrinsic resistance to silencing correlates with a genes ability to reac-
tivate. Indeed, it is known that constitutive escapees resist silencing during XCI in vivo
[Barros de Andrade E Sousa et al., 2019].

4.4.1 Quantifying escape from imprinted XCI
I finally sought to validate these results in vivo. At genome-scale, escape from XCI is difficult
to measure due to random X-inactivation, unless single-cell methods are employed (as in
Chapter 3). In mice, an alternative setting in which escape can be assessed is presented by
imprinted X-inactivation in the pre-implantation embryo [van den Berg et al., 2011]. The
samples used here are female embryos derived from mating a male C57B6 TetOn-Xist /
TetOn-Xist; wt / Rtta with a female wild type JF1. The TetOn-Xist allele is the same as
in the previous figures and allows for the overexpession of Xist. Dox-induction in a TetOn
system requires a tetracycline-induced trans-activator (Rtta) which is introduced through an
autosome (Fig. 4.9a). Since the Rtta is a heterozygous allele, half the resulting embryos
will carry the trans-activator and overexpress Xist after Dox-treatment, and half will not.
Since female embryos inherit an X from the C57B6 and JF1 strains each, the resulting
embryos are also hybrids which allow for allelic quantifications, similar to the C57B6 x CAST
cross in the previous sections (Fig. 4.9b). As imprinted X-inactivation silences the paternally
inherited, in this case the B6 X-chromosome, full allelic bias towards the JF1 allele is expected.

The individual embryos showed equal expression from the two haplotypes across autosomes,
and expected skewed expression on the Xi (Fig. 4.9c). While most genes showed inactiva-
tion, there was a subset of genes with bi-allelic expression, consistent with escape. I first used
principal component analysis (PCA) to group the individual embryos by their autosomal gene
expression patterns. The samples seperated across PC1 by their morphology-based annota-
tion into morulas (earliest embryonic stage profiled), early and late blastocysts (Fig. 4.9d). I
therefore used PC1 to order embryos through their developmental progression. I next computed
average allelic ratios of Xi expression across the X for every embryo to capture the extent of es-
cape. This measure was anti-correlated with PC1, consistent with the progression of imprinted
XCI. I next mapped sequencing reads to the Rtta transgene and detected reads in around half
the sequenced samples. Rtta+ (Rtta positive) embryos tended to have lower expression from
the Xi than Rtta- ones, suggesting that overexpression of Xist affects escape from imprinted
XCI. Importantly, Rtta+ embryos were distributed similarly across pseudotime in late blasto-
cyst stage samples. This suggests that Xist-overexpression does not affect their developmental
progression and that the embryos tolerate this perturbation well, making it less likely for the
effects on escape to be secondary.
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Figure 4.9: Quantifying escape from imprinted XCI. (a) Experimental outline of the embryo exper-
iments. Male B6 TetOn-Xist / TetOn-Xist; wt / Rtta were crossed with wild type JF1 mice. All female
offspring will carry the TetOn-Xist allele, and half will or will not carry the Rtta transactivator allele.
The Rtta+ embryos will overexpress Xist in response to Doxycycline exposure, while the Rtta- will not
and serve as a control. (b) Scatterplots showing total reads per gene against allele-resolved reads for
one sample, demonstrating high resolution of allelic quantifications. (c) Density plot showing allelic
ratios on autosomes and the X-chromosome on the same sample. (d) PCA of total expression data of the
embryo dataset. Samples are annotated by morphological assignment of developmental stages. The first
principal component can be used as a pseudo-temporal ordering. (e) Scatterplot showing PC1 against
the average allelic ratio of X-linked genes. (f) as (e), but annotating by the presence of reads mapping to
the RTTA-transgene.

4.5 Xist overexpression silences escapees during imprinted
XCI

I next assessed silencing of escapees in vivo at the level of individual genes. Since the dataset
only contained sufficient embryos in late blastocyst stage in both conditions, I ignored the other
two groups in this analysis. I first computed average allelic ratios in Rtta- and Rtta+ embryos
and visualized these across their chromosomal position. This analysis showed mild reductions
of allelic ratios across a small number of genes (Fig. 4.10a). Quantitative aggregation over all
genes show that facultative and NPC-specific categories showed a clear reduction in allelic ra-
tios (Fig. 4.10b). At the level of single genes, a substantial number of expressed genes showed
a significant reduction in escape, a smaller amount did not change, but no genes increased in
escape. Among the most affected genes were Atrx, Usp9x and Hcfc1. These results collec-
tively demonstrate that increasing Xist-levels affect escapees also during embryogenesis. As
expected, the reduction is substantially more subtle than in the cell line, as Xist-exposure is
both shorter (24 hours) and likely increases its transcript levels to a lower extent.
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Figure 4.10: Xist levels control escape from imprinted XCI. (a) Heatmap showing average allelic
ratios of X-linked genes in pre-implantation embryos, separated by controls (Rtta-) and Dox-treated
samples (Rtta+). Annotations below the heatmap show escapee categories, for the legend, refer to b.
(b) Boxplots summarizing the results in (a). (c) Scatterplot showing allelic ratios in Rtta- and Rtta+
conditions where values represent averages across all embryos. Significance was assessed using Students
t-test.

4.5.1 Discussion
In this chapter, I used data from RNA-Seq experiments where Xist levels are titrated to
demonstrate that the lncRNA has the capacity to exert its silencing function even after XCI
is completed and in particular, that it can elimeinate escapee expression almost fully. This
silencing is dependent on the co-factor SPEN, suggesting that mechanistically, Xist acts
through the same pathways in pluripotent as well as differentiated cells and relies on the
XCI initiation machinery Dossin. Furthermore, I use modelling of allelic trajectories to show
that genes differ in their resistance to silencing in two parameters, namely residual escape
after long-term Xist-exposure and their speed in loss of expression. Although constitutive
escapees show the highest resistance in both of these characteristics, other genes show similar
resistance, which might be linked to their genomic location or other gene-dependent features.
Interestingly, inactivation is mostly reversible after short overexpression, and partly irreversible
after long-term exposure, with the extent of re-activation being dependent on their initial
resistance. Finally, modulation of Xist-levels impacts escape during imprinted XCI in vivo.

These results provide a possible pathway through which escape might be controlled in
different contexts. A critical question is to which extent Xist-levels vary across physiological
or pathological contexts. Recently, it has been suggested using single-cell analysis, that
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its variation during the cell cycle controls escapee expression levels [Garieri et al., 2018].
While I see that Xist is robustly expressed across cell types and ages in Chapter 3, it might
vary specifically cancer [Ma et al., 2023, Richart et al., 2022]. Furthermore, differential
function might be driven by localization differences in the absence of expression differences
[Jacobson et al., 2022, Wang et al., 2016]. Finally, changes in Xist expression might exert
effects on gene expression only as a long-term consequence.

The fact that resistance to silencing seems to be locus-specific adds to the knowledge that Xist
acts in chromatin domains which are proximal in 2d or 3d space [Engreitz et al., 2013]. Indeed
I and others observe that escape usually occurs in clusters of genes, and that these show similar
responses during inactivation [Barros de Andrade E Sousa et al., 2019]. It will be critical to
quantitatively assess to which extent escape is driven by gene-specific sequence elements, the
general epigenomic state of the locus, and its local chromatin environment. So far, different
kinds of escapees have mainly been classified empirically based on the number of studies in
which they are detected. My results might help to instead describe constitutive and facultative
escape in terms of genomic and epigenomic features, and to test whether there is a genuine
difference between these two categories.

Finally, this study presents a single perturbation of a trans-acting factor on escape, but recent
technical advances allow to perform such assays at scale. By performing pooled perturbations
and reading out the responses using single-cell sequencing, one can assay the genome-wide
effects of these perturbations at scale [Morris et al., 2023]. This can be done using classical
CRISPR-knockout experiments, or to tune expression levels using CRISPR-interference or ac-
tivation. By combining pooled screens with allele-specific single-cell assays as I outline in
Chapter 3, one could assess the effects of many perturbations on escape in a parallel manner.
In particular, this would allow to compare the effects across genes and identify mechanisms
that drive resistance to silencing.



