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Popular science summary of the thesis

Transcription is a fundamental process that occurs in all cells of the human body and
allows us to use the genes we inherit. It “transcribes” the DNA (genes) in our cell’s
nucleus into RNA which can further be used to make protein. Depending on which genes
are transcribed, the cell can perform different tasks with the proteins they make. The
ability to control which genes are being transcribed is crucial to the development of the
individual and largely responsible for the incredible diversity of cells in the human body.

Transcription occurs in discrete bursts, with many RNA molecules being produced in a
short period of time followed by a period of inactivity. Studying how transcriptional
bursting is controlled and its consequences is important. However, most methods that
have been used to measure transcription hide this phenomenon and the ones that can
be used to observe transcriptional bursting can only be applied to one or a few genes at
a time. Furthermore, we have two copies of our chromosomes (molecules of DNA), and
transcription occurs independently from each gene copy.

In this thesis, | describe my effort to develop new methods to measure transcriptional
bursts and findings related to them. All the studies have used a relatively new and
quickly developing method called single-cell RNA sequencing. This method turns the
cell's RNA into DNA, which is then sequenced to determine which genes have been
transcribed by that cell.

In Paper |, | developed a computational model that allowed us to estimate the
transcriptional bursting parameters of each transcribed gene. These parameters can be
summarized into two characteristics, the frequency of bursts (burst frequency) and the
average number of transcripts produced in one burst (burst size). This model was then
applied to single-cell RNA sequencing data from a mouse. By using single-cell RNA
sequencing data we can study the transcriptional bursting behavior of many genes
simultaneously. We showed that certain parts of the DNA which regulate transcription
affect transcriptional bursting in different ways. Parts of the DNA which are called
enhancers can help increase burst frequency, while other parts known as promoters
instead affect burst size. The mice we used is a crossbreed between two distantly
related mice which allows us to distinguish between the two copies of each
chromosome since they have lots of differences in their DNA. In Paper Il we show that
the frequency of transcriptional bursts determines how often we observe either copy of
a gene. This finding can help explain how some genetic diseases have variable
penetrance on patients.

The biological sex of an individual is determined by the presence of the Y chromosome.
Males have one Y chromosome and one X chromosome, while females have two X

chromosomes. In any other case having only one copy of a chromosome is not



compatible with life. It turns out that the X chromosome is peculiar in multiple ways.
Interestingly, in females one of their X chromosomes become a condensed molecule
early in development and cannot be transcribed from, which is called X chromosome
inactivation. In the 1960’s the researcher Susumu Ohno hypothesized that transcription
from the single X chromosome is boosted to be equal to having two chromosomes. The
single active X chromosome is working overtime. In Paper Ill we argue that this is indeed
the case, and that is achieved by an increase in the frequency of transcriptional bursts.
Furthermore, by studying female cells that are going through X chromosome
inactivation, we find that the increase in bursting frequency is reliant on the number of
active X chromosomes.

In Paper IV and V we describe two methods that allow us to measure what kind of RNA
is produced within a specified time-window. This is done by giving cells growing in the
culture dish in the lab a building block of RNA that is slightly different from the normal
version, but similar enough that the cell uses it during transcription. Using a chemical
conversion step and computational algorithms, we can distinguish between the RNA we
sequenced that is newly transcribed and the RNA that was transcribed before we added
our unusual building block. We can use this to study transcriptional responses, which we
demonstrate in Paper IV by stimulating immune cells. Furthermore, in Paper V we make
the method better, and show the advantages of studying transcriptional bursting with
molecules that are only recently produced.

In conclusion, studying transcriptional bursting is relevant to many topics in cell biology
and the studies in this thesis have demonstrated the possibility to study it for many

genes at once. This approach can be used to study cells at a deeper level.



Populéarvetenskaplig sammanfattning

Transkription ar en fundamental process som tar plats i alla celler i manniskans kropp
och later oss anvanda generna vi har arvt. Den “transkriberar” DNAt (gener) i var
cellkarna till RNA som sedan kan anvéandas for att géra protein. Beroende pa vilka gener
som transkriberas kan cellen utéva de olika uppgifter som proteinerna kan goéra.
Formagan att kontrollera vilka gener som transkriberas ar avgérande for utvecklingen av

individen och till stor del ansvarig fér den enorma mangfalden av olika celler i var kropp.

Transkription sker i avskilda “explosioner” av aktivitet, som jag med viss motvilja for
anglicismer kommer kallar for bursts. Dessa bursts producerar manga RNA molekyler
som féljs av langre perioder av inaktivitet. Att studera hur bursts kontrolleras och dess
konsekvenser ar viktigt. Men de flesta metoder som anvénds for att mata transkription
doljer detta fenomen, och de metoder som man kan anvénda kan bara tillampas pa en
eller ett fatal gener &t gangen. Dessutom har vi tvé kopior av vara kromosomer (stora
molekyler av DNA) och transkription frén dessa sker oberoende frén varje genkopia.

Denna avhandling beskriver jag mina insatser att utveckla nya metoder fér att méata
bursts och mina upptacker relaterat till dem. Alla studier har anvant en relativt ny och
snabbt vaxande metod som kan RNA-sekvensering av enskilda celler. Denna metod goér
om cellens RNA till DNA som sedan kan sekvenseras for att faststalla vilka gener som har
transkriberats av den cellen.

| Delarbete | beskriver jag en berdkningsmodell fér att uppskatta burstparametrar fér
varje transkriberad gen. Dessa parametrar kan sammanfattas med tva kédnnetéacken, hur
ofta en gen burstar (burstfrekvens) och hur manga RNA molekyler produceras i en burst
i genomsnitt (burststorlek). Denna modell anvandes sedan p& RNA-sekvenseringsdata
pa enskilda musceller. Genom att anvanda denna metod kan vi studera bursts fran
manga gener samtidigt. Vi visade att olika delar av vart DNA som kontrollerar
transkription har olika paverkan pa bursts. Vi visade att enhancers péaverkar
burstfrekvensen, medan en annan grupp som kallas promoters paverkar burststorleken.
Musen vi anvande var en korsning mellan tva avlagset besldktade moss vilket later oss
skilja pa de tva olika genkopiorna pa grund av den genetiska variationen i DNAt.
Delarbete Il visar vi att burstfrekvensen bestammer hur ofta vi ser de tva olika
genkopiorna. Denna iakttagelse kan férklara varfor vissa genetiska sjukdomar har olika
penetrans i olika patienter.

Det biologiska kénet bestams av narvaron av Y kromosomen. Méan har en Y kromosom
och en X kromosom medan kvinnor har tvé X kromosomer. | andra alla fall sa &r det inte
moijligt att bara ha en kopia av en kromosom. Det visar sig att X kromosomen &r speciell
pa flera satt. Intressant nog sé kondenseras en av kvinnans X kromosomer och gors

otillganglig i alla celler tidigt i utvecklingen, detta kallas X kromosom inaktivering. Pa



1960-talet formulerade forskaren Susumu Ohno hypotesen att transkriptionen fran X
kromosomen dessutom sker i dubbel mangd for att matcha samma niva fran tva
kromosomkopior. Denna ensamma X kromosom jobbade &évertid. Delarbete lll visar for
att detta ar fallet och uppnas genom att 6ka burstfrekvensen fér X kromosomens gener.
Dessutom visar vi genom att studera kvinnliga celler vars X kromosom inaktiveras att
denna 6kning i burstfrekvens ar beroende pa antalet aktiva X kromosomer.

| Delarbete IV och V beskriver vi tvd metoder som later oss méta vilka gener som
transkriberas under ett tidsfonster i enskilda celler. Detta gor vi genom att ge celler som
vaxer i en cellodlingsplatta en byggsten av RNA som ér lite annorlunda, men tillrackligt
lika att cellen anvander den vid transkription. Genom en kemisk omvandling och
berakningsalgoritmer kan vi skilja mellan RNA som transkriberades nyligen och RNA som
transkriberades innan vi gav cellerna den annorlunda byggstenen. Vi kan anvanda denna
metod for at studera transkiptionella svar, som vi visar i Delarbete IV genom att
stimulera immunceller. Dessutom gér vi metoden béattre i Delarbete V och visar de
férdelar denna metod har for att studera bursts genom att avgrénsa analysen till det

RNA som éar nytt.

For att ssmmanfatta sé ar det relevant att méta transkriptionella bursts for ménga fragor
i cellbiologi och delarbeten i denna avhandling visar méjligheten att undersoka flera
gener samtidigt i enskilda celler. Detta tillvagagangssatt kan anvandas for att studera

vara celler pa en djupare niva an tidigare.



