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ABSTRACT I 

Abstract 

Transcription is the major control point for the production of cellular components, and as 

such, it governs fate and function of cells. Surprisingly, this critical step in information 

transmission is rather unreliable: The low copy-number of molecules controlling transcrip-

tion, leads to stochastic effects in the production of RNAs. Discontinuities in transcriptional 

permissiveness of gene promoters, witnessed as “transcriptional bursts”, amplify this ef-

fect and lead to variability in gene expression between cells. Furthermore, the cellular 

state influences the capacity of transcription in a cell-specific manner, thereby affecting 

transcriptional output on long timescales. Variegated expression can be beneficial in de-

velopment and cellular decision-making. However, it is also exploited by cancerous tissue, 

as intra-tumor diversity lowers therapeutic effectiveness. It is essential to study stochastic 

transcriptional regulation at the single-cell level, to comprehend sources and consequenc-

es of cellular heterogeneity in health and disease. 

This thesis examines how cells control transcriptional bursts to adapt gene expression 

output to environmental signals and how the cellular state influences this process. An es-

trogen-sensitive locus served as a model system as it allows for tight experimental control 

of expression through varying estrogen levels. Fluorescent labeling of nascent transcripts 

in combination with time-resolved microscopy in living cells enabled quantitative meas-

urements of single-cell transcriptional dynamics. Transcription occurred in stochastically 

timed bursts with a strong cell-to-cell variability in long-term transcriptional output. Sto-

chastic mathematical models of promoter progression and transcription were fitted to the 

acquired datasets to discriminate alternative hypotheses of promoter regulation. This re-

vealed that estrogen adjusts the frequency of transcriptional bursts by controlling the tran-

sition to a transcriptionally permissive promoter. The cellular state, however, alters long-

term transcriptional output through initiation and elongation kinetics. This effect is mediat-

ed through a diffusible factor, as two alleles within the same cell were similarly affected 

and recently divided daughter cells correlated in time-averaged transcription. 

To infer whether the chromatin environment influences burst characteristics and transcrip-

tional noise, perturbations using inhibitors of chromatin modifying enzymes were per-

formed. Interestingly, the inhibition of histone deacetylation reduced noise in gene expres-

sion, highlighting that chromatin permits noise regulation at the level of nascent transcrip-

tion. In conclusion, this thesis provides a quantitative description of estrogen-dependent 

transcription, which incorporates transcriptional bursting, the influence of cellular state, 

and gene-specific tuning through chromatin. 

  



ABSTRACT II 

Zusammenfassung 

Der Prozess der Transkription bestimmt maßgeblich das Schicksal und die Funktionsfä-

higkeit einer Zelle, indem er die Produktion zellulärer Bestandteile steuert. Überra-

schenderweise ist dieser Schritt der Informationsübertragung nicht sehr zuverlässig: Da 

die an der Transkription beteiligten Moleküle nur in geringer Anzahl in der Zelle vorliegen, 

entstehen stochastische Effekte bei der Herstellung von RNAs. Diese werden verstärkt 

durch zeitliche Fluktuationen in der Transkriptionsfähigkeit eines Gens, welche als tran-

skriptionelle „Bursts“ zu beobachten sind, wodurch sich Genexpressionsmuster von Zelle 

zu Zelle unterscheiden. Außerdem wirkt sich der interne Zustand einer Zelle auf die zell-

spezifische Transkriptionsaktivität aus. Die daraus resultierende Expressionsvariabilität 

kann während der Gewebeentwicklung und der zellulären Entscheidungsfindung vorteil-

haft sein. Allerdings führt die Heterogenität von Krebszellen im Tumorgewebe auch zu 

einer Beeinträchtigung des therapeutischen Erfolgs. Die Untersuchung stochastischer Ef-

fekte ist daher wichtig, um die Entstehung zellulärer Heterogenität und deren Bedeutung 

für gesundes sowie krankes Gewebe zu verstehen. 

In dieser Arbeit wurde zum einen untersucht, wie transkriptionelle Bursts reguliert werden, 

um Höhe und Variabilität von Geneexpression an Umweltsignale anzupassen und zum 

anderen, wie dieser Prozess durch den inneren Zustand der Zelle beeinflusst wird. Dabei 

wurde ein östrogenabhängiges Gen als Modellsystem gewählt, um eine gezielte Steue-

rung der Expression durch Änderung der Hormonmenge zu ermöglichen. Naszierende 

RNAs wurden durch Fluoreszenzmarkierung im Mikroskop sichtbar gemacht und über 

verschiedene Zeitpunkte in lebenden Zellen verfolgt. So konnte die dynamische Tran-

skriptionsaktivität einzelner Zellen und die daraus resultierende Variabilität quantifiziert 

werden. Transkription trat in stochastischen Bursts auf, wobei sich die mittlere Transkrip-

tionsaktivität von Zelle zu Zelle unterschied. Stochastische Modelle, welche die zeitliche 

Entwicklung des Promotorzustandes und des Transkriptionsprozesses beinhalteten, wur-

den an die aufgenommenen Daten angepasst und erlaubten es, unterschiedliche Hypo-

thesen der Promotorregulation zu testen. Hierbei ergab sich, dass Östrogen die Frequenz 

transkriptioneller Bursts ändert, indem es den Übergang in einen aktiven Promoterzustand 

reguliert. Der Zellzustand hingegen beeinflusst die Genexpression durch Änderung der 

Initiations- und Elongationsraten. Dafür ist ein diffundierender Faktor verantwortlich, da 

sowohl zwei Allele innerhalb derselben Zelle, als auch Tochterzellen nach der Zellteilung 

in der zeitgemittelten Transkription korrelierten. 

Um herauszufinden, ob Chromatin die Eigenschaften von Bursts und die resultierende 

Expressionsvariabilität beeinflusst, wurden chromatinabhängige Prozesse inhibiert. Inte-

ressanterweise reduzierte eine Inhibition der Histondeacetylierung die Variabilität der  

Genexpression. Chromatin ermöglicht also eine Regulation der Heterogenität bereits wäh-

rend der Produktion von RNAs. Schlussendlich bietet diese Arbeit eine quantitative Be-

schreibung östrogenabhängiger Transkription, die sowohl transkriptionelle Bursts und den 

Einfluss des zellulären Zustands, als auch genspezifische Regulation auf Chromatinebene 

beinhaltet.  
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INTRODUCTION 1 

1 Introduction 

1.1 Heterogeneity in biology 

“This preservation of favourable variations and the destruction of injurious variations, I call 

Natural Selection, or the Survival of the Fittest. Variations neither useful nor injurious 

would not be affected by natural selection and would be left a fluctuating element.”  

— Charles Darwin, Origin of Species (5th edition, 1869) 

 

Heterogeneity (from Greek: heteros “different”, genos “kind”) is a hallmark of biology and 

describes that observable individual entities differ from each other within a population. 

Consequently, deviations from the mean are the norm rather than the exception, and in-

deed, diversity exists in biology at various length- and time-scales (Figure 1). 

 
Figure 1: Heterogeneity is a hallmark of biology across scales. Variability exists in numerous examples, 
from distinct species that evolved in millions of years down to molecules that take on various shapes in a frac-
tion of a second. Genetic and epigenetic differences cause differences at medium-to-large scales, while prob-
abilistic events are predominant at the molecular level. 

An enormous amount of distinct structures, behaviors, and interactions has evolved that 

allowed adaptation of species to ecological niches and the formation of complex ecosys-

tems. Within a species, individuals differ in sex, appearance, development, behavior, and 

more. While these differences are often due to slight alterations in the genetic content, 

cells inside a multicellular organism are genetically homogenous—and yet they take on a 

multitude of shapes and functions. The ability of a single fertilized oocyte to differentiate 

into specialized cell types facilitates formation of tissues and organs with specific func-

tions. Recursively, variability is even apparent within an individual cell, through organelles 

that provide compartments for distinct biochemical pathways, through differential assem-

bly of molecular complexes that allow a enzymes to specifically act on multiple targets, or 

even at the level of individual molecules that can take on various shapes, e.g. through 

isoforms or folding. 
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Biological variability has several benefits: First and foremost, it allows natural selection to 

occur. Only if individuals of a population differ, and when these differences are heritable, 

selection of the best-adapted phenotypes is possible. As such, heterogeneity is the major 

driver of evolution. A second benefit of variation is specialization and division of labor. On 

the level of individuals, a fascinating example are colonies of eusocial insects, where indi-

vidual animals take on specialized behaviors, like reproductive queens and sterile work-

ers. Moreover, the development of organ systems and the use of organelles within cells 

highlights that separation of tasks to specialized units is also beneficial within organisms. 

At the level of individual cells, heterogeneous responses to environmental cues can also 

aid in biological decision making, for example during differentiation (Chang et al. 2008). 

Conversely, too much variation is detrimental and hinders biological function. For in-

stance, two distinct species cannot produce fertile offspring, and fitness generally de-

creases with variation (Wang & Zhang 2011). Variability also plays a role in disease: Het-

erogeneity in bacterial populations allows for antibiotic resistance (Balaban 2004). Abnor-

mal gene expression within an individual cell can cause abnormal growth and the for-

mation of tumors. Cancer cells even exploit natural variation to overcome barriers in pro-

liferation as the tumor evolves (Brock et al. 2009, McGranahan & Swanton 2017) and es-

capes therapy. 

What are the mechanisms by which such widespread heterogeneity arises and how can it 

be controlled? At large scales, differences can be attributed to changes in genomic infor-

mation. Species have evolved different genomes over millions of years, and individuals 

within a species also differ in DNA sequence by single nucleotide polymorphisms and 

spontaneous mutations. As genomic differences are inheritable, they are also the driver 

behind evolution. However, within each individual, all cells essentially share the same ge-

nomic information (with exceptions in the immune system and rapidly mutating cancer 

cells). Hence, differences between cell types cannot be attributed to genetic heterogeneity 

and are non-genetic in nature. 

1.2 Non-genetic heterogeneity 

Within an individual, non-genetic regulatory mechanisms dominate. They control which 

parts of the genome are being expressed in a cell. It is this specific gene expression pat-

tern that distinguishes cell types throughout development and within different organs. Cel-

lular identity is stably maintained, but in addition, cells can dynamically adjust expression 

to internal (e.g. cell cycle) and external (e.g. growth factors, hormones) signals (Perkins & 

Swain 2009). Regulation of gene transcription is hence the most important regulator of cell 

behavior. This regulation occurs through the set of transcription factors that a cell contains 

in combination with epigenetic alterations that allow stable maintenance of transcriptional 

programs. These mechanisms are described in detail in section 1.3. 

A further contributor to non-genetic heterogeneity is randomness, an inherent property of 

every biochemical process. It mainly acts at the molecular scale and arises through sto-

chasticity in molecular interactions. While this effect is averaged in processes with large 
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molecule counts, e.g. metabolism, it has a major impact where the number of participating 

molecules is low; for example, when transcription factors bind to a single specific site with-

in the genome in order to regulate expression of a target gene. Consequently, even iso-

genic cells of identical cell type grown under identical conditions can differ remarkably in 

their levels of specific RNAs and proteins. The effect of stochasticity on gene expression 

is further described in section 1.4. Probabilistic effects also occur on larger scales, for ex-

ample, during cell division, when constituents and organelles are randomly partitioned be-

tween daughter cells. How cells coordinate development and reliably maintain cell identity 

in the light of uncertainty of molecular interactions is fascinating. It is one aim of this thesis 

to understand non-genetic heterogeneity and its effects on gene regulation. 

1.3 Transcriptional regulation and chromatin biology 

The DNA within each cell of a multicellular organism contains the same genome, with all 

information that is necessary to build the entirety of RNA and protein molecules of a body. 

Nevertheless, the hundreds of cell types within our body differ dramatically in appearance, 

content and function. The basis of this diversity is how the genomic information is ac-

cessed and hence, which subset of the genome is used to produce RNAs and proteins. 

The general flow of information is from DNA to RNA then to protein, with multiple interme-

diate processing steps required to produce a functional molecule. While all of these steps 

are tightly regulated, the most critical regulatory event is the production of RNA from the 

genomic template in the process of transcription. Transcriptional control itself is a multi-

layered process that consists of cell-specific transcription factors, which regulate individual 

genes based on sequence-specific DNA binding, in conjunction with epigenetic mecha-

nisms, which regulate DNA accessibility through meta-stable chromatin structures. This 

thesis aims to understand the regulation of gene expression and associated stochasticity 

with contributions of the chromatin environment around a native gene locus. 

1.3.1 Regulation by transcription factors and cis-regulatory elements 

General transcription factors are needed for transcriptional activation of most genes. They 

assemble at the core promoter upstream of the transcriptional start site (TSS) of a gene, 

separate the two anti-parallel strands of DNA, then recruit, position and phosphorylate the 

C-terminal domain (CTD) of RNA Polymerase II such that transcription commences (Lee 

& Young 2000) (Figure 2). Basal gene activity, as mediated by general transcription fac-

tors, however, is quite low. Sequence-specific transcription factors (TFs) can increase 

transcriptional output by several orders of magnitude through binding to DNA at distal 

regulatory elements, called enhancers (Shlyueva et al. 2014). These are short (<1000 bp) 

sequences containing multiple binding sites for TFs. As such, enhancers integrate the in-

formation of several TFs with activating and repressing cofactors in a combinatorial fash-

ion to regulate gene expression in a spatially and temporally confined way. Furthermore, a 

single gene can be regulated by multiple enhancers and a single enhancer can regulate 

multiple genes, thereby, increasing the regulatory complexity. Enhancers can influence 

expression of genes over large distances (several kilobases) and act independent of their 

orientation. Long-range activation requires formation of chromatin loops to bring enhanc-
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ers and promoters in close proximity, often mediated by cohesin and mediator complexes. 

While it is unclear how enhancers select their specific target promoters from a large pool 

of possible sequences, higher-order chromatin structure restricts the repertoire of possible 

interactions. Insulator sequences separate the genome into megabase-sized topologically 

associated domains (TADs), within which interactions occur, but between which only few 

interactions take place (Dixon et al. 2012). 

 
Figure 2: Gene regulation by sequence-specific transcription factors and cis-regulatory elements. 
Transcription factors (TFs) recognize binding sites in enhancer regions and recruit coactivators and the media-
tor complex. Chromatin looping via cohesin mediates contact with the core promoter, where general TFs are 
in contact with the mediator and aid in melting of DNA and recruitment of RNA polymerase II (Pol II) to initiate 
transcription. 

The human genome encodes for about 1800 different transcription factors (Vaquerizas et 

al. 2009) and the specific set of transcription factors that are expressed in a cell deter-

mines its transcriptional program and the capacity of each cell to respond to external and 

internal signals. All of these transcription factors regulate each other’s expression within a 

gene regulatory network with complex feedback systems (Babu et al. 2004). Such net-

works on their own can lead to intricate kinetic behavior, like oscillations (Doherty & Kay 

2010, Elowitz & Leibler 2000), but can also stably maintain a cells expression state de-

spite changes in the cellular microenvironment, thereby establishing memory in cellular 

decision making (Burrill & Silver 2010). In addition to regulatory networks, gene expres-

sion is controlled at the level of chromatin accessibility. 

1.3.2 Chromatin control of gene expression 

The approximately two meters of genomic DNA contained within each nucleus of a human 

cell are highly compacted and organized by histone and non-histone proteins into a dy-

namic macromolecular structure called chromatin (Figure 3). The basic unit of chromatin 

is the nucleosome core particle, which wraps 146 bp of DNA around an octamer of his-

tone proteins, composed of two histone H2A-H2B dimers and an H3-H4 tetramer (Luger 

et al. 1997). The mobile linker histone H1 then promotes further compaction of the chro-

matin into a higher-order structure of 30 nm fibers (Robinson & Rhodes 2006). The posi-

tively charged amino acid residues within the small basic histone proteins form a tight 

electrostatic interaction with the phosphate backbone of DNA. This masks the underlying 

DNA sequence and makes it inaccessible to cellular regulators; for example, the binding 

of transcription factors. In general, chromatin establishes a highly repressive environment, 

where multiple regulatory barriers must be overcome for transcription to occur. 
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In addition to structural functions, histones act as information hubs that integrate multiple 

signals. Attaching or removing posttranslational modifications of the amino-terminal tails 

and within the globular core of histones, remodeling of nucleosomes, or the incorporation 

of histone variants allow for formation of meta-stable chromatin “states” that relay infor-

mation to other cellular machinery. An extreme example is the formation of transcriptional-

ly inactive and densely organized heterochromatin, as compared to the more open and 

transcriptionally permissive euchromatin. 

 
Figure 3: Chromatin organization. DNA is wrapped around nucleosomes, which are arranged like “beads 
on a string” and form higher order structures, e.g. topologically associated domains (TADs). Histones carry a 
variety of post-translational modifications with impact on DNA accessibility and binding of regulatory proteins. 
DNA methylation and non-coding RNAs are additionally involved in regulating gene expression. 

Posttranslational modifications of amino acid residues are widespread in all histones and 

affect chromatin in two ways: either they directly modify the overall structure of chromatin, 

or they affect the binding of effector molecules. About 130 different histone marks have 

been identified so far (Tan et al. 2011). They include acetylation, methylation, phosphory-

lation, deimination, sumoylation, ubiquitination, crotonylation, and ADP ribosylation of 

amino acids (Kouzarides 2007), each of which occurs at multiple histone residues. A sin-

gle nucleosome can carry various modifications, with their combination defining a “histone 

code” that determines DNA accessibility and the ability to recruit specific chromatin “read-

ers” (Jenuwein & Allis 2001, Strahl & Allis 2000). 

Histone acetylation is generally associated with an open chromatin structure that is per-

missible for transcription. This is presumably because the transfer of an acetyl group from 

acetyl coenzyme-A to the ε-amino group of lysine (K) residues, neutralizes their positive 

charge and weakens the interaction between histone and DNA. Histone acetyl transferas-

es (HATs) and histone deacetylases (HDACs) are the enzymes that catalyze the transfer 

and removal of acetyl groups on histones, respectively. Both enzymes also have non-

histone targets, and can also act on longer side chains, like propionylation and butyryla-

tion (Chen et al. 2007, Kebede et al. 2015). HDACs are classified into four distinct groups: 

Class I, II, and IV are zinc-dependent and can be inhibited by hydroxamic acids like Tri-

chostatin A (TSA) and the carboxylic acid butyrate. In contrast, class III HDACs, also 

called sirtuins, use nicotinamide adenine dinucleotide (NAD+) as a cofactor. In addition to 
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altering direct DNA interaction, acetyl residues are recognized by chromatin readers via 

bromodomains or tandem PHD domains (Yun et al. 2011). 

Methylation of histone tails has divergent functional roles, depending on the specific modi-

fied residue and the methylation state (mono-, di-, or tri-methylation on lysines, and mono- 

or di-methylation on arginines). While tri-methylation of H3K9, H3K27, and H4K20 are 

hallmarks of heterochromatin, the methylation of H3K4, H3K36, and H3K79 are correlated 

with transcriptional activity (Greer & Shi 2012). Methylation marks are set through the ac-

tion of histone methyl transferases (HMTs) and removed by lysine demethylases (LSDs). 

Another modification on histones is phosphorylation, which changes the charge of histone 

proteins by adding a negatively charged moiety to serine and threonine side chains, and 

signals by recruitment of downstream effectors. For example, H3S10 phosphorylation is 

involved in chromatin compaction during mitosis and transcriptional activation (Nowak & 

Corces 2004), while H2AXS139 phosphorylation is involved in DNA repair (Rogakou et al. 

1998). 

In order to overcome the repressive barrier of chromatin and permit binding of transcrip-

tion factors and polymerases, nucleosomes can be moved and detached from DNA. This 

process is mediated by the activity of chromatin remodeling complexes in an ATP-

dependent manner (Wang et al. 2007). Chromatin remodeling is also involved in the re-

placement of canonical histones by histone variants. Slight differences in amino acid 

composition in these variants further increase the signaling capacity of chromatin. H2AX 

for instance, is incorporated after a DNA double strand break, while H3.3 marks actively 

transcribed genes, and CENP-A is an H3 variant that marks centromeres (Biterge & 

Schneider 2014). 

In addition to histones, two more constituents of chromatin are involved in regulating gene 

expression: DNA itself and non-coding RNAs. DNA can be modified at cytosine bases by 

attaching a methyl group at the 5’ position of the pyrimidine ring. 5-methylcytosine occurs 

in the context of CpG dinucleotides, which are enriched at gene promoters and enhanc-

ers, with methylation correlating with gene silencing. DNA methylation regulates genes 

during genomic imprinting (Li et al. 1993), retro-element silencing (Walsh et al. 1998), and 

differentiation (Bock et al. 2012). Further oxidation of the methyl group leads to 5-

hydoxymethyl-, 5-formyl-, and 5-carboxycytosine. These are intermediates in oxidative 

DNA demethylation through eventual base-excision repair. In addition, oxidative interme-

diates may also carry out regulatory functions (Dahl et al. 2011). 

Non-coding RNAs (ncRNAs) influence gene expression at various stages. On the one 

hand, they fulfil critical structural and enzymatic roles during splicing (small nuclear RNAs) 

and translation (transfer RNAs, ribosomal RNAs). On the other hand, they also regulate 

mRNA levels. Short ncRNAs, like micro RNAs, small interfering RNAs, or piwi-interacting 

RNAs are involved in post-transcriptional gene silencing (Patil et al. 2014), while long 

ncRNAs function by recruiting chromatin modifiers to regulate transcription directly, for 

example during X-inactivation (Chow & Heard 2009). 
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This multitude of epigenetic regulatory mechanisms allows precise control of gene ex-

pression during differentiation and in response to environmental cues. The relative stabil-

ity of the chromatin environment establishes maintenance of developmental decisions and 

the preservation of cellular identity. In contrast, the chromatin state around regulated pro-

moters can also be quite dynamic, with remodeling, addition, and removal of histone and 

DNA modifications occurring within minutes upon transcriptional activation (Kangaspeska 

et al. 2008, Métivier et al. 2003). 

1.4 Stochastic gene expression and transcriptional bursting 

Many cellular functions critically rely on the interaction of molecules that are present at a 

few copies per cell. In consequence, processes dependent upon low abundance factors 

have an inherent uncertainty, or noise, in timing or outcome of reactions. This gives rise to 

stochastic fluctuations over time. One remarkable example of stochastic behavior is the 

control of gene expression, where many stochastic molecular interactions play a role in 

the process of transcription: Transcription factors have to find specific binding sites within 

the genome, and then recruit further cofactors and polymerases, while all of these factors 

diffuse randomly through the nucleoplasm. Similarly, each interaction of a mature mRNA 

with the ribosome or with the degradation machinery is a product of random encounters of 

molecular complexes. Hence, many steps on the way from gene to protein introduce un-

certainty and provide a stochastic outcome. 

The amount of randomness scales with system size: At low abundance, even the random 

birth or death of a single molecule severely influences its concentration, while these ef-

fects are negligible at high abundance. This finite-number effect leads to scaling of noise 

(measured by the squared coefficient of variation (CV2) = variance/mean2) with the inverse 

of the number of molecules (Kaern et al. 2005, Paulsson 2004, Raj et al. 2006). A single 

transcription factor binding site within a promoter of a target gene or low absolute num-

bers of an mRNA are examples where the finite-number effect impinges upon outcome. 

Low mRNA numbers, in combination with high translation rates, produce strong mRNA 

fluctuations, which propagate through to protein levels, leading to high protein noise. In 

contrast, a regime with the same protein abundance, but achieved with low translation 

rates from high mRNA numbers shows less fluctuation in mRNA levels and less protein 

noise. Hence, cells can control protein noise through tuning of transcription and translation 

rates (Thattai & van Oudenaarden 2001). In addition, stochasticity already arises at the 

level of RNA production and mathematical models were developed to quantify the contri-

bution of transcription on expression noise. 

1.4.1 Models of stochastic gene expression 

Mathematical models of gene expression are helpful to describe the dependence of noise 

on kinetic parameters of transcription. As such, they provide an assessment of whether 

experimental observations of noise are in agreement with a proposed model and allow 

discrimination of alternatives. For example, a low noise level is expected for the simplest 

model of transcription, in which the promoter of a gene is continuously active and always 
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able to initiate polymerases—when chromatin is always open or the transcription factor is 

constantly bound. In this case, the RNA concentration can be described by assuming that 

production and decay follow single rate-limiting steps (Figure 4A, scheme). For such a 

birth-death process, the steady-state RNA distribution follows a Poisson distribution 

(Sanchez et al. 2013), which is characterized by low noise, with the standard deviation 

being equal to the mean (hence, CV2 = 1/mean). Such a one-state promoter model was 

for example able to describe the expression of housekeeping genes in yeast (Zenklusen 

et al. 2008). 

 
Figure 4: Qualitative differences in the distribution of RNA numbers and OFF-times for three models 

of stochastic gene expression. Model topologies are shown for different models of gene expression (left). 
Transcripts are produced with a rate kinit and decay with a rate kdecay. Switching between promoter states oc-
curs with rates kON and kOFF. Stochastic simulations are shown for each model (middle-left) along with the 
simulated RNA (middle-right) and OFF-time distributions (right). Dashed lines indicate analytical distributions. 
(A) For a promoter that is always active, transcripts show little fluctuations around a mean level, leading to a 
Poisson distribution in RNA copy number. (B) Strong transcript fluctuations are observed for a two-state model 
leading to more variability in transcript numbers (approximated by a gamma distribution). OFF-times are ex-
ponentially distributed because they depend on a single step. (C) The presence of two OFF-states in the 
three-state model leads to a slightly narrower transcript distribution (the same Gamma distribution as in panel 
B is shown) and a peak in the OFF-time distribution. 