Chapter 5
Discussion and future perspectives

In this thesis, I have demonstrated how single-cell RNA- and ATAC-sequencing focussed
on allele-specific quantifications is a powerful approach to map cell type-specific allelic
usage caused by genetic and non-genetic effects, and to use this data to infer gene regulatory
principles. The presented work relies on mouse models that allow for genome-wide allelic
discrimination, high-throughput single-cell sequencing assays, and statistical models of
fractional read count data using binomial (mixed) models. In Chapter 2, I have generated
a first of its kind dataset to map cis- and trans-genetic effects at cellular resolution using a
classic F1 hybrid approach. I reveal that cell type-specific modulation of genetic effects is
pervasive during cellular differentiation in vivo, and that cell type-specific genetic effects,
at least between mouse species, are usually cis-driven. By comparison to an additional
mouse strain, I then show that cell type-specific evolution rates are driven by dynamic genetic
effects. Next, I move to the analysis of allele-specific expression and chromatin accessibility
caused by X-chromosome inactivation (XC) in Chapter 3 (data generated by Stefania del
Prete). I develop an approach that ”phases” the inactive X-chromosomal haplotypes at the
single-cell level, and thereby quantifies both skew in X-inactivation and escape from XCI,
even though the allele-specific data is sparse at the single-cell level. This approach reveals
unappreciated heterogeneity in escape from XCI in immune cells, which might contribute
to sex-biased autoimmune disease. I next test the hypothesis that ageing leads to a loss of
robust X-inactivation, and find that this only holds in differentiated T-cell populations. I also
generate cell type-specific maps of accessible chromatin on the inactive X. Following up
on these results, in Chapter 4, I use data generated by Antonia Hauth and Agnese Loda to
test whether the Xist long non-coding RNA can silence escapees in cells after X-inactivation
is completed. Using a simplified neural progenitor cell system, I show that escape from
XCI is almost fully abolished after prolonged increase in Xist-levels. Furthermore, I use
time series modelling to show how silencing behaviours are strongly gene-dependent, and
that stronger resistance is associated with reversibility, suggesting intrinsic variation in a
genes propensity to escape XCI. Finally, I show that Xist can silence genes in vivo. These
results demonstrate that allelic imbalance can be strongly cell type-specific, motivating further
analysis in different contexts. These results demonstrate the power of combining cell type
and state measurements obtained from total single-cell data with the orthogonal information
from allelic readouts, which is conceptually equivalent to vertical integration approaches using
multi-modal single-cell measurements [Argelaguet et al., 2021]. Additionally, the last project
describes a potential mechanism that drives context-specific allelic imbalance, which so far
has been largely unexplored.
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However, these results strongly rely on model organisms and the advances are in some respects
rather conceptual. I will discuss future methodological challenges, especially when transfer-
ring these approaches to non-model organisms. Then I will outline open biological questions
regarding allelic imbalance and its implications for gene regulation, and how single-cell ap-
proaches might help to address them.

5.1 Technical challenges when measuring allele-specific ex-
pression

5.1.1 Application to human samples
All sequencing-based measurements of allelic imbalance rely on the presence of heterozygous
variants. The use of interspecific F1 crosses provides SNPs at a frequency of, depending on
the cross, at least 1 / 130bps, which means that every gene will contain multiple variants.
In this way, even RNA-Sequencing approaches that do not measure the entire length of
a transcript will contain sufficient information to assay a majority of expressed genes, as
demonstrated in this work. However, in a typical human genome, heterozygous variant
frequencies of around 1 / 1300bps are expected, a ten-fold decrease [Lander et al., 2001].
Furthermore, genes or sequences with regulatory function are further depleted of variants
through selection. Therefore, 3’-biased droplet-based assays might not be suitable outside of
using hybrids between inbred strains. Previous work has used full-length RNA-Seq such as the
Smart-Seq2 protocol, which increases the probability of detecting variants, even if the majority
of reads are not allelically resolvable, and this approach has been extended to droplet-based
assays [Picelli et al., 2014, Hagemann-Jensen et al., 2020, Salmen et al., 2022]. However,
these approaches do not use single-molecule counting and resulting counts can be difficult to
interpret due to PCR amplification bias.

Recently, long-read sequencing based on PacBio and Oxford Nanopore technologies has been
continuously improved and is now being applied to single-cell RNA-Sequencing. This ap-
proach is powerful and generalizable, as any sequencing protocol generating full-length cDNA
libraries can be used for this approach, and drawbacks of long-read methods including low
throughput and in the case of Oxford Nanopore, high error rates are continually being improved.
A recent study has demonstrated the possibility of using long-read sequencing in conjunction
with allele-specific analysis to map cis-effects in human tissues [Glinos et al., 2022]. While
improving allelic resolution, this approach also directly quantifies transcript usage and links
it to allelic balance, which is difficult with short read sequencing [Leigh-Brown et al., 2015].
Indeed, differential transcript presents a complication to the analysis of genetic variants based
on cis-effects if isoforms cover different SNVs. Long-read single-cell expression profiling with
a focus on allelic imbalance will likely resolve the cell type-specificity of genetic variants on
expression and transcript usage in the near future [Philpott et al., 2021, Shi et al., 2023]. An ad-
ditional possibility is opened up by targeted sequencing approaches [Schraivogel et al., 2020].
By PCR-amplification of specific transcripts or regions of these, sequencing assays can be fo-
cussed on measuring only variant-containing parts of the library. For hybrid mice used in this
study, only 40% of reads contain allelic information, and the benefit will likely be much larger
in human samples. A similar focus on the discernable fraction of the transcriptome can be
achieved using adaptive-sampling in Nanopore sequencing [Weilguny et al., 2023].
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5.1.2 Alternative technologies to measure single-cell allelic imbalance
Besides improvements of sequencing assays, other ways of measuring allelic imbalance have
to be considered. In parallel to single-cell genomics, fluorescence in situ hybridization (FISH)
has been the second main approach to quantify transcript abundances in single cells. So called
single-molecule FISH (smFISH) technologies have a number of advantages over sequencing-
based methods. While transcript capture in scRNA-Seq is inherently lossy (it is estimated
that 1-10% of transcripts are recovered), smFISH can in principle achieve full sensitivity
[Chen et al., 2015, Borm et al., 2022]. Furthermore, FISH assays cells without dissociation in
native tissues and therefore informs the spatial context of each cell, and even sub-cellular lo-
calization of transcripts. However, smFISH is an imaging-based readout, and therefore suffers
from lower throughput, with the number of genes depending on multiplexing schemes that are
limited to 100s of individual measurements. For highly expressed genes, single transcripts can
not be distinguished in the resulting microscopy images and the sample-level throughput is
low. FISH has been used to detect allelic variants of the same gene by designing probes that
overlap sequence variants and are not cross-reactive [Ginart et al., 2016, Herzing et al., 2002].
In principle, this approach can be scaled up in parallel to recent smFISH developments,
although each gene would require multiple multiplex-slots to be detected at allelic resolution.

A fundamental limitation to all so far discussed approaches is that they require genetic varia-
tion between the alleles of interest, which do not necessarily exist. In the absence of sequence
variation, the only natural discerning feature between two homologous chromosomes is their
position in the nucleus. As FISH-based methods provide subcellular spatial resolution, it is
in principle possible to measure active transcription at two sites in a single nucleus. Indeed,
this is a common approach to characterize active and inactive X-chromosomes, where the Xi
can be identified by co-localization with Xist RNA, and active transcription can be measured
using intronic probes [Yue et al., 2014]. Further technical improvements are necessary to in-
crease the number of assayed features and to make the measurement truly quantitative, but this
provides an approach to directly measure allelic usage without genetic variation. Finally, alle-
les can be distinguished by genome engineering. Classical papers studying single genes used
dual fluorescent reporters to measure allelic usage [Oghumu et al., 2019, Wu et al., 2014]. It is
conceivable that these approaches can be scaled up to many genes, potentially through targeted
insertion of heterozygous variants which are predicted to have no effect on expression or gene
regulation, which can then be used in the same way as natural variation.