Abstract

In mammalian cells, transcription occurs in discrete bursts leading to fluctuations in
transcripts from expressed genes. Although this behavior was first reported not long
after the discovery of messenger RNA (mRNA), the methods to measure transcriptional
bursting have been limited in throughput and scalability. To enable transcriptome wide
analysis of transcriptional bursting, | have developed multiple methods to estimate
transcriptional bursting behavior using deeply sequenced single-cell RNA-sequencing
data. In Paper |, we use a computational likelihood method based on the two-state
model of transcriptional bursting to estimate allele-resolved bursting kinetics of mouse
cells. The transcriptome wide estimates allow us to detect how the genomic regions of
enhancers and promoters affect transcriptional bursts. To a first approximation,
enhancers direct the frequency of bursts while promoters influence the number of
transcripts per burst. The fluctuations of the transcript alleles may cause phenotypic
variability over time. In Paper I, we directly show that the bursting behavior of a gene
determines how often monoallelic expression is observed from that gene. Moreover, we
show that this can lead to false positive monoallelic observations in bulk experiments if
not considered. This can be concluded for the genes present on autosomal
chromosomes. The X chromosome, however, has only one active copy in mature cells
which causes complications in gene dosage. In Paper lll, we report that the genes on the
single active X chromosome are upregulated compared to the genes on the autosomal
chromosomes, and that this upregulation is achieved through an increased burst
frequency. Furthermore, this upregulation is coupled to X chromosome inactivation in
females. To study transcriptional bursting at a more resolved time scale, we developed
novel single cell sequencing methods using metabolic labeling in Paper IV and V. These
methods supply the nucleotide analog 4-thiouridine to cells during cell culture, which
become incorporated during transcription. Due to the alkylation reaction during library
preparation leading to the incorporation of the wrong nucleotide during reverse
transcription, the incorporated 4-thiouridine can be computationally detected as
mismatches to the reference genome during analysis. We use this approach to study
responses to a perturbation (Paper V) and to study transcriptional bursting during a 2-
hour time window (Paper V). This data allows the further dissection of transcriptional
bursting and the ability to study co-bursting in single cells. We show that the synthesis
rate mainly determines burst size and not the transcriptional off rate. We do not find co-
bursting to be a general phenomenon across the transcriptome but do find certain gene
pairs that exhibit co-bursting.
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1 Introduction

This thesis is about transcription. Specifically, how transcription occurs, transcriptional
bursting, my efforts to measure transcriptional bursts and some underlying principles of
how transcriptional bursting is controlled. Mammals are very complex organisms, with
many organs that work together to constitute the animal. Those organs are in turn
composed of cells that are specialized to perform specific tasks. Transcription is
important because the main way these cells are able to specialize is dependent on
which genes are transcribed.

2 Literature review

21 The genome

The genome contains the information needed for the organism to develop and function.
It is composed of deoxyribonucleic acid (DNA), that is organized into chromosomes in
the nucleus of the cell and circular DNA in the mitochondria. The human diploid genome
consists of 23 pairs of chromosomes, of which 22 pairs are autosomal and 1 pair is the

sex chromosomes, and was completely sequenced just last year (Nurk et al. 2022).

211 The genome is packed and structured

The genome has multiple structural features which are important for understanding
transcription. The fundamental structural unit of the chromosome is the nucleosome,
which consists of a segment of DNA wrapped around a protein complex called a histone.
The histone itself is an octamer composed of two copies of four proteins: histone
proteins H2A, H2B, H3, and H4 (Babu and Verma 1987). The DNA is wound 1.65 turns
around the histone octamer, corresponding to 146 base pairs of DNA (Luger et al. 1997).
The complex of nucleosomes is called chromatin. The open form of chromatin is called
euchromatin and is associated with the active transcription of genes. Approximately
92% of the human genome is euchromatic (International Human Genome Sequencing
Consortium 2004). The closed form of chromatin is called heterochromatin. The spacing
between nucleosomes in heterochromatin is much narrower compared to euchromatin
and chromatin in the centromeres and near the telomeres are invariably
heterochromatic (Saksouk, Simboeck, and Déjardin 2015). Regardless of the cell type,
these regions are tightly packed, and no polymerase can access these regions (Volpe et
al. 2002). Furthermore, the conformation of chromatin is regulated by histone
modifications. Specific histone residues may be chemically modified to affect the

structure of the nucleosome, which may promote or prevent transcription. For example,



heterochromatic DNA has been associated with the methylation of H3K9' (i.e, H3K9me2
or H3K9me3) (Rosenfeld et al. 2009). Although most histone modifications clearly alter
the structure of the chromatin, more research is needed to achieve a full understanding
of their effects. Zooming in even further, the chromosomes are also organized into cell-
type invariant topologically associated domains. The DNA within a topologically
associated domain typically only form physical contacts within their domain (Dixon,
Gorkin, and Ren 2016).

2.2 Transcription

While the genome contains the information for virtually all possible tasks, the DNA must

be transcribed into ribonucleic acid (RNA) to enable the use of that information.

2.21 Polymerase transcribes DNA into RNA

Higher eukaryotes have three polymerases that use DNA as a template to produce RNA.
They are aptly named RNA polymerase |, Il and Ill. These RNA polymerases are all
multiprotein complexes with 12-17 subunits and transcribe different kinds of RNA. RNA
polymerase | only transcribes ribosomal RNA, which is needed for the translation of RNA
into protein (Russell and Zomerdijk 2006). RNA polymerase Ill mostly transcribes non-
coding RNAs that are required for basic functions of the cell, like transfer RNA and
spliceosome RNA, but also microRNAs and the transposable element family of short
interspersed nuclear element (Dieci et al. 2007).

However, the focus of this thesis is on transcripts produced by RNA polymerase II. The
main reason for this is that RNA polymerase Il transcribes messenger RNA (mRNA),
which is the group of RNA that become translated into protein. The human cell has
around 20,000 protein coding genes, all transcribed by RNA polymerase Il (Nurk et al.
2022). While RNA polymerase | and lll transcribe RNA needed for baseline functions, RNA
polymerase Il enables the cell to specialize by transcribing only certain protein-coding
genes into mRNA.

2.2.2 Transcription is regulated in many steps

Transcription requires many more proteins than RNA polymerase Il to properly work.
These other proteins are called general transcription factors and are needed to
transcribe all mRNA.

Transcription by RNA polymerase Il consists of three main phases: Initiation, Elongation
and Termination (Lee and Young 2000). Transcription starts by the assembly of the

pre-initiation complex. The pre-initiation complex is usually composed of hundreds of
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proteins. The minimal pre-initiation complex consists of RNA polymerase Il and six of the
general transcription factors: TFIIA, TFIIB, TFIID, TFIIE, TFIIF, and TFIIH. Most of these
general transcription factors are themselves protein complexes and can therefore
perform multiple required tasks each. There are many additional proteins involved in
most cases, especially when enhancers are involved. Additional proteins involved in the
pre-initiation complex include chromatin remodelers and the mediator complex (itself
consisting of up to 26 subunits) (Allen and Taatjes 2015). The main tasks of the pre-
initiation complex are to recruit RNA polymerase Il to the transcription start site by
recognizing promoter motifs (TFIID, TFIIA) (Ossipow, Fonjallaz, and Schibler 1999), unwind
and open the double-stranded DNA to provide access to the DNA template (TFIIE, TFIIF,
TFIIH) (Lee and Young 2000) and properly position RNA polymerase Il to the active site
(TFIB) (Bushnell et al. 2004). The RNA is then synthesized in a processive manner by
RNA polymerase Il using the DNA as a template (Kwak and Lis 2013). Before leaving the
nucleus, the precursor mRNA goes through multiple post-transcriptional modifications
before being exported to the cytoplasm for translation. Transcription is terminated after
the recognition of the polyadenylation signal sequence AAUAAA present close to the
end of the precursor mRNA (Bienroth, Keller, and Wahle 1993). The 3' end of the
precursor mRNA is then cleaved and extended by approximately 250 untemplated
adenosine nucleotides. A guanine nucleotide is also attached to the 5' end of the
precursor mRNA with a 5" to 5' triphosphate linkage, which promotes nuclear export,
translation and intron excision while preventing degradation (Visa et al. 1996; Bird et al.
2016; Konarska, Padgett, and Sharp 1984; Shatkin 1976). The exons are spliced by the
spliceosome to generate the final transcript, a process which generate great functional
diversity even within the same gene (Marasco and Kornblihtt 2023).

2.3 The genome defines its own regulation

For the different cells in the human (or mammalian) body to be able to specialize in so
many kinds of tasks, the regulation of which genes are active at any given time and any
given cell must be very precise. With the discovery of mRNA as the physical and
informational intermediate between the genetic storage unit of DNA and the functional
unit of protein, the regulation of transcription was suggested as a mechanism to control
the synthesis of protein (Cobb 2015). The first layer of regulation is whether the gene is
physically available at all. Since the genome can be either tightly packed or unpacked by
modifying the histone residues present on the nucleosome, the proper conformation of
the DNA the gene consist of and the surrounding genomic region, is thought to be
important for transcription to occur (Cremer and Cremer 2001). However, there are
multiple additional layers of regulation which determine which genes are transcribed.