In contrast, much larger noise levels (standard deviation >> mean) were measured for 

most eukaryotic genes (Larson et al. 2013, Raj et al. 2006), indicating another layer of 

stochasticity. It was suggested that the promoter is not constantly active, but rather 

switches between transcriptionally active and inactive states with DNA/chromatin structure 

or protein occupancy defining transcriptional activity of such a state (see 1.4.2). The dis-

continuity in RNA production that arises from promoter switching is termed transcriptional 

“bursting”. The simplest realization is a two-state or “random telegraph” model (Paulsson 

2005 and Figure 4B) with one active and one inactive promoter state. It leads to much 
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higher cell-to-cell variability, with transcript levels following a wider distribution, which, in 

the case for infrequent and short bursts, is represented by a gamma distribution (Sanchez 

et al. 2013). Such distributions were indeed observed for mammalian genes (Raj et al. 

2006). Furthermore, direct evidence for bursting was delivered by dynamic studies of nas-

cent transcription in living cells, which showed that transcripts were produced in short time 

intervals, interspersed by long silent periods (Chubb et al. 2006, Golding et al. 2005). 

A two-state promoter model introduces further points of control for transcriptional output 

as compared to the one-state model. In addition to the transcription initiation rate, the 

rates at which a gene switches between active and inactive periods can be tuned to 

achieve different mean transcript levels. Transcriptional bursting therefore enables two 

major ways to tune gene output: modulation of burst size and modulation of burst fre-

quency. Burst size modulation affects the number of transcripts that are being produced 

per burst by either changing the burst duration (ON-time) or the initiation rate from the 

ON-state. Frequency modulation is realized when the time in between bursts, i.e. the 

OFF-time, is altered, giving rise to more or less bursts per time interval without affecting 

the number of transcripts that are produced per burst. At the same expression level, a 

gene with long OFF-times and high burst size shows a higher noise level than a gene with 

fast promoter switching and lower burst size (more similar to always ON). Hence, promot-

er kinetics influence noise at the level of nascent RNA. 

The multitude of protein and RNA factors that are involved in gene activation and poly-

merase firing (Figure 2), in combination with the dynamics of chromatin (Figure 3) suggest 

that the molecular mechanism of promoter switching between inactive and active states 

might be more complex than a simple one-step process. Indeed, many mammalian genes 

show a refractory period for gene activation that is indicative of multiple steps in the inac-

tive phase (Harper et al. 2011, Suter et al. 2011, Zoller et al. 2015). Such multi-state mod-

els show a non-zero peak in the distribution of waiting times between bursts (Figure 4C). 

Hence, the switching between active and inactive phases is more regular and the cell-to-

cell variability in transcript numbers is reduced. By fitting a set of models of promoter pro-

gression to experimental data, this thesis aims to reveal the structure and kinetic parame-

ters of promoter switching at various induction levels. This enables inference of regulatory 

principles for stimulus dependence (burst frequency vs. burst size modulation) and predic-

tions on noise scaling. 

1.4.2 Mechanisms of transcriptional bursting 

While it is now accepted that transcriptional discontinuity is widespread and occurs in bac-

teria to human, it is less clear what the molecular determinants of activity and inactivity of 

a promoter are. It is likely that mechanism differ between genes and organisms (Lenstra 

et al. 2016, Nicolas et al. 2017). In bacteria, for example, the buildup of supercoiling dur-

ing transcription can lead to pauses in between gene activity, during which supercoiling is 

removed (Chong et al. 2014). In eukaryotes, chromatin sets a barrier for transcription and 

allows for gene-specific regulation in combination with promoter architecture. Several 

mechanisms are possible that result in transcriptional bursting: (I) Nucleosome positioning 
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can regulate the accessibility of transcription factor binding sites with remodeling being 

responsible for switching between promoter states. (II) The transcription factor itself can 

be involved during a burst when initiation only occurs as long as the transcription factor is 

bound or when the factor shows pulses in nuclear localization (Cai et al. 2008, Hao & 

O’Shea 2011). (III) Furthermore, re-initiation of polymerases from an assembled pre-

initiation complex can result in a burst in RNA production. (IV) Finally, elongation arrest 

and interplay between polymerases during elongation can lead to several polymerases 

traveling along the gene in close proximity with synchronous transcript release (Fujita et 

al. 2016). Probably, these mechanisms do not act in isolation but rather interact and co-

occur at the same gene, giving rise to complex bursting behaviors. 

1.4.3 Intrinsic and extrinsic contributions to gene expression noise 

The stochasticity in promoter switching and polymerase initiation gives rise to considera-

ble noise in gene expression. However, this is only a part of the total observed noise. To-

tal noise can be separated into contributions from fluctuations that are inherent to the pro-

cess of interest, termed intrinsic noise, and contributions form external factors, termed ex-

trinsic noise. In the case of gene expression, intrinsic noise is generated by the stochastic-

ity inherent to the reactions, for example the birth or death of individual molecules, while 

extrinsic noise defines fluctuations in the associated rate constants (Kaern et al. 2005). 

For instance, the number of polymerases or ribosomes, which determine the rate of tran-

scription or translation, respectively, could be subject to fluctuations. Which processes are 

termed intrinsic or extrinsic also depends on the context and has to be defined individually 

(Figure 5). For instance, “gene-intrinsic” noise describes noise associated with promoter 

switching and the birth and death of individual RNAs (or proteins) from a single gene. 

“Pathway-intrinsic” noise incorporates fluctuations in upstream signaling molecules with 

effects on multiple genes. “Cell-intrinsic” noise additionally includes the specific state of 

the cell, for example cell cycle stage, energy content, or the number of polymerases and 

ribosomes, affecting all genes. 

In this thesis, the term intrinsic noise is used for noise that arises solely at the level of sto-

chastic promoter switching and the stochastic initiation of polymerases. Extrinsic noise 

describes all processes that influence kinetic rates of gene expression up- or downstream 

of initiation. For example, fluctuations in the level of transcription factors that determine 

promoter dynamics, or factors that drive transcript elongation. Usually, extrinsic noise acts 

on longer timescales because cellular state is thought to fluctuate slower than individual 

bursts of RNA production. Hence, time averaging can provide an estimate of extrinsic 

noise. However, the gold-standard for estimation of intrinsic and extrinsic contributions is 

the observation of two identical reporter genes within the same cell (Elowitz et al. 2002). 

Extrinsic noise is then apparent as the correlation in gene products from these two report-

ers (compare Figure 5B and C). 
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Figure 5: Intrinsic and extrinsic contributions to gene expression noise. (A) Intrinsic and extrinsic 
sources of noise are context dependent. Noise that is intrinsic with respect to the cell or a pathway is extrinsic 
with respect to single genes. (B) Gene intrinsic noise leads to uncorrelated bursting of two genes, even if the 
same kinetic parameters determine bursting. Stochastic simulations were carried out twice with the same pa-
rameters (left). Individual time points are not correlated between the two genes (right). (C) When extrinsic 
noise dominates through fluctuations in an upstream signaling molecule, correlation in the expression of 
downstream genes is apparent. 

A major aim of this thesis is to understand how gene-extrinsic factors alter the bursting 

behavior of an individual gene. To this end, gene intrinsic and gene extrinsic noise was 

quantified from long term, live-cell imaging experiments and two alleles within the same 

cell were studied. A mathematical model was generated and used to analyze which burst 

parameters differ between cells. 

1.4.4 Control and biological functions of noise 

Intrinsic noise from stochastic effects is not controllable, but cells can tune burst parame-

ters to achieve specific mean and noise levels in gene expression. When promoter transi-

tions are much faster than mRNA half-lives, the system behaves like the “always ON” 

model and assumes a low-noise state. In contrast, when promoter transitions are slow, 

noise increases substantially (Kaern et al. 2005). By regulating transition kinetics, a cell 

can therefore fine-tune noise characteristics of any given gene to a desired level. When 

transcript levels are regulated by modulating the burst frequency, this gives rise to a char-

acteristic noise-mean scaling. In this case, increasing transcript levels are generated 

through shorter inter-burst intervals, with fast promoter fluctuations efficiently buffered at 

constant mRNA half-live. Hence, mRNA noise decreases with mean expression and this 

occurs with a characteristic inverse noise-mean scaling (Singh et al. 2010, Swain et al. 

2002). In contrast, expression control by burst size modulation does not alter noise levels. 

The mechanism of gene regulation therefore entails a specific noise scaling. 

Noise on the mRNA level can also be regulated downstream of transcription, when pro-

cesses that are slower than promoter switching buffer fluctuations. For example, slow nu-
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clear export of mRNAs leads to more stable cytoplasmic mRNA concentrations (Stoeger 

et al. 2016), miRNAs can regulate protein noise (Schmiedel et al. 2015), and long mRNA 

and protein half-lives also reduce noise levels. Further tuning of gene expression noise 

occurs when genes are embedded in gene regulatory networks, in which feedback mech-

anisms can amplify or dampen stochastic fluctuations (Kaern et al. 2005). The multitude of 

mechanisms for noise control suggest that noise in gene expression can be adjusted in a 

gene-specific manner and is an evolvable trait itself (Fraser et al. 2004). 

The non-determinism that arises from stochastic effects compromises reliable functioning 

and was long thought to be detrimental to cellular function, especially in unicellular organ-

isms, where strong fluctuations would be of consequence on survival when an essential 

gene develops a low expression level by chance. Nevertheless, fluctuations also provide 

vital biological functions. In a population of unicellular organisms, noisy expression may 

lead to the formation of heterogeneous phenotypes with benefits in rapidly changing envi-

ronments and in response to stress—a phenomenon called “bet-hedging”. For example, 

subpopulations are responsible for antibiotic resistance in bacteria (Balaban 2004). When 

cells spontaneously switch in and out of a persistent state with reduced growth but insen-

sitivity to antibiotic treatment, this increases fitness of the whole population. In multicellular 

organisms, one example for the usefulness of expression noise is decision-making during 

differentiation. The heterogeneous expression of key transcription factors can lead to sep-

aration of lineages from otherwise identical cells. For instance, expression of Nanog or 

Gata6 occurs in the inner cell mass of a mouse blastocyst in a mutually exclusive manner 

and leads to epiblast and primitive endoderm formation, respectively (Chazaud et al. 

2006). Similarly, in the hematopoietic lineage, cells with extremely low or high levels of the 

stem cell marker Sca-1 preferentially assume an erythroid or myeloid lineage, respectively 

(Chang et al. 2008). An unfavorable case of cellular heterogeneity is the escape of cancer 

cells from chemotherapeutic treatment (Cohen et al. 2008, Paek et al. 2016), highlighting 

the necessity to understand origins and control of noise in biological systems. 

1.5 Experimental techniques to study single-cell transcription 

Assessing population heterogeneity and noise arising from stochastic gene expression 

requires single-cell approaches, as it is not possible to distinguish differences in the distri-

bution of a single-cell quantity based on population measurements. For example, when 

the distribution of RNA numbers in Figure 4A and B is compared, it is evident that their 

specific shape is determined by the underlying gene expression model. However, the 

population mean, identical in both conditions, does not describe the extent of distribution 

within the population. Several experimental techniques exist to quantify gene expression 

in single cells; these have differences in throughput and in the possibility to perform time-

resolved measurements (dynamic vs. snapshot measurements). 

Snapshot measurements assess cellular properties at a single time point for each individ-

ual cell, often involving fixation or lysis of cells. Flow cytometry is one example where cells 

are observed once. It allows for analysis of protein levels through the expression of fluo-

rescent proteins or following staining with antibodies. Therefore, flow cytometric meas-
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urements are ideally suited to study noise on the level of proteins (Dey et al. 2015, 

Newman et al. 2006). While cytometry provides a very high throughput, by characterizing 

millions of cells, absolute quantification is difficult. Moreover, the analysis is restricted to 

proteins, which only allows for indirect conclusions on promoter regulation because mRNA 

processing and translation act to buffer promoter fluctuations. 

Another inherently single-cell method is microscopy, which has been used for decades to 

study cell-to-cell differences, for example, heterogeneity in the expression of a glucocorti-

coid-inducible β-galactosidase reporter (Ko et al. 1990). A major milestone in the visuali-

zation of single-cell transcription was the development of single molecule RNA FISH 

(smRNA FISH) (Femino et al. 1998). The hybridization of multiple fluorescently labeled 

oligonucleotides to an RNA of interest enables visualization of single transcripts as diffrac-

tion-limited spots in the cytoplasm of cells and provides the possibility to digitally count 

transcript abundance. Consequently, the absolute number of target transcripts can be de-

termined, overcoming limits of measurements based on protein abundance. This tech-

nique also permits staining and quantification of nascent transcripts at the site of transcrip-

tion, and hence, provides a direct measure of ongoing RNA production. smRNA FISH has 

been used to assess transcript heterogeneity in cell populations, with subsequent infer-

ence of kinetic parameters of transcription (Larson et al. 2013, Raj et al. 2006, Zenklusen 

et al. 2008). The resulting transcript distribution provides a discrimination between tran-

scriptional bursting and constitutive transcription mechanisms (compare Figure 4A and B). 

Furthermore, quantification of multiple RNA species within the same cell is possible, 

through repetitive rounds of hybridizations (Lubeck et al. 2014) or spectral barcoding 

(Lubeck & Cai 2012), although multiplexing capabilities are limited. Quantification of the 

whole transcriptome of a single cell in an unbiased manner is enabled through recent de-

velopments in sequencing technologies (Tang et al. 2009). This allows for genome-wide 

noise measurements and inference of expression kinetics (Kim & Marioni 2013). However, 

all of these methods are snapshot measurements and share the disadvantage that a sin-

gle cell can be analyzed only once. Detailed analysis of promoter kinetics, for example, 

resolving distributions of burst intervals (Figure 4B and C, right) requires sequential dy-

namic measurements in individual living cells. 

Live-cell microscopy is the method of choice to observe cellular dynamics. Transcriptional 

bursting has been studied by time-resolved luminescence measurements based on lucif-

erase expression (Harper et al. 2011, Suter et al. 2011), but inference of promoter kinetics 

from protein fluctuations is indirect and necessitates knowledge about RNA and protein 

stability. Direct observation of temporal fluctuations in promoter activity is possible when 

nascent RNAs at the transcription site are labeled with fluorescent proteins. To achieve 

sequence-specificity, the method exploits binding of bacteriophage coat-proteins to hairpin 

structures within its RNA genome (Bertrand et al. 1998, Chao et al. 2008, Fusco et al. 

2003). Different systems exist based on the combination of RNA sequence and coat pro-

tein, for example from bacteriophage MS2 or Pseudomonas phage 7 (PP7), and their 

combination permits labeling of two separate RNA species (Hocine et al. 2012). The DNA 

that codes for hairpin-forming RNA sequences is introduced into the gene-of-interest, and 
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fluorescently labeled coat-proteins are co-expressed within the cell. Upon transcription, 

coat proteins bind to stem-loop structures in the nascent RNA (Figure 6A) and lead to an 

accumulation of fluorescent proteins at the site of active transcription, which becomes de-

tectable as a fluorescent spot above the background of unbound coat-proteins (Figure 

6B). As long as labeled transcripts are bound to elongating RNA polymerases, their diffu-

sion is constrained. Transcripts diffuse away from the site of active transcription following 

termination, leading to lower fluorescence at the transcription site. The intensity of the 

spot is therefore a direct measure for the number of nascent transcripts currently being 

synthesized on the gene. Multiple repeats of RNA stem-loops are usually used to increase 

the number of recruited fluorescent proteins. This improves the signal-to-noise ratio to the 

point where even single transcripts can be observed as diffraction limited spots in the cell. 

 
Figure 6: PP7-PCP system visualizes transcription in living cells. (A) Stem-loop structures are formed 
by PP7 sequences in nascent RNAs that protrude from elongating RNA Polymerases. GFP-labeled PP7 coat 
proteins (tdPCP-tdGFP) bind to these stem-loops and contribute to the fluorescence signal of the transcription 
site (below) as long as the polymerase is elongating. (B) Microscopic image of a transcription site (arrowhead) 
that is visible as a bright spot within the nucleus (dashed line). Nuclear background fluorescence is a result of 
nuclear localized unbound tdPCP-tdGFP. 

In this thesis, the PP7 system was used to label nascent transcripts of an endogenous 

gene in order to study its non-genetic heterogeneity and to quantify its bursting kinetics. 

Furthermore, long-term observation of multiple single cells was performed to provide suffi-

cient representation of population characteristics to discriminate intrinsic and extrinsic var-

iability in nascent RNA production. 

1.6 Nuclear hormone receptors and estrogen signaling 

The modulation of gene expression by nuclear hormone receptors (NRs) is a paradigm of 

gene regulation in higher eukaryotes. The nuclear receptor superfamily consists of a va-

riety of structurally related proteins (48 in humans) that act as ligand-dependent transcrip-

tion factors with roles in development, cell growth, reproduction, and metabolism 

(Robinson-Rechavi 2003). They mediate the effect of small lipophilic signaling molecules 

(ligands) such as steroid hormones, retinoids, thyroid hormones, and vitamin D3, through 

linking these signals to a transcriptional response. Nuclear receptors bind to specific DNA 
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sequences (hormone response elements) in the enhancers of target gene promoters. The 

response elements are often found in two palindromic copies, leading to binding of homo- 

or heterodimers of NRs (Helsen et al. 2012). In the absence of ligand, NRs are usually 

bound by inhibitory proteins, leading to repression or localization of the NR to the cyto-

plasm. Ligand binding induces a conformational change, which leads to displacement of 

inhibitory proteins, recruitment of coregulatory proteins, and activation of target gene tran-

scription. For example, HATs are recruited that acetylate histones and open the chromatin 

for transcription with subsequent recruitment of the basal transcription machinery. Ligand-

activated repression is also possible, depending on the recruited proteins (Carr & Wong 

1994). 

Estrogen is the main female sex hormone and is involved in the control of sexual behavior 

and reproductive functions. It regulates the proliferation and differentiation of reproductive 

organs, principally the uterus, breast and ovaries in women, but also acts on the nervous 

and vascular system (Gruber et al. 2002). Estrogen is also a key determinant of bone 

mineral density in females. The biologically active agents are the three naturally occurring 

estrogens estrone (E1), 17β-estradiol (E2) and estriol (E3) (Figure 7A), which are deriva-

tives of the steroid cholesterol. 

 
Figure 7: Structure of estrogen receptors and their ligands. (A) Chemical structure of the three naturally 

occurring estrogens. (B) Domain organization of ERα and ERβ. The N-terminus (A/B) contains the ligand-
independent activation function (AF) 1. The DNA-binding domain (DBD, C) and the ligand-binding domain 
(LBD, E) are connected via a hinge region. (C) Chemical structure of two anti-estrogenic drugs that are used 
in cancer treatment. 

Estrogens diffuse through the plasma membrane and bind to estrogen receptors (ER). 

The receptors exist in two main subtypes, ERα and ERβ, that share a common organiza-

tion of functional domains (Figure 7B) (Lipovka & Konhilas 2016): A central DNA-binding 

domain (region C, 96 % amino acid identity) containing two zinc-finger motifs facilitates 

DNA binding and is connected via a hinge region to the ligand-binding domain (region E, 

58 % identity). Liganded receptors undergo a major conformational change that displaces 

receptor-bound chaperones. This permits receptors to bind as dimers to estrogen re-

sponse elements (EREs) in DNA and to recruit co-regulators, thereby controlling target 

gene expression (McDonnell & Norris 2002). In the absence of functional EREs, transcrip-
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tional control is possible through “transcriptional crosstalk” with a second transcription fac-

tor (Göttlicher et al. 1998), accounting for regulation of about one third of estrogen target 

genes (O’Lone et al. 2004). Besides this “classical” pathway, alternative mechanisms of 

ER action exist, through crosstalk to other signaling pathways via receptor phosphoryla-

tion (Weigel 1996) and membrane-associated functions (Watters et al. 1997). 

Dysregulation of the physiological homeostatic and proliferative roles of estrogen can lead 

to abnormal cell growth. Indeed, ERs have an important role in breast cancer develop-

ment, with about 70 % of breast cancers hormone-dependent and ERα positive at the 

time of diagnosis (Lumachi et al. 2013). Two hypotheses exist how estrogen could in-

crease cancer risk (Deroo & Korach 2006): First, an increased cell division rate driven by 

estrogen gives rise to a higher probability for replication errors and the risk for secondary 

mutations. Second, genotoxic DNA-damaging by-products of estrogen metabolism could 

increase mutation rates. Proliferative effects of estrogen are mediated through transcrip-

tional regulation of target genes, among which are cell cycle regulators, including cyclin 

D1, oncogenes, such as c-myc, and other growth regulators, like GREB1 (Yamaga et al. 

2013). Several endocrine therapeutic strategies are available to treat ERα positive breast 

cancer, which either target estrogen production through ovarian suppression or aromatase 

inhibitors, or target ERα directly (Lumachi et al. 2013). Selective estrogen receptor modu-

lators (SERMs) such as tamoxifen, or ER downregulators like fulvestrant (ICI 182,780) 

(Figure 7C) are used as receptor agonists, or to reduce receptor protein levels, respec-

tively. 

Treatment strategies improved the prognosis of ERα positive breast cancers as compared 

to tumors lacking ERα expression. Considering the role of ERα-mediated gene expres-

sion in the development and prognosis of breast cancer, it is important to understand the 

molecular mechanism of transcriptional regulation and the effects of therapeutic interven-

tion. Given the spatial and temporal heterogeneity within carcinomas (Martelotto et al. 

2014), it will become increasingly important to understanding genetic and non-genetic ori-

gins of heterogeneity. The aims of this thesis were to monitor estrogen-regulated tran-

scription, its associated cell-to-cell variability, and to understand physiological regulation 

and the effect of drug treatment on the expression of a gene involved in growth regulation. 

1.7 Chromatin dynamics in the estrogen response 

Estrogen-dependent activation of target genes involves remarkable dynamics on the level 

of chromatin modification and protein association at the promoter. The promoter of the 

estrogen-dependent pS2 (trefoil factor 1, TFF1) gene has been studied extensively and 

has unraveled ordered and sequential processes that are necessary for productive tran-

scription to occur. In a landmark study, Métivier and colleagues (2003), based on a previ-

ous study of Shang et al. (2000), characterized the dynamics and co-occupancy of 46 fac-

tors upon estrogen stimulation. This included ERα, enzymes that modify chromatin, tran-

scription factors, the transcription machinery plus histone modifications and chromatin re-

modeling. Remarkably, an orchestrated recruitment and displacement of proteins to the 
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promoter occurs in a cyclical fashion, with duration of 40–60 minutes (Figure 8) along with 

covalent chromatin modifications. 

 
Figure 8: Chromatin dynamics at the pS2 promoter upon estrogen stimulation. Cyclical promoter bind-

ing of ERα is observed in a synchronized population of cells upon release of estrogen starvation. An initial 
unproductive cycle is due to the synchronization process and prepares the promoter for activation. The HAT 
p300 acetylates histones (H4ac) at the beginning of each productive cycle, and polymerases are recruited for 
transcription. Histone deacetylation through HDACs occurs at the end of each cycle. The data for this figure 
was taken from (Métivier et al. 2003). 

In a series of ordered events, ERα recruits coactivators that lead to the assembly of the 

transcription machinery and initiation of transcription. At the beginning of a transcription 

cycle, chromatin accessibility is increased through recruitment of the SWI/SNF 

(Switch/Sucrose Non-Fermentable) chromatin-remodeling complex. HATs and HMTs are 

recruited to acetylate and methylate histone residues, and DNA is demethylated, which 

collectively promotes a transcriptionally permissive promoter state. Subsequent recruit-

ment of general transcription factors and the transcription machinery leads to polymerase 

binding and activation. At the end of a productive cycle, the promoter is cleared from tran-

scription factors in a proteasome-dependent manner (Reid et al. 2003), chromatin is 

deacetylated and demethylated, DNA is remethylated, and the SWI/SNF complex restores 

the original nucleosome organization. While the pS2 promoter is by far the best studied 

example, cyclical TF association and chromatin modifications were also observed for oth-

er ERα target genes, for example Wisp-2 (Métivier et al. 2008), cyclin D1 (Park et al. 

2005), or c-myc (Shang et al. 2000). It is thought that such periodic limitation of transcrip-

tion allows for faster response to changes in stimulus conditions, as the cell has to contin-

uously reactivate transcription according to the presence of hormone (Carlberg 2010, 

Rybakova et al. 2015). 