5.2 Expanding the scope to novel omics approaches

5.2.1 Multimodal allele-specific profiling
This thesis largely focus on allelic imbalance in gene expression, but it is clear that
allelic measurements can and should be extended to other molecular layers. I have ad-
dressed chromatin accessibility in Chapters 2 & 3, which has been the most common
target of allelic analysis previously [Yang et al., 2022a]. My results show coordination
between chromatin accessibility and expression at escape loci and due to genetic effects.
Previous studies have investigated allele-specific CHIP-Seq, chromosome conformation,
histone marks, chromatin accessibility, RNA stability and translation through ribosome-
bound RNA [Wong et al., 2015, Giorgetti et al., 2016, Yang et al., 2019, Sun et al., 2018b,
Ozadam et al., 2023]. Some of these have recently been demonstrated to be feasible in single
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cells [Collombet et al., 2020, Ozadam et al., 2023, Heinen et al., 2022]. An exciting direction
is the possibility of integrating allelic signals into multi-modal measurements, which become
increasingly feasible. A recent study has examined the partial correlations between allelic
usage in chromatin accessibility, histone marks and gene expression, demonstrating different
modes interactions particular, a specific coordination as compared to total expression levels
[Floc’hlay et al., 2021]. Performing these assays at the single-cell level will for example allow
to connect allelic signal between any other pair of molecular layers. In particular, correlation
analysis has proven powerful to link the activity of regulatory elements to their target gene
expression in multimodal RNA and ATAC data [Pliner et al., 2018]. However, this correlation
often spans diverse cell types, which is prone to introduce false positive interactions based on
cell type-specific regulatory element activity. A more direct approach would correlate allelic
CRE usage to allele-specific expression in homogeneous populations which should yield
stronger candidates for functional relevance.

A specific application of multi-modal allelic data will be the full decoding of gene expression
dynamics. Recent work [Gorin and Pachter, 2022] has suggested that mechanistic models of
gene expression, including transcriptional bursting and mRNA processing are necessary to
assess differential expression or its variability between conditions. This description should
also include allelic resolution and inferences of transcriptional parameters will benefit from it.

Multimodal assays also address the missing connection between gene expression and protein
levels. Whether allelic imbalance actually leads to differential contribution to protein levels
remains unclear in the studies presented here. There has been an attempt to use mass spec-
trometry to directly detect proteins derived from specific alleles, but this requires exceedingly
rare coding variants. The most proximal readout is ribosome-bound RNA profiled through
single-cell ribosome profiling [Ozadam et al., 2023].

5.2.2 Allele-specific perturbation experiments
After identifying context-specific allelic imbalance, the next step is to find causes of it. This
usually requires functional experiments in which candidate factors are perturbed, to determine
whether they are causally linked to allelic bias. Recently, scalable designs for CRISPR
screening assays allow to test multiple perturbations in a single experiment. This is achieved
by introducing randomly selected guide RNAs into individual cells, which can be read out in
parallel to single-cell genomics data. The result is a dataset in which small groups of cells
each carry one of many perturbations, and the transcriptome-wide effecst can be assessed.
In the most basic setting, CRISPR-based deletion of target genes is coupled to scRNA-Seq
(Perturb-Seq), but recent work has extended this to different measurement modalities (ATAC-
Seq and isoform usage [Rubin et al., 2019, Kowalski et al., 2023]) and various methods of
gene perturbation (CRISPR-inhibition and activation [Morris et al., 2023]). These approaches
can be readily extended to assaying cellular contributions to allelic imbalance (for possible
applications, see Section 5.7).

High-throughput perturbation experiments can be similarly used to determine the effect of
allelic imbalance on downstream phenotypes. Guide RNAs that overlap variants in critical
positions can be used to generated allele-specific perturbations [Li et al., 2020], and gene ex-
pression can be tuned using CRISPR-inference to match observed variation between alleles
[Noviello et al., 2023].
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5.3 Directions in computational modelling
This thesis heavily relies on statistical modelling to describe allele-specific read count data. In
particular, I make use of the scDALI model which models cell state-driven variation in allelic
imbalance which is inferred from total gene expression profiles. The idea of quantifying allelic
variation based on transcriptomic state has been used in several different models, that further
explore its application to context-specific genetics in multi-sample datasets [Qi et al., 2023]
and in spatial variation of ASE [Zou et al., 2021]. Further extensions of this class of mixed
models to multiple random effects will allow to, for example, detect changes in allelic usage
driven by different experimental conditions, in parallel to the increased complexity of mixed
models for QTL analysis [Cuomo et al., 2022].

While the beta-binomial likelihood is a natural choice for allelic read counts, there has been no
systematic comparison against alternative models. For example, beta- and binomial distribu-
tions are difficult to estimate when the mean parameter is close to the boundaries. In this case,
it might be beneficial to switch to allelic fold change models, where the allelic information is
encoded by an additional parameter in a standard poisson- or negative binomial linear model,
and which are well established as suitable for sequencing count data [Mohammadi et al., 2017].

Another opportunity for further developments are models that integrate total expression infor-
mation and allelic signals in an unbiased manner. I have previously suggested that the joint
analysis of allelic and total expression levels resembles the integration of multi-modal datasets,
where multiple data modalities are observed in the same cell. For multi-omics datasets,
dimensionality reduction approaches based on factor analysis or non-linear embeddings based
on variational autoencoders have proven powerful [Argelaguet et al., 2018, Lopez et al., 2018].
These methods may be a blueprint for an unbiased method to relate allelic to non-allelic signals.

Finally, much work has been done to reliably quantify variability in gene expression
[Vallejos et al., 2015]. For allelic data, this is represented by the overdispersion parameter
of a beta-binomial distribution. In the presented data, most of the allelic counts so low at the
single cell level that they are best described by Bernoulli-distributions, which do not allow for
a disambiguation of mean and overdispersion without further assumptions. When the technol-
ogy allows for more dense allelic data, these approaches will be critical to distinguish technical
from biological variability within homogeneous populations.

5.4 What are biological implications?
A critical question is for which genes it is necessary to treat the two (or more, in the case
of polyploidy) copies separately in order to understand their biology. With the described
technological advantages, it will become possible to comprehensively identify all allelic
variation, which mechanisms cause allelic bias and its impact on human variation or disease.
Using single-cell technologies, it will be especially important to quantify and distinguish the
different sources of allelic imbalance. On the one hand, much of the variation caused by
genetic effects, imprinting or XCI will be identifiable across cells and cell types, although
possibly with modulation by cellular context. Additional variation will stem from transcrip-
tional dynamics, and it is somewhat open which of these contributes the most. A relatively
unexplored third contribution is be allelic imbalance that is mitotically heritable, but not
due to genetic effects, imprinting or XCI. In clonal cell lines, such allelic bias has been
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observed and termed ”random mono-allelic expression” (RAME), or analogously RAMA
for chromatin accessibility [Xu et al., 2017]. While subject genes seem to be consistent
between studies and are associated with changes in chromatin state and DNA methylation,
these effects remain largely unexplored mechanistically. Importantly, the existence of these
genes has not been confirmed in vivo, largely because clonal tracing in animals is challenging.
Synthetic cell type labels, for example through CRISPR-scarring methods now allow to trace
clones organism-wide, but their resolution is still limited [Goyal et al., 2023]. The same
is true for the use of natural barcode such as mitochondrial mutations in primary samples
[Ludwig et al., 2019]. In principle, integration of such lineage markers might answer whether
somatic mutations or epigenetic mechanisms confer allelic bias sub-clonally and how prevalent
that might be. A recent study has taken a related approach in testing for clonally heritable
gene expression states, without alellic resolution, and found clone-dependent differences in
expression levels for a subset of genes in T-lymphocytes. Whether this principle generalizes
to other tissues, especially those with fast turnover, remains open. A complete organismal
single-cell map, analogous to the studies of the Human Cell Atlas and across-tissue mouse
atlases should include allele-specific analysis using appropriate sequencing technologies
[Regev et al., 2017, Cusanovich et al., 2018]. Extending these surveys to developmental stages
will help to elucidate the extent to which allelic bias is set during embryogenesis, or is a result
of somatic evolution in the adult.