2.3.1 Transcription factors direct transcription

Transcription factors are DNA-binding proteins that are involved in transcriptional
regulation. Many transcription factors function as regulators which determine cell types,
drive differentiation and control response pathways. While estimates vary, one review
estimated that the human have around 1,700 transcription factor proteins which may be
sorted into roughly 70 families (Lambert et al. 2018). Transcription factors work alone, or
in a complex, to promote or repress the recruitment of RNA polymerase to specific
genes. Transcription factors typically function by either directly recruiting RNA
polymerase |l or transcriptional cofactors (Frietze and Farnham 2011). Transcription
factors recognize relatively short stretches of DNA sequences, known as binding motifs,
and bind to either enhancer or promoter elements to effectively decode their
instructions. The specificity of a transcription factor to its binding motif is typically
multiple orders of magnitude higher compared to noncognate sequences (Geertz,
Shore, and Maerkl 2012; Phair et al. 2004). In some cases, this may be the transcription
factor's only method of transcriptional regulation: it may simply bind to a motif and
block another transcription factor that would promote transcription (Ptashne 20T11;
Akerblom et al. 1988). However, it is also clear that in eukaryotic genomes the sequence
of the binding motif alone is not sufficient. Indeed, most transcription factors only bind
some of their target motifs present in the genome, with the rare exception being CTCF
(Fu et al. 2008; T. H. Kim et al. 2007). Most motifs are 6-12 base pairs, which do not
contain sufficient information content for the transcription factor to specifically bind to
sites known to be regulated by that transcription factor (Wunderlich and Mirny 2009).
This contrasts with the prokaryotic transcription factor landscape, where the binding
motifs typically contain enough information to specifically bind to their intended target.
In the eukaryotic case, the paradigm of multiple transcription factors cooperatively and
synergistically binding to clusters of binding motifs to direct transcription is a much
more favorable theory. Indeed, cis-regulatory regions usually contain many binding sites
for multiple different transcription factors, and this fact alone has been used to predict
cis-regulatory regions biocinformatically (Berman et al. 2002; Crowley, Roeder, and Bina
1997; Wasserman and Fickett 1998; 1998). Furthermore, the ability for a transcription
factor to promote or repress transcription is highly context specific. For example, the
same transcription factor can recruit co-factors with opposite effects (Amati and Land
1994). The details on how transcription factors interact with each other biochemically in
different configurations are mostly lacking, and there is a current challenge to

understand how this complex network of transcription factors work in detail.

2.3.2 Promoters let transcription factors bind close to genes

The core promoter is the DNA segment -40 to +40 base pairs within the transcriptional
start site (Roeder 1996). This is the main region where the general transcription factors

bind to the DNA. Core promoter elements are DNA motifs that support the assembly of



the pre-initiation complex and directs transcriptional initiation (Haberle and Stark 2018).
The core promoter elements can be identified based on their sequence and location in
relation to the transcription start site. There is no universally used element present at all
genes. Instead, different genes use different core promoter elements to guide the pre-
initiation complex. There are broadly two different classes of genes in this respect,
genes with a clearly defined core promoter (sharp) and genes with a broad and diffuse
core promoter region (broad) (Haberle and Stark 2018). The sharp promoters are
generally present in genes that are lineage-specific, while broad promoters are present
in genes expressed ubiquitously (Carninci et al. 2006). The core promoter element that
was first discovered, the TATA-box, has the consensus sequence 5-TATAWAW-3' and
is located 31to 24 base pairs upstream of the transcription start site (Goldberg 1979;
Bucher 1990). The TATA box is present in about 20% of human genes. Another core
promoter, initiator, has the consensus sequence 5-BBCABW-3' and is present right on
top of the transcription start site (Carninci et al. 2006; Vo ngoc et al. 2017). Other core
promoters present in human like DRE, TCT, BREu and BREd, all have well defined
consensus sequences and positions relative to the transcription start site (Parry et al.
2010; Hirose et al. 1993; W. Deng 2005; Lagrange et al. 1998). The relevance of the DNA
sequence of the core promoter downstream of the transcription start site has been
unclear in humans. In Drosophila, the downstream DPE and MTE elements are clearly
defined by a known location and consensus sequence but matches to these elements in
the human genome are rarely observed (Sandelin et al. 2007). A challenge in addressing
this seems to have been the inability to use over-representation methods to detect
motifs. Recent machine learning approaches have identified an additional downstream
core promoter element DPR, which overlap the DPE and MTE elements found in
Drosophila (Vo ngoc et al. 2020). Interestingly, the part of the DPR motif that overlap the
DPE element are very similar. Furthermore, the presence of DPR is associated with a lack
of the TATA box, similar to the situation in Drosophila for the DPE element (Willy,
Kobayashi, and Kadonaga 2000).

2.3.3 Enhancers are clusters of transcription factor binding sites

Enhancer elements are regulatory sequences of DNA that are often many kilobases or
megabases away from their target gene and are used to activate the transcription of
genes in a precise and sensitive manner. One pragmatic definition of enhancer is a

cluster of binding sites for transcription factors.

There are multiple different methods to detect enhancer regions in the genome and
different to ways to predict whether the enhancer can be considered active in each cell

type. By any measure, enhancers are ubiquitous throughout the genome. Based on co-



occurrence of histone modifications H3K27ac? and H3K4meT® as a marker for enhancers,
a large surveying study found 43,011 enhancer candidates across the human genome.
Furthermore, the activity of these enhancers were highly cell-type specific (The
FANTOM Consortium 2014). A less conservative approach based on DNase | cleavage
events found an average of around 330,000 intergenic regions per biosample that may
be enhancers (Vierstra et al. 2020). The most recent phenomenon considered to define
active enhancer regions is the detection of enhancer RNA, i.e,, RNA from transcribed
enhancer regions (T.-K. Kim et al. 2010). However, the detection enhancer RNA is difficult
due to their short-lived nature and the lack of methods to efficiently detect them
(Sartorelli and Lauberth 2020).

While there are different theories on how the enhancer, directly or indirectly, interacts
with the promoter region to promote transcription the most favored theory is enhancer-
promoter looping (Panigrahi and O'Malley 2021). In this model, the proteins bound by the
enhancer and the promoter make physical contact and the protein-protein interactions
then further facilitate transcription.

Furthermore, enhancers typically do not interact outside of their topologically
associated domain that put limits on which genes they may influence (Cavalheiro, Pollex,
and Furlong 2021). Since the genome is a three-dimensional structure, folded and
packed in a presumably quite pragmatic fashion, the enhancer might be close to the

promoter despite their distant relative position on the linear genome.

2.4 Transcription occurs in bursts

The idea that non-genetic heterogeneity between single cells may arise due to
stochastic fluctuations in MRNA molecules was introduced early (Spudich and Koshland
1976); with contemporary observations using electron microscopy which found that the
synthesis of multiple RNA molecules is initiated at one time and that there are discrete
periods of activity and inactivity of transcription (Miller and Beatty 1969; McKnight and
Miller Jr. 1979). A decade later, the observation of transcriptional heterogeneity among
single cells in response to glucocorticoid stimulation started the investigation into
transcriptional bursts that is still ongoing today (M. S. H. Ko 1991; M. S. Ko, Nakauchi, and
Takahashi 1990).

There are many studies examining how the genome, core promoter elements, enhancers
and transcription factors influence the bursting behavior of genes. Since transcriptional
bursts have been observed throughout the tree of life (Sanchez and Golding 2013), it is
likely that the basis for transcriptional bursting, at least in part, relies on some

2 Acetylation of histone 3 lysine 27
3 Methylation of histone 3 lysine 4



fundamental aspect of transcription that is consistent across all organisms. The
interplay between transcription and torque on the DNA double helix may be a general
cause of transcriptional bursting. When RNA polymerase transcribes DNA, torque is
applied to the DNA double helix. This causes the DNA behind the RNA polymerase to
become less tightly wound and the DNA in front of the polymerase to become more
tightly wound. This phenomenon is called positive supercoiling and may be removed by
a topoisomerase called DNA gyrase (Liu and Wang 1987). Since the activity of DNA
gyrase is limiting, accumulation of positive supercoiling may result in stalling and then
result in a burst of transcriptional activity. This mechanism has been shown to be
sufficient to explain transcriptional burst in bacteria (Chong et al. 2014) and polymerase
spacing has shown to be dependent on torsional stress in eukaryotes (Tantale et al.
2016).

Promoter elements are also involved in shaping transcriptional bursts. One study
investigated the actin gene family present in the amoeba Dictyostelium discoideum and
found that switching the promoters of genes within the family brought with it the
transcriptional bursting dynamics for that gene (Tunnacliffe, Corrigan, and Chubb 2018).
Due to being the first discovered, the most investigated element out of those is the
TATA-box. One study found that the burst size are higher in genes whose core promoter
region contain a TATA box and that a mutation in the TATA-box sequence decrease the
burst size of the gene (Hornung et al. 2012).

While the exact mechanism is still unclear, most studies suggest enhancer elements
direct gene expression changes by affecting the frequency of transcriptional bursts for
their target gene. This was first suggested by an early study that examined the effect of
the SV40 enhancer on the probability of transcription of a target reporter gene (Walters
et al. 1995). Recent publications support this as the most convincing explanation. One
study visualized and measured the activity of multiple enhancers in living Drosophila
embryos and observed dependence of burst frequency on the strength of the
activating enhancer element (Fukaya, Lim, and Levine 2016). By forcing the physical
contact of the f-globin enhancer to the f-globin gene in mouse cells, another
experiment showed that raising the frequency of physical contact increases the burst
frequency but not burst size (Bartman et al. 2016). However, physical contact between
an enhancer element and its target gene may not be necessary to affect transcription
(Alexander et al. 2019).