It is tempting to speculate that such chromatin-mediated periodic transcriptional permis-

siveness as observed in cell populations would provide a mechanism for the occurrence 

of transcriptional bursts in single cells. Interestingly, a simple two- or three-state promoter 

model cannot describe the regular oscillations with almost no dampening. Instead, a large 

number (>100) of promoter states is necessary (Lemaire et al. 2006), in agreement with 

the multitude of biochemical events at the promoter chromatin. By observing transcrip-

tional bursting of an estrogen-dependent promoter, this thesis tries to understand the rela-

tionship between population-level chromatin dynamics and single-cell stochastic transcrip-

tion.  
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1.8 Aims 

Gene expression and signal responses vary between cells due to stochastic effects. While 

variegation can be beneficial in tissue with heterogeneous cell populations, it is also ex-

ploited by cancerous tissue, with intra-tumor diversity lowering therapeutic effectiveness 

and consequently promoting drug resistance. To gain a deeper understanding into the ori-

gins and consequences of cellular heterogeneity, this thesis aims to characterize the ex-

pression of a key growth regulator, GREB1, that is regulated by estrogen. Three main 

questions are addressed: 

1) How does estrogen regulate transcriptional output of target genes in the context of 

transcriptional bursts? There is evidence that enhancers regulate the frequency of tran-

scriptional bursts (Bartman et al. 2016, Fukaya et al. 2016) and similarly, this has been 

observed for a nuclear receptor-controlled gene (Larson et al. 2013). However, evidence 

is lacking for an endogenous locus under the control of physiological signaling. 

2) How does cellular state, i.e. extrinsic noise, fine-tune the transcriptional response? Dif-

ferences in the concentrations of regulatory proteins and metabolites as well as the cellu-

lar size and microenvironment impinge on gene expression (Battich et al. 2015), but how 

these factors affect burst kinetics and multiple alleles remains unclear. 

3) What is the influence of chromatin on bursting and transcriptional heterogeneity? 

Chromatin seems to influence burst characteristics (Lenstra et al. 2016), but the effects 

are likely gene-specific. By studying the estrogen response, in which chromatin dynamics 

are particularly well described, a link to noise in single cells might be established. Small-

molecule inhibitors of epigenetic regulators will be used as additional perturbation. 

In order to answer these questions, I aim to image nascent transcripts in living cells under 

various conditions. A knock-in strategy will be used to label an endogenous gene within 

an unperturbed chromatin environment. Acquired datasets will inform a kinetic model of 

promoter progression. Model fitting will then be employed to discriminate between alterna-

tive hypotheses and to motivate experiments that challenge their prediction. Ultimately, I 

aim to establish a unifying model of estrogen-dependent transcription, which quantitatively 

incorporates estrogen-dependency and cell-to-cell variability. This work will provide novel 

insight into the role of non-genetic variability of gene expression in heterogeneous cancer 

growth. 
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2 Results 

2.1 Generation of cell lines to visualize endogenous estrogen-
dependent transcription 

2.1.1 Design criteria for reporter cell lines 

This thesis centers on the quantification of estrogen-dependent transcription through di-

rect visualization of transcriptional activity in living cells at the level of a single allele. The 

PP7 system was utilized to visualize nascent transcripts by fluorescence microscopy. This 

approach relies on the incorporation of stem-loop forming sequences into the genome and 

co-transcriptional binding of GFP-labeled PP7 coat proteins (GFP-PCP) to nascent RNAs. 

PP7 sequences were used because they achieve almost complete occupancy of stem 

loops with coat-proteins, as compared with a system that is based on sequences from the 

bacteriophage MS2 (Wu et al. 2012). A reporter cell line was created by knocking-in PP7 

sequences into the genome of MCF-7 (Michigan Cancer Foundation-7) human breast 

cancer cells (Soule et al. 1973). This cell line expresses ERα and is a well-established 

model system for estrogen-induced transcription (Lee et al. 2015). The reporter cell line 

was supposed to enable visualization of endogenous estrogen-controlled transcription. 

Therefore, a well-characterized, estrogen-dependent gene was chosen for PP7 labeling. 

An ideal target gene has a high level of expression, such that initiation of transcription is 

observed at a high frequency. Furthermore, a long transcriptional unit is desirable, be-

cause it provides a large dwell-time during transcription, i.e. the time that the transcript is 

associated with the gene while the polymerase is elongating. This would increase the ob-

servation time for each nascent RNA and consequently, the intensity of transcription foci. 

I chose growth regulation by estrogen in breast cancer 1 (GREB1) as a target gene for 

visualization of transcription. GREB1 is an important mediator of estrogen-induced growth 

in breast cancer cells (Rae et al. 2005) and acts as an estrogen-specific cofactor of ERα 

(Mohammed et al. 2013). Consequently, it represents a biologically relevant target gene to 

study transcriptional heterogeneity and the effects of estrogen treatment. Furthermore, it 

fulfills the above-mentioned selection criteria for visualization: the promoter/enhancer re-

gion contains at least three estrogen response elements (EREs) that directly bind ERα 

(Deschênes et al. 2007, Sun et al. 2007). GREB1 is among the highest expressed estro-

gen-induced genes (Ghosh et al. 2000). Its transcriptional unit has 33 exons that span 

109 kb of genomic DNA, resulting in an elongation time for the whole gene of ~30 minutes 

when an elongation rate of 3–4 kb/min is assumed. Such kinetics seem plausible accord-

ing to data from kinetic polymerase occupancy measurements along the gene (wa Maina 

et al. 2014 and personal communication with Magnus Rattray). 

Introducing PP7 sequences into a gene can have adverse effects on its function. Because 

GREB1 is important for cell growth, it was important to affect its activity only minimally. 

Within the coding region, PP7 sequences would introduce premature stop codons and dis-

rupt protein structure. Therefore, I introduced PP7 sequences within the untranslated re-

gions (UTRs) of GREB1 (Figure 9A, top). Both, the 5’ UTR in exon 2, as well as the 
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3’ UTR in exon 33 were chosen. Because changes within the UTR sequences may alter 

RNA stability, I also chose to introduce PP7 sequences into intron 2, such that they would 

be removed from the pre-mRNA and leave an unaltered mRNA. 

The transgene was designed to introduce an array of 24 PP7 sequences into the nascent 

GREB1 transcript, along with a selection cassette to aid isolation of clones with a suc-

cessful knock-in (Figure 9A, middle). The selection cassette consists of a strong viral 

promoter driving expression of a puromycin resistance gene and of blue fluorescent pro-

tein. This allowed selecting cells that integrated the transgene by puromycin treatment or 

by fluorescence. I designed the selection cassette such that it is expressed from the anti-

sense strand, as otherwise the polyadenylation signal would terminate GREB1 transcrip-

tion prematurely. Furthermore, the selection cassette was flanked with loxP sequences 

that enable Cre recombinase-mediated excision, to produce a GREB1 locus that enables 

visualization of transcription but does not contain more artificial sequences than neces-

sary (Figure 9A, bottom). Such a minimally altered GREB1 locus is likely to maintain en-

dogenous regulation and transcriptional behavior. 

2.1.2 Knock-in of PP7 sequences into the GREB1 gene 

Knock-in cell lines were generated as outlined in Figure 9B. The knock-in was performed 

by transient expression of the nuclease Cas9 with a specific guide RNA in the presence of 

a co-transfected DNA template for homology-directed repair of the double strand break 

(Cong et al. 2013, Yang et al. 2013). Guide RNAs and repair templates were matched 

based on the desired knock-in location. Clonal cell lines were derived using puromycin 

selection and genotyped by PCR on genomic DNA (Figure 9C). Later analysis (see 2.1.3) 

revealed that clonal cell lines carry a knock-in within a single allele of GREB1 for exon 2 

and exon 33, while the knock-in for intron 2 occurred in two alleles. Stable co-expression 

of the GFP-fused PP7 coat protein was achieved through random genomic integration by 

Sleeping-Beauty transposase (Mátés et al. 2009) and isolation of a clone with low GFP 

fluorescence. 

A single clone harboring the knock-in within exon 2 was selected for transient expression 

of Cre recombinase, to excise the selection marker. Single cells with successful excision 

were isolated by flow cytometry, based on the absence of BFP fluorescence, and the re-

combination event was confirmed by genomic PCR (Figure 9C). The resulting cell line, 

MCF7-PCP_GREB1_ex2_c16_Cre, was used for most of the live-cell experiments 

throughout this thesis. 
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Figure 9: Creation of knock-in cell lines and validation of genome engineering. (A) Strategy to knock-
in PP7 sequences into GREB1. An array of 24x PP7 sequences was introduced together with a floxed selec-
tion cassette into three different locations within GREB1 (scissors). The selection cassette was excised with 
Cre-recombinase. (ERE: estrogen response element, HA: homology arm, pA: polyadenylation site, Puro: 
Puromycin resistance, IRES: internal ribosomal entry site, CMV: promoter of cytomegalovirus). (B) Workflow 
of cell line creation. The order of steps differed between cell lines as outlined. Each arrow stands for transfec-
tion with the indicated plasmids (green: tdPCP-tdGFP, red: CRISPR/Cas9, blue: Cre-recombinase) and crea-
tion of a clonal cell line (for details see methods). A green nucleus represents expression of tdPCP-tdGFP. A 
bright spot in the nucleus indicates knock-in of PP7 sequences. Note the two integration sites in the 
GREB1_in2_c1 clone. (C) Validation of genome engineering by PCR on genomic DNA. The location of pri-
mers and the size of PCR products (in bp) is indicated in the scheme above (order: exon 2/intron 2/ exon 33). 
Primers outside the homology arms are specific to the knock-in location, hence, their product size depends on 
the cell line. (wt: wildtype locus, 5’: correct 5’ recombination, 3’: correct 3’ recombination, rec: successful Cre-
mediated recombination, M: 1kb DNA ladder). 

2.1.3 Visualization of GREB1 transcription sites 

When GFP-PCP was co-expressed in the knock-in cell lines, nascent GREB1 transcripts 

became apparent as a bright fluorescent spot within the cell nucleus in living cells (Figure 

6B). I wanted to assess whether the observed spots represent actual sites of ongoing 

transcription and can be used to quantify GREB1 transcription. To increase statistical 

power of my analysis, I quantified the occurrence and fluorescence intensities of spots in 

thousands of cells by high-content microscopy. This required fixation of cells prior to imag-
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ing, allowing snapshot analysis at a single time point. The GFP signal is retained after fix-

ation (Figure 10A) and spots could be automatically identified and quantified from micro-

scopic images (Figure 10B). 

Cells were grown at 100 pM E2 and treated with either of two transcriptional inhibitors, Ac-

tinomycin D and Flavopiridol. Both drugs reduced spot intensities such that almost no spot 

was detectable. Hence, the observation of spots is dependent upon transcription. In addi-

tion, treatment with the anti-estrogens ICI 182,780 and 4-Hydroxy-Tamoxifen (OHT) 

showed reduced spot intensities, confirming that estrogen signaling is necessary for tran-

scription sites to appear. The results of the inhibitor treatments confirmed that nuclear 

GFP spots result from estrogen-dependent transcription and that the automatic image 

analysis reliably quantified spots in fixed cells. Below, I used the same image analysis 

pipeline to study the effect of different E2 concentrations on transcription of GREB1 (see 

2.1.4). 

 
Figure 10: Occurrence of nuclear spots is dependent upon transcription and estrogen signaling. 
(A) Images of MCF7-PCP_GREB1_ex2_c16_Cre cells grown at 100 pM E2 and treated with DMSO (solvent 
control), with inhibitors of transcription (Actinomycin D or Flavopiridol) or inhibitors of estrogen signaling (ICI 
182,780 or 4-Hydroxy-Tamoxifen (OHT)). Spot intensities are reduced upon inhibition of estrogen signaling or 
transcription. (B) Intensity quantification of automatically detected spots. Mean and standard deviation over all 
cells of two independent replicates is shown. 

To confirm that the accumulation of GFP fluorescence indeed occurs at the endogenous 

GREB1 locus, I performed single-molecule RNA fluorescence in-situ hybridization   

(smRNA FISH) as an independent experimental method (Figure 11). This method relies 

on the hybridization of multiple fluorescently-labeled oligonucleotides to the RNA of inter-

est and allows visualization of transcripts with single-molecule resolution (Raj et al. 2008). 

Probes for exonic and intronic regions of GREB1 with distinct fluorescent dyes were hy-

bridized simultaneously. 

Exonic probes labeled mature transcripts in the cytoplasm, which became visible as dif-

fraction-limited spots in the microscope. Transcription sites were apparent as bright foci in 

the nucleus, as many nascent transcripts co-localized at this position. These transcription 

sites were also visible when probes for intronic regions were used, as unspliced introns 

are also present at this locus. The FISH signal for intronic and exonic GREB1 probes co-

localized at high-intensity transcription sites confirming sequence specificity of the hybrid-

ized probes. 
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Figure 11: PP7-PCP signal co-localizes with GREB1 smRNA FISH foci. MCF7-PCP_GREB1_ex2_ 
c16_Cre and MCF7-PCP_GREB1_in2_c1 cells were grown at 100 pM E2, fixed, and hybridized with exonic 
and intronic probes for GREB1. Exonic probes label mature transcripts that are visible as diffraction-limited 
spots. Transcription sites are evident as bright exonic foci in the nucleus (dashed lines) that co-localize with 
foci of intronic probes. One of the three transcription sites shows GFP accumulation (arrowheads) due to the 
presence of knocked-in PP7 sequences in the exon 2 c16 Cre cell line. The PP7-labeled transcription site of 
the lower cell is shown in the inset. Co-localization is apparent at two out of three loci in intron 2 c1 cells. 

Up to three bright foci in the nucleus were observed, suggesting that the GREB1 gene is 

present at three copies in the genome of MCF-7 cells. As anticipated, MCF7-PCP_ 

GREB1_ex2_c16_Cre cells had one transcription site that also co-localized with the spot 

visible in the GFP channel originating from the PP7-PCP labeled locus. Thus, single-

molecule RNA FISH revealed that one out of three endogenous GREB1 loci was success-

fully labeled with PP7 sequences and that the spots in the GFP channel coincide with the 

GREB1 locus. Hence, this cell line can be used to quantify nascent GREB1 transcription. 

In MCF7-PCP_GREB1_in2_c1 cells, up to two transcription sites were visible as bright 

spots in the GFP channel, with both of them co-localizing with exonic and intronic foci in 

smRNA FISH images. 

2.1.4 Location of PP7 stem-loops characterizes transcriptional kinetics 

I wanted to assess whether the location and properties of the knock-in sequences influ-

ence characteristics of the observed transcription foci. The fluorescence intensity of the 

spot is a direct measure for the density of polymerases that actively transcribe the gene. 

Because transcripts are only detected after transcription of the PP7 region, the intensity of 

transcription foci is dependent on the position of the stem-loop cassette within the gene 

(Figure 12A). Location within exon 2 leads to a long duration (~ 30 min) of observability for 

each RNA and hence, multiple polymerases will be observed at the gene, leading to bright 

spots. Labeling in exon 33 produces shorter RNA dwell-times with lower spot intensities, 
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and intron 2 labeling would also lead to reduced dwell-times when the intron is spliced co-

transcriptionally. 

I wanted to experimentally test these predictions and further assess the E2-dependency of 

GREB1 transcription. Thus, I quantified the occurrence and fluorescence intensities of 

transcription sites in fixed cells by high-content microscopy at various E2 concentrations, 

ranging from E2 starvation to full induction. 

 
Figure 12: Observation and quantification of transcription sites in knock-in cell lines. (A) Transcription 
sites are visible as bright spots in the GFP channel within DRAQ5 stained nuclei. Different knock-in cell lines 
were grown for three days at the indicated E2 concentrations, fixed, and imaged. A cropped region from max-
imum intensity projections of z-stacks are shown. A single spot is visible per nucleus for the cell lines Exon 2 
c16, Exon 2 c16 Cre and Exon 33 C3, while the intron 2 c1 cell line, which has two labeled alleles, shows up 
to two spots. Schematic fluorescence traces of a single transcript are shown below for each of the four cell 
lines. Exon 2 is transcribed early, leading to long dwell-times. Intron 2 is potentially spliced co-transcriptionally 
with random timing, leading to decreasing intensities along the gene (dotted line = average of many tran-
scripts). Exon 33 is transcribed late, leading to short dwell-times. (C) Dose-dependency of transcription sites. 
Spots were automatically detected and quantified from microscopic images. The average intensity of the 
brightest spot per cell (left) and the percentage of cells with a visible spot (right) is shown. Mean intensity and 
occurrence of the two most intense spots is shown for the intron 2 cell line. The EC50 of a fitted four-parameter 
Hill equation is indicated. Error bars denote standard deviation over all cells from two independent experi-
ments. 

Transcription sites were visible in all four cell lines at high concentrations of E2 (Figure 

12A) and image analysis showed that spot intensities and the fraction of cells with an ob-

servable spot increase with E2 in a dose-dependent manner (Figure 12B). Without estro-
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gen, about 10 % of cells showed a visible spot, with this value increasing to up to 90 % at 

saturating E2 concentrations, highlighting an appropriate dynamic range of the experi-

mental system. All knock-in locations showed a comparable sensitivity for E2 with an EC50 

of about 10 pM, while the excision of the selection cassette from exon 2 led to a slightly 

larger value. 

The mean intensity of transcription sites recapitulated predictions based on the proposed 

single-transcript traces in Figure 12A. Knock-in within exon 2 led to highest spot intensi-

ties, about three-fold higher than for exon 33 and about six-fold higher than when intron 2 

is labelled. The low intensities that were observed when the PP7 sequences are located 

within intron 2 indicate that their dwell-time is much shorter than for the proximate exon 2. 

This in turn suggests that intron 2 is primarily spliced co-transcriptionally. The knock-in 

site within exon 33 is about 17-times closer to the end of the gene than exon 2. This ratio 

should also be reflected in the spot intensities when the dwell-time is purely influenced by 

polymerase elongation. The fact that the intensities for exon 33 were only three-fold lower 

compared to exon 2 suggest that either the very 3’ end of the gene is transcribed slowly, 

or that the transcripts are immobilized at the transcription site for processing after elonga-

tion. These results highlight the power of nascent RNA labeling to uncover kinetics of co-

transcriptional processes, even from snapshot measurements in fixed cells. 

I suspected that the presence of the selection cassette, especially the CMV promoter, 

within GREB1 might affect transcriptional dynamics. Transcription sites from exon 2 la-

beled cells with and without selection cassette showed different intensities: the absence of 

a selection cassette led to about three-fold lower fluorescence intensities (Figure 12B left, 

red and blue lines). Whether this is due to changes in expression, that is, burst size or 

burst frequency, or whether elongation kinetics are altered cannot be distinguished from 

imaging experiments in fixed cells. Analysis of mRNA levels (see 2.1.5), however, sug-

gests that expression levels are comparable for both knock-in constructs. The observed 

difference in transcription site intensities may therefore reflect longer transcript dwell-times 

when the selection cassette is present. I speculate that polymerases might interact with 

opposing polymerases that transcribe the selection cassette from the anti-sense strand, 

leading to reduced elongation kinetics. In addition to decreased spot intensities, the ab-

sence of the selection cassette leads to an increase in EC50 for E2, emphasizing the influ-

ence of the cassette on transcription. The GREB1 locus without selection cassette con-

tains less artificial DNA sequence and behaves more similar to the wildtype locus, which I 

further confirmed below by RT-qPCR and smRNA FISH measurements. 

2.1.5 Estrogen sensitivity is unperturbed in knock-in allele 

I evaluated whether knock-in into exon 2 would alter the expression and inducibility of 

GREB1 at the steady-state RNA level and wanted to assess the influence of the selection 

cassette. Therefore, I measured GREB1 mRNA by RT-qPCR at different E2 concentra-

tions, with primers that are specific for either the wildtype allele or the knock-in allele, and 

compared their levels within the same sample. E2-sensitivity was unaltered for the knock-

in allele, irrespective of whether the selection cassette was excised or not: the EC50 for E2 
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was about 8 pM for all GREB1 loci (Figure 13A) and this value is comparable to the EC50 

inferred from microscopic analysis (Figure 12B). The maximum expression level from the 

modified GREB1 alleles was about three-fold lower than from the wildtype locus (4 % and 

12 % of GAPDH, respectively), independent of the presence of the selection cassette 

(Figure 13A). This difference can be explained in part by the presence of three GREB1 

gene copies in the MCF-7 genome, two of which are unmodified. Furthermore, reduced 

transcript stability due to the presence of PP7 stem-loop structures in the 5’ UTR may lead 

to lower steady-state mRNA levels. Sensitivity for E2 and mRNA levels were not influ-

enced by the presence of the selection cassette. However, there was a difference be-

tween the two cell lines at 0 pM E2 (Figure 13A, insets) with the construct containing the 

selection cassette resulting in about 3-fold higher basal expression than the construct 

without the cassette. A possible explanation is that the strong viral CMV promoter within 

the selection cassette leads to an open chromatin environment in proximity to the GREB1 

promoter, facilitating transcription even in the absence of E2. 

 
Figure 13: Knock-in allele maintains E2-sensitivity and RNA production of wildtype locus. (A) Allele-
specific RT-qPCR measurements for GREB1 wildtype (wt, grey) and knock-in (PP7, green) sequences were 
performed after 18 hours of E2 induction. EC50 from a fitted Hill-equation is indicated and revealed unaltered 
E2-sensitivity of the knock-in allele. The inset shows expression differences at 0 pM E2, highlighting higher 
leaky expression when the selection cassette is present (left). (B) E2 dose-dependence of nascent transcrip-
tion. Nuclear smRNA FISH signals for GREB1 exons were quantified in MCF7-PCP_GREB1_ex2_c16_Cre 
cells across five E2 concentrations. The mean intensity of the two brightest nuclear foci not co-localizing with a 
GFP spot (wildtype alleles, grey) is comparable to the mean intensity of the brightest focus co-localizing with 
GFP (knock-in allele, green) across E2-concentrations and upon addition of 1 �M ICI 182,780 (+ ICI). This 
indicates that nascent transcription is unaltered by the presence of PP7 sequences. 

The difference in transcript levels between wildtype and knock-in locus prompted me to 

analyze whether this is due to altered nascent transcription. Therefore, I quantified   

smRNA FISH spot intensities from exonic GREB1 probes (Figure 13B). Bright nuclear foci 

represent sites of nascent transcription and allowed differentiating between wildtype and 

knock-in loci based on the co-localization with GFP spots from the PP7 system (see Fig-

ure 11). If PP7 sequences do not alter the de novo production of RNAs, the intensities 

from both alleles should be comparable. Indeed, I observed no differences in spot intensi-

ties across five different concentrations of E2, confirming that nascent transcription is not 

disturbed by the presence of the PP7 cassette. The differences in steady-state RNA levels 

from RT-qPCR measurements are therefore likely due to differences in RNA stability. 
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Taken together, RT-qPCR and smRNA FISH experiments demonstrated that nascent 

transcription and E2-inducibility of GREB1 are not affected by the presence of PP7 se-

quences. The presence of the selection cassette, however, caused higher leaky expres-

sion in the absence of E2 and confirmed detrimental effects of the additional DNA se-

quence containing a strong viral promoter. Potential changes in RNA stability are not cru-

cial for measurements of transcriptional dynamics, the main observable in this study. The 

engineered cell line MCF7-PCP_GREB1_ex2_c16_Cre is therefore an excellent tool to 

study estrogen-dependent transcription in single living cells. 

2.2 GREB1 is preferentially transcribed at the nuclear periphery 

The organization of the genome within the nucleus is non-random and different mecha-

nisms are proposed that link transcriptional activity with nuclear positioning (Parada et al. 

2004). However, there is no agreement on whether radial positioning of the gene influ-

ences its expression. GREB1 transcription sites seemed to be located in close proximity 

to the nuclear periphery (see Figure 11 and 12A). I therefore wished to quantify this effect 

and additionally determine, whether the positions of spots change with induction level. 

 
Figure 14: Transcription sites are preferentially located at the nuclear periphery. (A) Radial spot posi-
tion was determined from the distance between the brightest pixel and the periphery. Spots were detected in a 
nuclear region that was increased by one micrometer. (B) Distribution of transcription site positions (red) and 
random positions in a circle with the same radius (grey). The boxplot above shows the normalized spot radius, 
indicating the closest possible peripheral localization. Preferential peripheral positioning of transcription sites is 
apparent. (C) Mean normalized spot position and spot radius as a function of E2. Boxplots denote distributions 
from bootstrapping (box = 25 % to 75 % percentile, line = median, whiskers = 1.5x interquartile range). 

To this end, I used the images of the high-content imaging experiments and calculated the 

distance from the pixel with the maximum intensity within the transcription site to the clos-

est edge of the segmented nucleus (Figure 14A). The distribution of distances was differ-

ent from that of randomly chosen positions within the nucleus, with the majority of spots 

being located closer to the nuclear periphery than would be expected at random (Figure 

14B). Furthermore, most spots reside in a distance that is close to the spot radius, there-

fore, representing a location that is as close to the nuclear periphery as possible. 

I wondered whether the radial position of spots changes with transcriptional activity and 

thus, divided the dataset according to the E2 concentration (Figure 14C). The mean nor-
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malized radial spot distance slightly increased with estrogen, suggesting that transcrip-

tional activity could correlate with a spot position further away from the nuclear periphery. 

However, at the same time, the mean normalized spot radius increased because spot in-

tensities also increase with E2 and brighter spots usually have a bigger radius. This trend 

explained the apparent change in spot localization. Hence, transcription does not alter pe-

ripheral positioning. Taken together, transcription sites are preferentially located close to 

the nuclear periphery, and their positioning is independent of their transcriptional activity. 

Yet, I cannot rule out differential localization of transcriptionally inactive loci, as these are 

invisible to the method. 

2.3 Digital modulation of transcription by estrogen 

The distribution of RNA counts at the transcription site characterizes GREB1 expression 

heterogeneity and allows for conclusions on gene regulation. Therefore, I inferred the dis-

tribution of nascent RNA intensities at different concentrations of E2 from high-content im-

aging and smRNA FISH experiments (Figure 15). In both cases, a bimodal distribution is 

apparent, in which transcription sites either are absent or have high intensities that result 

from multiple nascent transcripts. Intermediate transcript occupancies are rarely observed. 