My results identifying age-related increase of escape in memory T-cells in Chapter 2 is likely
provide an example of clonally inherited changes in allelic balance. This could be directly
tested by using clonal tracing through T-cell receptor sequences, a naturally generated barcode.
Furthermore, Chapter 3 demonstrates a potential mechanism that changes escape across
cell types, or of specific cells within a population. Notably, even though I do not observe
changes in Xist levels across cell types and ages, Xist activity might differ through changes in
cofactors or differential localization. These results suggest that escape is likely more plastic
than anticipated. This has been confirmed by further recent studies that address variation in
escape across tissues [Tukiainen et al., 2017, Berletch et al., 2015]. Finally, I have directly
addressed the question whether ageing drives changes in escape. I demonstrate that this is not
a universal property of the Xi, but is likely due to strong proliferation bottlenecks during T-cell
activation and expansion. Lymphocytes represent a particular case, as they are both long-lived
and proliferating, which might be required for a loss of silencing to become apparent. Highly
proliferative cell types are usually found in organs with high turnover (for example, epithelial
tissues), which where cells are shed before they can accumulate greater changes in escape.
On the other hand, long-lived cells such as neurons do not proliferate further, which might
maintain a stable inactive X-chromosome. While my results show some suggestion of selection
for escape, this will have to be shown directly through overexpression assays.

Furthermore, there are stark differences in escape when comparing mice and humans. Al-
though the same set of escapees in mice tends to be conserved in humans, escape is thought
to be much more frequent in humans. To address the impact of escape on human sex-biased
phenotypes such as autoimmune disease, it will be necessary to directly assess escape across
cell types and ageing. A recent study has attempted such an analysis in 10x Genomics
single-cell data of PBMCs in japanese individuals [Tomofuji et al., 2023]. This study provides
a powerful demonstration that a phasing-based approach similar to the one I developed can
be extended to human samples. In particular, it showcases how Xi assignments can be made
without fully phased genomic data. However, it also suffers from low signal due to the use
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of 3’-biased RNA-sequencing in human samples, profiling only a small fraction of X-linked
genes. Furthermore, it did not carefully assess the validity of their Xi assignments or allelic
quantifications, which I have shown to introduce false positive signal even in highly defined
genomes.

My results on cell type-specific allelic imbalance caused by genetic effects supplements
many recent studies on cell type- and differentiation-dependent QTLs in human samples
[Cuomo et al., 2021, Jerber et al., 2021, Findley et al., 2021, Ward et al., 2021] and other
model organisms [Francesconi and Lehner, 2014]. It is becoming increasingly apparent that
cis-effects are strongly dependent on the cell type they are measured in. The prevailing model
of these dynamic QTLs is that they affect regulatory elements, usually through transcription
factor binding changes. Using perturbation assays, it will be possible to comprehensively
test the effect of transcription factors on genetic effects. A recent proof-of-concept study
deleted all predicted DNA binding proteins and tested their effects on gene expression
[Joung et al., 2023], an approach that could be used equivalently to determine allelic effects
of TF deletions in different cell types. This will reveal how much variation can indeed be
explained by TF abundances, nominate candidate mechanisms for genetic traits, and provide
an estimate for the extent to which TFs determine cell types. Furthermore, this approach will
suggest for which QTLs transcription factor abundance does not explain variability, which
might be driven through chromosome structure or RNA-RNA interactions.

A larger question is in which way accumulated sequence changes lead to gene expression evo-
lution between species. The F1 hybrid setup is a powerful demonstration that most transcrip-
tional changes between sub-species are derived directly from sequence variation rather than
secondary changes in trans-acting factors. Notably, this approach can be extended to species
that can not generate viable offspring (including humans) by cell fusion experiments, where
tetraploid hybrid cells are generated artifically in vitro. This approach has been of particular
interest in models of brain development, where humans are thought to present specific evolu-
tionary innovations [Gokhman et al., 2021]. These results suggest that cis-driven changes are
the stronger contributor to the divergence of expression levels, but also highlights the impor-
tance of specific trans-actors.



Chapter 6
Appendix

6.1 Materials and Methods
This section contains experimental methods and additional details on computational analysis
where it is not fully described in the results section.

6.1.1 The dynamic genetic determinants of increased transcriptional di-
vergence in spermatids

All experiments in this chapter were performed by me unless indicated and the methods
descriptions here are published in similar form in the aforementioned paper.

Mouse strains. The mouse strains used in this work were purchased from Jackson laboratories
and maintained in house. Specifically, C57BL6-Ly5.1, CAST/EiJ and CAROLI /EiJ strains
were used (Strains #002014 and #000928, #000926). F1 hybrid mice were generated by
mating C57BL6-Ly5.1 (female) and CAST/EiJ (male) mice and in the opposite direction
(C57BL6-Ly5.1 (male) and CAST/EiJ (female)). Mice were used after two months of age,
when spermatogenesis is fully established. Mice were housed in the DKFZ mouse facility
or the Biological Ressources Unit (Cancer Research UK center) under specific pathogen-free
conditions, fixed 12h day-night cycles, ad libitum access to food and water, a humidity of 80%
and 24 degrees celsius. Sacrificing was performed through cervical dislocation, according to
ethics guidelines for experimental animals (approved by the Regierungspräsidium Karlsruhe
or the Animal Welfare and Ethics Review Board, following the Cambridge Institute guidelines).

Single-cell RNA-Sequencing of mouse testicular tissue. The protocol for 10x Genomics-
based single-cell RNA-Sequencing of mouse testis cells follows [Ernst et al., 2019]. For
the cross-evolution dataset (Figure 2.16) Testes were surgically dissected and the tunica
albuguinea was removed using forceps. The extracted seminiferous tubules were digested
for 30 minutes at 37 degrees celsius using 25mg/ml Collagenase A (Sigma, 10103578001),
25mg/ml Dispase II (Sigma, D4693) and 2.5mg/ml DNAse I (Sigma, 10104159001). During
digestion, the tissue was gently triturated using a 1ml pipette. The resulting single-cell
solution was passed through a 40 µm strainer, counted and used immediately for single-cell
RNA-Sequencing. 10000 cells were loaded into one channel of the Chromium™ Single
Cell A Chip (10X Genomics®, 1000009) and scRNA-Seq libraries were generated using the
Chromium™ Single Cell 3’ Library & Gel Bead Kit v2 (10X Genomics®, 120237) according
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to the manufacturer’s instructions. Resulting libraries were sequenced using an Illumina
HiSeq2500 machine with read lengths of 26bp for read 1 and 98bp for read 2. The sequencing
data for the two B6 samples in this dataset was previously published [Ernst et al., 2019] and is
available under the accession number E-MTAB-6946. These experiments were performed by
Christina Ernst.
The F1 dataset was generated using the same procedure, with modifications. The dataset was
generated was three independent sequencing experiments each comprising two individuals of
C57BL6-Ly5.1, CAST/EiJ and F1 mice. The enzyme concentrations were reduced 5-fold,
which yielded similar digestion progress after the same time as the original protocol. Libraries
were generated using the Chromium™ Single Cell B Chip (10X Genomics ® 1000073) and
Single Cell 3’ Library & Gel Bead Kit v3 (10X Genomics ®, 1000075) kits and sequencing
was performed on a NovaSeq 6k with 28 bp read 1 and 94 bp read 2.