Transcription factors seem to affect multiple aspects of transcriptional bursts. One
paper suggests that burst frequency modulation by the translocation of transcription
factors may be a general control strategy to coordinate responses to external stimuli by
the study of the transcription factor Crzl in yeast. They found that local calcium
concentration modulated the frequency of Crzl translocation into the nucleus, where

each translocation resulted in a multi-gene transcription event (Cai, Dalal, and Elowitz



2008). The similar principle was observed in a modified version of the human cell line
MCF7 with a PP7 reporter system for the GREBI locus, where the concentration of
estrogen was shown to modulate the frequency of GREBI transcription in single cells
(Fritzsch et al. 2018). Furthermore, transcription factors are usually a part of signaling
pathways that respond to stimuli or give rise to periodical activity. The nature of the
signaling pathway dictates the patterns of transcriptional bursts which are observed.
Serum induction mediated by the transcription factor serum response factor leads to a
transcriptional bursts of the f-actin gene (Kalo et al. 2015). They found a feedback loop
where artificially low levels of f-actin leads to an increased transcriptional response. In
another study, oscillations in NF-kB localization was shown to control the dynamics of
gene expression of its targets by modulating the burst frequency of those genes,
including its own negative regulator IkBa (Nelson et al. 2004). This was later also shown
for glucocorticoids, a class of steroid hormones that can act as transcription factors,
with translocation into the nucleus of the cell as the mechanism (Stavreva et al. 2019).
Ultradian patterns in glucocorticoid concentration fluctuations led to transcriptional
bursts of the same pattern. Another study also investigated the serum response factor
for another gene, c-Fos, with the conclusion that transcription factor concentration
modulates the burst frequency (Senecal et al. 2014). Furthermore, they found that the
duration of the transcription factor binding event to the DNA binding domain and the
strength of the activator domain influenced burst duration (koff) and initiation rate
(ksyn) respectively. The transcriptional response to DNA damage is regulated by the
p53-Mdm?2 system. As a response to DNA damage, the burst frequency of p53
transcription was reported to increase proportional to the amount of DNA damage. In
contrast to the study on c-Fos described above, the burst size and duration was found
to be fixed and did not depend of the amount of damage (Lahav et al. 2004).

2.4.1 The impact of transcriptional bursts on phenotype

The initial inquiry into stochastic gene expression was to explain why cells with no
genetic differences can be so different, even in the same environment. While there are
surely additional factors which may contribute, stochastic gene expression is a clear
contributor. One of the more discussed aspects of transcriptional bursting in this regard
is its influence on the incomplete penetrance of genetic disorders. Incomplete
penetrance is the case where only a fraction of carriers of a mutation develops its
associated disease. This phenomenon is thought to be partly caused by stochasticity of
gene expression. Transcriptional bursting gives rise to frequent monoallelic expression in
diploid systems, which may have an impact on the disease penetrance (Q. Deng et al.
2014). However, examples in literature are scarce. One study used the Caenorhabditis
elegans model animal to investigate the incomplete penetrance of mutations affecting
intestinal specification. They could explain the incomplete penetrance by demonstrating

that the variability in gene expression of the mutant alleles altered the topology of the



gene regulatory network that determines intestinal cell fate (Raj et al. 2010). The
fluctuations of expression of mutant and wildtype alleles across a tissue may also
introduce pathologies. For example, one cause of hypertrophic cardiomyopathy may be
due to contractile heterogeneity among the individual cardiomyocytes because of
transcriptional heterogeneity of mutant and wild type beta-myosin heavy chain
expression among cells (Montag et al. 2018).

In a non-disease setting, variability in gene expression could also be used as a strategy
of adaptive evolution, where fluctuations of allele usage within a population may be used
as a form of hedging against changes in the immediate environment (Bruijning et al.
2020). From an evolutionary perspective, it might also be beneficial to conserve energy
by not transcribing key genes constantly and instead use the RNA template for protein
synthesis multiple times, with the precision of gene regulation as a trade-off (Hausser et
al. 2019). Transcriptional bursts might also be used to generate diversity during
differentiation of stem cells into various committed cell types, which is a concept
applicable to most if not all organs in the body. The dynamics of fate commitment of
differentiating cells may rely on transcriptional bursts to a significant extent. For
example, the lineage commitment of T-cells was recently shown to depend on a
stochastic rate-limiting cis-epigenetic mechanism at the level of individual gene loci.
The activation probability of the gene Bclllb was demonstrated to depend on a distal
enhancer region that acts independently for each allele. Furthermore, the transcriptional
activation of Bclllb was also dependent on Notch signaling in-trans (Ng et al. 2018).



2.5 Allelic expression

Which copy of a gene the cell uses has been the subject of study for a long time. The
first studied case was the allelic exclusion of antigen receptors of T and B lymphocytes
(Pernis et al. 1965). During lymphocyte maturation, the immunoglobulin gene segments
undergo recombination on each allele. Once a productive rearrangement has been
achieved on one allele, further rearrangement on the other allele is prevented. In effect,
only one allele of the immunoglobulin genes is expressed in mature lymphocytes
(Vettermann and Schlissel 2010). There are also examples of genes that are only
transcribed from the maternal or paternal allele, these genes are known as imprinted
genes (Ferguson-Smith 2011). It has also been suggested that there are autosomal genes
that show mitotically heritable monoallelic expression (here called fixed autosomal
random monoallelic expression). These genes are suggested to have expression from
only one allele in some clones while other clone show biallelic expression. One study
based on SNP-sensitive microarrays found that up to 10% of autosomal genes exhibited
fixed autosomal random monoallelic expression (Gimelbrant et al. 2007). Other studies
showed fixed autosomal random monoallelic expression in mouse lymphoblasts,
fibroblasts, human neural stem cells and mouse neural stem cells at similar rates (10%,
2.1%,1.6-2.2% and 2.4% respectively) (Zwemer et al. 2012; Jeffries et al. 2012; Li et al.
2012). However, observations on the single-cell level contradict some of these findings.
Early single cell experiments from the Sandberg lab showed that there is abundant
monoallelic expression in the transcriptomes of single cells in mice (Q. Deng et al. 2014).
However, most genes did not have a preferred allele to express. Instead, each allele
appeared equally often with no obvious pattern. Later experiments on clonally
expanded T-cells and fibroblasts showed very few genes that exhibited monoallelic
expression which was mitotically stable (<1% of genes) (Reinius et al. 2016). These later
experiments used newly developed single-cell sequencing methods, while the prior
studies used either bulk RNA-sequencing or microarray technologies. The discrepancies
between these findings have been discussed in the literature, and can be attributed to
differences between methods and analysis (Vigneau et al. 2018; Reinius and Sandberg
2018).



2.6 X chromosome inactivation and upregulation

Therian mammals, mouse and human included here, have two sex chromosomes, X and
Y4. Males have both the X and Y chromosome, while females have two X chromosomes.
The presence of the Y chromosome, specifically the Y-linked gene SRY, determines the
sex during development (Berta et al. 1990). Therefore, the Y chromosome is only ever
present in one copy and the X chromosome is present in one copy in males and two
copies in females. Out of the two sex chromosomes present in therian mammals, the X
chromosome is considerably larger than the Y chromosome, have many more
euchromatic regions and more protein-coding genes. They most likely evolved from a
regular pair of autosomal chromosomes (Wallis, Waters, and Graves 2008). However, in
the present day there is a low amount of homology between the two sex chromosomes.
The only homologous areas are the pseudoautosomal regions present at the end of both
chromosomes (Helena Mangs and Morris 2007). This allows the two sex chromosomes
to pair up during meiosis and are the only areas which may undergo genetic
recombination (Ciccodicola et al. 2000). This is presumably the cause of the small size
of the Y chromosome, since the X chromosome may recombine in females, but the Y

chromosome has lost most genes and degenerated (Graves 2006).

However, this situation creates complications in terms of gene dosage. Importantly,
most of the X-linked genes are not involved in sex determination and are required for
basic cellular processes (Ross et al. 2005). The female cells effectively have twice the
number of X-linked gene copies available to be transcribed and translated compared to
males. One way the cell was handling this was detected in 1949, with the report of a
"nucleolar satellite” found only in motor neurons of female cats and not male cats, later
known as a Barr body (Barr and Bertram 1949). This Barr body was later identified to be a
heterochromatic X chromosome (S. Ohno and Hauschka 1960). However, whether this X
chromosome was of the paternal or maternal variant was not known. Based on clever
observations regarding a number of X-linked mutations that affect the coat color of
mice, Mary Lyon suggested that, at least in mice, either of the X chromosomes become
heterochromatic early during embryogenesis. Since the heterozygous mutant mice have
variegated coats, both the paternal and maternal X chromosome are inactivated in
different cells (Lyon 1961). Later, Susumu Ohno hypothesized that the cell have two ways
to cope with the unbalanced gene dosage on the X chromosome: one of the X
chromosomes is inactivated in females and the genes on the single X chromosome have
increased expression (Susumu Ohno 1967). The former is known as X chromosome
inactivation, or Lyonization after Mary Lyon. This method of controlling gene dosage of

X-linked genes is overwhelmingly established to be a correct theory in eutherian

4 The monotremes have five pairs of sex chromosomes and don't ask me about monotremes.



mammals (Loda, Collombet, and Heard 2022). However, the same way there are many
sex determination strategies in the animal kingdom, the details of this compensation
differ between different species. The qualifier eutherian is needed because while
marsupials inactivate one of their X chromosomes early in development, it is always the
paternal X chromosome (Cooper et al. 1993). Interestingly, studies have observed the
same imprinted inactivation of the paternal X chromosome in the mouse around the 4-8
cell stage of the embryo (Okamoto et al. 2004). However, the paternal X is later
reactivated, and random X chromosome inactivation take place in the late blastocyst
stage. Humans do not seem to have this imprinted inactivation, but rather a
transcriptional dampening of both X chromosomes before random X chromosome
inactivation that probably takes place in about the same developmental time window as
in the mouse (Petropoulos et al. 2016). For both human and mouse, X chromosome
inactivation leads to mitotically heritable monoallelic expression for most X-linked
genes. A few genes escape X chromosome inactivation and are also transcribed from

the inactive X chromosome, albeit in lower abundance.