The proportion between ON- and OFF-regimes changed with E2 such that without estro-

gen only about 15 % of cells had a visible spot, while at saturating induction, a spot was 

observed in about 85 % of cells. These values are very similar between high-content im-

aging and smRNA FISH experiments. Furthermore, the intensities of active transcription 

sites increased with E2. This analysis revealed a strong digital modulation of transcription, 

in which the proportion of cells showing active transcription increases. Furthermore, a 

weak analog (gradual) increase in transcription sites intensity for all cells is apparent. 

 
Figure 15: Distribution of spot intensities demonstrates digital modulation of transcription. 
(A) Histograms of spot intensities from high-content imaging were computed for all eight E2 concentrations. 
The fraction of cells with spots, as well as the spot intensity increases with E2. (B) Histograms of RNA num-
bers of the three brightest foci per nucleus from smRNA FISH with probes against GREB1 exons. Counts 
were normalized to the number of observed nuclei in each condition. Both experimental conditions deliver 
comparable intensity distributions for nascent RNAs. 
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The observation of bimodality in the distribution of transcription site intensities would not 

have been possible in population measurements, which only reveal the mean of all cells. 

The distribution of nascent transcripts suggests that the timing of transcriptional activity is 

altered by E2, for example by modulating the duration of transcriptionally silent episodes in 

between transcriptional bursts. However, this analysis cannot distinguish whether some 

cells always transcribe while others are never producing RNAs, or whether a dynamic 

equilibrium exists, as the transition between active and inactive phases is not directly ob-

served. Continuous live-cell imaging can resolve this question by enabling observation of 

transcriptional dynamics at multiple time points within the same cell. 

2.4 GREB1 is transcribed in stochastic bursts 

Snapshot measurements within single cells can be used to infer kinetic information about 

transcription, for example whether a gene is transcribed continuously or in bursts (Raj et 

al. 2006). However, time-resolved measurements contain more information and can dis-

criminate models of gene expression on a much finer level. I wished to distinguish models 

of promoter progression with different complexity and analyze how individual cells differ in 

estrogen-dependent transcription due to differences in their internal cellular state. Time-

resolved measurements are essential to perform such analyses and careful calibration of 

measurements is needed to allow for absolute quantification. 

2.4.1 Calibration of spot intensities for absolute quantification 

I wanted to quantify nascent transcription in absolute terms, i.e. derive the number of 

RNAs that are currently being transcribed at the GREB1 locus from the measured fluores-

cence intensity of the transcription site. This is required to express kinetic parameters of 

mathematical models as absolute numbers and helps to interpret fitted parameter values. 

Absolute quantification was achieved by measuring the fluorescence intensity of single 

RNA molecules. When MCF7–PCP_GREB1_ex2_c16_Cre cells were imaged at maxi-

mum excitation energies, low intensity spots were visible in the vicinity of transcription 

sites (Figure 16A, left), which represent finished transcripts diffusing in the nucleoplasm. 

Because these spots were not visible at low excitation energies, I determined the intensity 

of these spots at high excitation and scaled the derived mean intensity of a single RNA to 

a value that would be expected at live-cell imaging conditions at low excitation (Figure 

16A, right). I derived a value of either 23.3 or 32.2 as fluorescence intensity for a single 

transcript, depending on the imaging conditions, and used these values to calibrate fluo-

rescence intensities of transcription sites. 

As an independent method for absolute quantification of single RNA intensities I matched 

the intensity distributions of transcription sites from live-cell imaging at 100 pM E2 with the 

distribution of spot intensities from smRNA FISH at the same E2 concentration. Individual 

transcripts were visible in smRNA FISH images with excellent signal-to-noise ratio, which 

allowed for reliable quantification (Figure 16B, left). These intensities were used to infer 

the absolute number of nascent transcripts at the transcription sites. Because the intensity 

distributions of transcription sites should be comparable when measured at the same E2 
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concentration, I matched the distributions from both experimental methods and derived an 

intensity of a single transcript under live-cell conditions (Figure 16B, right). Through 

matching of the cumulative intensity distributions, I derived a value of 17.3 a.u. as fluores-

cence intensity for a single RNA. This value is very close to the value of 23.3 that was de-

rived from live-cell imaging above and confirmed that the measurement of individual PP7-

containing transcripts at high excitation energies in living cells delivered reliable quantifi-

cation. 

 
Figure 16: Calibration of fluorescence intensities. (A) Calibration by live-cell imaging of single RNA. (Left) 
Individual mRNAs (red arrowheads) are visible as dim spots in the nucleoplasm in the vicinity of transcription 
sites (blue asterisk) at 1000 pM E2 when imaged at high excitation energies. Bandpass filtering accentuates 
spot-like signals. (Middle) Histogram of single RNA spot intensities. The mean of a fitted Gaussian function is 
indicated. (Right) Transcription sites were imaged at 2 % and 100 % excitation energy and the slope of a fitted 
linear function is used to relate intensity measurements between both imaging conditions. This gives rise to an 
intensity of 23.3 a.u. for a single transcript. (B) Calibration by histogram matching to smRNA FISH intensities. 
(Left) Image of smRNA FISH for exonic GREB1 sequences at 100 pM E2. Single RNAs are visible as diffrac-
tion-limited spots and transcription sites (blue asterisk) are apparent as bright foci in the nucleus. (Middle-left) 
Nuclear exonic foci that co-localize with GFP spots were quantified, with single RNAs representing the left 
peak (mean of a fitted lognormal distribution is indicated as solid black line) and transcription sites (intensity > 
10 RNAs, dashed line) in the right peak. (Middle-right) Histogram of live-cell transcription site intensities at 
100 pM E2 that is used to compare intensity distributions between smRNA FISH and live-cell imaging. (Right) 
Matched cumulative intensity distribution of live-cell and smRNA FISH transcription sites. Scaling of live-cell 
intensities leads to a value of 17.8 a.u. for the intensity of a single RNA. 
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2.4.2 Live-cell imaging and quantification of GREB1 transcription 

Imaging of nascent RNAs is the prime tool to study dynamic regulation of transcription. It 

allows observation of kinetics of transcriptional bursts that are inherently stochastic and 

that reflect the intrinsic variability in each gene or allele. Because quantification occurs at 

the level of de novo transcription, there is no influence of RNA or protein half-lives on the 

observed signal. In addition, by following the activity of a single locus over time, more sta-

ble fluctuations can be studied, which represent stable chromatin configurations or the 

global cellular state and define gene extrinsic components of cell-to-cell variability. Dis-

crimination between intrinsic and extrinsic noise sources is important, as it permits quanti-

fication of what proportion of the total variation is due to randomness and not under cellu-

lar control. 

 
Figure 17: Live-cell imaging of transcription reveals bursts in GREB1 RNA production. MCF7-PCP_ 
GREB1_ex2_c16_Cre cells were imaged for 12 hours at 10 pM E2. Transcription sites (red cross) were 
tracked within nuclei (dashed line). A zt-kymograph of the tracked transcription site demonstrates stable focus. 
The number of nascent transcripts was quantified from the images for a transcription site (red) and a control 
site at the center of the nucleus (grey). 

I observed transcriptional dynamics of GREB1 every three minutes over a period of 

12 hours. This interval is sufficient to capture all transcriptional bursts, as it is well below 

the estimated ~30 minutes residence time of individual, nascent GREB1 RNAs. At the 

same time, the observation time is long enough to observe multiple bursts for each cell. I 

tracked transcription sites within nuclei in a semi-automated way (Figure 17, top). The 

disappearance of foci during transcriptionally inactive periods complicated fully automated 

analysis and often required manual corrections. Mitotic cells and cells in which the allele 

replicated or moved out of focus during the movie were discarded. The fluorescence in-

tensity within the volume at the tracked position was quantified by fitting a three-

dimensional Gaussian function. As a control, a position in the center of the nucleus was 

quantified. The image analysis pipeline resulted in a high-quality quantification of nascent 

single-cell transcription (Figure 17, bottom). 
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The fluorescence traces showed characteristic peaks that were interspersed by periods of 

transcriptional inactivity in which no spot was visible. During these pauses, which occurred 

with an apparently random duration, the intensity was indistinguishable from that of a con-

trol site. This pattern clearly indicates that GREB1 is produced in stochastic bursts. Fur-

ther below, I analyze the duration of transcriptionally active (ON) and inactive (OFF) peri-

ods in more detail and explore possible regulatory mechanisms. 

2.5 Observation of estrogen-dependent transcription 

2.5.1 GREB1 transcriptional dynamics at eight concentrations of E2 

A major aim of this study was to assess how estrogen modulates transcriptional bursts to 

adapt transcriptional output according to the signaling input. To this end, single-cell tran-

scriptional profiles were recorded in more than 600 cells across eight concentrations of E2, 

ranging from estrogen starvation (0 pM) to saturating induction (1000 pM) (Figure 18A). 

This dataset provided the basis for exploratory analysis of the ensemble of fluorescence 

trajectories by extracting characteristic features and global intensity profiles, analysis of 

the cell-to-cell variability across conditions, as well as for the derivation of a unifying 

mathematical model of estrogen-dependent transcription. 

It is obvious from the raw datasets that transcriptional output is increased by estradiol. 

GREB1 transcription sites are visible more often and show higher intensities at higher E2 

concentrations, as indicated by the heatmaps in Figure 18A. Even without E2, a basal lev-

el of transcription is visible as short bursts in some of the cells. To further quantify estro-

gen-dependence, I calculated a global intensity distribution, summarizing the fluorescent 

intensities over all cells and time points (Figure 18B). This shows a strong bimodality in 

which transcription sites either are absent (spots with background intensity) or have high 

intensities with multiple nascent transcripts. The distribution is comparable with the results 

obtained from fixed cells (Figure 15) when the “background” peak is considered as no 

spot. In addition, the spot intensity and the fraction of time in which spots are visible 

(Figure 18B, right) showed an estimated EC50 for E2 in the low picomolar range that is 

comparable to the values derived from fixed cells. This indicates excellent agreement be-

tween live-cell conditions and high-content imaging in fixed cells. 

Individual cells showed transcriptional bursts throughout induction conditions with an in-

tensity up to a value that equals 150 elongating polymerases at the gene body (Figure 

18C). Bursts occur at various time intervals and the signal of consecutive bursts over-

lapped at high E2 concentrations. The live-cell dataset also resolved temporally stable pat-

terns in transcriptional activity, which were masked by individual bursts in snapshot meas-

urements: throughout all induction conditions, a strong cell-to-cell variability (coefficient of 

variation between 0.36 and 0.78) is apparent in the total number of RNAs that are pro-

duced during the observation period (Figure 18A, right). Such differences might arise from 

stable differences in cellular state, which I will describe in detail further below. 
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Figure 18: Dose-dependence of stochastic estrogen-dependent transcription. (A) Fluorescence intensi-
ties of transcription sites of MCF7-PCP_GREB1_ex2_c16_Cre cells are represented as heatmaps, with each 
row representing a single cell trajectory. Color denotes the number of nascent transcripts as indicated. For 
each E2 concentration, cells were sorted from low (top) to high (bottom) total RNA output, as indicated on the 
right. The coefficient of variation (standard deviation/mean) is indicated in each panel. (B) Transcription site 
intensity distributions highlight the digital response of GREB1 transcription to E2. Histogram of all measured 
intensities per dataset. Mean spot intensity and spot occurrence (> 2.5 RNAs) are plotted as a function of E2 
concentration to the right. The EC50 of a fitted Hill equation is indicated. (C) Exemplary trajectories and their 
autocorrelation functions (ACF) for cells with high (yellow), medium (blue) and low (red) transcriptional activity 
for 0 pM, 10 pM, and 100 pM E2. 

In addition, at low E2 concentrations, there was a fraction of cells that did not show a sin-

gle burst throughout the 12 hours of imaging. Such non-responders are characterized by a 

characteristic decay at the first lag in the autocorrelation function. The autocorrelation de-

scribes how long a signal is similar to itself, hence describing a sort of “memory” in the 

signal. Because trajectories of non-responders consist of only memory-less technical 

noise from imaging, their autocorrelation decays immediately (Figure 18C top-right, red 

and blue curves). Based on this criterion, approximately 50 % of cells do not show tran-

scription at 0 pM E2. Non-responding cells were absent at E2 concentrations above 10 pM, 
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indicating that all cells within the clonal population have the potential to transcribe the 

knock-in locus. Thus, the 10 % and 50 % of time that a transcription site is not visible at 

1000 and 10 pM E2, respectively (Figure 15 and 18B), are due to temporal fluctuations in 

activity in all cells rather than from individual cells that never transcribe. Responding cells 

show a slow decay in the autocorrelation function with a longer half-life (~ 20 min) and a 

shape that depends on the specific bursting behavior (Larson et al. 2011). The shape of 

the autocorrelation function was used during model fitting (see 2.7) as discriminator for 

responding cells and as a feature that describes transcriptional kinetics. 

2.5.2 Extracted features describe regulation and timing of bursts 

Analysis of transcription site intensities revealed that estrogen increases GREB1 tran-

scriptional output. So far, the time domain was only considered for autocorrelation analy-

sis, although it contains much richer information on transcriptional kinetics. The time-

resolved nature of the dataset allows extraction of information about timing, duration and 

intensity of each burst and to generate conclusions about regulatory mechanisms. The 

fluorescence trajectories are characterized by sharp increases of intensity at the begin-

ning of each burst, during which polymerases transcribe the PP7 region. I reasoned that 

the slope of the curve is positive during transcriptionally active periods, even when the 

time in between bursts is so short that consecutive bursts overlap. Therefore, this charac-

teristic is well suited to estimate ON- and OFF-times in transcription directly from the raw 

data (Figure 19A), even at high levels of induction. The amount of transcripts that are pro-

duced per burst, i.e. the burst size, was then determined from the fluorescence trace as 

the difference in intensity between end and start of an ON-period. The initiation rate during 

a burst was estimated as the ratio of burst size and ON-time. 

In the context of stimulus-dependent regulation of transcriptional bursting, the number of 

RNAs that are produced from a gene can be either increased by increasing the number of 

RNAs per burst (burst size), or by decreasing the interval between bursts (burst frequen-

cy). The extracted features permit conclusions to be made whether estrogen regulates the 

timing, duration, or intensity of bursts, or a combination thereof. Furthermore, the shape of 

the distribution for ON- and OFF-times provides an estimate for how many rate-limiting 

steps are involved in maintaining a transcriptionally active or inactive promoter state, re-

spectively (Suter et al. 2011, Zhang et al. 2012, Zoller et al. 2015). A single rate-limiting 

step would result in exponentially distributed waiting times, while more steps would pro-

duce peaked distributions (Figure 4). 

I determined the duration of transcriptionally active and inactive regions and the amount of 

RNAs that are produced per burst for all eight datasets (Figure 19B-C). The average in-

terval between bursts shortened from 184 minutes at 0 pM E2 to 26 minutes at saturating 

E2, indicating that the time to reactivate transcription from a silent state is regulated by E2. 

This is also indicated by the average number of bursts that were observed per cell, which 

increased from 3 to 20. At the same time, the number of transcripts that were produced 

per burst increased from 5 to 15 RNAs per burst, while the ON-time slightly increased 

from 8 to 12 minutes. This analysis suggests that E2 mainly controls the frequency of tran-
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scriptional bursts and additionally slightly modulates burst size. Further below, mathemati-

cal modeling is used to distinguish whether E2 indeed modulates multiple parameters of 

bursts, or whether a unifying model can explain estrogen-dependent transcription, even 

when only a single parameter is assumed to change with estrogen. 

 
Figure 19: Estrogen-liganded ERα controls multiple features of transcriptional bursts. (A) Feature ex-
traction from fluorescence trajectories. Fluorescence intensity trajectories (grey) were filtered by a moving 
median filter (black) and transcriptionally active periods were identified by thresholding the slope of the trajec-
tory. Burst sizes are calculated as the increase in intensity during a burst and the initiation rate is calculated 
for each burst as the ratio of burst size and ON-time. (B) Estrogen-dependent changes in burst features. Fea-
tures were extracted from transcription site intensity trajectories and are shown as boxplots (box = 25 % to 
75 % percentile, line = median, whiskers = 1.5x interquartile range). (C) Distributions of OFF- and ON-times 
indicate single rate-limiting steps during transition between promoter states. Histograms of OFF- and ON-
times are plotted along with an exponential function (red) with the same mean (dotted line, value indicated) 
indicating good agreement. Durations in the range of the imaging interval (3 minutes) cannot be reliably esti-
mated leading to deviations at short ON-durations. 

As individual bursts were resolved by the live-cell imaging approach, the distribution of 

their duration and interval is available (Figure 19C). Interestingly, the distribution of OFF-

times followed an exponential function across all E2 concentrations. The distribution of 

ON-times also showed an exponential decay, but deviations at short durations due to limi-

tations in the feature extraction made this analysis less convincing. Generally, an expo-

nential distribution for a duration of a biological event leads to the conclusion that a single 

rate-limiting step is involved. Such irregular timing is surprising for estrogen-dependent 
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transcription, given the remarkable ordered and sequential recruitment of transcription fac-

tors, co-factors, and the transcription machinery observed in ChIP experiments resulting in 

cyclical occupancy patterns at a target gene promoter (Métivier et al. 2003). Mathematical 

modeling will be used below to confirm this simple promoter model and compare its per-

formance to models of higher complexity. 

2.6 Cell-to-cell variability in GREB1 transcriptional activity 

2.6.1 Bursting characteristics vary between individual cells 

All features that were extracted from raw transcription trajectories showed substantial var-

iation for individual bursts (Figure 19B, three left panels). Most of the observed spread can 

be explained by the intrinsic, bursting-related, randomness within biochemical reactions 

leading to production of RNA. However, I also observed remarkable differences in the ar-

ea under the curve (AUC) between cells within each dataset (Figure 18A and Figure 20A). 

This feature is a measure of the total RNA that is produced during the 12 hour imaging 

time-frame and encompasses temporally stable differences in transcription between cells, 

as fluctuations from individual bursts are averaged. High expressing cells can produce up 

to 10-fold more RNA than low expressing cells. For example, at 100 pM E2, the cellular 

production of GREB1 mRNA ranged from 110 to 1100 RNAs. Such variability is remarka-

ble and cannot be explained by pure randomness through transcriptional bursting, be-

cause over such a long period with multiple bursts (on average 15 bursts per cell for 

100 pM E2) stochastic differences between bursts are averaged substantially. 

 
Figure 20: Variability in total RNA output is temporally stable and correlates with burst size. (A) The 
integrated intensity (area under the curve, AUC) was calculated per cell (box = 25 % to 75 % percentile, 
line = median, whiskers = 1.5x interquartile range). The CV (standard deviation/mean) for each condition is 
shown below, highlighting strong cell-to-cell variability (B) Correlations between AUC and different features 
are shown for all E2 concentrations separately. The bootstrapped Pearson’s correlation coefficient (PCC) is 
shown below as a function of E2 with the mean indicated. (C) Total RNA output is stable over time. Correlation 
between AUC of first and second half of each trajectory (~ 6 h) are shown for all datasets with the PCC indi-
cated below. 

A more likely explanation for this heterogeneity are differences in cellular state, which lead 

to stable expression profiles. The state of the cell encompasses for instance the expres-

sion level of key proteins (transcription factors, polymerases, signaling factors), the signal-

ing status (posttranslational modifications and localization of signaling factors, microenvi-

ronment), the position within the cell cycle, the metabolic state (energy supply, mitochon-
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drial content), and the chromatin context at the promoter. It is difficult to assess all these 

parameters simultaneously and it is unknown how these non-genetic differences interplay 

to influence gene output. To understand how these gene-extrinsic factors modulate tran-

scriptional bursts to achieve differences in RNA production, I analyzed the extracted fea-

tures in more detail. Specifically, I determined the correlation of AUC with the mean value 

of features between individual cells, separately for each E2 concentration (Figure 20B). 

In the context of transcriptional bursts, the total RNA output is dependent on the number 

of bursts (scales with the inverse of the OFF-time) and their size (product of ON-time and 

initiation rate). The correlation coefficients for AUC and all extracted features in Figure 

20B are positive and therefore, confirm these dependencies. The correlation with the 

number of bursts (proportional to the inverse of the OFF-time) decreased at higher induc-

tion. This can be explained because the number of bursts per cell is less variable when 

more bursts occur. This suggests that the randomness in number of observed bursts ra-

ther than cell-to-cell differences in OFF-time causes AUC correlations with the inverse 

OFF-time. The AUC most prominently correlated with the initiation rate and the burst size 

(average PCC = 0.62 and 0.60, respectively). This suggests that cellular state mainly con-

trols transcriptional output from a burst rather than their frequency, in contrast to the regu-

lation by E2, which exhibits most of its control through modulation of burst frequency. Such 

an orthogonal control of burst size and burst frequency provides a cell with two ways to 

adapt transcriptional output to external signals on the one hand, and its internal state on 

the other hand. The dual control of transcriptional output is confirmed below through 

mathematical modeling. 

To derive an understanding about the temporal stability of the cellular state, I determined 

the correlation between the AUC of the first half of each trajectory with the corresponding 

second half of the trajectory (Figure 20C). An average PCC of 0.51 indicates that the tran-

scriptional output, and thus, the cellular state, is temporally stabile over the experimental 

timeframe of 12 hours (also compare to Figure 26C). 

2.6.2 Extrinsic noise acts in trans to affect multiple alleles 

In the previous paragraph, I concluded that cellular state alters the size of transcriptional 

bursts to introduce long-term correlations in transcriptional activity. However, cellular state 

is a complex aggregate of different variables such that the mechanism of regulation re-

mains elusive. I wanted to distinguish whether cellular state acts locally on each allele (in 

cis, e.g. through a chromatin-dependent mechanism) or globally on many genes (in trans, 

e.g. through changes in the transcriptional or signaling machinery). To this end, I utilized 

the MCF7-PCP_GREB1_in2_c1 cell line that carries the PP7-sequences in two GREB1 

alleles. If both alleles within the same cell would experience the same extrinsic perturba-

tion of bursting parameters through a trans-acting mechanism, extracted burst features 

would correlate between them. Alternatively, if both alleles would be regulated inde-

pendently because of a cis-acting mechanism, no correlation would be observed. 

I measured nascent transcription over the same 12 hour period as before, but for two 

transcription sites within each cell (Figure 21A). The timing of bursts was independent be-
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tween both alleles, as their intensities did not correlate in time (Figure 21B). This high-

lights that intrinsic noise is predominant when a single time point is analyzed. 

 
Figure 21: Transcriptional activity of two alleles within the same cell is not correlated in time. 
(A) Quantification of dual-allele transcription. MCF7-PCP_GREB1_in2_c1 cells were imaged for 12 hours at 
10 pM E2. Two transcription sites (red and yellow cross) were tracked within nuclei (dashed line). Zt-
kymographs of the tracked transcription sites demonstrate stable focus. The number of nascent transcripts 
was quantified for both transcription sites and a control site (grey). (B) Transcriptional activity of sister alleles 
are not correlated in time. Intensities of both transcription sites from the cell in panel A were plotted, each dot 
representing one time point. Bootstrapped Pearson’s correlation coefficient (PCC) is indicated. 

I analyzed the fluorescence trajectories of two alleles within 45 individual cells (Figure 

22A) and extracted features as in section 2.5.2. The mean of each feature per allele was 

used to calculate how correlated the features are between sister alleles. Through this time 

averaging, the numbers were less prone to intrinsic variability. Each of the five determined 

features showed positive correlations between alleles (Figure 22B). The extracted AUC, 

the initiation rates, and the burst sizes were highly correlated, while the duration of ON- 

and OFF-periods showed only weak correlations. 

Correlation in the long-term productivity of each labelled allele suggests that both GREB1 

alleles are subject to extrinsic factors that act globally to control RNA output. As has been 

suggested by the single-allele analysis in Figure 20, these factors determine RNA output 

by modifying the amount of transcripts that are produced per burst. Such a global mecha-

nism, influencing two distinct alleles at the same time, excludes a chromatin-based, local 

mechanism that acts to coordinately affect one or few genes. It is rather a diffusible agent 

that acts in trans to affect multiple genes by controlling how many polymerases initiate 

transcription from a permissible promoter state. 
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Figure 22: Cellular state controls total RNA output from GREB1 sister alleles in trans. (A) Dual allele 
transcription in multiple cells. Transcriptional activity was quantified at 10 pM E2 in 45 MCF7-PCP_GREB1_ 
in2_c1 cells. The signal of two alleles from the same cell is represented as pair of rows, separated by a dark 
line. Cells are sorted for the total RNA output of the brighter allele from low (top) to high (bottom) as indicated 
on the right. The coefficient of variation across all alleles is indicated. (B) Total RNA output (AUC) correlates 
between sister alleles along with burst size and initiation rate. Pearson’s correlation coefficient (PCC) between 
sister alleles (blue) is shown for all features with error bars denoting standard deviation from bootstrapping. 
Randomly reassigned sister alleles (grey) do not show correlation. Total transcriptional output and initiation 
rate of both alleles is plotted below as examples for strong correlation between alleles. Each allele is repre-
sented as two dots with x and y exchanged, giving rise to symmetry in the plot. 