ATAC-Seq of F1 spermatocytes. Spermatocytes were isolated based on nuclear DNA content
by fluorescence-activated cell sorting as described in [Ernst et al., 2019]. Cells were incubated
for 45 minutes at 37°C with 5µg/µl Hoechst 33342 (R37165, ThermoFisher). Next, the cells
were resuspended in phosphate buffered saline (PBS, Sigma) with 1% Fetal Calf Serum (FCS,
Gibco, 16140071) with propidium iodide (P4170) at a final concentration of 1 µg/ml to detect
live cells, and 50.000 cells were sorted on a BD FACSAria Fusion machine (Hoechst: Excita-
tion 405nm, 450/50 filter, PI: Excitation 488nM, filter 616/23). I performed ATAC-Seq on bulk
populations as described with modifications [Corces et al., 2017]. Cells were washed with
500µl ice-cold PBS and then incubated on ice for 3 minutes in 50µl cell lysis buffer (10mM
Tris-HCl pH 7.5 (AM9850G, LIFE Technologies), 10mM NaCl (AM9760G, ThermoFisher),
3mM MgCl (AM9530G, ThermoFisher), 0.1% NP-40 (85124, LIFE Technologies), 0.1%
Tween-20 (P1379, Sigma), 0.01% Digitonin (BN2006, LIFE Technologies)). 1ml wash buffer
(10mM Tris-HCl pH 7.5, 10mM NaCl, 3mM MgCl, 0.1% Tween-20) was used to rinse
the lysis buffer, and permeabilized cells were centrifuged for 10 minutes at 500g and 4°C.
Transposition of open chromatin was performed by adding 50mul transposition mix (25mul 2x
TD buffer (Illumina, 20034197), 16.5mul PBS, 0.5mul 10% Tween-20, 0.5mul 1% Digitonin,
2.5mul tagment DNA enzyme (Illumina, 20034197)) to the permeabilized cell pellet which
was then incubated at 37°C for 30 minutes. Tagmented DNA was isolated using MinElute PCR
Purification Kit (28006, Qiagen) and libraries were amplified using barcoded primers and the
NEBNext® High-Fidelity 2X PCR Master Mix (M0541S, NEB). Libraries were subjected to
quality control and sequenced on an Illumina NextSeq2000 sequencer with paired end 100bp
read lengths.

Expression quantification of 10x scRNA-Seq data for different mouse strains. For
alignment of 10x scRNA-Seq data, genomic references for the strains C57BL/6 (GRCm38),
CAST/EiJ and CAROLI/EiJ were created using CellRanger mkref (v3.1) from the en-
sembl release 94. The resulting filtered count matrices after cell identification and
per gene expression quantification were generated using CellRanger count (v3.1) with
default settings. For the F1 dataset, a C57BL/6 - CAST/EiJ cross-strain reference
was generated based on the GRCm38 sequence with SNP positions between mm10
and CAST/EiJ replaced by the ambiguous nucleotide N. These variants were derived
from ftp://ftp-mouse.sanger.ac.uk/current snps/mgp.v5.merged.snps all.dbSNP142.vcf.gz)
[Keane et al., 2011]. Against this reference, total expression was quantified by CellRanger
count (v3.1) for C57BL/6, CAST/EiJ and hybrid mice.
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Low-level analysis of scRNA-Seq data and cell type annotation. This is an expanded ver-
sion of the preprocessing which is described in the results section of Chapter 2 and is similar
to the procedure described in [Ernst et al., 2019]. It largely relies on functions from the scran
(v1.20.1) and scater (v1.20.1) R packages [McCarthy et al., 2017, Lun et al., 2016]. Cells
were excluded if the showed less than 500 UMIs and 500 detected genes. The resulting counts
were normalised with the computeSumFactors function and log-transformed. For cell type
annotation, mutual nearest neighbour-based batch correction was performed using the function
MNNcorrect with the individual sample as batch variable to exclude both species-specific
and technical variation across samples [Haghverdi et al., 2018]. For dimensionality reduction,
the resulting corrected count matrix was used for dimensionality reduction through principal
component analysis (prcomp, stats, v4.4.0) followed by tSNE (Rtsne, Rtsne, v0.15) and UMAP
(umap, umap, v0.2.7.0). To identify clusters corresponding to different cell types, graph-based
community detection using the Louvain algorithm was used which is implemented by the
functions buildSNNGraph and cluster louvain in the package igraph (v1.2.10). Cell type labels
were then defined by comparison to the [Ernst et al., 2019] samples: For the cross-species
dataset the cell type labels could be used to annotate cluster identities. For the F1 dataset,
clusters were annotated using marker genes for somatic cells (Sertoli, Leydig and Immune /
other structural cells, which were discarded for most further analysis) and the established order
of cell types across the latent structure of the expression space during spermatogenic differen-
tiation. Pseudo-temporal ordering of germ cells was generated using principal curve analysis
implemented in the package princurve (v2.1.6). This was based on the first two principal
components computed across cells. For the cross-strain dataset, a pseudotemporal ordering for
cells was derived by computing the median pseudotime value for the 50 nearest neighbours in
F1 dataset. Preliminary sripts for preprocessing were written by Nils Eling and modified by me.

Quantifications of allele-specific read counts. To quantify allele-specific read counts,
first, the output bam file from cellranger (possorted.bam) was annotated with the
B6/CAST heterozygous SNPs using a script from the WASP-pipeline with modificaitons
(find intersecting snps 10x.py) [van de Geijn et al., 2015]. Then, individual reads that con-
tained one or more alleles from the maternal or paternal haplotype were counted, while
discarding UMI duplicates, reads overlapping indels and reads with conflicting SNP identities
which constituted less than 0.1% of all reads as likely sequencing errors. To compare
allelic-specific expression between F1 mice and F0 parents, all libraries were quantified
against the same N-masked reference. This approach validated that >98% of reads from F0
animals that were assignable indeed mapped to the correct reference allele. To obtain similar
sequencing depth per allele for the F0 and F1 mice which only contain half the UMIs per
genotype, F0 libraries were downsampled to 50% of reads. Furthermore, 71 mitochondrial
and X-chromosomal genes which only showed reads mapping to the reference (maternal)
allele were discarded and 7 genes with a strong paternal bias in the F1 but no bias in the F0
which likely represent mapping errors. Around 25.82% of reads were assignable to either the
maternal or the paternal haplotype across samples. Depending on the specific analysis, we
allele-specific expression was quantified either as the allelic ratio B6 / (B6 + CAST) or as the
(log2) allelic fold-change, log2 (B6 / CAST).

Allele-specific analysis of ATAC-sequencing data. ATAC-Seq reads were trimmed using
trimmomatic (v0.38) and mapped to the mm10 genome build using bowtie2 (v2.3.5.1)
[Bolger et al., 2014, Langmead and Salzberg, 2012]. Peak calling was performed using
macs2 (v2.1.2.1) with the –nomodel –extsize 200 –shift –100 –call-summits parame-
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ters [Zhang et al., 2008]. Finally the find intersecting snps.py script from the WASP
package (v0.3.4) was used to annotate reads with SNPs between the B6 and CAST
genomes. Then, a modified version of the count allelic.py script from the scDALI software
(https://github.com/tohein/scai utils) was used to count reads with allele-specific mapping
within each peak which were then used for further analysis. A consensus peak set between the
two replicates was defined using the mergeByOverlaps function (GenomicRanges, v1.44.0,
with the argument minoverlap = 0.9). Then, the genomic distribution was quantified using
the annotatePeak function from the ChIPseeker package (v1.28.3) [Wang et al., 2022]. Each
peak was then annotated with its closest gene if there was one within 20kb distance and only
peaks with at least an average of 50 allele-specific reads were retained. Allelic imbalance
(AI) in chromatin accessibility was then quantified as the average read count ratio B6 / (B6 +
CAST) across both replicates. Then, an over-representation analysis was performed to relate
allelic imbalance in chromatin accessibility to allelic imbalance in gene expression. To this
end, the effect size of allelic imbalance for a gene or peak was defined as d = ∣AI − 0.5∣ and
the fraction of genes with an associated ATAC-Seq peak with d > 0.1 was computed. Then,
a random distribution was obtained by shuffling the observed AI estimates randomly across
peaks. Finally, to investigate the association between dynamic AI and chromatin accessibility,
the set of genes with dynamic AI was considered and ranked by the differential in AI between
spermatocytes and spermatids and the strength of AI in associated ATAC-Seq peaks was
quantified.

Joint clustering of dynamic cis, trans and differential expression effects. To derive joint
patterns of total expression, genetic effects and differential expression trajectories, first, bin-
wise estimates of cis-effects (∣AI − 0.5∣ in F1), differential expression (∣allelicratio− 0.5∣) and
trans-effects (∣AI F1 − AI F0∣) were computed. This was done for all genes with detected
dynamic effects (log BF >10). Then, these trajectories were smoothed by averaging across
5 bins. Also, the average across all genes was computed as a measure of the total dynamic
effect estimate. Each individual genes was then scaled to the 0 - 1 range and subjected jointly
to hierarchical clustering (potentially including cis, trans or differential expression-effects for
the same gene). Then average cluster trajectories per effects group (cis, trans, differential
expression) and cluster were computed.