The second mechanism Susumu Ohno suggested, the upregulation of the single X
chromosome (X chromosome upregulation) has been much more debated (Pessia,
Engelstadter, and Marais 2014). In contrast to X chromosome inactivation, which
according to the 1949 letter to Nature "..may be detected with no more elaborate
equipment than a compound microscope following staining of the tissue by the routine
Nissl method’, X chromosome upregulation first requires the accurate measurement of
transcripts from X-linked and autosomal genes. The first analyses based on microarrays
and RNA-sequencing data have reached conflicting results (Nguyen and Disteche 2006;
Xiong 2010). This disagreement can to a large degree be attributed to what the proper
comparison is. First, there is a question of what to compare to in the first place. Susumu
Ohno's hypothesis was based on the idea that these genes were originally present on an
autosomal chromosome, and the proper comparison should therefore be to the
ancestral gene (Susumu Ohno 1967). Most studies have settled on comparing the
expression levels of the autosomal genes to the genes on the single active X
chromosome. Furthermore, different studies have established different criteria for
including genes in their analyses, leading to different conclusions. For example,
compared to autosomal chromosomes, the X chromosome contains more genes with
little or no gene expression (Kharchenko, Xi, and Park 2011). Other studies claim only
some genes on the X chromosome need to be dosage compensated and focused on
genes known to be a part of gene networks that include autosomal genes and are

therefore presumably more sensitive to gene dosage (Pessia et al. 2012; Lin et al. 2012).



3 Research aims

The aims of this thesis explore the use of transcriptomics to understand transcriptional
bursting.

Paper I: Can we use single-cell RNA sequencing data to infer transcriptional bursting
parameters genome wide? How is transcriptional bursting encoded in the genome and
in which way does it change with cell type and cell state?

Paper II: Do bursts explain monoallelic expression and allelic imbalance?

Paper lll: How do burst kinetics change when gene dosage changes on the X
chromosome?

Paper IV: Can we use metabolic labelling in single cells to track newly transcribed RNA?

Paper V: What are the advantages to studying newly transcribed RNA in the context for

transcriptional bursting?






4 Materials and methods

The studies which form this thesis mainly use mathematical modeling, single-cell RNA
sequencing and bioinformatics to study transcriptional bursting. This section briefly
describes the methods used in each area.

4.1 Mathematical models for transcriptional bursting

The theory of transcriptional bursting is tightly coupled to its corresponding
mathematical models. In one sense, the mathematical models of transcriptional bursting

determine the terminology used for describing it.

4.2 The simplest model - the telegraph model

Before describing the model of transcriptional bursting, | will start with the simpler
models that may be used to quantitatively describe transcription and why they fail to
capture the phenomenon of transcriptional bursts.

The basic deterministic model of transcription includes two parameters: synthesis and
degradation. It can be written down as the differential equation

dx

Frll

where «a is the synthesis rate, y is the degradation rate and x is the abundance of the
RNA. The steady state of this model can easily be found to be the ratio between

synthesis rate and the degradation rate, % However, this differential equation

completely fails to capture any variability in expression observed in single cells. The
simplest stochastic model of transcription replaces the two rate parameters above with
exponentially distributed waiting times. This gives us the Poisson distribution with the

parameter 1 = % The mean stays the same as in the deterministic model while

accounting for some variability. Precisely this model was suggested in early studies
(Spudich and Koshland 1976). However, because the Poisson model assumes that the
RNA molecules are synthesized independently of each other it fails to capture one
aspect of variability present in transcriptional bursts, namely the bursts themselves.

The model needs to be extended to account for transcriptional bursts. The simplest
model of transcriptional bursts is called the telegraph model. In this model, the gene can
either be in an off state or an on state (Peccoud and Ycart 1995). While in the on state
the gene is synthesized at rate ks, and is not transcribed in the off state. The time until
the system switches from one state to another is described by the exponential
probability distribution with an associated ks and k,,, rate respectively. Each



individual RNA molecule can also be degraded at the rate §. The steady state
distribution is a mixture between a Beta and Poisson distribution. The beta random
variable is governed by k,, and ks and effectively determines the availability of the
gene to be transcribed. The Poisson distribution is determined by k;,,,. When k,,, is
large, the distribution can be approximated by the Poisson distribution described above
with ksai as the parameter. This is interpretable as the gene always being available for
transcription. When both k,,, and ks are slower than the degradation rate, there are
long periods of activity and inactivity. This is observed as a bimodal distribution of
transcript abundance. The mean of the distribution is given by the fraction of time the

gene is available for transcription times the synthesis rate divided by the degradation

k k . . . . . . . .

rate, #% The two main units which will be discussed in this thesis are the burst
onTRoff

ksyn

koss'

frequency, k,,, and burst size, the average number of molecules produced during a

burst.

4.21 The simplest model can be extended in many ways

While the telegraph model is the most frequently used model, there are extensions of
this model which include refractory periods, splicing, cell division, dosage compensation
and cell size (Friedman, Cai, and Xie 2006; Shahrezaei and Swain 2008; Stinchcombe,
Peskin, and Tranchina 2012; Cao and Grima 2020). Not all these models are analytically
tractable, and fewer offer computationally feasible inference methods. Indeed, the main
advantage of using the telegraph model is the possibility to infer parameters using
snapshot measurements, e.g., single-cell RNA sequencing or single molecule
fluorescence in situ hybridization (smFISH). Then applying the moment method,
maximum likelihood or Markov-Chain Monte-Carlo (Peccoud and Ycart 1995; Raj et al.
2006; J. K. Kim and Marioni 2013; Gémez-Schiavon et al. 2017; Jiang, Zhang, and Li 2017;
Vu et al. 2016). Although this requires the assumptions of stationarity and ergodicity
(Dattani and Barahona 2017). Furthermore, the model can also be simplified. If we
assume that the rate of gene deactivation is much faster than activation, kors > ko, this
simplified model follows the negative binomial distribution (Shahrezaei and Swain 2008).
The trade-off of this simplification is that the model can no longer generate bimodal
distributions. Nonetheless, the negative binomial distribution is often used for analyzing
single-cell RNA sequencing data (Love, Huber, and Anders 2014; Robinson and Smyth
2007).



4.3 Primary and immortalized cells

To study transcriptional bursts, we need to measure the amount of RNA transcribed for
a given gene copy. However, since mammalian genomes are diploid, we need a way to
distinguish RNA originating from the two alleles of a gene. Our approach was to use

crosses of distantly related subspecies of the mus musculus species.

Most often we crossed a female of the CAST/EiJ strain of mus musculus castaneus
(southeastern Asian house mouse) with a male of the C57BL/6J strain of the mus
musculus domesticus (western European house mouse) and used the first generation
(F1) offspring of this cross. These two mice have many single-nucleotide variants that
can be used to distinguish the alleles by sequencing (Keane et al. 2011). One experiment
was done using a cell line derived from a F1 CAST/EiJ x 129SvEv cross, but the desired
result is the same.

The constituent papers have also used cell lines derived from human cells. The K562 cell
line is a myelogenous leukemia cell line derived from a 53 year old female (Lozzio and
Lozzio 1975) and the Jurkat T-cell cell line that was derived from a 14 year old male with
leukemia (Schwenk and Schneider 1975). As the references report, both cell lines were
established in the mid-1970s. However, these cell line do not provide allelic resolution.

4.4 Single-cell sequencing to profile transcription with allelic
resolution

Single-cell sequencing enable the relatively unbiased quantification of the
polyadenylated transcriptome®, where polyadenylated transcripts are reverse
transcribed and amplified. Since most of the transcribed RNA is ribosomal RNA, it is
important to provide a way to select only polyadenylated transcripts. This is done by
using an oligo-dT as the primer in the reverse transcription reaction (Mortazavi et al.
2008). After the first method of this kind was reported in 2009 (Tang et al. 2009), the
overall field of single-cell sequencing has quickly evolved (Svensson, da Veiga Beltrame,
and Pachter 2020). During my PhD studies, the state of the art has changed multiple
times when it comes to both wet-lab and computational methods. Furthermore, most of
the advances have focused on the development of highly scalable methods followed by
shallow sequencing of individual cells to characterize cell types in tissues (Svensson,
Vento-Tormo, and Teichmann 2018; Zhang, Ntranos, and Tse 2020). To study
transcriptional bursting the experimental focus lies on capturing molecules at high
sensitivity and detecting those molecules by sequencing each cell deeply. The most
widely used single-cell sequencing protocol, offered by the company 10x Genomics,

only captures the 3' end of the transcript (10x Genomics n.d.). For our experimental

5 Methods which capture non-polyadenylated RNA exist but will not be discussed. Sorry Michael.
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approach, this method would be unsuitable, since most single nucleotide
polymorphisms which allow us to distinguish the allele of origin are not on the 3’ end.
Therefore, to capture the allelic expression for most genes, a method which give
coverage over the whole transcript is preferred.