I further addressed the nature of the extrinsic noise source by following cells after cell di-

vision (Figure 23A). A diffusible factor would be distributed amongst the two daughter cells 

and lead to correlations in total RNA output between them. I imaged cells for 25 hours to 

observe cell division events and still acquire enough information from the resulting daugh-

ter cells. Interestingly, the spread in total RNA output within the first 6 hours after cell divi-

sion between all cells observed at 100 pM E2 (CV = 0.40) was comparable to the one from 

cells observed at 100 pM E2 without performing cell cycle alignment (CV = 0.44, see Fig-

ure 18A). As all cells after division were in G1 phase of the cell cycle and they still dis-

played strong cell-to-cell variability, this indicates that variation with respect to cell cycle 

phases is not strongly contributing to the observed expression heterogeneity. Daughter 

cells showed pronounced correlation in total RNA output (PCC = 0.50, Figure 23B), which 

is comparable to the correlation between sister alleles (PCC = 0.54, Figure 22B) and the 

temporal stability within one allele (PCC = 0.51, Figure 20C). The correlation in total RNA 

output between recently divided daughter cells is consistent with the assumption of a dif-

fusible factor that controls cell-specific transcriptional activity and that is partitioned during 

cell division. A diffusible factor could be, for example, polymerases and transcription fac-

tors available in that particular cell. It could also be related to the energy content of the cell 

when cells differ in mitochondrial content. It would be interesting to follow transcription in 

daughter cells for prolonged periods to determine how long these correlations persist. 
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Figure 23: Total RNA output is correlated between daughter cells. (A) Fluorescence trajectories of daugh-
ter cell pairs after cell division. MCF7-PCP_GREB1_ex2_c16_Cre cells were grown at 100 pM E2, imaged for 
25 hours every 5 minutes, and daughter cells were tracked. Transcription sites were quantified and aligned to 
the time of cell division. The signal of two daughter cells is represented as pair of rows, separated by a dark 
line. Cells are sorted by their observation time. (B) Total RNA output correlates between daughter cells. Pear-
son’s correlation coefficient (PCC) between daughter cells is shown for all features (green) with standard de-
viation from bootstrapping. Randomly reassigned daughter cells (grey) do not show correlation. Correlation of 
total transcriptional output is plotted below, with each cell represented as two dots (x and y exchanged), giving 
rise to symmetry in the plot. 

2.7 Quantitative modeling of GREB1 transcription 

2.7.1 Motivation 

In the previous sections, I described the generation and exploratory analysis of an exten-

sive dataset of dynamic single-cell transcriptional profiles for the estrogen-dependent 

GREB1 locus. The dataset exhibits several important characteristics: 

• Stochastically timed transcriptional bursts 

• Digital-to-analog transition in the global intensity histogram 

• Strong cell-to-cell variability in long-term transcriptional output 

• A population of non-responding cells 

• Regulation of multiple burst characteristics by estradiol 

• Effect of cellular state on the expression of distinct loci 

The complex interplay between the individual aspects in this stochastic system can lead to 

non-intuitive behavior and is hard to interpret. Therefore, it is desirable to generate a 

model of estrogen-dependent transcription that can quantitatively describe the above-

mentioned features. In the next paragraphs, I describe how mathematical models were 

formulated and fitted to experimental datasets to derive kinetic parameters and to distin-

guish competing models of promoter regulation. Furthermore, I tested predictions of the 

model experimentally. 

In-silico cell cycle synchronization (100 pM E2)A B Daughter-cell correlation

0 250 500 750 1000 1250
Time after cell division (min)

26
 d

au
gh

te
r-

ce
ll 

pa
irs

0 20 40

# RNA

0.0

0.4

0.8

P
C

C

Real pairs
Random pairs

O
F

F
-t

im
e

B
ur

st
 s

iz
e

In
iti

at
io

n
ra

te

A
U

C

O
N

-t
im

e

AUC cell 1 (x 1000)

A
U

C
 c

el
l 2

(x
 1

00
0)

0 1 2 3
0

1

2

3
PCC = 0.50±0.10



RESULTS 41 

2.7.2 Formulation of stochastic models with intrinsic and extrinsic variation 

The probabilistic nature of transcription required the implementation of stochastic models. 

They had to be able to describe the temporal fluctuations in the transcriptional permissive-

ness of the promoter. Furthermore, these models also had to consider individual polymer-

ase initiation events with their contribution to the observed fluorescence signal (Figure 

6A). The promoter was modeled to exist in different states that are either transcriptionally 

active (ON) or inactive (OFF). A promoter state represents, for example, a pattern of 

chromatin modifications, the occupancy of regulatory proteins, or the interaction with dis-

tant regulatory elements. However, the molecular nature of the state is not explicitly con-

sidered in the model. The use of abstract ON- and OFF-states is sufficient for the occur-

rence of transcriptional bursts, with the most simple model consisting of a single ON- and 

a single OFF-state. This so-called “random telegraph” model has been used widely in the 

literature to explain transcriptional discontinuity (Paulsson 2005, Peccoud & Ycart 1995, 

Raj et al. 2006). Extensions to this model include further ON- or OFF-states that are either 

traversed in a linear (Neuert et al. 2013, Senecal et al. 2014) or cyclic fashion (Lemaire et 

al. 2006, Schwabe et al. 2012, Suter et al. 2011, Zoller et al. 2015). The multiple sequen-

tial epigenetic steps, which are reported for estrogen-dependent gene activation (Métivier 

et al. 2003), suggested that a cyclic model with multiple steps would be required. There-

fore, five different model topologies with at least two and up to ten states were considered 

during model fitting (Figure 24A). 

 
Figure 24: Topologies and kinetic parameters in models of stochastic transcription. (A) Schematic 
representation of cyclic promoter model topologies. Two to ten states are modeled with varying numbers of 
transcriptionally active (ON) and inactive (OFF) states. Transition rates between states are kON and kOFF and 
transcription occurs from an ON-state with an initiation rate kinit and an elongation rate kelong. (B) Deterministic 
fluorescence profile of a single transcript. Fluorescence intensity increases as the PP7 sequence are being 
transcribed and decreases when the polymerase reaches the end of the gene. Profiles are shown for three 
different elongation rates for the GREB1 gene with PP7 sequences within exon 2. 

Progression through promoter states occurs as an irreversible “ratchet-like” cycle in which 

each transition to the next state is characterized by the rates kON or kOFF, depending on the 

transcriptional activity of the state. As such, the inverse of the rate is the average lifetime 

of the corresponding state. In case of multiple ON- or OFF-states, the individual ON- and 

OFF-rates were allowed to be slightly different from each other, such that variability in 
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rates existed, but at the same time, it was unlikely that some rates would become much 

faster than others, in which case bigger models would behave like smaller ones. Polymer-

ases were assumed to initiate randomly from each ON-state with rate kinit. The stochastic 

switching between active and inactive periods is able to produce characteristic transcrip-

tional bursts, which reflect the intrinsic variability inherent to transcription. 

The temporal evolution of the promoter with all initiation events was simulated using the 

stochastic simulation algorithm (Gillespie 1977). For each initiation event, the trajectory of 

a single transcript was assumed to contribute to the fluorescence intensity in a determinis-

tic (non-stochastic) manner that depends on gene structure and polymerase elongation 

(Figure 24B). Polymerase progression was modeled to be homogenous along the gene 

with a rate of kelong that was assumed to be 3.5 kb/min, based on published polymerase 

kinetics (also see 2.7.7 for experimental evidence), although later also different elongation 

rates were allowed. The so-generated simulated trajectories of nascent mRNA numbers at 

the transcription site were converted to fluorescence intensities by multiplying with the flu-

orescence intensity of a single transcript (see 2.4.1) and adding noise of similar character-

istics as the data. As a result, it is possible to generate simulated fluorescence trajectories 

for a given model and a set of parameters, which resemble the trajectories from the image 

analysis pipeline (Figure 25). This permitted comparison between simulations and exper-

iments in a quantitative manner to fit model parameters and distinguish competing model 

topologies. 

 
Figure 25: Stochastic simulation of transcriptional bursts. Example of a simulated fluorescence trajecto-
ry. Promoter switching (red) and initiation events (blue) were obtained by stochastic simulation (bottom). The 
fluorescence trajectory results from the summation of fluorescence trajectories of single transcripts (see Fig-
ure 24B) from each initiation event. The trajectory is shown before (grey) and after (black) addition of imaging 
noise (top). Individual bursts are observed with random timing and intensity. Parameters for simulations are 
indicated. 

Intrinsic noise contributions alone were not able to recapitulate the above-described (see 

2.6) cell-to-cell variability in total RNA output of the GREB1 alleles in stochastic simula-

tions (Figure 26B, grey vs. blue). Hence, extrinsic noise due to differences in cellular state 

had to be considered as well. Cell-to-cell variability was assumed stable over the experi-

mental time-frame such that it could be implemented by resampling of kinetic model pa-

rameters prior to each single-cell simulation. To distinguish which model parameter had to 

be resampled to best recapitulate the spread in the experimental data, eight different 

noise sources were tested: resampling was performed for the elongation speed (kelong), the 
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transcription initiation rate (kinit), the promoter ON-/OFF-rates (kON, kOFF), or combinations 

thereof (Figure 26A). All parameters represent plausible candidates for kinetic alterations 

due to cellular state. The polymerase elongation rate might be dependent on the energy 

supply of the cell (das Neves et al. 2010) or chromatin alterations within the gene body 

(Jonkers & Lis 2015). The initiation rate might depend on specific enhancer-promoter con-

tacts, promoter chromatin, or the availability of polymerases, and the switching rates might 

correlate with the intracellular fluctuations of transcription factor and chromatin modifying 

enzyme concentrations. This cell-specific resampling of parameters produced a spread of 

bursting characteristics in the simulated population, giving rise to a larger cell-to-cell vari-

ability in total RNA output (Figure 26B, green). Furthermore, when comparing total RNA 

output during the first and second half of fluorescence trajectories, simulations assuming 

stable extrinsic noise produced similar correlations as observed experimentally (compare 

Figure 26C with Figure 20C). 

 
Figure 26: Implementation of cell-to-cell variability by parameter resampling. (A) Extrinsic noise 
sources can alter different kinetic parameters to achieve cell-to-cell variability in long-term transcriptional out-
put. All four major model parameters individually (kON, kOFF, kinit, and kelong), as well as combinations thereof, 
were resampled for each cell during stochastic simulations. Models are referred to in the text and figures with 
the number of ON- and OFF-states, separated by a hyphen, followed by a number specifying the source of 
cell-to-cell variability (e.g. “1-2 3” for a three-state model with cell-specific ON-rate). (B) Parameter resampling 
during simulations better recapitulates the observed spread in RNA output. Cell-to-cell variability was calculat-
ed as coefficient of variation (CV = standard deviation/mean) for data from the E2 dose-response (blue), and 
stochastic simulations without parameter resampling (grey) or with cell-specific resampling of kinit (green) at 
different OFF-times (kON = 0.33 min-1; kOFF = 1/500–1/7 min-1; kinit = 10 RNAs/min). Error bars denote standard 
deviation from bootstrapping. (C) Correlation in total RNA output assuming a temporally stable extrinsic noise. 
Stochastic simulations were carried out (kON = 1.25 min-1; kOFF = 1/40 min-1; kinit = 4 RNAs/min; model topolo-
gy: “1-1 5”), and the correlation in total RNA output between first and second half of the trajectories was calcu-
lated. 

The five model topologies together with the eight extrinsic noise variants lead to forty dif-

ferent models, which needed to be ranked in terms of plausibility during the model selec-

tion process. Model selection occurred through fitting of experimental data as outlined be-

low. 
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2.7.3 Model fitting estimates model topology and parameters 

Estimation of model parameters and selection between the forty different models was per-

formed simultaneously using Approximate Bayesian Computation (ABC). ABC was im-

plemented as a sequential Monte Carlo version (SMC ABC) (Toni & Stumpf 2009, Toni et 

al. 2009) in python by Stephan Baumgärtner as part of his PhD thesis (Baumgärtner 

2017). He also performed all fitting of experimental data throughout this thesis. For each 

dataset, different combinations of parameter values and model topologies (called “parti-

cles”) were generated, simulated, and compared to the experimental data, followed by it-

erative refinement of parameters (see 4.7.3 and Figure 27). At the beginning of the algo-

rithm, 50.000 particles with distinct parameter combinations were generated by random 

sampling from the assumed prior distributions of the parameters, and stochastic simula-

tions were carried out for each particle. A distance metric was calculated from the individ-

ual trajectories, their autocorrelation functions, and the global intensity histogram (see 

4.7.3) to determine how well each particle described the experimental data. These fea-

tures were chosen because they characterize the overall transcriptional output in the pop-

ulation, as well as the heterogeneity in transcriptional dynamics in individual cells. 2.000 

particles with minimal distance to the data were used for further iterative refinement of pa-

rameters. In each iteration, particles were mutated, that is, their parameter values, includ-

ing the underlying model topology, were slightly altered, new simulations were performed, 

and the best particles selected. The resulting final particle population yielded posterior dis-

tributions over parameters and model topologies (Figure 27, right). Because many meas-

urement-compliant particles are present in the final population, and each of them contains 

all parameters, it is possible to infer correlations between them. This confines parameter 

values much better as compared to using distributions for each individual parameter 

(compare scatterplot and histograms in Figure 27, right). 

 
Figure 27: SMC ABC approximates parameter posterior distributions from uninformative prior. The 
model topology and kinetic parameters for each particle are sampled from a given prior distribution. As an 
example 10.000 random samples (black) of two parameters (ON-time and initiation rate) are shown for on the 
left with 2.000 particles (red) used as initial population for SMC ABC. This initial population is refined in rounds 
of simulation, selection, and mutation to yield a final population of parameters with minimal distance to the 
data. The posterior distribution for the two parameters is shown on the right. 

The influence of pure randomness in the stochastic simulations on the distance metric 

was tested by repeated simulations (Figure 28A). Even with the same parameters, indi-

vidual simulations differ from each other, such that the distance metric was between 0.2 
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and 0.8 when different simulations were compared. A value of 0.5 was chosen to repre-

sent a good fit and was hence used as a stop criterion during SMC ABC. 

 
Figure 28: Benchmarking of the SMC ABC algorithm. (A) 22 sets of parameters and model topologies 
were repeatedly simulated and their pairwise distance was calculated to get a distribution of a best possible fit 
(orange). Datasets were then individually fit using SMC ABC and the distance of the best particles was calcu-
lated (grey) (box = 25 % to 75 % percentile, line = median, whiskers = 5 % to 95 % percentile). (B) Parameter 
posterior distributions were derived after SMC ABC for the main model parameters. Red dots indicate the real 
values used to generate the datasets. In almost all cases, the real value lies between the 5 % and 95 % per-
centile of the posterior distribution. (C) Posterior distributions over models. The count of each model in the 
final population of 2000 particles is represented as a heatmap with model topologies on the x-axis and extrin-
sic noise sources on the y-axis. Red dots indicate the ground truth. 

To evaluate whether the fitting algorithm is able to distinguish competing models and finds 

plausible estimates for parameter values, it was tested on a set of benchmark datasets. 

These datasets were generated by in silico simulations with known parameters, model 

topologies, and extrinsic noise sources. This allowed an evaluation of the fitted parame-

ters compared to known input values. All benchmark datasets were fitted using SMC ABC 

and the final distance between simulations and fits was close to the optimal value for each 

dataset (Figure 28A). Input parameters were compared with the posterior distributions 

(Figure 28B and C). Kinetic parameters were well estimated: In almost all cases, the real 

value was within the 5th and 95th percentile of the posterior distribution, and typically within 

the 25th and 75th percentile. Only very short OFF-times, which were below the transcript 

dwell-time (30 minutes), could not be reliably determined. Discrimination between model 

structures with different numbers of states was achieved, although closely related topolo-
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gies, for example a two-state and a three-state model, were not well discriminated. Selec-

tion between extrinsic noise sources was also possible, however, proved difficult when 

OFF-times were short, and sometimes a single noise source was preferred when a com-

bination was the ground truth. As such, the SMC ABC algorithm provides a useful tool to 

estimate parameter values and to discriminate model topologies. Hence, it was used to fit 

the acquired datasets. 

2.7.4 Parameter fitting quantifies dose-dependence of burst kinetics 

All eight datasets from different E2 concentrations were fitted individually, that is, different 

parameter combinations were allowed for each condition. Features of the best particles of 

the final population were compared to the real datasets (Figure 29A). SMC ABC was able 

to approximate the features of the data, with small deviations in the half-live of the auto-

correlation function. How well the fits represent the data is also reflected in the distance 

measure (Figure 29B), which is close to the best possible value of ~ 0.5 (compare Figure 

28A). Only the two datasets at the highest concentrations of E2 could not be fitted similarly 

well. The high value of the distance measure in these two datasets is caused by a poor 

approximation of the autocorrelation function, probably because the nascent RNA signal 

of consecutive bursts overlaps at low OFF-times. 

 
Figure 29: SMC ABC can fit major features of the data. (A) Features of the best 500 particles from fits to 
the 5 pM E2 and 100 pM E2 datasets (grey) and the data (red). All features are well approximated by the fits 
with slight deviations to shorter autocorrelation half-lives. (B) Distance measure of final particles for all da-
tasets. 

The fact that important dynamic features of the experimental data were well approximated 

with the proposed models of promoter progression and extrinsic noise was reassuring and 

suggested that the fitted parameter values indeed quantify burst kinetics. The resulting 

parameter posterior distributions therefore provide insight into estrogen-dependent tran-

scriptional regulation (Figure 30). The posterior distributions for the OFF-time displayed a 

clear trend to lower durations at higher E2 concentrations (Figure 30A). At 0 pM E2 the es-

timated mean OFF-time was 300 minutes, while at saturating induction the value dropped 

to 10–20 minutes. This result highlights that E2 regulates transcriptional output by modu-

lating the frequency of transcriptional bursts. In addition to the OFF-time, the burst size 
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showed an increase with E2 from about two RNAs/burst to ten RNAs/burst. The ON-time 

was slightly below one minute throughout all datasets and therefore, does not seem to be 

regulated by E2. The regulation of OFF-times and burst size is in agreement with the re-

sults that were obtained by extracting features from the raw datasets (compare 2.5.2), 

though the absolute values differ slightly. 

In addition to inference of kinetic parameters, the advantage of the mathematical modeling 

approach and the SMC ABC fitting procedure is that it also provides information about the 

underlying model structure. The posterior distribution over all 40 different models dis-

played a strong preference for small models throughout the datasets. Almost 70 % of all 

particles contained a two-state model (topology “1-1”) and 85 % at most three states (“1-1” 

or “1-2”). A two-state model also agrees well with the observation that OFF-times follow 

an exponential distribution (Figure 19C). Model selection further allowed inference of how 

cellular state affects transcription. As sources of extrinsic noise, the model selection chose 

a combination of transcription elongation kinetics (kelong) and initiation rate (kinit), denoted 

as model variant “5”. This extrinsic noise source was the only one that appeared consist-

ently in all datasets (Figure 30B). The combination of this extrinsic noise variant with the 

two-state model (“1-1 5”) was present in 42 % of the particles when summarizing over all 

E2 concentrations. Thus, the “1-1 5” model clearly outcompeted the “1-2 5” and “2-2 5” to-

pologies (10 and 3 %, respectively). In conclusion, model selection clearly favored the 

“1-1 5” topology. 

 
Figure 30: Marginal parameter and model posterior distributions of individual fits. (A) Posterior distri-
butions of kinetic parameters after SMC ABC for all eight datasets (box = 25 % to 75 % percentile, 
line = median, whiskers = 5 % to 95 % percentile). (B) Frequency of all forty models in the posterior distribu-
tions. Only three models (asterisk) were found in all eight posterior distributions with the “1-1 5” model being 
chosen most often. 

According to this result, the cellular state alters two parameters of transcriptional bursts 

irrespective of stimulus conditions. In line with this result, we found that the initiation rate 

correlated well with total RNA output, when extracted directly from the data (Figure 20) 

and furthermore, correlated between two alleles in the same cell (Figure 22). The selec-
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tion of this parameter in explaining cell-to-cell variability is therefore plausible. Interesting-

ly, assuming differences in initiation rate alone could not explain the data well enough. 

Only a combination with cell-to-cell variability in the elongation kinetics provided a good fit. 

This feature was not available from direct extraction and suggests that the post-initiation 

kinetics during transcription also vary between cells. 

2.7.5 Extrinsic noise is recapitulated in simulations 

I tested the extrinsic noise prediction of the model using dual allele labeling, which charac-

terizes the correlated effect of the cellular state on gene expression. To this end, experi-

mental data from the dual allele cell line (Figure 22) was compared to dual allele simula-

tions, which were carried out with parameter values obtained from the posterior distribu-

tions of the 10 pM E2 dataset. Specifically, two stochastic simulations were performed for 

each sampled cell-specific combination of initiation and elongation rate, because this ac-

counts for the effect of a trans-acting extrinsic noise source that coordinately affects both 

sister alleles. 

 
Figure 31: Simulations quantitatively confirm the contribution of extrinsic noise to correlations in 

total RNA output between sister alleles in the same cell. (A) Dual allele simulations. Sister alleles were 
simulated using the same extrinsic noise realization for both alleles with parameters from the model fit to the 
10 pM E2 dataset (Figure 30) (kON = 1.67 min-1; kOFF = 1/50 min-1; kinit = 16.7 RNAs/min; model topology: 
“1-1 5”). Each sister allele pair is represented as pair of rows, separated by a dark line. Cells are sorted for the 
total RNA output of the brighter allele from low (top) to high (bottom) as indicated on the right. The CV across 
all alleles is shown. (B) Simulations incorporating extrinsic noise recapitulate correlation in transcriptional out-
put between alleles. Dual allele simulations were performed as in panel A, either with (model topology: “1-1 5”, 
red) or without (model topology: “1-1 0”, blue) resampling of transcription initiation and elongation rates be-
tween cells. The correlation between the area under the curve (AUC) of both simulated alleles was calculated 
as Pearson correlation coefficients (PCC) and is reported as mean ± standard deviation from bootstrapping. 

The simulated trajectories (Figure 31A) resemble the experiments, with both alleles show-

ing uncorrelated bursting, and with correlations in total RNA output (PCC = 0.67, Figure 

31B, red) quantitatively matching the experiment (PCC = 0.54, Figure 22B). Dual allele 

simulations without parameter resampling did not yield a correlation in total RNA output 

(PCC = -0.01, Figure 31B, blue). This suggests that parameter resampling achieves real-

istic correlations in total RNA output and that SMC ABC chose plausible parameter per-

turbations for the modification of transcriptional output by the cellular state. 
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2.7.6 A unifying model of estrogen-dependent transcription 

It is likely that estrogen modulates specific steps in transcriptional activation. Therefore, I 

asked whether a common model topology and parameter set could explain the data from 

all eight E2 concentrations, while assuming that only a single parameter changes with E2. 

The model selection (Figure 30B) revealed that small promoter models with variation in 

kinit and kelong explain the observed intrinsic noise due to transcriptional bursting, as well as 

the cell-to-cell variability in transcriptional output. This suggests that a common model to-

pology exists. Because the “1-1 5” model variant was represented most frequently in the 

model selection and contains the smallest promoter topology with fewest parameters, it 

was decided to use the “1-1 5” model as the common model topology for all datasets. Fit-

ting was then performed for all eight datasets simultaneously (“global fit”) to estimate ki-

netic parameters. To examine whether the complete range of induction could be de-

scribed by a change in only a single parameter, fitting was performed with kinetic parame-

ters being the same for all datasets, except for either kinit or kOFF, which were fitted to each 

dataset individually (see 4.7.5 for details). This represents burst size or burst frequency 

modulation, respectively, the two modes of transcriptional regulation in a bursting context. 

The global fitting approach for the per-dataset varying OFF-time yielded a distance metric 

that is only slightly worse than the sum of distances of the individual fits from 2.7.4 (Figure 

32A). Considering the reduction of free parameters from � 32 to 11, it is suggested that 

the much simpler model should be preferred as a unifying model of estrogen-dependent 

transcription. Local fitting of the burst size yielded a higher distance than for the varying 

OFF-time, indicating that pure frequency modulation is preferred over burst size modula-

tion as the transcriptional regulatory mechanism of ERα. It seems plausible that a tran-

scriptional activator regulates the transition to an active promoter state rather than the 

output of a burst. This way, unnecessary switching between active and inactive states is 

avoided in the absence of induction. In summary, a unifying model is formulated that con-

sists of a two-state promoter cycle in which estrogen controls the time interval between 

bursts and the cellular state determines polymerase initiation rate and elongation kinetics 

(Figure 32B). 

The posterior distributions of parameters quantify the difference in OFF-time between da-

tasets and provide estimates for the burst size and ON-time that are shared between da-

tasets (Figure 32C). The average OFF-time was 500 minutes at 0 pM E2 and decreased to 

10 minutes at 1000 pM E2. Throughout datasets, a burst lasted on average 0.56 minutes 

with 7.9 RNAs being produced per burst. These kinetic parameters are similar to the ones 

derived from the individual fits (Figure 30). 

The advantage of the global fitting approach is that estrogen-dependent transcription can 

now be described by only modulating a single kinetic parameter with E2 concentration. 

The fact that E2 leads to changes in burst frequency suggests that ERα establishes a 

transcriptionally active promoter state, rather than controlling the duration or intensity of a 

burst. This result is significant as it reveals the regulatory mechanism of estrogen, and as 

such, provides a starting point for investigations of a molecular description of active and 
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inactive chromatin states. Frequency modulation has also important implications on cellu-

lar noise characteristics, which I will discuss in more detail in paragraph 2.9. 