6.1.2 The landscape of escape from X-inactivation in immune cells
All experiments to generate scRNA-Seq and scATAC-Seq data were performed by Stefania Del
Prete.

Mouse strains. The same strains were used in this project as in Chapter 2. Additionally,
SPRET/EiJ mice (Strain number #001146) were used to generate F1 hybrids which are
included in the dataset but were not used for any analysis shown in this thesis. Young and old
male and female mice were used at around 2 months and 24 months of age.

Single-cell RNA-Sequencing of mouse splenocytes. Dissected spleen fragments were passed
through a 40-µm cell strainer (Greiner 542040). The cell suspension was strained twice using
DMEM (Gibco 41966029). Strainers were then washed with additional DMEM supplemented
with 5% FBS and cells were pelleted by centrifugation at 300g for 4 minutes at 4 degrees
celsius. Cell pellets were then resuspende for 1 minute in ice in 300 µl of ACK lysis buffer
(Lonza BP10-548E). Cells were then washed with 1mL of DMEM with 5% FBS and pelleted.
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Cells were counted using 0.4% trypan blue stain (Invitrogen) and a Countess II automated
cell counter (Invitrogen). 1 × 107 cells were subjected to dead cell depletion using Dead Cell
Removal Kit (Miltenyi Biotec 130-090-101) by the manufacturer’s instructions. Dead cells
were depleted using MS MACS Columns (Miltenyi Biotec 130-042-201) on a MiniMACS
Separator (Miltenyi Biotec 130-042-102). The flowthrough containing live cells was resus-
pended in 1X PBS with 0.04% bovine serum albumin (BSA, Miltenyi Biotec 130-091-376) at
1,000 cells per µl. Single-cell RNA was performed with 20.000 cells per sample analogously
to the previous chapter. Libraries were paired-end sequenced on an Illumina NextSeq2000
with read lengths of 30bp (read 1) and 199bp (read2). The read lengths were increased to
improve allelic coverage.

Single-cell ATAC-Sequencing of mouse splenocytes. The single-cell solution generated for
single-cell RNA-Sequencing was processed for single-cell ATAC-Sequencing in parallel. For
nuclei isolation, cells were incubated on ice for 3 minutes in 100µl cell lysis buffer (10mM
Tris-HCl pH 7.4 (AM9850G, LIFE Technologies), 10mM NaCl (AM9760G, ThermoFisher),
3mM MgCl (AM9530G, ThermoFisher), 0.1% NP-40 (85124, LIFE Technologies), 0.1%
Tween-20 (P1379, Sigma), 0.01% Digitonin (BN2006, LIFE Technologies)). 1ml wash buffer
(10mM Tris-HCl pH 7.5, 10mM NaCl, 3mM MgCl, 0.1% Tween-20) was used to rinse the
nuclei which were then centrifugated at 500g for 5 minutes at 4 degress celsius. scATAC
libraries were generated from 20000 cells using the Chromium™ Next GEM Single Cell
ATAC Reagent Kits v1.1 (10X Genomics® 1000175) and the Chromium™ Next GEM Chip
H Single Cell Kit (10X Genomics® 1000161).

Expression quantifications of 10x scRNA-Seq and 10x scATAC-Seq data for different
mouse strains. Total and allele-specific expression quantifications for scRNA-Seq data
were generated analogously to Chapter 2, with the main difference that the most recent
CellRanger version (v7.0) was used, which includes intronic read counts for quantification.
For scATAC-Seq data, a similar approach was used. The Cellranger-atac software was used
to create N-masked references and to align samples (v2.1.0). For the allele-specific quan-
tifications, read pairs were annotated using heterozygous variants using the WASP software
as for the scRNA-Seq data. The resulting annotated alignment file was split by assigned
haplotypes and processed into fragment files using the sinto package (sinto fragments, v0.9.0,
https://github.com/timoast/sinto).

Low-level analysis of scRNA- and scATAC-Seq data. The scRNA-Seq data was processed
similarly to the testis dataset, as described in the methods. The scATAC-Seq data was analyzed
using the ArchR-package [Granja et al., 2021]. The cellranger-atac output was converted into
arrow files and aggregated into an ArchR-project. Cells were defined as barcodes with more
than 5000 and less than 1000000 unique fragments and a TSS enrichment of at least 13. Next,
counts were tiled across the genome in 500bp bins and reads per bin were counted (addTileMa-
trix). The resulting matrix was subjected to latent semantic indexing (addIterativeLSI) and Har-
mony was used to correct for sample-specific effects (addHarmony) [Korsunsky et al., 2019].
Samples were then subjected to Louvain clustering on the Harmony output (addClusters) and
doublets were assigned (addDoubletScores), leading to exclusion of four likely doublet clus-
ters. To annotate cell types, gene-level scores were computed (addGeneScoreMatrix) and used
to assign cell types from the annotated scRNA-Seq data using the SingleR package. Similarly
to the scRNA-Seq datasets, the cells were split into B-cells, T-cells and others and fine-mapped
cell types were assigned to match the scATAC-Seq and scRNA-Seq annotaions.
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Allele-specific analysis of scATAC-Seq data. The haplotype-specific fragment files were ag-
gregated into an ArchR-project by treating both haplotypes as individual samples and without
excluding possible cells. The resulting ArchR-project was subset on the samples identified us-
ing the total analysis and active and inactive X-chromosomes were annotated as described in
the results.

6.1.3 Xist modulates the expression of escapees
All experiments were performed by Antonia Hauth and Dr. Agnese Loda. The nextflow-pipeline
used to quantify gene expression in RNA-Seq samples was written by Dr. Yuvia Perez-Rico and
for some of the samples, preprocessing was performed by Antonia Hauth.

Cell culture and treatments All experiments were performed in neural precursor cell lines
grown in N2B27 medium (1:1 Neurobasal / DMEM-F12, N2 + B27 supplements) with FGF
and EGF supplemented at 10ng/ml on gelatin-coated flasks. Xist overexpression was induced
by addition of Doxycyclin at 1µg/ml. SPEN degradation in was induced by addition of
auxin at 500µM. All cell lines were checked for the presence of two X-chromosomes in each
experiment using DNA-FISH.

Processing of RNA-Sequencing datasets. Allele-specific processing of RNA-Seq data
was performed using a nextflow-pipline (https://github.com/yuviaapr/allele-specific RNA-
seq). The implemented steps largely mirror the analysis of allele-specific RNA-
Sequencing data in Chapers 2 / 3. Raw reads were trimmed using trim galore (v0.6.6,
https://github.com/FelixKrueger/TrimGalore). Trimmed reads were aligned to an N-masked
genome using STAR (v2.5.3a). Reads were assigned to parental haplotypes using SNP-split
(v0.5.0) and counted using featureCounts (v2.0.1). For all cell line data, cells were of a
B6xCAST background. The embryos were of a B6xJF1 background, and SNP-sets were cho-
sen accordingly.
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Codeluppi, S., Plaza Reyes, A., Linnarsson, S., Sandberg, R., and Lanner, F. (2016). Single-
Cell RNA-Seq reveals lineage and X chromosome dynamics in human preimplantation em-
bryos. Cell, 165(4):1012–1026.

[Philpott et al., 2021] Philpott, M., Watson, J., Thakurta, A., Brown, T., Oppermann, U., and
Cribbs, A. P. (2021). Nanopore sequencing of single-cell transcriptomes with scCOLOR-
seq. Nat. Biotechnol., 39(12):1517–1520.

[Picelli et al., 2014] Picelli, S., Faridani, O. R., Björklund, A. K., Winberg, G., Sagasser, S.,
and Sandberg, R. (2014). Full-length RNA-seq from single cells using smart-seq2. Nat.
Protoc., 9(1):171–181.

[Pierce et al., 2021] Pierce, S. E., Granja, J. M., and Greenleaf, W. J. (2021). High-throughput
single-cell chromatin accessibility CRISPR screens enable unbiased identification of regu-
latory networks in cancer. Nat. Commun., 12(1):2969.