4.41 The Smart-seq family of methods provide full-length coverage

The Smart-seq family of methods is the most widely used full-length coverage single
cell sequencing family of protocols (Ramskéld et al. 2012; Picelli 2013; Hagemann-Jensen
et al. 2020; Hagemann-Jensen, Ziegenhain, and Sandberg 2022). The methods rely on a
Moloney Murine Leukemia Virus-derived reverse transcriptase (RT) enzyme which often
adds 2-5 un-templated nucleotides at the 3'-end of the complementary DNA when the
5'-end of the RNA is reached, where the nucleotide cytosine is preferred (Schmidt and
Mueller 1999). This allows the RT enzyme to switch the template to an oligonucleotide
that has 3 riboguanosines at its 3'-end (template-switching oligonucleotide). The
complementary DNA can then be amplified exponentially using primers targeting
sequences present on the oligo-dT and template-switching oligonucleotide sequence.
For short-read sequencing, the resulting pool of full-length complementary DNA is then
tagmented with the enzyme Tnb to obtain DNA fragments of a size appropriate for
short-read sequencers. Optionally, the tagmentation step can be skipped and DNA
library is then sequenced on a long-read sequencer. In the constituent papers, the
methods which have been used are Smart-seq3 or a modified version of Smart-seq2
that include a unique molecular identifier in the template-switching oligonucleotide
(Hagemann-Jensen et al. 2020). The unique molecular identifier is of particular
importance for the estimation of transcriptional bursting estimates since they enable
the discrete counting of individual captured RNAs.

4.5 Computational analysis of sequencing data

After sequencing the complementary DNA of the transcripts present in the individual
cells, the genes they correspond to need to be identified. This is done through aligning
the sequencing reads to a reference genome. The human and mouse genomes have
been sequenced and annotated quite extensively compared to most other organisms.
Since transcripts are spliced co- and post-transcriptionally, naively aligning reads to the
reference genome is not suitable. Therefore, multiple algorithms have been developed
that are aware of splicing and can align spliced transcripts (Dobin et al. 2012; D. Kim et al.
2019). More recent methods have been developed that perform pseudoalignment,
which instead quantify the compatibility of the sequencing read with a transcript model
without performing alignment to the reference genome (Bray et al. 2016; Patro et al.
2017). All the analyses in the constituent papers have used the STAR software for
alignment (Dobin et al. 2012). The aligned reads are then stored in the SAM format, which
is the standard format for aligned sequencing reads. After alignment, the analyses make



extensive use of a vast number of software libraries to enable further processing,
statistical inference, statistical modeling, and visualization (Virtanen et al. 2020; Harris et
al. 2020; Hunter 2007). The constituent papers have used the programming languages
Python, R and C, with most of the code being written in Python.

4.6 Metabolic labeling

Metabolic labeling is a concept that can be used to study nascent and new transcription
of RNAs. A nucleotide analogue is introduced that is partly incorporated during
transcription. The incorporation of the nucleotide analogue is then detected in some
way to find which RNAs were produced during the metabolic labeling period.

The first sequencing methods using metabolic labeling relied on the physical separation
of labelled and unlabeled RNA. In the method TT-seq, thiol-specific biotinylation is
followed by affinity purification, and ensures the analyzed complementary DNA
originates from newly synthesized RNA (Schwalb et al. 2016).

Single cell applications require very efficient ways to separate the new and old
transcriptomes. One recently developed approach moves the separation step from a
physical separation to a computational separation after sequencing. By introducing a
chemical modification step mutations are introduced into the newly synthesized RNAs,
which can be computationally distinguished by a mismatch to the reference genome.
The method SLAM-seq was the first method to use this approach. SLAM-seq uses 4-
thiouridine followed by an alkylation reaction to induce T-to-C mismatches in reads
corresponding to newly synthesized molecules (Herzog et al. 2017). Other methods have
been used that adapt this approach to single cells (Erhard et al. 2019). Lastly, another
method has been developed that use very efficient click chemistry followed by biotin
pull-down to physically separate newly transcribed and old RNA (Battich et al. 2020).



4.7 Ethical considerations

Most of my projects involved sequencing cells from a first-generation offspring of two
distantly related strains of Mus musculus, C57BL/6J and CAST. This cross does not lead
to any phenotype which the mouse might suffer from. Cells are collected from these
mice either post-mortem or from the embryo. The ethical permit under which we did
these studies deemed certain activities to be of moderate severity, since some
experiments detailed in the permit may require multiple injections of the same animal.
However, all the procedures needed for my projects were of mild severity. Nothing is
done to the mice that would make them likely to experience any short-term moderate

pain, suffering or distress, or long-term mild pain, suffering or distress.

Furthermore, some of my projects are based on already existing data. The analyses in
the first submission of Paper | were all done with already existing data, published or
otherwise. The questions asked by the reviewers prompted us to generate new data (i.e,,
use more mice) to answer them. We only did this when it was clear to us that it was
necessary to confirm the validity of the results. This data was then used for Paper Il
which explores other aspects of that dataset, Paper lll also uses existing data from
another study (Chen et al. 2016). In this regard my projects make large use of the reduce
principle of humane animal research, since reusing and reanalyzing data in new ways
reduce the number of animals needed and total animal suffering at the same level of
scientific output.
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5 Results

5.1 Paper]l

In Paper |, we wanted to investigate the use of single cell RNA sequencing data to study
transcriptional bursting, which first required the development of novel statistical
algorithms. To perform statistical inference of transcriptional bursting, | developed a
likelihood approach to infer parameters using the two-state model. This estimation
strategy differed from previous efforts in multiple ways (Jiang, Zhang, and Li 2017; J. K.
Kim and Marioni 2013). The moment likelihood used in (Jiang, Zhang, and Li 2017) had the
undesired property of sometimes producing negative rate estimates. Some other
advantages were that the profile likelihood technique allowed me to obtain confidence
intervals on the point estimates. The likelihood approach also allowed us to compare
parameters from two different conditions by comparing their relative likelihoods. While
(J. K. Kim and Marioni 2013) used a Markov-Chain Monte-Carlo method that produces
more stable estimates than the moment method (although more time consuming), the
data we applied our approach to was much more deeply sequenced than previous
studies and had an order of magnitude more cells.

| inferred transcriptional burst kinetics from data obtained from the CASTxBL/6J F1
crossbreed for 7,186 genes based on 224 fibroblast cells prepared using a modified
version of Smart-seqg2. | found the parameters to agree with the previous studies that
had been done either on single genes or based on exogenous genes. The burst size
ranged between 1-10 RNAs per burst across genes. After scaling the parameters by the
degradation rate to obtain the parameters in an absolute time scale, | found that an
allele bursts on average every 6 hours. Interestingly, the k, ;s parameter was almost
always much larger than k,, indicating that genes are often idle with occasional bursts

of transcription.

I next investigated the effect of core promoter elements on burst size. | found that the
TATA core promoter substantially increases burst size while burst frequency is not
affected. This effect is increased by the presence of the Initiator core promoter element,
while the Initiator element does not have any effect by itself. No effect was observed
based on mean expression or on the level of burst frequency. Furthermore, | found that
there was a gene-length dependent effect on burst size, which was not confounded by
spliced mRNA length.

We linked enhancer activity to burst frequency regulation using multiple approaches. |
compared burst frequency and size of genes expressed in two different cell types:
fibroblasts and embryonic stem cells (n = 4,854 genes in common). | observed that the
main factor that changes between cell types is burst frequency. We performed smFISH

on a small number of X-linked genes in male cells. The differences in burst frequency
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and size found between the two cell types based on the single cell RNA sequencing data
were corroborated by the smFISH data, although the absolute parameter values were
somewhat different. Then, | used H3K27ac as a marker of enhancer activity detected by
chromatin immunoprecipitation sequencing and used a previously defined enhancer-
to-gene map to assign enhancer activity to genes and their corresponding bursting
parameters. | compared the relative change in normalized read density over the linked
enhancer regions to the relative change in bursting parameters across cell types. The
enhancer activity of enhancers linked to genes expressed in both cell types were highly

correlated with a corresponding change in burst frequency.

Second, | found that the density of strain specific single nucleotide variants was higher
in enhancers of genes with allelic differences in burst frequency compared to genes
with similar kinetics.