 
Figure 32: Global fitting reveals that only frequency is modulated by estrogen. (A) Distribution of dis-
tance measure after fitting datasets of eight E2 concentrations simultaneously with fixed model topology 
(“1-1 5”) and free kinetic parameters, or only allowing the parameters kOFF or kinit to vary between datasets. 
The sum of distances from individual fits is shown as comparison on the left. The number of free parameters is 
indicated in parenthesis, with the range indicating the minimum and maximum number of parameters when 
different model topologies are allowed. (B) Unifying model of estrogen-dependent transcription. The promoter 
stochastically switches between transcriptionally active (ON) and inactive (OFF) states with estrogen regulat-
ing the transition into the ON-state. Individual cells vary in initiation and elongation rates. (C) Marginal posteri-
or distributions of kinetic parameters from global model fitting. Distributions of OFF-time posterior distributions 
are represented as boxplots (box = 25 % to 75 % percentile, line = median, whiskers = 5 % and 95 % percen-
tile). Burst size and ON-time posterior distributions are shown as histograms with the mean indicated as a 
dashed line. 

2.7.7 Single-cell induction kinetics confirm small promoter model 

The previously described unifying model of estrogen-dependent transcription makes an 

interesting prediction for the behavior of cells if they are synchronized in terms of tran-

scription. When cells are grown in the absence of E2, all GREB1 promoters assume a 

transcriptionally silent state. Induction with E2 then leads to stochastic switching to the 

ON-state. The unifying model consists of a single rate-limiting step in the transition to the 

ON-state that is regulated by E2. Thus, the timing of the first transcriptional event is pre-

dicted to vary widely between cells. This is in contrast to a model with multiple OFF-states 

in which the occurrence of several reactions prior to transcription would produce synchro-

nous timing of transcriptional events between cells, as multiple steps average the stochas-

tic timing of individual ones. Synchronization of cells also tests the prediction that E2 mod-

ulates burst frequencies, that is, the OFF-time. If this were indeed the case, one would 
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expect to see differences in the time to the first burst when cells are induced with different 

E2 concentrations. Alternatively, if OFF-times are not modulated by E2, cells should re-

spond with similar kinetics at different E2 concentrations and rather change the intensity of 

the observed signal. 

Releasing cells from estrogen starvation during imaging provides an experimental ap-

proach to study induction kinetics. The single-cell nature of these experiments further al-

lows characterization of the distributions of induction times to evaluate model predictions. 

Cells were grown in E2-free conditions for three days, placed into the microscope, and af-

ter 51 minutes of imaging, transcription was induced with either 10 pM or 1000 pM E2. 

Transcriptional activity was then recorded for 4 hours in about 160 cells for both condi-

tions (Figure 33A). Almost all cells showed induction of transcriptional activity within the 

imaging timeframe. At induction with 1000 pM E2, cells responded earlier as compared to 

10 pM E2. The median time to the first burst was 35 minutes at 1000 pM E2 and increased 

to 78 minutes at 10 pM E2. These results agree with predictions from the formulated unify-

ing model in which estrogen regulates the switching speed to a transcriptionally active 

promoter state. However, the kinetics of induction are slower than the fitted OFF-times at 

the same E2 concentrations (Figure 30). I speculate that this additional delay represents 

the duration of the signaling pathway, for example, the time it takes for ERα to find the 

promoter and to open the chromatin before the first burst takes place. Subsequent bursts 

might then take place with faster kinetics, though the limited observation period did not 

allow to sufficiently address this speculation. 

The regulation of initial delay time as well as the difference in the amount of RNA pro-

duced was quantitatively recapitulated in bulk RNA measurements (Figure 33B). After 

starving MCF-7 cells of E2 for three days, then inducing them with either 10 or 1000 pM 

E2, samples were collected every 10 minutes for RT-qPCR. An exon-intron boundary-

spanning PCR product was quantified as this measures pre-mRNA exclusively and yields 

a higher fold-change as compared to mature mRNA levels. The position of the PCR prod-

uct in exon 2 is comparable to the position of the PP7 sequences in the exon 2 cell line 

that was used for imaging. The time to 3-fold induction was 52 and 29 minutes for 10 and 

1000 pM E2, respectively, and aligns well with the mean fluorescence of the PP7 signal. I 

also quantified the 3’ end of GREB1 (boundary of exon 32 and intron 33), to determine the 

delay in RNA production between early and late transcribed regions of the gene. The 

large genomic distance between the two locations (84 kb) allowed to estimate the rate of 

polymerase progression. The delay in the time of reaching 3-fold induction between the 

two PCR products was about 25 minutes in both conditions, which equals an average 

elongation rate of 3.4 kb/min. This value is comparable to other published elongation rates 

(wa Maina et al. 2014) and is close to the value that was assumed during modeling and 

stochastic simulations (3.5 kb/min). Taken together, live-imaging and RT-qPCR experi-

ments verified that response-times depend on the estrogen stimulus and hence, con-

firmed frequency modulated transcription by estrogen. 
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Figure 33: Synchronization experiments reveal E2-dependent delay in transcriptional activation. 
(A) Single-cell kinetics of E2 induction. MCF7–PCP_GREB1_ex2_c16_Cre cells were imaged at 0 pM E2 and 
induced with 10 pM (left) or 1000 pM (right) E2 at the indicated time point (arrowhead). Transcription was 
quantified every 1.5 minutes for 5 hours and the resulting trajectories were sorted based on the timing of the 
first burst. The median time to the first burst and the CV of the response-time distribution is indicated. (B) RT-
qPCR on bulk RNA recapitulates kinetics from imaging experiments. RT-qPCR was performed for an up-
stream (red) and a downstream (blue) region of GREB1 (the location of qPCR products and the PP7 knock-in 
is shown along the GREB1 gene structure above). Shaded areas denote standard deviation from triplicates. 
The time of crossing 3-fold induction and the delay between the two PCR products is indicated. 

The second model prediction was a strong variability in the time to the first burst as a re-

sult of a single rate-limiting step in the switch to an active promoter state. Indeed, individ-

ual cells differed widely in their response-time, with some cells responding within 

20 minutes, while it took more than 60 minutes for others, and even longer in case of 

10 pM induction. I wanted to test whether this response-time variability is better repro-

duced by a two-state promoter model as compared with a large (ten-state) promoter cycle. 

Hence, both model topologies were fitted separately to the induction datasets using SMC 

ABC. The fitting was performed as described earlier for the E2 dose-response, but during 

stochastic simulations, all cells were modeled to initially reside in the first OFF-state and 

were only allowed to progress to the next promoter states after stimulation. For both da-

tasets, the two-state model provided a better fit (Figure 34A). Furthermore, the stochastic 

simulations of all particles were analyzed for their response-time heterogeneity within the 

cell population, which was quantified as the coefficient of variation (CV, standard devia-

tion/mean). The CV is expected to be close to one for a single rate-limiting step in gene 
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reactivation when the response-times follow an exponential distribution but would be lower 

(more synchronous timing) in larger models in which the stochastic timing of individual 

steps is averaged. Indeed, the experimental data and simulations of the two-state models 

had a CV close to one, while ten-state model simulations had lower values (Figure 34B). 

 
Figure 34: Small promoter models recapitulate experimental response-time heterogeneity. 
(A) Distributions of particle distances after SMC ABC on 10 pM (blue) or 1000 pM (yellow) E2 induction da-
tasets. The model topology was kept fixed at a two-state (“1-1 5”) or ten-state (“1-9 5”) model. A two-state 
promoter model yields a better approximation for both induction datasets. (B) Response-time heterogeneity in 
a two-state model is similar as in the data. Response-times were extracted from simulated induction experi-
ments for all posterior particles of the SMC ABC fit. The boxplots show the distribution of coefficients of varia-
tion (CV) in the response-times over all posterior particles (central line: median, box: 25 % and 75 % percen-
tiles, whiskers: 5 % and 95 % percentiles). Experimental CVs are indicated as dashed lines with shaded areas 
denoting standard deviation from bootstrapping. 

This suggests, that the variability in response-times is best explained by few rate-limiting 

steps in gene reactivation. As noted above, the slightly slower response-time as com-

pared to steady-state measurements argues for a delay, e.g. from signaling or opening of 

promoter chromatin. This, in turn, indicates further steps during reactivation, but apparent-

ly, the analysis of response-time heterogeneity is not sufficient to discriminate this. Taken 

together, the experiments under synchronization conditions provided another independent 

confirmation of the selection of small promoter models in addition to the exponentially dis-

tributed waiting times (see 2.5.2). 

2.8 GREB1 transcription requires multiple acetylation events 

The unifying model for estrogen-dependent transcription consists of two promoter states, 

in which E2 promotes the transition to a transcriptionally active state. However, the molec-

ular nature of the promoter states and the reactions needed to switch between them can-

not be resolved by the model, and rather necessitate perturbation experiments. I sought to 

understand which processes are involved in establishing a transcriptionally permissive 

state. To this end, I used small-molecule inhibitors to perturb the dynamics of GREB1 

transcription and determined their effect on transcriptional output. I selected inhibitors that 

target either estrogen signaling directly, or are associated with protein acetylation, which 

is relevant, for example in chromatin-mediated regulation of gene expression. 
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Inhibitors of estrogen signaling were chosen as controls that are known to down-regulate 

ERα target genes. Two anti-estrogens, ICI 182,780 and 4-Hydroxy-Tamoxifen (OHT), as 

well as the proteasome inhibitor MG132, were used. They either directly bind to ERα and 

act as an antagonist (Wakeling et al. 1991, Ward 1973), or inhibit proteasome-mediated 

degradation of ERα, which is known to impair estrogen signaling (Reid et al. 2003). I test-

ed various concentrations of the inhibitors and determined the effect on GREB1 nascent 

transcription by high-content imaging at a high concentration of E2 (100 pM) (Figure 35A). 

As expected, all three molecules led to decreased spot intensities and their IC50 was in the 

nanomolar range. While the two anti-estrogens almost completely abolished transcription, 

proteasome inhibition only reduced spot intensities by 80 % (Figure 35A, top). The inhibi-

tory effects as such are not surprising, yet, it is interesting that the inhibition did not affect 

all cells similarly. Even at high concentrations of inhibitors, 20 % (ICI) or even 40 % (OHT 

and MG132) of cells still showed transcriptional activity (Figure 35A, bottom). This result is 

remarkable, as it suggests that the response to inhibitors is variegated and not all cells are 

targeted, which has implications on the efficacy of anti-cancer treatments. The results also 

highlight the power of high-content imaging in single cells to assess perturbations and 

heterogeneity at the level of nascent transcription. Furthermore, it motivates to test more 

inhibitors for their effects on E2-dependent transcription. 

With a second set of small molecule inhibitors, I assessed the importance of protein acety-

lation for estrogen-dependent transcription. Acetylation of histones is associated with 

open chromatin and active transcription (Kouzarides 2007), and these marks can serve as 

a specific signal for binding of regulatory proteins. Deacetylation of histones as well as 

acetylation of ERα itself are associated with estrogen-dependent transcription (Reid et al. 

2005, Wang 2001) and hence, might influence bursting. Furthermore, recent studies 

showed an influence of chromatin-associated processes in regulating burst sizes and/or 

frequencies (Suter et al. 2011, Vinuelas et al. 2013). I chose two histone-deacetylase 

(HDAC) inhibitors, the carboxylate butyrate and the hydroxamic acid Trichostatin A (TSA), 

as well as one histone-acetyltransferase (HAT) inhibitor, C646, to assess the role of set-

ting and erasing acetylation marks on proteins, respectively. Furthermore, I investigated 

whether binding to acetylated histones is important using the bromodomain inhibitor 

PFI-1. 

In agreement with a previous study (Reid et al. 2005), treatment with HDAC inhibitors in-

hibited GREB1 transcription (Figure 35B). At high concentrations of TSA or butyrate, 

GREB1 transcription was essentially absent. Thus, a critical step in transcriptional activa-

tion of GREB1 by ERα relies on deacetylation of proteins. Accordingly, the opposite effect 

was observed for inhibition of the HAT p300 through C646: although transcription site in-

tensities were almost saturated at 100 pM E2, treatment with C646 further elevated tran-

scriptional output of GREB1 (Figure 35B). These two observations suggest that protein 

acetylation negatively affects estrogen-dependent transcription. However, linking these 

inhibitor results to chromatin-dependent molecular processes is not straightforward be-

cause not only histones are post-translationally modified. ERα itself is acetylated by p300, 
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which leads to a decreased sensitivity for E2 and increased transcription (Wang 2001). 

Indeed, I observed that treatment with C646 increases the sensitivity for E2 (EC50 = 7 pM) 

when compared to the DMSO control (EC50 = 25 pM). Hence, the increase in transcrip-

tional output upon C646 treatment is due to an increased sensitivity for E2, whereas the 

maximal transcriptional output remains essentially unchanged (Figure 35C). 

 
Figure 35: Effect of small-molecule inhibitors on E2-dependent transcription. (A) MCF7–PCP_GREB1_ 
ex2_c16_Cre cells were grown at 100 pM E2, treated with inhibitors of estrogen signaling for four hours, and 
fixed prior to high-content imaging. Mean transcription site intensities (top) and percent of cells with transcrip-
tion sites (bottom) are plotted, with error bars denoting standard deviation over all cells from two biological 
replicates (one replicate for ICI and OHT). The indicated IC50 was estimated by fitting a four-parameter Hill 
equation. All three inhibitors reduce estrogen-dependent transcription. (B) As in panel A but for inhibitors of 
protein acetylation-related processes. Inhibition of deacetylation and binding to acetylated residues inhibits 
transcription, while inhibition of acetylation increases transcriptional output. (C) Effect of acetylation-related 
inhibitors on E2 dose-response. Same as in panel A but with varying E2 concentrations at low doses of inhibi-
tors. EC50 is indicated. Only C646 affects E2-sensitivity, leading to a lower EC50 value. 

I further assessed the role of binding to acetylated proteins by treatment with PFI-1. This 

molecule binds to bromodomains, and inhibits their binding to acetylated lysine residues in 

histones H3 and H4 (Picaud et al. 2013). Hence, it allows for conclusions on the role of 

acetylation “readers”. PFI-1 treatment reduced the observed spot intensities dramatically 

and affected almost all cells, while E2-sensitivity was unaltered (Figure 35B-C). This sug-

gests that binding of acetylated lysine residues is as important for GREB1 transcription as 

deacetylation and further highlights the role for protein acetylation in estrogen-dependent 

transcriptional activation. 

The inhibitor datasets indicate that protein acetylation is critical for multiple molecular pro-

cesses during transcriptional initiation: (I) HDAC activity controls the amplitude of the tran-

scriptional output, with removal of an acetylated residue being important for transcription. 

(II) In addition, PFI-1 treatment revealed that binding of acetylated residues is likewise es-

sential for proper RNA production. Hence, deacetylation and binding seem to affect func-
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tionally opposing steps—and likely two different acetylation sites—that are important in 

regulating transcriptional output. Interestingly, both of these processes seem independent 

of the applied E2 concentration, as the E2-sensitivity for GREB1 was unperturbed in both 

conditions (Figure 35C). (III) The acetylation of proteins (probably ERα) through p300 

regulates E2-sensitivity independently of RNA output, highlighting another acetylation step 

that is required in native estrogen signaling. Taken together, perturbation experiments 

suggest that multiple independent (de-)acetylation events determine transcriptional output 

from the GREB1 locus. Such multi-step behavior was not identified through mathematical 

modeling and suggests that these processes are either not rate-limiting or too fast to be 

observable with the time-resolution and gene structure used in the experiments. 

2.9 HDAC inhibition uncouples noise from mean expression 

2.9.1 Expression noise and mean are inversely related during E2 titration 

Gene expression noise can be quantified by the squared coefficient of variation 

(CV2 = variance/mean2). Analytical calculations revealed that intrinsic noise scales in-

versely with the mean expression level for a two-state transcription model, when mean 

expression is only controlled by the burst frequency (Singh et al. 2010, Swain et al. 2002). 

The position of the resulting noise-mean trajectory is then only dependent on the burst 

size (dashed lines in Figure 36A). 

 
Figure 36: Decomposition of total noise reveals a dominance of intrinsic noise in promoter bursting. 
(A) Intrinsic noise scales inversely with mean transcript levels. Intrinsic noise was obtained by subtracting ex-
trinsic from total noise (see Methods); both calculated from live-cell imaging datasets shown in Figure 18. Er-
ror bars denote standard deviation from bootstrapping. Dashed lines are inverse functions that describe the 
ideal behavior of pure burst frequency modulation in which the distance to the origin increases with burst size. 
(B) Extrinsic noise component is much lower than the intrinsic noise. The increase at low E2 concentrations is 
likely a result of the limited observation time. 

To analyze the dependence of intrinsic noise on mean expression level, the total observed 

noise was subdivided into contributions from intrinsic and extrinsic sources. Extrinsic 

noise was estimated from the CV2 of the area under curve over all cells, as this time aver-

aging removes most of the intrinsic noise. Intrinsic noise was then calculated as the differ-

ence of extrinsic and total noise. Intrinsic noise was much larger than extrinsic noise 

across all datasets (Figure 36), highlighting the strong contribution of bursts to the overall 

noise in nascent transcription. Furthermore, intrinsic noise was observed to be inversely 
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related to mean expression as it followed a trajectory of equal burst size for all E2 concen-

trations (Figure 36A). This observation further, and independently, supports the frequen-

cy-modulated transcriptional regulation by estrogen. 

Interestingly, also the extrinsic noise term decayed as the mean expression increased 

(Figure 36B). This may be caused by the limited observation period, in which long OFF-

times at low E2 concentrations result in intrinsic fluctuations that cannot be completely av-

eraged out during estimation of extrinsic noise. Furthermore, I cannot rule out feedback 

mechanisms, for example when genes involved in estrogen signaling are themselves reg-

ulated by E2 and hence, have different noise characteristics at different induction levels. 

Also, the cell cycle is regulated by estrogen (Prall et al. 1998), such that at low E2 concen-

trations cells progress slower through the cell cycle, eventually leading to an arrest in G0 

when E2 is withdrawn. At the same time, the cell cycle affects estrogen-dependent tran-

scription (Dalvai & Bystricky 2010). Hence, cell cycle regulation could act as another 

feedback mechanism, resulting in differences in extrinsic noise levels. 

2.9.2 HDAC inhibition shifts noise-mean trajectory to lower noise levels 

Snapshot measurements identified several acetylation-dependent events that are im-

portant for a proper transcriptional response to E2 (see 2.8). As bursting ultimately dictates 

the characteristics of transcriptional noise, changes in intrinsic expression noise reflect 

altered bursting kinetics. 

To study the effect of perturbations on expression noise, transcriptional dynamics were 

quantified at 20 pM E2 with three inhibitors (butyrate, PFI-1, and C646), in concentrations 

that still allowed visualization of transcription sites, and with DMSO as a solvent control. 

The raw data (Figure 37A) revealed that, as compared with the DMSO control, transcrip-

tional output is decreased in butyrate and PFI-1 treated cells, and increased with C646 

treatment, similar to the high-content imaging experiments described in section 2.8. 

I calculated intrinsic and extrinsic noise terms from these live-cell imaging experiments 

(Figure 37B-C). C646 treatment led to a slight increase in mean expression, while noise 

decreased along a curve that is theoretically expected for constant burst size. This sug-

gests that C646 modulates burst frequency, similar to E2, in line with the results from high-

content imaging (Figure 35C), which suggested that C646 leads to an increased sensitivi-

ty for E2. In contrast, butyrate treatment decreased mean expression levels without signifi-

cantly increasing noise. PFI-1 treatment had similar effects, although less pronounced, 

probably because the chosen concentration was too low. Both molecules shifted the posi-

tion on the noise-mean plot to curves with lower burst sizes, indicating that they primarily 

reduce burst size. 
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Figure 37: Inhibitor treatments affect noise-mean relation in E2-dependent gene expression. 
(A) Fluorescence intensities of transcription sites of MCF7-PCP_GREB1_ex2_c16_Cre cells grown at 20 pM 
E2 and treated with the inhibitors as indicated. Cells are sorted for the total RNA output from low (top) to high 
(bottom). (B) Intrinsic noise was quantified from the datasets in panel A. Error bars denote standard deviation 
from bootstrapping. Dashed lines indicate different burst sizes (same as in Figure 36A to aid comparison with 
E2 titration). Low concentrations of butyrate (NaBu) and PFI-1 reduce expression with limited effects on noise. 
(C) Extrinsic noise component for experiments in panel A. 

To validate the effect of inhibitor treatments on burst frequency and burst size that was 

apparent from noise-mean scaling, the model fitting procedure using SMC ABC was ap-

plied, separately for each condition. The posterior distributions (Figure 38A) revealed a 

decrease in burst size for butyrate as compared to the DMSO control, while OFF-times 

were only slightly changed. Similar shifts in the parameter posterior distributions were ob-

served for PFI-1 treatment. These results confirmed that butyrate treatment reduces the 

size of GREB1 transcriptional bursts, providing an explanation for the reduced intrinsic 

noise levels as compared to E2 concentrations giving rise to the same mean expression. 

The C646 dataset in contrast, was best fit with lower OFF-times and higher burst sizes as 

compared to the DMSO control, supporting the assumption of modified burst frequency. 

As a further validation, I extracted burst features from raw trajectories as in section 2.5.2 

(Figure 38B) and the trends within the shifts of the distributions were observed to agree 

well with the results from SMC ABC. 
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Figure 38: Small molecule inhibitors of protein acetylation alter dynamics of transcriptional bursting. 
(A) Parameter posterior distributions over all particles after SMC ABC fitting of the inhibitor datasets 
(box = 25 % to 75 % percentile, line = median, whiskers = 5 % to 95 % percentile). (B) Features were extract-
ed from raw trajectories as in Figure 19A. The mean of the distribution is indicated (dashed lines). Exponential 
distributions with the same mean are shown in red. 

Taken together, changes in posttranslational protein modifications influence the dynamics 

of transcriptional bursts and the resulting intrinsic noise. The implications of these findings 

are striking: the modulation of burst frequency through ERα entails a characteristic noise-

mean scaling with high expression noise at low levels of expression. However, control of 

burst size through altered protein deacetylation or acetyl-binding can modulate this partic-

ular noise level, such that a low-noise regime can be obtained for a gene, depending on 

the needs of the cell. Thus, protein acetylation levels allow for fine-tuning of transcriptional 

output and associated noise, independent of the estrogen stimulus. 
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3 Discussion 

Transcription is the major regulator for the production of cellular constituents and as such, 

tight regulation is necessary to ensure cellular function. However, stochastic effects and 

discontinuities in RNA production act to hinder consistent gene output, which results in 

heterogeneity between cells. It is essential to characterize and understand transcriptional 

regulation in such a stochastic setting, to comprehend sources and consequences of cel-

lular heterogeneity in development and disease. 

This thesis examined how cells control transcriptional bursts to adapt gene output to es-

trogenic signals and to describe how inherent expression noise arises and is regulated by 

the cell. Labeling and observation of nascent transcription of the estrogen-sensitive 

GREB1 locus in living cells was used to inform mathematical models of transcription. In 

consequence, a unifying model was derived that describes transcriptional behavior under 

various experimental conditions (Figure 39). It revealed that cellular state affects gene ex-

pression on long time-scales, while intrinsic, bursting-related fluctuations dominate on 

short time-scales. Below, I will compare such a model with other examples of transcrip-

tional regulation reported in the literature. I will discuss whether models of transcriptional 

behavior can be generalized to other genes and how the cellular state could affect ex-

pression. I will speculate on molecular mechanisms and about consequences of expres-

sion noise on cellular function and heterogeneous cancer growth. 

 
Figure 39: Regulation and noise in estrogen-dependent transcription of GREB1. 

3.1 Two promoter states in GREB1 transcriptional dynamics 

GREB1 transcripts were observed to be produced in bursts throughout experimental con-

ditions. Such behavior was similarly reported for other genes in various organisms (Chubb 

et al. 2006, Fukaya et al. 2016, Larson et al. 2011, 2013; Suter et al. 2011) and seems to 

be the predominant mode of transcription in human cells (Dar et al. 2012). The simplest 

model that allows for the occurrence of transcriptional bursts is one in which the promoter 

exists in two distinct states, an active and an inactive one. This so-called “random-

telegraph” model (Paulsson 2005) has been used widely to model stochastic transcription 

and associated cell-to-cell variability (Raj et al. 2006) and was found to be sufficient for 
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explaining the estrogen-dependent transcription datasets in this thesis. In contrast, a sim-

pler non-bursting, one-state model with constitutive activity, that is for example observed 

for housekeeping genes in budding yeast (Zenklusen et al. 2008), shows less variability in 

total RNA numbers per cell and is inappropriate to describe bursty genes. Extensions and 

variations of the two-state model exist in numerous flavors. Corrigan et al. (2016) propose 

a time-varying initiation rate instead of a strict separation of active and inactive periods for 

their observations on bursts in actin gene transcription in Dictyostelium. Their model al-

lows for active periods with variable transcriptional output, such that it can explain tran-

scriptional behavior in more detail, but it is also more complex, as it requires additional 

parameters. The two-state model that was chosen by model selection in this thesis is suf-

ficient to explain the acquired data, but much simpler than the Corrigan model, making it 

more robust to parameter estimations. 