[Piunti and Shilatifard, 2021] Piunti, A. and Shilatifard, A. (2021). The roles of polycomb
repressive complexes in mammalian development and cancer. Nat. Rev. Mol. Cell Biol.,
22(5):326–345.



Bibliography 152

[Plath et al., 2002] Plath, K., Mlynarczyk-Evans, S., Nusinow, D. A., and Panning, B. (2002).
Xist RNA and the mechanism of X chromosome inactivation. Annu. Rev. Genet., 36:233–
278.

[Pliner et al., 2018] Pliner, H. A., Packer, J. S., McFaline-Figueroa, J. L., Cusanovich, D. A.,
Daza, R. M., Aghamirzaie, D., Srivatsan, S., Qiu, X., Jackson, D., Minkina, A., Adey, A. C.,
Steemers, F. J., Shendure, J., and Trapnell, C. (2018). Cicero predicts cis-regulatory DNA
interactions from Single-Cell chromatin accessibility data. Mol. Cell, 71(5):858–871.e8.

[Porubsky et al., 2020] Porubsky, D., Ebert, P., Audano, P. A., Vollger, M. R., Harvey,
W. T., Marijon, P., Ebler, J., Munson, K. M., Sorensen, M., Sulovari, A., Haukness, M.,
Ghareghani, M., Lansdorp, P. M., Paten, B., Devine, S. E., Sanders, A. D., Lee, C., Chais-
son, M. J. P., Korbel, J. O., Eichler, E. E., and Marschall, T. (2020). Fully phased human
genome assembly without parental data using single-cell strand sequencing and long reads.
Nat. Biotechnol., 39(3):302–308.

[Potter, 2018] Potter, S. S. (2018). Single-cell RNA sequencing for the study of development,
physiology and disease. Nat. Rev. Nephrol., 14(8):479–492.

[Qi et al., 2023] Qi, G., Strober, B. J., Popp, J. M., Keener, R., Ji, H., and Battle, A. (2023).
Single-cell allele-specific expression analysis reveals dynamic and cell-type-specific regula-
tory effects. Nat. Commun., 14(1):6317.

[Qu et al., 2015] Qu, K., Zaba, L. C., Giresi, P. G., Li, R., Longmire, M., Kim, Y. H., Green-
leaf, W. J., and Chang, H. Y. (2015). Individuality and variation of personal regulomes in
primary human T cells. Cell Syst, 1(1):51–61.

[Quinones-Valdez et al., 2022] Quinones-Valdez, G., Fu, T., Chan, T. W., and Xiao, X. (2022).
scallele: A versatile tool for the detection and analysis of variants in scRNA-seq. Science
Advances, 8(35):eabn6398.

[Ragavan and Patel, 2022] Ragavan, M. and Patel, M. I. (2022). The evolving landscape of
sex-based differences in lung cancer: a distinct disease in women. Eur. Respir. Rev., 31(163).

[Raj and van Oudenaarden, 2008] Raj, A. and van Oudenaarden, A. (2008). Nature, nurture,
or chance: Stochastic gene expression and its consequences. Cell, 135(2):216–226.

[Rasmussen, 2004] Rasmussen, C. E. (2004). Gaussian processes in machine learning. In
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chromosome inactivation in immune cells. Sci Immunol, 3(19).

[Spitz and Furlong, 2012] Spitz, F. and Furlong, E. E. M. (2012). Transcription factors: from
enhancer binding to developmental control. Nat. Rev. Genet., 13(9):613–626.

[Splinter et al., 2011] Splinter, E., de Wit, E., Nora, E. P., Klous, P., van de Werken, H. J. G.,
Zhu, Y., Kaaij, L. J. T., van IJcken, W., Gribnau, J., Heard, E., and de Laat, W. (2011). The
inactive X chromosome adopts a unique three-dimensional conformation that is dependent
on xist RNA. Genes Dev., 25(13):1371–1383.

[Srivatsan et al., 2020] Srivatsan, S. R., McFaline-Figueroa, J. L., Ramani, V., Saunders, L.,
Cao, J., Packer, J., Pliner, H. A., Jackson, D. L., Daza, R. M., Christiansen, L., Zhang, F.,
Steemers, F., Shendure, J., and Trapnell, C. (2020). Massively multiplex chemical transcrip-
tomics at single-cell resolution. Science, 367(6473):45–51.



Bibliography 156

[Srivatsan et al., 2021] Srivatsan, S. R., Regier, M. C., Barkan, E., Franks, J. M., Packer, J. S.,
Grosjean, P., Duran, M., Saxton, S., Ladd, J. J., Spielmann, M., Lois, C., Lampe, P. D.,
Shendure, J., Stevens, K. R., and Trapnell, C. (2021). Embryo-scale, single-cell spatial
transcriptomics. Science, 373(6550):111–117.

[Stark et al., 2019] Stark, R., Grzelak, M., and Hadfield, J. (2019). RNA sequencing: the
teenage years. Nat. Rev. Genet., 20(11):631–656.

[Stefflova et al., 2013] Stefflova, K., Thybert, D., Wilson, M. D., Streeter, I., Aleksic, J., Kara-
gianni, P., Brazma, A., Adams, D. J., Talianidis, I., Marioni, J. C., Flicek, P., and Odom,
D. T. (2013). Cooperativity and rapid evolution of cobound transcription factors in closely
related mammals. Cell, 154(3):530–540.

[Stegle et al., 2010] Stegle, O., Denby, K. J., Cooke, E. J., Wild, D. L., Ghahramani, Z., and
Borgwardt, K. M. (2010). A robust bayesian two-sample test for detecting intervals of
differential gene expression in microarray time series. J. Comput. Biol., 17(3):355–367.

[Stoeckius et al., 2017] Stoeckius, M., Hafemeister, C., Stephenson, W., Houck-Loomis, B.,
Chattopadhyay, P. K., Swerdlow, H., Satija, R., and Smibert, P. (2017). Simultaneous epitope
and transcriptome measurement in single cells. Nat. Methods, 14(9):865–868.

[Strober et al., 2019] Strober, B. J., Elorbany, R., Rhodes, K., Krishnan, N., Tayeb, K., Battle,
A., and Gilad, Y. (2019). Dynamic genetic regulation of gene expression during cellular
differentiation. Science, 364(6447):1287–1290.

[Stuart and Satija, 2019] Stuart, T. and Satija, R. (2019). Integrative single-cell analysis. Nat.
Rev. Genet., 20(5):257–272.

[Sudlow et al., 2015] Sudlow, C., Gallacher, J., Allen, N., Beral, V., Burton, P., Danesh, J.,
Downey, P., Elliott, P., Green, J., Landray, M., Liu, B., Matthews, P., Ong, G., Pell, J.,
Silman, A., Young, A., Sprosen, T., Peakman, T., and Collins, R. (2015). UK biobank:
an open access resource for identifying the causes of a wide range of complex diseases of
middle and old age. PLoS Med., 12(3):e1001779.

[Sun et al., 2018a] Sun, J. H., Zhou, L., Emerson, D. J., Phyo, S. A., Titus, K. R., Gong,
W., Gilgenast, T. G., Beagan, J. A., Davidson, B. L., Tassone, F., and Phillips-Cremins,
J. E. (2018a). Disease-Associated short tandem repeats co-localize with chromatin domain
boundaries. Cell, 175(1):224–238.e15.

[Sun et al., 2018b] Sun, W., Gao, Q., Schaefke, B., Hu, Y., and Chen, W. (2018b). Pervasive
allele-specific regulation on RNA decay in hybrid mice. Life Sci Alliance, 1(2):e201800052.

[Sun et al., 2022] Sun, X., Nguyen, T., Achour, A., Ko, A., Cifello, J., Ling, C., Sharma, J.,
Hiroi, T., Zhang, Y., Chia, C. W., Wood, 3rd, W., Wu, W. W., Zukley, L., Phue, J.-N., Becker,
K. G., Shen, R.-F., Ferrucci, L., and Weng, N.-P. (2022). Longitudinal analysis reveals age-
related changes in the T cell receptor repertoire of human T cell subsets. J. Clin. Invest.,
132(17).

[Svensson, 2020] Svensson, V. (2020). Droplet scRNA-seq is not zero-inflated. Nat. Biotech-
nol., 38(2):147–150.