Last, we inferred transcriptional kinetics in a murine embryonic stem cell line (CAST/EiJ x
129SvEV) with a Sox2 enhancer deletion on the CAST allele. We found that the resulting
reduction in Sox2 gene expression was due to a reduction in burst frequency. To
support this finding, | simulated observations where the corresponding reduction in
mean expression was either only due to a reduction in burst frequency or size. The
simulations also supported the finding that the enhancer deletion resulted in a reduction
in burst frequency.
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5.2 Paperll

In Paper Il, we wanted to investigate to which extent transcriptional bursts explain
monoallelic expression from autosomal genes. The transcriptional burst inference
approach from Paper | enabled us to study how transcriptional bursts generate patterns
of monoallelic and biallelic expression in single cells. For this paper, we used an
expanded dataset of 682 primary fibroblast cells (F1 offspring of CAST/EiJ and C57BL/6J

crosses) using the Smart-seq3 method.

| first calculated the theoretical probabilities of observing monoallelic expression
according to the two-state model throughout the parameter landscape. When |
compared these theoretical values to real data, | found them to agree highly; the
observed amount of monoallelic expression closely followed the predicted amount.

The theoretical calculations showed that the amount of monoallelic expression could be
modulated by both changes in burst frequency and size. Therefore, | compared the
estimated burst frequency and size to the observed fractions of allelic expression and
found that burst frequency was the main component of transcriptional bursts that
affects monoallelic and biallelic expression. Furthermore, both burst frequency and size
contributed to the relative amounts of allelic expression.

| reasoned that cell-type specific gene regulation would lead to an underestimation of
biallelic expression if we naively applied the prediction procedure to a heterogeneous
group of cells composed of multiple cell types. To investigate this, we sequenced the
transcriptomes of single cells derived from the skin of the F1 CASTxC57/BL6 mouse
(Smart-seq2, n = 354 cells). We were able to classify the cells into 9 distinct cell types. |
first tried to predict the amount of biallelic expression for each gene for the whole
population of cells, with the false assumption that all the cells are under identical
regulation. | found that genes that are known to be ubiquitously expressed in mouse
tissues have biallelic expression consistent with the predicted amount compared to
randomly sampled genes, many of which are presumably under cell-type specific
regulation. Furthermore, | found that most cell-type clusters have biallelic expression
closer to the predicted amount than cells sampled randomly from the whole dataset. By
intentionally mixing cell-types with large differences in the transcriptomes, | was able to
increase the discrepancy between the predicted and observed amount of biallelic
expression (e.g., T-cells and Interfollicular epidermis). However, mixing similar cell types
(e.g. Interfollicular epidermis and Lower hair follicle) did not affect this discrepancy.

There have been multiple reports of widespread monoallelic expression and allelic
imbalance that are specific to clonal populations of cells. | theoretically investigated if
this can be explained solely by variability in expression due to transcriptional bursting. |
used the estimated parameter from one of the alleles, CAST, to simulate observations
from two alleles in silico. Since the underlying parameters are identical, any observed
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differences would be due to the statistical variability in the process. | found that for
lowly expressed genes, it was common to observe large deviations from equal allelic
expression. This effect decreased as the number of simulated observations increased.
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5.3 Paperlil

In Paper lll, we used the data generated in Paper | to investigate the upregulation of the X
chromosome in male and female cells in the context of transcriptional bursting, and its
relation to X chromosome inactivation in females.

The female cells were classified based on which X chromosome had been deactivated.
Then we compared the allelic expression levels of genes on the active X chromosome to
the autosomal genes from the same allele. Both the female active X alleles and the male
X chromosome consistently showed a higher mean expression as a group compared to
autosomal genes by all considered analyses. These analyses included cell-normalized
expression levels, differences in the overall mean expression distributions, a sample
size-matched permutation test, and pairwise tests between individual chromosomes.
This indicated a chromosome-wide upregulation of the X chromosome (X chromosome
upregulation).

| then estimated the transcriptional burst kinetic parameters for each group of cells and
consistently found higher burst frequencies for the X-linked genes compared to
autosomal genes. No burst size differences were detected, and the burst frequency
difference was still detected after accounting for differences in degradation.

To investigate whether this upregulation was a fixed or dynamic mechanism, we studied
X chromosome upregulation while X chromosome inactivation was taking place. We
hypothesized that upregulation was dependent on the number of active X
chromosomes. We used a previously published dataset of cells constituting the
developmental trajectory from epiblast to the neuronal cell type based on the same F1
crossbreed. During this developmental process, X inactivation take place and the
number of active X chromosomes are reduced from two to one. To study the
relationship between X chromosome upregulation and X chromosome inactivation, we
classified the cells based on stages of X inactivation using X-linked expressed strain-
specific variants and measured the extent of X chromosome upregulation within those
groups. Before X chromosome inactivation, there is no detectable X chromosome
upregulation as measured by a chromosome wide difference in burst frequency.
However, as X chromosome inactivation progressed, the active X chromosome showed
upregulation by burst frequency proportional to the extent of X chromosome
inactivation.
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5.4 PaperlV

In Paper IV, we developed a new metabolic labeling method in single cells. The recent
advance in metabolic labeling to use sequencing itself as the read out instead of
physical separation made it easier to adapt to single cells (Herzog et al. 2017). We
developed a single cell sequencing protocol called NASC-seq that uses T>C
mismatches to the reference genome, introduced by the nucleotide analogue 4-
thiouridine during culturing and converted during RT, to computationally distinguish
reads originating from newly transcribed molecules from reads originating from pre-
existing molecules. The protocol was developed based on the Smart-seq2 protocol, with
the addition of steps specific to metabolic labeling and some other modifications. |
implemented a statistical model and data processing pipeline to accurately quantify the
proportion of newly transcribed reads while accounting for errors introduced during

library preparation and sequencing.

We first applied the NASC-seq protocol to the K562 cell line to demonstrate the
successful labeling of newly transcribed RNA, based on the statistical measures (signal-
to-noise) and with examples of genes with known high and low turnover. The statistical
model was needed to correct measurements from individual cells arising due to errors.
We then applied the protocol to Jurkat T-cells stimulated with phorbol myristate
acetate and ionomycin while simultaneously exposed to 4-thiouridine. We found that
the expected response genes, for example EGR1and FOS, were exclusive detected as
newly transcribed in the stimulated cells. We computationally separated the new and
old transcriptomes. The old transcriptomes of stimulated and un-stimulated cells
clustered together after dimensionality reduction by principal component analysis, while
the new transcriptomes both clustered separately. We identified early response genes
from the new transcriptomes of stimulated cells and found this modality to have much
better sensitivity to detect the downregulation of genes compared to using the total

transcriptome.

| also measured global RNA replacements rates in single unstimulated Jurkat T-cells. At
30 minutes and 60 minutes, a median of 6.5% and 10.8% of the cell transcriptomes had
been replaced by new RNA. The replacement rates for individual genes were much more
variable compared to cells, where some genes had no RNA replaced and a few had all
the RNA replaced. The median replacement was 10.2% and 16.5%, for the 30- and 60-

minute labeling conditions respectively.
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5.5 PaperV

In Paper V, we developed the next iteration of NASC-seq, NASC-seq2, and applied the
method to study transcriptional bursting of newly transcribed RNA.

The developed method, NASC-seq?2 is based on the Smart-seq3 protocol with the
addition of the metabolic labeling specific steps, which in turn require a dilution step to
avoid a high concentration of certain reagents, such as dimethyl sulfoxide, in the
downstream reactions which are required for the alkylation to occur. | developed
multiple tools to efficiently process NASC-seq2 data. First, | developed a software
named stitcher.py that is able to reconstruct molecules based on a shared unique
molecular identifier (Larsson and Sandberg 2020; Hagemann-Jensen et al. 2020). In
contrast to Paper IV, due to the molecule resolution NASC-seq?2 provides we can now
count new and old RNA molecules instead of the proportion of reads that are new and
old. | developed a statistical test using the model from Paper IV to decide which
molecules were old and new.

We first applied this method to 613 individual K562 cells and found that NASC-seq2
detects on average 2000 more genes per cells compared to NASC-seq at the same
sequencing depth (100,000 total reads). We had a high power to detect individual

molecules as new, over 90% power for most genes.

We then applied NASC-seq? to 8,916 individual primary fibroblasts (C57BL/6 x
CAST/EiJ) with 4sU labeling for 2 hours. We detected around 100,000 molecules per
cell, with 12.5% of molecules detected as newly transcribed. To infer kinetics based on
the newly transcribed RNA, we developed a new inference method that depends on the
labeling time and the molecule count distribution. This approach allowed us to
investigate k, ¢y and k,,, separately, which we were unable to do on total RNA
measurements. We found that k,,,, was correlated with burst size but ks was not,
indicating that synthesis rates specify the number of RNAs produced in a burst while
the window of synthesis stay invariant.

To study co-bursting, we investigate newly transcribed RNA for gene-pairs as a function
of their genomic distance. We found that without allelic comparisons, there are many
gene-pairs that exhibit positive correlation in new transcription. However, after
correcting for correlations seen in non-meaningful trans gene and allele pairs (e.g, gene
1, allele 1 compared to gene 2, allele 2), this observed correlation is effectively removed.
Among the remaining pairs, there are several paralogues that warrant further
investigation, but there is no evidence for genome-wide co-bursting of genes.
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6 Discussion

In Paper |, we demonstrated the use of single-cell RNA sequencing to infer the kinetics
of transcriptional bursting. Furthermore, we discovered several fundamental aspects of

transcriptional bursting using this approach.