Instead of varying kinetic parameters, other studies extended the random-telegraph model 

through incorporation of additional active or inactive promoter states. They were either 

added as a linear chain with reversible transitions between states (Neuert et al. 2013, 

Senecal et al. 2014), for example, to allow for multiple ON-states with distinct activity. Al-

ternatively, promoter states were added to form a promoter cycle in which states are cycli-

cally and irreversibly traversed as a ratchet-like process (Lemaire et al. 2006, Schwabe et 

al. 2012, Suter et al. 2011, Zoller et al. 2015). Such additional states lead to refractory pe-

riods after activation, in which the promoter cannot immediately be reactivated (Suter et 

al. 2011). This second extension to the random-telegraph model was used in my thesis, 

when cyclical promoter models with up to 10 states (Figure 24) were fitted to measured 

transcription data. Interestingly, the simple two-state promoter cycle best explained the 

observed fluorescence trajectories and intrinsic noise. A two-state model suggests that 

GREB1 transcription does not have refractoriness or memory in reactivation, perhaps to 

allow for fast adaptation to estrogen signals. 

More strikingly, large promoter cycles did not yield a good fit for GREB1, though they were 

needed to explain cyclical patterns of protein occupancy at other estrogen-sensitive pro-

moters (Lemaire et al. 2006). In line with the preference for small promoter model topolo-

gies, extracted OFF-times were exponentially distributed (Figure 19C). Furthermore, my 

experiments in synchronized cells showed a rapid upregulation of transcription upon ex-

posure to E2, but no coherent cycles of RNA production (Figure 33). Such discrepancy 

could occur because single-cell transcription and biochemical ensemble experiments like 

ChIP (Métivier et al. 2003, Shang et al. 2000, Sun et al. 2007) measure different aspects 

of transcriptional regulation (i.e. promoter opening vs. nascent transcription). On the one 

hand, not every association of transcription factors and cofactors detectable by ChIP has 

to be productive and lead to RNA production. On the other hand, only a subset of cells 

might contribute to the observations at the population level, while single-cell experiments 

observe the entire heterogeneous population. Furthermore, the ordered, cyclical recruit-

ment of cofactors were observed at the TFF1 locus and might only be prevalent at a sub-

set of estrogen-dependent genes, with GREB1 not being one of them. Indeed, individual 

genes can differ in their promoter model topology (Zoller et al. 2015) and a single tran-
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scription factor can lead to remarkably different transcriptional outcome at the single-cell 

level, depending on the promoter sequence (Carey et al. 2013). 

Through perturbation experiments, I identified that multiple acetylation-dependent bio-

chemical reactions are present during the ON-state, as inhibition of deacetylation and in-

hibition of acetyl binding reduced transcriptional outcome (Figure 35). It seems plausible 

that the ON-state consists of multiple steps, as the assembly of a functional transcriptional 

complex itself and firing of polymerases are multi-step processes. However, model fitting 

only identified a single rate-limiting step determining the lifetime of an active state. Appar-

ently, all other reactions are much faster, such that they do not contribute significantly to 

the ON-time and were hence not identifiable. Similar conclusions hold for the transcrip-

tionally inactive OFF-phases, which are as well characterized by a single rate-limiting 

step. However, they probably also contain additional, non-identifiable fast reactions, and 

these would be beneficial in combinatorial control of the transcription cycle (Scholes et al. 

2017). Indeed, at high E2 concentrations, when OFF-times are sufficiently short, additional 

states were also able to describe experimental data, as the model selection also infre-

quently chose bigger promoter cycles with multiple OFF-states (Figure 30B). This sug-

gests that the rate-limiting step is no longer much slower than other events under these 

conditions. 

3.2 Molecular nature of promoter states 

A question that immediately arises from the proposed two-state model is that of the mo-

lecular nature of each state. Many studies tried to elucidate molecular determinants of 

bursts and revealed the importance of genomic position, binding and intracellular localiza-

tion of transcription factors, polymerase re-initiation, and chromatin for burst properties in 

eukaryotes (reviewed in Lenstra et al. 2016). The definition of promoter states by chroma-

tin seems tempting because unstable and reversible protein complex assembly could be 

translated into a metastable chromatin state (Schwabe et al. 2012). Such states could be 

characterized by a set of histone and DNA modifications, as well as the presence and po-

sitioning of nucleosomes. For example, repressive histone marks could lead to more 

compact, inaccessible chromatin at a promoter during an OFF-state. Similarly, nucleo-

somes could occupy transcription factor binding sites to preclude transcription factor bind-

ing. The role of chromatin in transcriptional bursting is exemplified by a study that showed 

no bursting (i.e. continuous transcription) when a transgene was expressed from a plas-

mid but bursty expression after integration into the genome (Larson et al. 2013). Further-

more, chromatin associated processes are critically involved in dynamic estrogen-

dependent transcription (Kangaspeska et al. 2008, Métivier et al. 2003, 2008; Shang et al. 

2000, Sun et al. 2007). 

Through perturbation experiments, I identified a role for protein deacetylation during tran-

scriptionally permissive phases (Figure 35). In addition, the active state is characterized 

by an acetylated residue, which has to be bound via bromodomains to allow for transcrip-

tional activity. As such, I unambiguously identified a role for protein acetylation in distin-

guishing transcriptional permissiveness and inactivity of a promoter. However, the multi-
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tude of histone and non-histone targets of acetylation do not allow conclusions to be made 

about specific protein targets. Other studies also used perturbation of histone acetylation 

and found that bursting kinetics are affected, though with different outcome depending on 

the gene and experimental system. For instance, Suter et al. (2011) report longer duration 

of OFF-periods after TSA treatment at a prolactin promoter, and at the same time longer 

durations of ON-periods for an artificial promoter, while Vin�uelas et al. (2013) report main-

ly an increase in burst frequency upon HDAC inhibition. It seems that each gene uses dif-

ferent combinations of chromatin marks and promoter-specific transcription factors to de-

fine transcriptional states. This raises the question of how my results on the GREB1 pro-

moter would generalize to other genes. Even among E2-dependent genes only a subset is 

repressed upon inhibition of HDAC activity, while others increase their expression (Reid et 

al. 2005). It seems that chromatin marks can achieve different outcomes at different 

genes, depending on promoter sequence and accessibility for transcription factors or co-

factors. 

In the model of estrogen-dependent promoter cycling, in which many biochemical steps 

lead to gene activation (Métivier et al. 2003), the inhibition of a single step would be detri-

mental for expression, largely independent of where in the cycle inhibition occurs. Given 

the multiple enzymatic activities involved at estrogen-dependent promoters, it is likely that 

inhibitors of histone methylation or DNA methylation would reveal further molecular char-

acteristics that define transcriptional states. However, the nature of experiments in which 

enzymes are inhibited that act on multiple substrates precludes the identification of exact 

reactions. Likewise, the combinatorial complexity of chromatin marks is not accessibly 

through inhibitors. Additional, target-specific perturbations would be needed to define the 

molecular state of transcriptionally permissive chromatin. For example, one could mutate 

amino acid residues in target proteins such that they cannot be post-translationally modi-

fied. In addition, knockdown or knockout of genes, e.g. bromodomain-containing genes, 

would be more specific in identifying molecular targets of inhibitors. To link transcriptional 

output with specific chromatin modifications at the promoter it would be necessary to 

measure both aspects simultaneously in the same cell at a single locus. Chromatin modi-

fications can be assessed at a specific locus using a combination of in-situ hybridization 

and proximity ligation (Gomez et al. 2013). In combination with nascent RNA imaging one 

could correlate promoter chromatin with transcriptional activity. However, this technique is 

limited to snapshot analyses, as it requires fixation of cells. Recently, a fluorescence com-

plementation based method was developed, which provides an approach to detect chro-

matin modifications at specific sites in live cells (Lungu et al. 2017). Simultaneous live-

imaging of promoter chromatin and associated RNA output is therefore within reach and 

will provide exciting insights into gene regulation. 
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3.3 Estrogen modulates frequency of transcriptional bursts 

Transcriptional bursts achieve a desired expression level by turning two “dials”: either the 

number of bursts over time, i.e. the burst frequency, is varied, or the RNA production from 

each burst, i.e. the burst size, is altered. It was one aim of this thesis to reveal the regula-

tory principle in endogenous estrogen-mediated gene activation. 

In case of GREB1, estrogen titration experiments revealed that expression is changed 

through modulating the frequency of gene activation. This is apparent through shortening 

of time intervals between bursts with increasing E2 concentration, as shown by direct ex-

traction from the raw fluorescence trajectories (Figure 19C). Furthermore, the posterior 

distributions of individual (Figure 30A) and global fits (Figure 32C), as well as response-

times after E2 starvation in single cells and cell populations (Figure 33), supported this 

finding. Frequency modulation was already postulated decades ago for nuclear receptor-

mediated gene regulation (Ko et al. 1990) and recently confirmed by nascent transcript 

imaging of an insect hormone-controlled transgene (Larson et al. 2013). The results of my 

thesis add another example of direct observation of frequency-modulated transcription, 

but for a physiological signaling pathway at an endogenous locus within an unperturbed 

chromatin environment. Therefore, I provide strong evidence that frequency modulation is 

indeed a relevant regulatory mechanism. A common theme for nuclear receptor-mediated 

transcription seems that they promote the formation of a transcriptionally competent pro-

moter state, thereby, controlling the kinetics of gene activation, but not inactivation. It 

seems plausible that a stimulus increases the probability that a promoter becomes per-

missive and once this commitment is made RNAs are produced. An altered frequency of 

activation leads to shorter response-times at high stimulus levels (Figure 33), but at the 

same time limits the amount of energy-dependent chromatin changes when stimulus is 

low. Interestingly, this regulatory principle further entails that expression noise decreases 

with increasing stimulus (Figure 36A). As I reveal the regulatory mechanism of estrogen, 

this thesis provides the basis for further studies on the gene-regulatory effect of pharma-

cological intervention targeting ERα. 

Again, the question arises which specific molecular event characterizes the rate-limiting 

step in gene activation that is controlled by estrogen. The simplest biochemical explana-

tion is that this transition coincides with the binding of the ligand-receptor complex to the 

response elements on the DNA. Higher concentrations of E2 would shift the binding equi-

librium such that ERα shows longer residence times or more frequent binding, the latter 

coinciding with burst frequency modulation. Residence times of nuclear receptors were 

measured by photobleaching on promoter arrays (summarized by Darzacq et al. 2009) 

and by single-molecule tracking (Groeneweg et al. 2014) and are reported to be less than 

10 seconds. This is much shorter than the measured ON-times in GREB1 transcription, 

which have a mean duration of 10 minutes when extracted from the raw data (Figure 19C) 

and are also below the mean ON-time from parameter posteriors of SMC ABC of about 

one minute (Figure 30A and 32C). It seems more likely that ERα binds frequently to DNA, 

but these interactions are short-lived and most often unproductive. This means that only 
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few of them initiate further biochemical reactions in the transition to a transcriptional active 

template (Métivier et al. 2006), similar to studies in yeast (Karpova et al. 2008, Poorey et 

al. 2013). Increased binding frequency or duration of ligand-receptor complexes would 

then increase the chance that such a productive event happens. However, the nature of 

the molecular event that characterizes a productive interaction remains unclear. It is 

tempting to speculate that chromatin plays a role because histone posttranslational modi-

fications could persist even when the enzymes that set them only transiently interact in a 

“hit-and-run” mechanism (McNally 2000, Rigaud et al. 1991). Indeed, I found that histone 

acetylation is important for proper GREB1 RNA production from an active state. Another 

possibility for persisting changes after short-lived interactions is chromatin remodeling, for 

example through removal of nucleosomes, with subsequent assembly of the transcription 

machinery. This step was found to be rate-limiting for the expression of the PHO5 gene in 

yeast (Mao et al. 2010). 

The role of transient transcription factor interactions with DNA in determining burst fre-

quency are supported by studies that suggest that enhancers control burst frequency. En-

hancers are short distal regulatory elements, which contain binding sites for diverse tran-

scription factors and it has been proposed decades ago that they increase the probability 

of expression rather than its level (Walters et al. 1995, Weintraub 1988). Recent studies 

provide direct evidence for frequency regulation by live-cell imaging (Fukaya et al. 2016), 

and suggest that chromatin looping is important for mediating these effects (Bartman et al. 

2016). GREB1 has indeed a large enhancer region with multiple estrogen response ele-

ments, which loops to the promoter in an estrogen-dependent manner (Deschênes et al. 

2007, Fullwood et al. 2009, Sun et al. 2007). As such, the enhancer regulation of GREB1 

bursting requires chromatin looping to the promoter, which could also be a rate-limiting 

step in gene activation. 

A regulatory mechanism in which the burst frequency is regulated by the concentration of 

active ligand-receptor complexes means that the burst size can be used for gene-specific 

tuning of expression. In this scenario, two genes would respond with the same dose-

dependency but could still achieve different mean expression levels. Indeed, burst fre-

quency and burst size can be tuned independently: Senecal et al. (2014), for example, 

demonstrated that transcription factor concentration affects burst frequency, while the du-

ration of DNA binding and strength of the activator domain affect burst size. In line with 

these results, Suter et al. (2011) described that burst size depends on number and affinity 

of transcription factor binding sites. In this thesis, I further identified the importance of pro-

tein (and likely histone) deacetylation and acetyl binding in the regulation of burst size. 

Hence, the locus-specific chromatin environment is also regulating RNA production from a 

permissive promoter state. It would be interesting to study other estrogen-dependent 

genes with distinct expression levels to reveal whether at a given E2 concentration, target 

genes show similar burst frequencies but different burst sizes. Results from Larson et al. 

(2013) hint at such an effect. Different integration sites of a transgene showed five-fold 

difference in transcription, while the steroid hormone-controlled burst frequency remained 

unaltered. Furthermore, the analysis of different genes might reveal to what extent the en-
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hancer configuration influences burst frequency. Taken together, transcriptional bursting 

provides a means for uncoupling gene-specific expression level and signal-dependency. 

3.4 Chromatin control of intrinsic expression noise 

The possibility to control burst size and burst frequency independently is also important 

when regulation of noise in gene expression is desired. Low levels of noise are for exam-

ple required for a housekeeping gene, whose expression cannot drop below a critical lev-

el. In contrast, transcription factors that regulate differentiation might be noisier to provide 

stochastic cell fate decisions. Independent control of size and frequency of bursts allows 

to achieve the same expression level through different combinations these parameters. 

Because a given combination of burst frequency and burst size entails a specific intrinsic 

noise level, such dual control allows gene-specific noise regulation (Bar-Even et al. 2006). 

Indeed, burst size and burst frequency were observed to differ between genes (Dey et al. 

2015, Molina et al. 2013, Suter et al. 2011) and to depend on the genomic location (Dar et 

al. 2012, Skupsky et al. 2010), suggesting that cells precisely control noise levels. 

In case of my model system of signal-dependent transcriptional regulation, I observed an 

inverse noise-mean scaling in GREB1 transcription (Figure 36), which results from chang-

es in burst frequency across different levels of induction. Hence, noise is larger at low 

concentrations of estrogen and decreases at higher concentrations. It remains unclear 

whether frequency modulation passively entails this noise behavior or whether evolution 

preferred this specific noise-mean scaling and hence, frequency modulation was chosen 

as a regulatory principle. Clarifying such evolutionary questions is difficult. I could shift the 

specific noise-mean trajectory in estrogen-dependent transcription to lower noise levels 

through burst size reduction after HDAC inhibition. As such, I revealed a role for chromatin 

in specifying noise in gene expression. In fact, other studies also reported the depend-

ence of gene expression noise on chromatin, for example, higher noise from repressed 

chromatin (Dey et al. 2015), altered burst sizes depending on the presence or absence of 

nucleosomes (Hornung et al. 2012), or changes upon treatment with inhibitors of chroma-

tin modifying enzymes (Viñuelas et al. 2012). It is possible that the observed effect of 

HDAC inhibition is limited to a subset of estrogen-responsive genes, as effects on other 

genes are diverse. Often, HDAC inhibition leads to transcriptional upregulation, for exam-

ple through increased burst sizes (Harper et al., 2011), but it can also be neutral, as intrin-

sic noise in Nanog expression is not affected (Ochiai et al., 2014). 

Chromatin-mediated burst size control can alter gene expression independent of the burst 

frequency, but with a different noise-mean scaling: It is mainly the frequency of bursts that 

tunes noise levels, and burst size has only limited effects (Hornung et al. 2012). For es-

trogen-dependent transcription, in which the stimulus determines the burst frequency, the 

noise level would be determined by the stimulus such that noise and mean would not be 

independently controllable anymore. Further control of intrinsic noise can be achieved with 

additional states in the promoter cycle. Extra states produce more precise durations of 

active and inactive phases, which result in lower noise levels (Schwabe et al. 2012, Zhang 

et al. 2012). GREB1 only has two rate-limiting steps in its promoter cycle and a two-state 



DISCUSSION 67 

model produces the highest intrinsic noise level. Hence, the GREB1 promoter does not 

seem to be optimized for low expression noise. 

In summary, promoter cycle topology with orthogonal control of burst size and frequency 

results in a specific noise level to occur for each gene at the level of nascent transcription. 

Post-transcriptional processes, such as RNA export, stability, and translation could then 

further modulate and reduce noise during propagation to protein levels (Stoeger et al. 

2016, Thattai & van Oudenaarden 2001). 

3.5 Extrinsic noise contribution to cell-to-cell variability 

In the previous section, I discussed cellular control of intrinsic noise caused by transcrip-

tional bursting itself. In addition, I observed strong cell-to-cell variability in long-term tran-

scriptional output that is apparent when intrinsic noise is averaged out. Hence, burst pa-

rameters are additionally modulated by the cellular state (Figure 39). This effect had to be 

considered during stochastic modeling and indeed provided a better description of the da-

ta (Figure 26). 

The first question that arises is how cellular state modifies burst characteristics to achieve 

differences in transcriptional output. As I directly observed the earliest phase of gene ex-

pression, posttranscriptional processes could be immediately ruled out as a potential 

source. Analysis of time-course features (Figure 20B) and model fitting (Figure 30B) re-

vealed that the initiation rate and elongation kinetics differed between cells and caused 

the unequal transcriptional output. Indeed, initiation and elongation have been described 

to vary between cells. Annibale & Gratton (2015) for example, showed that elongation rate 

from a transgene array can vary ten-fold between cells, while das Neves et al. (2010) 

showed similar variation in elongation throughout the nucleus using photobleaching exper-

iments of RNA PolII. It should be noted however, that the fitted GREB1 elongation kinet-

ics, which are captured in the rate kelong, are not only determined by polymerase progres-

sion, but also by post-initiation processes such as polymerase pausing, splicing, or tran-

script retention, and that these additional steps contribute as well to the observed variabil-

ity in elongation kinetics. In accordance with my observations, also the initiation rate was 

already reported to differ between cells and to account for most of the observed extrinsic 

noise in yeast (Sherman et al. 2015). 

Initiation and elongation are regulated by the cellular state, but how this is achieved 

mechanistically remains unclear. A local, chromatin-dependent process (Jonkers & Lis 

2015) can be excluded, because two alleles within the same cell correlate in long-term 

transcriptional output and in initiation rate (Figure 22B). This rather hints at a diffusible 

trans-acting factor that influences initiation and elongation rates globally. Cell cycle, vol-

ume, metabolic state, upstream signaling, and microenvironment are candidate mecha-

nisms for global gene regulation (Battich et al. 2015, Padovan-Merhar et al. 2015, Skinner 

et al. 2016, Stewart-Ornstein et al. 2012). Battich et al. (2015) indicate that steady-state 

RNA levels are largely predictable for most genes, when image-based features such as 

nuclear and cellular morphology, mitochondrial content, or population context are consid-
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ered. Hence, the cellular state strongly contributes to and determines population hetero-

geneity. Even though such analyses of RNA numbers do not reflect instantaneous gene 

activity because of buffering by posttranscriptional processes and the presence of multiple 

alleles, their study highlighted that morphological features correlate with transcript levels 

in a gene-specific manner. 

One morphological feature that has been described to affect gene bursting is cellular vol-

ume. The burst size of multiple genes was observed to scale with cellular volume (Kempe 

et al. 2015, Padovan-Merhar et al. 2015). This suggests that differences in volume might 

contribute to the observation that total RNA output is correlated between GREB1 alleles in 

the same cell. Furthermore, the cell cycle has a major impact on transcription (Padovan-

Merhar et al. 2015, Skinner et al. 2016, Zopf et al. 2013). For instance, gene output has to 

be adjusted to varying copy number after replication. With respect to estrogen signaling, 

cell cycle dependence might further arise because ERα is regulated on RNA and protein 

levels throughout the cell cycle (JavanMoghadam et al. 2016, Vantaggiato et al. 2014). 

However, the impact of cell cycle in my experiments is probably minimal because only 

cells were analyzed which showed a transcription site, originating from a non-replicated 

allele. Hence, all analyzed cells are most likely in G0/G1 or early S phase of the cell cycle, 

but not in in late S or G2. Furthermore, in-silico synchronization in cell cycle to the time of 

cell division (Figure 23) revealed that cells still show heterogeneous RNA output when 

they are all in early G1 phase of the cell cycle. As cell cycle does not seem to contribute to 

extrinsic variably in GREB1 expression, it would be interesting to record cellular volume, 

population context, and further features during live-cell imaging experiments and study 

their specific influence on GREB1 initiation and elongation. 

How cellular state mechanistically achieves changes in transcriptional kinetics remains 

unclear. Recent evidence links mitochondrial content to transcription elongation (das 

Neves et al. 2010, Johnston et al. 2012): Mitochondria supply at least some of the ATP 

that is needed for cellular anabolism, e.g. RNA production. Hence, their abundance can 

influence the rate of polymerase elongation. As cells divide, mitochondria could be une-

qually partitioned between daughter cells and could cause stochastic differences in ener-

gy content, and hence, transcriptional output. As such, ATP content would be a trans-

acting factor, which can regulate gene output globally, providing one possible link of a 

morphological feature to transcription. Other trans-acting factors could be specific up-

stream signaling components (Filippi et al. 2016, Gandhi et al. 2011, Klein et al. 2015, 

Ochiai et al. 2014, Stewart-Ornstein et al. 2012), e.g. fluctuations in ERα levels, or the 

general transcription machinery, e.g. concentration of polymerases. In line with fluctua-

tions in specific upstream components, Klein et al. (2015) and Stewart-Ornstein et al. 

(2012) observed that co-regulated genes show correlated mRNA expression in individual 

cells and Sigal et al. (2006) observed the same on protein levels. Similar fluctuations 

could hold for the level of ERα in my experiments, with cells showing high GREB1 output 

having higher ERα levels than low expressers do. However, the question arises whether 

ERα levels would rather influence burst frequency and not burst size. Simultaneous label-

ing of two genes with different regulatory inputs in the same cell, or simultaneously meas-
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uring ERα levels in the reporter cell lines, would further define and reveal the scope of ex-

trinsic noise sources. Many more factors could contribute to extrinsic variability, as all pro-

teins are subject to stochastic fluctuations and random partitioning during divisions (Huh & 

Paulsson 2011). The differences in transcriptional output and cellular state seem to be 

stable within the relatively long imaging timeframe of 750 minutes, in line with the time-

scale of changes in protein levels observed after cell division (Sigal et al. 2006). In combi-

nation with gene regulatory networks, such fluctuations could lead to meta-stable expres-

sion states, which manifest themselves as extrinsic variability. 

I speculate that cells contain multiple “dials” for transcriptional control. Burst frequency, as 

determined by the binding of active receptor-ligand complexes to response elements, is 

used to adjust RNA production to external stimuli. The specific expression level and noise 

can then be fine-tuned at individual gene loci through burst size modulation by cis-

regulatory elements on the DNA with recruitment of distinct co-regulators, and the local 

chromatin environment at the promoter, while global modulation through trans-acting fac-

tors allows simultaneous adjustments in many genes depending on cellular state, that is, 

volume or microenvironment. Timing of signal input (stable vs. oscillating) and localization 

of transcription factors can add additional layers of control (Lin et al. 2015, Sonnen & 

Aulehla 2014). As such, transcriptional regulation can be abstracted as multiple inde-

pendent layers that allow integration of various regulatory inputs. 

3.6 Buffering and consequences of expression noise 

Transcriptional noise has been the subject of many scientific studies over the past years. 

It is now appreciated that cells precisely control the amount of uncertainty in protein abun-

dance through buffering or amplification of intrinsic noise and that variation is exploited in 

cellular decision-making. 

Directly observing nascent RNAs enabled me to observe stochastic effects in transcription 

itself, unperturbed by post-transcriptional regulatory processes. The amount of intrinsic, 

bursting-related noise dominated over extrinsic noise across experimental conditions 

(CVint
2  = 0.5–3, CV��t2  = 0.1–0.6, Figure 36), as short-term fluctuations in transcriptional ac-

tivity were pronounced. As discussed before, GREB1 does not seem to be optimized for 

low-noise expression, as its promoter cycle contains only two states and transcription is 

regulated through frequency modulation. The question arises whether GREB1-dependent 

cellular responses to estrogen are at all affected by fluctuating nascent transcription or to 

what extent such noise is buffered. Indeed, various processes must occur between the 

synthesis of nascent RNA and mRNA translation and these may act to buffer protein pro-

duction. Nuclear export (Battich et al. 2015, Halpern et al. 2015) and compartmentaliza-

tion in general (Stoeger et al. 2016) buffers bursts in RNA production when export is slow. 