[Svensson et al., 2018] Svensson, V., Teichmann, S. A., and Stegle, O. (2018). SpatialDE:
identification of spatially variable genes. Nat. Methods, 15(5):343–346.



Bibliography 157

[Takahashi and Yamanaka, 2006] Takahashi, K. and Yamanaka, S. (2006). Induction of
pluripotent stem cells from mouse embryonic and adult fibroblast cultures by defined factors.
Cell, 126(4):663–676.

[Takahashi and Iwasaki, 2021] Takahashi, T. and Iwasaki, A. (2021). Sex differences in im-
mune responses. Science, 371(6527):347–348.

[Tam and Loebel, 2007] Tam, P. P. L. and Loebel, D. A. F. (2007). Gene function in mouse
embryogenesis: get set for gastrulation. Nat. Rev. Genet., 8(5):368–381.

[Tang et al., 2009] Tang, F., Barbacioru, C., Wang, Y., Nordman, E., Lee, C., Xu, N., Wang,
X., Bodeau, J., Tuch, B. B., Siddiqui, A., Lao, K., and Surani, M. A. (2009). mRNA-Seq
whole-transcriptome analysis of a single cell. Nat. Methods, 6(5):377–382.

[Tauc et al., 2021] Tauc, H. M., Rodriguez-Fernandez, I. A., Hackney, J. A., Pawlak, M., Ron-
nen Oron, T., Korzelius, J., Moussa, H. F., Chaudhuri, S., Modrusan, Z., Edgar, B. A., and
Jasper, H. (2021). Age-related changes in polycomb gene regulation disrupt lineage fidelity
in intestinal stem cells. Elife, 10:e62250.

[Teixeira and Lehmann, 2019] Teixeira, F. K. and Lehmann, R. (2019). Translational control
during developmental transitions. Cold Spring Harb. Perspect. Biol., 11(6).

[Threadgill et al., 2011] Threadgill, D. W., Miller, D. R., Churchill, G. A., and de Villena,
F. P.-M. (2011). The collaborative cross: a recombinant inbred mouse population for the
systems genetic era. ILAR J., 52(1):24–31.

[Tirosh et al., 2009] Tirosh, I., Reikhav, S., Levy, A. A., and Barkai, N. (2009). A yeast hybrid
provides insight into the evolution of gene expression regulation. Science, 324(5927):659–
662.

[Tomofuji et al., 2023] Tomofuji, Y., Edahiro, R., Shirai, Y., Kock, K. H., Sonehara, K., Wang,
Q. S., Namba, S., Moody, J., Ando, Y., Suzuki, A., Yata, T., Ogawa, K., Namkoong, H.,
Lin, Q. X. X., Buyamin, E. V., Le Min, T., Sonthalia, R., Han, K. Y., Tanaka, H., Lee,
H., Asian Immune Diversity Atlas Network, Japan COVID-19 Task Force, The BioBank
Japan Project, Okuno, T., Liu, B., Matsuda, K., Fukunaga, K., Mochizuki, H., Park, W.-
Y., Yamamoto, K., Hon, C.-C., Shin, J. W., Prabhakar, S., Kumanogoh, A., and Okada, Y.
(2023). Quantification of the escape from X chromosome inactivation with the million cell-
scale human single-cell omics datasets reveals heterogeneity of escape across cell types and
tissues.

[Trapnell, 2015] Trapnell, C. (2015). Defining cell types and states with single-cell genomics.
Genome Res., 25(10):1491–1498.

[Trapnell et al., 2014] Trapnell, C., Cacchiarelli, D., Grimsby, J., Pokharel, P., Li, S., Morse,
M., Lennon, N. J., Livak, K. J., Mikkelsen, T. S., and Rinn, J. L. (2014). The dynamics
and regulators of cell fate decisions are revealed by pseudotemporal ordering of single cells.
Nat. Biotechnol., 32(4):381–386.

[Travers et al., 2013] Travers, M. E., Mackay, D. J. G., Dekker Nitert, M., Morris, A. P., Lind-
gren, C. M., Berry, A., Johnson, P. R., Hanley, N., Groop, L. C., McCarthy, M. I., and
Gloyn, A. L. (2013). Insights into the molecular mechanism for type 2 diabetes suscep-
tibility at the KCNQ1 locus from temporal changes in imprinting status in human islets.
Diabetes, 62(3):987–992.



Bibliography 158

[Tukiainen et al., 2017] Tukiainen, T., Villani, A.-C., Yen, A., Rivas, M. A., Marshall, J. L.,
Satija, R., Aguirre, M., Gauthier, L., Fleharty, M., Kirby, A., Cummings, B. B., Castel, S. E.,
Karczewski, K. J., Aguet, F., Byrnes, A., Lappalainen, T., Regev, A., Ardlie, K. G., Hacohen,
N., and MacArthur, D. G. (2017). Landscape of X chromosome inactivation across human
tissues. Nature, 550(7675):244–248.

[Tunnacliffe and Chubb, 2020] Tunnacliffe, E. and Chubb, J. R. (2020). What is a transcrip-
tional burst? Trends Genet., 36(4):288–297.

[Uffelmann et al., 2021] Uffelmann, E., Huang, Q. Q., Munung, N. S., de Vries, J., Okada, Y.,
Martin, A. R., Martin, H. C., and Lappalainen, T. (2021). Genome-wide association studies.
Nature Reviews Methods Primers, 1(1):1–21.

[Vallejos et al., 2015] Vallejos, C. A., Marioni, J. C., and Richardson, S. (2015). BASiCS:
Bayesian analysis of Single-Cell sequencing data. PLoS Comput. Biol., 11(6):e1004333.

[van de Geijn et al., 2015] van de Geijn, B., McVicker, G., Gilad, Y., and Pritchard, J. K.
(2015). WASP: allele-specific software for robust molecular quantitative trait locus dis-
covery. Nat. Methods, 12(11):1061–1063.

[van den Berg et al., 2011] van den Berg, I. M., Galjaard, R. J., Laven, J. S. E., and van Doorn-
inck, J. H. (2011). XCI in preimplantation mouse and human embryos: first there is remod-
elling. . . . Hum. Genet., 130(2):203–215.

[van der Wijst et al., 2020] van der Wijst, M., de Vries, D. H., Groot, H. E., Trynka, G., Hon,
C. C., Bonder, M. J., Stegle, O., Nawijn, M. C., Idaghdour, Y., van der Harst, P., Ye, C. J.,
Powell, J., Theis, F. J., Mahfouz, A., Heinig, M., and Franke, L. (2020). The single-cell
eQTLGen consortium. Elife, 9.

[VanInsberghe et al., 2021] VanInsberghe, M., van den Berg, J., Andersson-Rolf, A., Clevers,
H., and van Oudenaarden, A. (2021). Single-cell ribo-seq reveals cell cycle-dependent trans-
lational pausing. Nature, 597(7877):561–565.

[Velten et al., 2022] Velten, B., Braunger, J. M., Argelaguet, R., Arnol, D., Wirbel, J.,
Bredikhin, D., Zeller, G., and Stegle, O. (2022). Identifying temporal and spatial patterns of
variation from multimodal data using MEFISTO. Nat. Methods, 19(2):179–186.

[Velten et al., 2017] Velten, L., Haas, S. F., Raffel, S., Blaszkiewicz, S., Islam, S., Hennig,
B. P., Hirche, C., Lutz, C., Buss, E. C., Nowak, D., Boch, T., Hofmann, W.-K., Ho, A. D.,
Huber, W., Trumpp, A., Essers, M. A. G., and Steinmetz, L. M. (2017). Human haematopoi-
etic stem cell lineage commitment is a continuous process. Nat. Cell Biol., 19(4):271–281.

[Verdeil, 2016] Verdeil, G. (2016). MAF drives CD8+ t-cell exhaustion. Oncoimmunology,
5(2):e1082707.

[Vervoort et al., 2022] Vervoort, S. J., Devlin, J. R., Kwiatkowski, N., Teng, M., Gray, N. S.,
and Johnstone, R. W. (2022). Targeting transcription cycles in cancer. Nat. Rev. Cancer,
22(1):5–24.
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