We were able to further understand how the genome partially encodes for the kinetics
of transcriptional bursts. The first example we find is the effect core promoter elements
have on burst size. This effect was not detected on the level of mean expression, clearly
showing how studying transcriptional bursting give a richer characterization of
transcription than studying the average output from single cells. In Paper |, we only
reported the effect of two core promoter elements (TATA and Initiator). It is likely a
more sophisticated analysis than linear regression will detect the contribution of other
core promoter elements to transcriptional bursting than the ones studied here.

The second example was the role of enhancers in dictating the burst frequency of
genes. It is important to point out that while the results are convincing on the genome-
wide level, the effects of specific enhancer elements or transcription factors on
individual genes is much less clear, except for the Sox2 example. The assignment of
enhancers to genes were done with the best methods known at the time and can be
improved. In this context, it would be exciting to study how enhancers usage change in
the context of cell type and state to affect burst kinetics.

Considering the many steps required to produce an RNA transcript, the emerging
picture is that promoters and enhancers affect separate parts of this process. The most
straightforward interpretation is that enhancers are involved in forming the pre-initiation
complex, while core promoters are mainly involved in later steps that ultimately ensure
the successful release of polymerase Il to transcribe the gene. This would be the first
approximation, but there will surely come more studies which paint a more complicated
picture. In particular, the role of proximal promoters is not that clear. Importantly, it is
now possible to study these kinds of questions using a genome-wide assay.

Gene regulation, broadly defined as the epigenetic state, is inherited by somatic cells.
There are a few established cases of allele level regulation that is somatically inherited,
but whether this is a widespread phenomenon shared by most genes is a debated topic.
In Paper I, we investigated the effect of transcriptional bursting on monoallelic
expression and show that monoallelic expression can be fully explained by
transcriptional bursts. Furthermore, the main contribution to monoallelic expression is
the frequency of bursts. This result argues against any widespread allele level regulation
that is stable across cell divisions. On closer inspection, including the results in Figure 5
of Paper ||, lowly expressed genes may show allele specific expression which is only due
to biological noise in the process of transcription itself. On top of that, technical
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variation in the sequencing assay would only exacerbate this problem. Indeed, the genes
reported in other studies to exhibit somatically heritable allele regulation were as a
group lowly expressed in the studied cell types.

However, monoallelic expression may have effects on cell behavior in shorter time
frames than cell generations. Consistent with previous studies, we find that monoallelic
expression is abundant. As a result, only one transcript allele is present at any given time
in a single cell for many genes. If there are functional differences between the two alleles,
the capability of that cell to perform a given task may fluctuate over time. This might not
be relevant for genes that perform tasks with high redundancy but would be crucial for
genes that perform a very specific task during a limited time window. Transcription
factors involved during development are a good example. It is interesting to speculate
that genetic disorders that show incomplete penetrance may be explained by the
fluctuations of available alleles due to transcriptional bursting.

Another topic Paper Il briefly discussed was the possibility to understand homogeneity
of a group of cells by exploiting monoallelic expression. Since highly expressed genes in
general have a high burst frequency, both alleles tend to be detected. Therefore,
detecting a skew in the monoallelic-to-biallelic ratio is evidence of heterogeneity in the
regulation of that gene. The results in the paper were convincing, this corollary is
certainly reflected in the data, but not immediately useful to apply more broadly. An
extension along this line of reasoning would be to develop an explanatory model which
explicitly models the biallelic expression due to transcriptional bursting.

The hypothesis that the X chromosome needs to be upregulated after X chromosome
inactivation to compensate for haplo-insufficiency and maintain fitness was first
presented by Susumu Ohno in 1967. This idea has been investigated using multiple
different methods and the results have been conflicting. In Paper lll, we showed how
genome-wide transcriptional burst inference allows us to detect chromosome-level
regulation of transcriptional bursting. Interestingly, we showed that the X chromosome
upregulation is responsive to the number of active X chromosomes in the cell.
Furthermore, the change in gene expression is driven by changes in the frequency of
transcriptional bursts. This shows the capability of the cell to detect gene dosage
conditions and adapt the regulation of transcriptional bursting.

The measured upregulation was around 1.4x, which is considerably lower than the output
of two active alleles (2x). It is plausible that while 1.4x does not fully compensate for the
inactive allele, the overall up-regulation is sufficient to ensure the gene products are
present to the extent needed by the cell. Another explanation may be the involvement
of multiple other modes of upregulation, for example in translation or degradation of the
RNA transcripts. However, exactly how the cell would increase translation or decrease
degradation of transcripts that are specifically X-linked is unclear.
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How the transcriptional bursting on the X chromosome is modulated to achieve higher
burst frequencies is the next obvious question. In the paper we hypothesize based on
Paper | that enhancers are involved in dynamically changing the burst frequency. As the
inactivated X progressively becomes inaccessible and heterochromatic, it is likely the
local concentration of trans-acting factors shifts to the active X. This is further
supported by the observation that X-linked genes that escape inactivation are
expressed at a lower burst frequency from the inactive X compared to the active X.
Indeed, follow-up studies confirmed that the degree of upregulation is tightly linked to

the degree of inactivation.

It is possible the modulation of transcriptional bursting is a general adaptive strategy to
compensate for any aneuploidy. The most interesting applications for this direction
would be trisomy 21 (Down's syndrome) and copy-number variation or chromosomal
aberrations often observed in cancer.

In Paper IV, we developed a method to detect newly transcribed RNA in single cells. This
method was greatly improved in Paper V, where we studied the transcriptional burst
kinetics of newly transcribed RNA in single cells.

In Paper IV, we used metabolic labelling to measure the new transcriptomes of cells after
the exposure of a perturbation (phorbol myristate acetate and ionomycin). Only the new
transcriptome contained the actual perturbation response, while the old transcriptome
was similar to the transcriptome of the control cells. This experiment demonstrated the
power of using metabolic labelling to study transcriptional responses to perturbations,

in particular the ability to study only the transcriptome after perturbation. We found
that many responses, especially downregulation of genes, were hidden on the total
transcriptome level but clearly visible on the new transcriptome level. Responses of
genes that are already transcribed but increase in expression were also more readily
detected. Using metabolic labelling for this purpose gives a more accurate and richer
characterization of transcriptional responses to perturbations and should in my opinion
be the standard. Furthermore, a future study could use the improved NASC-seq?2 to

study the burst kinetics of these kind of transcriptional responses.

In the time between Paper IV and Paper V, the amount of data we could collect
exploded. The main accelerators of this increase in throughput were the capacity of
short-read sequencing and the extensive work in the wetlab to automate protocols
(Hagemann-Jensen, Ziegenhain, and Sandberg 2022). | must say | was responsible for
neither of these. However, it did require a massive improvement of the performance of
multiple algorithms and software components in the analysis workflow, as they could not

scale to the new requirements.

The improved NASC-seq2 protocol together with a new inference framework allowed us

to study transcriptional bursting genome-wide on a more detailed level. The time-
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resolved nature of the metabolic labelling data enabled us to investigate k,sf and kg,,,
separately instead of studying burst size (ksyn/kosr). We found that all genes with
inferable kinetics exhibited transcriptional bursting, where the duration of bursting is
relatively constant, but the rate of synthesis is variable. Based on this result and other
studies, | argue that genes are all transcribed in bursts and that there is no such thing as
"oursty genes" and "non-bursty genes”, since there is no evidence in the literature there

is any another mode of transcription.

The idea that genes are transcribed simultaneously is usually discussed in the context of
transcriptional hubs. There are countless of articles where this concept is discussed.
Genes needed for the same task tends to be localized near each other on the
chromosome and active in the same cell type. However, there has been no clear
evidence that genes tend to be transcribed together. NASC-seq2 can show that this is
not the case in general. Furthermore, we show that allelic resolution is needed for this
analysis, since extrinsic factors may introduce correlations on the gene level. However,
paralogues in proximity seem to be a special case. Since paralogues share an ancestral
gene, they are often regulated by the same factors which would enable co-regulation.
The coordination of transcription in time could be of large significance for certain
cellular tasks and it is possible the relative chromosomal location of the paralogues that
show co-bursting are under selective pressure specifically to facilitate this
phenomenon.

One drawback of single cell RNA sequencing is its inherently destructive nature. To
subject the cell to the protocol it must be lysed. Therefore, it is not possible to probe
the cell at a future time point since we killed it. Metabolic labelling is a strategy to
recover some time-resolved information even though the transcriptome can only be
sampled once per cell. However, this approach does have some limitations. To provide
the metabolic label, the cells typically must be in culture. The label could in theory be
administered in vivo to an animal model or organoids, although that approach would
require extensive validation that the label is successfully delivered to all target cells and
in equal concentration. This clearly restricts the kind of experiments one could perform,
for example studies on primary human cells are not possible. Nevertheless, metabolic
labelling in single cells is an excellent approach to study fundamental aspects of
transcription and transcriptional responses to perturbations.
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7 Conclusions

In conclusion, my thesis has explored the possibility to measure transcriptional burst
kinetics with single cell transcriptomics, which led to many insights into mechanisms of
transcription in mammalian cells. The techniques are still improving, and it will be
exciting to further discover more underlying principles of transcriptional bursting.
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