Furthermore, long mRNA and protein half-lives effectively reduce fast temporal fluctua-

tions in RNA levels (Paulsson 2005). The mRNA half-live of GREB1 is 4.4 hours in mouse 

embryonic stem cells (Sharova et al. 2009), which is much longer than OFF-times at in-

termediate estrogen stimulus, hence, efficient buffering of noise occurs on the RNA level. 
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While bursting from a single allele causes strong variability, the presence of uncorrelated 

bursting from multiple alleles (Figure 21, Gandhi et al. 2011, Levesque & Raj 2013, 

Skinner et al. 2016) reduces noise (Raser & O’Shea 2004). Similarly, homologs or gene 

duplications as well as redundancies in cellular pathways that rely on the expression of 

distinct genes, increase the apparent gene number, and robustly buffer fluctuations. The 

multitude of buffering mechanisms only allows for minimal propagation of intrinsic noise to 

the protein level. Nevertheless, differences in transcriptional output arising from extrinsic 

variability (up to ten-fold difference in RNA production over 12 hours, Figure 18A) are 

temporally stable, suggesting that they propagate through to protein levels, even when 

short-time bursting is efficiently buffered by cellular systems. 

3.7 Quantitative insight into gene regulation 

The normalization of measured fluorescence intensities to single RNA molecules in live-

cell imaging and smRNA FISH experiments (Figure 16) allowed me to express transcrip-

tional activity in terms of absolute RNA numbers. Model fitting then revealed that on aver-

age eight RNAs are produced during a transcriptionally active interval, largely independ-

ent of the E2 concentration (Figure 32C). This number is in quantitative agreement with 

other studies that report a burst size of 5–30 RNAs/burst for endogenous genes (Suter et 

al. 2011) with up to 100 RNAs/burst for strong promoters of housekeeping genes (Dar et 

al. 2012). The maximum initiation rate I observed was 10 RNAs/min (Figure 19B). At an 

elongation rate of 3.5 kb/min this would result in a minimal polymerase spacing of about 

350 bp—about the size of two nucleosomes. This value seems at least realistic for sepa-

rating polymerases. Tantale et al. (2016) suggest that it would be energetically favorable if 

polymerases travel together in “convoys” to avoid excessive removal of supercoiling while 

reporting a similar value of 280 bp for polymerase spacing within such a convoy. 

The high quality of my single-cell fluorescence measurements, with manual inspection 

and correction of each trajectory, results in precise temporally resolved data of transcrip-

tional pulses. The determined OFF-times for GREB1 varied between 10 and 500 minutes 

throughout induction levels (Figure 32C), in agreement with reports for other mammalian 

genes (Dar et al. 2012, Larson et al. 2013, Molina et al. 2013). These studies report ON-

times that are usually within the range of 10–60 minutes. This is similar to the ON-times 

that were directly extracted from the raw trajectories (mean of ~10 minutes, Figure 19C) 

but remarkably longer than in the posterior distribution after SMC ABC (mean of 0.56 min, 

Figure 32C). Why the SMC ABC algorithm preferred such short ON-times is unclear as it 

is not apparent how this ON-time is reflected in the features that were used to calculate 

the distance metric. 

3.8 Consequences of noise on heterogeneity in cancer  

Non-genetic expression heterogeneity has widespread impact on tumor progression and 

drug resistance (Brock et al. 2009, Capp 2005, Cohen et al. 2008, Kreso et al. 2013, 

Sharma et al. 2010). Stable adaptations of the cellular expression program, e.g. in onco-

genes and tumor suppressors, can for example result from chromatin-mediated, epigenet-
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ic alterations, without the need for genomic mutations. Also, gene expression is stochastic 

and induces fluctuations in protein levels, such that manifestation through gene regulatory 

networks may create subpopulations of cells that are able to escape therapy (Paek et al. 

2016, Roux et al. 2015). Understanding determinants of cellular noise is therefore critical. 

This thesis revealed how expression noise from the endogenous, estrogen-regulated 

GREB1 locus arises and can be controlled at the level of nascent transcripts. GREB1 is 

an important growth regulator in estrogen-dependent breast cancer (Rae et al. 2005). 

Hence, variability in protein levels might contribute to heterogeneous growth in cancerous 

tissue and have an impact on therapeutic intervention. I previously discussed that cells 

contain noise buffering systems, but alterations in these systems with effects on critical 

parameters, e.g. protein and mRNA decay rates, could increase general noise levels. Fur-

thermore, as I found that GREB1 noise can be tuned through chromatin-dependent 

changes in burst size, chromatin-modifying enzymes are further targets that could be ex-

ploited by cancer cells for noise manipulation. Increased noise levels would then increase 

the probability of extreme expression levels leading to more diverse population behavior. 

ERα regulates gene expression through frequency-modulation with profound implications 

on noise-mean scaling (Figure 36). ERα antagonists, such as fulvestrant (ICI 182,780) or 

tamoxifen, which are used in therapy of breast cancer, downregulate gene expression by 

modulating levels of ERα or active ligand-receptor complexes, respectively. This suggests 

that they achieve downregulation along the same noise-mean trajectory as E2, leading to 

higher noise levels when gene expression is inhibited. Hence, while global gene expres-

sion decreases, variability is high and individual cells could still randomly express GREB1. 

In addition, the inhibition by ERα antagonists is incomplete, as 20–40 % of cells still 

showed GREB1 transcription sites, even at high inhibitor levels (Figure 35). In compari-

son, inhibition of acetylation-related processes was less variegated, as only 10 % of cells 

still transcribed. The fact that HDAC inhibition downregulated GREB1 expression in more 

cells and at the same time also reduced noise, suggests that therapeutic success might 

be higher when ERα antagonists and HDAC inhibitors would be applied in combination. 

Follow-up experiments with co-treatments are needed to confirm this intriguing prediction. 

3.9 Future perspectives 

This thesis revealed that extrinsic noise is the dominant source of cell-to-cell variability at 

long time-scales, even when bursts produce strong intrinsic noise. As such, it is the cellu-

lar state that determines long-term transcriptional output, for example in growth regulators, 

and contribution to tissue heterogeneity is apparent. It will become important to under-

stand heterogeneous cellular states within healthy and cancerous tissue and their contri-

bution to gene output and cellular behavior. 

Unraveling how cellular state impacts on gene transcription to contribute to expression 

heterogeneity will require further experiments. As previously suggested, one could meas-

ure additional features of single cells in combination with transcriptional output. Imaging-

based analysis could be used to determine aspects of morphology, cell cycle, and micro-
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environment. Recent developments in single-cell analysis enable live-cell imaging fol-

lowed by single-cell RNA sequencing (Lane et al. 2017). Thereby, the whole transcrip-

tome is accessible for the unbiased analysis of cellular state with its contribution on long-

term transcriptional responses. In addition, single-cell approaches in proteomics (Budnik 

et al. 2017, Lombard-Banek et al. 2016, Newman et al. 2006) could provide analysis on 

the contribution of proteins and their posttranslational modifications to cellular state. Even 

though chromatin did not seem to be directly involved in mediating effects of cellular state, 

I am convinced that single-cell approaches to epigenetics will further improve our under-

standing of expression and noise regulation. Chromatin binding by ChIP (Rotem et al. 

2015), chromatin structure by ATAC-Seq (Buenrostro et al. 2015) and Hi-C (Nagano et al. 

2013), and DNA methylation by bisulfite-Seq (Smallwood et al. 2014) are accessible at the 

single cell level already today. Combination with expression analysis will provide exciting 

insights into determinants of gene activity on the single-cell, single-promoter level. Be-

cause extrinsic factors likely affect multiple genes, it will be necessary to analyze multiple 

genes, ideally in the same cell. Advances in labeling techniques for dynamic observation 

of nascent RNAs (Abudayyeh et al. 2017, Nelles et al. 2016) and genomic loci (Ochiai et 

al. 2015) without the need for genomic alterations circumvent the time-consuming step of 

establishing cell lines and will aid the analysis of multiple genes to differentiate upstream 

effectors of expression noise. 

Targeting gene expression noise and cell-to-cell variability will become increasingly valu-

able for cancer therapies and further research is required to gain a mechanistic under-

standing of origins of variability and how treatments affect noise. 
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4 Materials and Methods 

4.1 Materials 

4.1.1 Chemicals 

Table 1: Chemicals used in this study. 

Name Supplier Catalog number 

17β-estradiol Sigma-Aldrich E8875 

Actinomycin D Sigma-Aldrich A1410 

C646 Sigma-Aldrich SML0002 

Catalase Sigma-Aldrich C3155 

DAPI Sigma-Aldrich D9542 

DMSO Sigma-Aldrich D8418 

DRAQ5 eBioscience 65-0880-92 

Flavopiridol Sigma-Aldrich F3055 

Formamide, deionized Applichem A2156 

Glucose Sigma-Aldrich D9434 

Glucose oxidase Sigma-Aldrich G0543 

4-Hydroxy-Tamoxifen Sigma-Aldrich? 579002 

ICI 182,780 Selleckchem S1191 

MG132 Sigma-Aldrich M7449 

Paraformaldehyde Sigma-Aldrich 16005 

PFI-1 Sigma-Aldrich SML0352 

Puromycin Dihydrochloride Thermo Fisher Scientific A1113803 

Sodium butyrate Sigma-Aldrich 303410 

Trichostatin A Sigma-Aldrich T1952 

Trolox Sigma-Aldrich 238813 

 

4.1.2 Buffers and solutions 

Table 2: Buffers and solutions used in this study. 

Name Supplier Catalog number 

Charcoal-stripped FBS Sigma-Aldrich F6765 

DNAzol Thermo Fisher Scientific 10503-027 

DMEM Lonza BE12-614F 

DMEM without phenol red Thermo Fisher Scientific 31053-028 

FBS-Gold GE Healthcare A15-151 

L-Glutamine Lonza BE17-605E 

PBS Lonza BE17-612F 

Penicillin/Streptomycin Lonza BE17-602E 

Stellaris ® RNA FISH wash buffer A LGC Biosearch Technologies SMF-WA1-60 

Stellaris ® RNA FISH wash buffer B LGC Biosearch Technologies SMF-WB1-20 

Stellaris ® RNA FISH hybridization buffer LGC Biosearch Technologies SMF-HB1-10 

TRIzol Thermo Fisher Scientific 15596018 

Trypsin-EDTA (0.25 %) Thermo Fisher Scientific 25200-056 

 



MATERIALS AND METHODS 74 

4.1.3 Enzymes and Markers 

Restriction endonucleases were purchased from New England Biolabs. As marker for 

DNA size, a GeneRuler™ 1 kb ladder from Thermo Fisher Scientific was used. 

4.1.4 Kits 

Table 3: Kits used in this study. 

Name Supplier Catalog number 

FuGENE® HD Transfection Reagent Promega E2311 

In-Fusion® HD Cloning Plus Clontech 638909 

Lipofectamine® LTX Thermo Fisher Scientific A12621 

Plasmid Plus Midi Kit Qiagen 12945 

Q5® High-Fidelity DNA Polymerase New England Biolabs M0491 

QIAquick Gel Extraction Kit Qiagen 28706 

QIAquick PCR Purification Kit Qiagen 28106 

QIAprep Spin Miniprep Kit Qiagen 27106 

SuperScript® II RT Thermo Fisher Scientific 18064014 

SYBR Green PCR Master Mix Thermo Fisher Scientific 4364344 

TrueStart Hot Start Taq Thermo Fisher Scientific EP0613 

 

4.1.5 Laboratory equipment 

Table 4: Machines used in this study. 

Name Description Company 

ARIA III SORP Cell sorter Becton Dickinson 

DeltaVision™ Elite Live-cell widefield microscope GE Healthcare 

FORMA Steri-Cult™ Cell culture incubator Thermo Fisher Scientific 

MDF-C2156VAN-PE -150 °C freezer Sanyo 

NanoDrop™ 2000 UV-Vis Spectrophotometer Thermo Fisher Scientific 

Opera Phenix High-content screening microscope Perkin Elmer 

SterilGARD III Biological Safety Cabinet The Baker Company 

Imcubator cool Temperature control Imsol 

CO2 controller CO2 mixer Leica 

TC10 Cell counter BioRad 

TProfessional TRIO PCR machine Analytik Jena 

ViiA™ 7 Real-time PCR machine Thermo Fisher Scientific 

Table 5: Essential plastic ware used in this study. 

Name Supplier Catalog number 

96-well SensoPlate™ Plus greiner 655891 

LightCycler® 480 Multiwell Plate 384 Roche 04729749001 

PYREX® Cloning Cylinder, 6 x 8 mm VWR 22877-252 

µ-Slide VI 0.4 ibiTreat ibidi 80606 
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4.1.6 Oligonucleotides 

All Oligonucleotides were ordered from Sigma-Aldrich with desalting purification. Oligonu-

cleotides for cloning were reverse phase cartridge purified. 

Table 6: Oligonucleotides used for cloning in this study. 

Name Sequence 

inF_PCPlinker-GPF-for GCTGTACAAGTCCGGACTCAGATCTCGAGCTCAAGCTTCGAATTCTGTGAG-

CAAGGGCGAGGAGCT 

inF_GFP-rev TTATCTAGATCCGGTGGATCCCGGGTTACTTGTACAGCTCGTCCATGCCG 

inF_K2L-PCP-for ACCGTCAGATCCGCTAGTGCCCGCCATGGGCCCAAA 

inF_GFP-PCP-rev CTGAGTCCGGACTTGTACAGCTCGTCCATGCCG 

tdPCP-NotI-for ATTTAGCGGCCGCCATGTCCAAAACCATCGTTCTTTCGGTC 

tdGFPSV40-ClaI-rev GCCTCATCGATGTTAAGATACATTGATGAGTTTGGACAAACC 

pSB_bb_ClaI_for AGGCAATCGATCCCAAGTTAAACAATTTAAAGGCAATGC 

pSB_bb_SpeI_rev AACCTACTAGTCCAAGCTGTTTAAAGGCACAGTCAA 

gRNA_GREB1_in2_t CACCGTCTCACACAAGCTCAGTGTG 

gRNA_GREB1_in2_b AAACCACACTGAGCTTGTGTGAGAC 

gRNA_GREB1_ex2_t CACCGTTTCACCTTCTACCTTGCG 

gRNA_GREB1_ex2_b AAACCGCAAGGTAGAAGGTGAAAC 

gRNA_GREB1_ex33_t CAACGCATGGAAGCACACGAATGGC 

gRNA_GREB1_ex33_b AAACGCCATTCGTGTGCTTCCATGC 

inF_GREB1_in2_L_PP7_rev ATTCGTTTAAACCTGCAGGAGATCTCACACAAGCTCAGTGTGGAGCCCCTT-

GAAGACAA 

inF_GREB1_in2_L_pUC_for AGTCGACCTGCAGGCATGCATCAGTAGGAGAAAGGAAGAGGAC 

inF_GREB1_in2_R_PP7_for CTCGCGAAGGGCGAATTCGCTGATAGTTGCTTATTCTAGCAGGATGCATTTCTGT 

inF_GREB1_in2_R_pUC_rev CTATGACCATGATTACGCCAAGGTGGGCAGAAAGCAACTA 

inF_loxP_GREB1_R_for TTATCTGATAGTTGCTTATTCTAGCAGGATGC 

inF_loxP_NotSpe-
GREB1_L_rev 

ATAACTTCGTATAATGTATGCTATACGAAGTTATAAGCGGCCGCTAC-

CAACTAGTGATCTCACACAAGCTCAGTGTGG 

inF_BFP_IRESPuro_for AAGTCCAAGCTGTAATGCATCTAGGGCGGCCAA 

inF_loxP_invPuro_rev ATTATACGAAGTTATCCATAGAGCCCACCGCATC 

inF_loxP_invCMVBFP_for GCAACTATCAGATAACTTCGTATAATGTATGCTATACGAAGTTATAACCG-

TATTACCGCCATG 

inF_IRES_BFP_rev TTACAGCTTGGACTTGTACAGCTCGTC 

inF_GREB1_ex2_L_pUC_for CGACGGCCAGTGAATTCAGTGGTTCTCTGTGATTTTTGGG 

inF_GREB1_ex2_L_loxP_rev TACCAACTAGTGATCAAGGTGAAACAGCTGCAAGGA 

inF_GREB1_ex2_R_loxP_for TCTGATAGTTGCTTATGCACCGAATCTGAGATGCCA 

inF_GREB1_ex2_R_pUC_rev TCGACTCTAGAGGATCACTGAGGGGTTACTTCTGA 

inF_GREB1_ex33_L_pUC_for CGACGGCCAGTGAATTAAGGTGGGGTAGGTAGGGTG 

inF_GREB1_ex33_L_loxP_rev TACCAACTAGTGATCGGAAGTAAATCTTTGTTCCTCGTG 

inF_GREB1_ex33_R_loxP_for TCTGATAGTTGCTTATGTGCTTCCATGGACAAACCTG 

inF_GREB1_ex33_R_pUC_rev TCGACTCTAGAGGATCAGTCTGTGAAGGGGTGAGCC 

inF_BFP-Puro_SpeNot_for GATCACTAGTTGGTAGCGGCC 

inF_BFP-Puro_rev TAAGCAACTATCAGATAACTTCGTATAATGTATG 

inF-GAPDH-pUC-for AAAACGACGGCCAGTGAATTTGCCTCCTGCACCACCAAC 

inF-GAPDH-GREBwt-rev AAGGTGAAACCCACAGTCTTCTGGGTGGCAG 

inF-GREBwt-GAPDH-for AAGACTGTGGGTTTCACCTTCTACCTTGCGTGGA 

inF-GREBwt-ki-rev AGAGACGAAGGCAAGACCTCTTCAAAGCGTGTC 

inF-GREBki-wt-for GAGGTCTTGCCTTCGTCTCTGCTGAGCGAAGG 

inF-GREBki-pUC-rev CAGGTCGACTCTAGAGGATCTTAGGTACCTTAGGATCCCGCGAAG 
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Table 7: Oligonucleotides used for genotyping PCRs in this study. All primer pairs have been checked 
for specificity against the human genome using Primer-BLAST1. 

Name Sequence Location 

GREB1_in1_for CCATCCCTTCCCATCTGCAAG Outside of homology arms of 
exon 2 knock-in GREB1_in3_rev TGCGGGTAACTTCAAGTCAAAG 

HR_PP7_rev TACCTTAGGATCCCGCGAAG 5’ of PP7 sequences 

HR-CMV rev2 ACCGTAAGTTATGTAACGCGGAACT In CMV promoter 

PP7loxP_for2 TAGATCTCGCGAAGGGCGAA 3’ of PP7 sequences 

GREB1_ex33_for3 TGAGCACCAGCAGCATCTAA Outside of homology arms of 
exon 33 knock-in GREB1_ex33_rev2 AATGGGTGGCCTCTCAACTG 

GREB1_in2_for CTAGAAGGTGGGAGACGCAC 

Outside of homology arms of 
intron 2 knock-in GREB1_in2_rev CATACCAACGTGGAGCTGGA 

GREB1_in2_rev2 CCCCCTTGTTTTCCTGCACTAGA 

 

Table 8: Oligonucleotide pairs used for RT-qPCRs in this study. All primer pairs have been checked for 
specificity against the human transcriptome (Refseq mRNA) using Primer-BLAST1. 

Name Sequence Target Amplicon size 

GREB1_exin2_1_f 
GREB1_exin2_1_r 

GTCCAACAACCTGGTGCC 

CAGATAAAAGCAACGTGCGTC 

GREB1, 
exon2-intron2 

104 bp 

GREB1_ex2_1_f 
GREB1_ex2_1_r 

ACCTTCTACCTTGCGTGGAG 

CCTCTTCAAAGCGTGTCGTC 

GREB1, wt 
(allele-specific) 

129 bp 

GREB1_f 
GREB1_r 

CCCATCTTTTCCCAGCTGTA 

ATTTGTTTCCAGCCCTCCTT 
GREB1 

117 bp 

GREB1_exin32_1_f 
GREB1_exin32_1_r 

GCCGCTTTCCTCTGGATAAAC 

GATGACACACAACGTCGCA 

GREB1 
intron32-exon33 

82 bp 

HR_PP7_rev 
GREB1_ex2_4_f 

TACCTTAGGATCCCGCGAAG 

TCTCTGCTGAGCGAAGGC 

GREB1, PP7 
(allele-specific) 

107 bp 

GAPDH_f 
GAPDH_r 

CTGCACCACCAACTGCTTAG 

GTCTTCTGGGTGGCAGTGAT 
GAPDH 

108 bp 

  

                                                

1 https://www.ncbi.nlm.nih.gov/tools/primer-blast (2013-2016) 
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Table 9: Probes for single-molecule RNA FISH of intronic regions of GREB1. Probes were ordered from 
LGC Biosearch Technologies labeled with Quasar® 670. 

Number Sequence Target 

1 AGAAGTCTGCGGGTAACTTC GREB1 intron 2 
2 CACAGTCTAGTTTCTCTCAG GREB1 intron 2 
3 AAGCTGAGTATGCAACTGCT GREB1 intron 2 
4 TTTTTATCTCAGAGCTTGGC GREB1 intron 2 
5 TGTCCAACAGCAGATAAGGG GREB1 intron 2 
6 AGTGCTTGGTTTAGGGTAAC GREB1 intron 2 
7 CCAGGTTTGACTATGCAGAA GREB1 intron 2 
8 CCCGACAAACAGACACTACG GREB1 intron 2 
9 GATCAAGGGGTGTTCAGTAT GREB1 intron 2 
10 AACAAGCTCGAGGGGACATT GREB1 intron 2 
11 CAGACTCTCAGAAGGCATGA GREB1 intron 2 
12 AATAAGGGAGACACATCCCA GREB1 intron 2 
13 CACAGATGCCAACTATCAGT GREB1 intron 2 
14 CCATGTCGGACACAGAAGAC GREB1 intron 2 
15 CGTGGTTTTAGCAGAAGGTG GREB1 intron 2 
16 GGCTAAGCAACCTAGGTTAA GREB1 intron 2 
17 AGGATCTCAGGCTGTTGAAA GREB1 intron 2 
18 GGTACACAGAATCGTACCTT GREB1 intron 2 
19 ATTATGACTGTGTGTTGGGC GREB1 intron 2 
20 ATGAAATTCTCTCAGCTCCG GREB1 intron 2 
21 AACAGGGTCAGGTATGGTAT GREB1 intron 2 
22 GTAGATGGTACCATAGTGTC GREB1 intron 2 
23 TAACAAGCACTCAGCACGTC GREB1 intron 2 
24 TAATCCAGAATGGGTTCCAC GREB1 intron 2 
25 TTTAGGTTTGTCTCAGGAGG GREB1 intron 9 
26 CTGATCAGGGGCTGAGCTAG GREB1 intron 9 
27 GACAAGCTCCATCATTCTTG GREB1 intron 9 
28 CATGGCAGGGAATCATTTCA GREB1 intron 9 
29 CGTGGGTGATAACAGGAGAC GREB1 intron 9 
30 TTGATGCTTCTACAGTGGTG GREB1 intron 9 
31 TCAGCTGAGCCAAAAGTCTA GREB1 intron 9 
32 AGGGTTTCCCATTGCAACAT GREB1 intron 9 
33 ATTCTGGTGCCTACATATCA GREB1 intron 9 
34 AACGTATTTAAGAGGGGCCT GREB1 intron 9 
35 TTAACAGTAGGGTGCTTCTC GREB1 intron 9 
36 GCGTCATGCTAAGGTCGAAA GREB1 intron 9 
37 TGGAACTGCCTCGGTCATTG GREB1 intron 9 
38 TTTCTTTTCCGAGGTTCCTG GREB1 intron 9 
39 TGTGAGACGTAGACTTGCTG GREB1 intron 9 
40 AGCAGAGCACGCCTGAGAAC GREB1 intron 9 
41 GAGTCTTAAGGCCTCAGGAG GREB1 intron 9 
42 CACAGTGACTTCATGACGTC GREB1 intron 10 
43 TCAACCTCAACCTACTTTCA GREB1 intron 10 
44 TTCATGACCTAAACTGACCC GREB1 intron 10 
45 GGGACTATGAGAAAGAGCGA GREB1 intron 10 
46 CGTGCTTACTGATGGACAGG GREB1 intron 10 
47 AATCGGAGTCCAAGTTCTCA GREB1 intron 10 
48 ACTATTCCCTCAATATAGGT GREB1 intron 10 

 

Probes against exonic regions were obtained from LGC Biosearch Technologies labeled 

with Quasar® 570 (Catalog #VSMF-2158-5). 
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4.1.7 Plasmids 

Table 10: Plasmids used in this study. 

Name Purpose Origin 

pHAGE-UbC-NLS-HA-
tdPCP-GFP 

Mammalian expression of tandem dimer PP7 coat-
protein-GFP fusion 

gift from Robert Singer 
(Addgene #40650) 

pSB-ET-iE Cloning vector with inverted repeats for Sleeping 
Beauty transposition; reverse tetracycline-controlled 
transactivator IRES-Puro 

gift from Manfred Gessler 

pCMV(CAT)T7-SB100X Mammalian expression of hyperactive Sleeping Beau-
ty transposase 

gift from Zsuzsanna 
Izsvak (Addgene #34879) 

pSB-Ubc-tdPCP-tdGFP Mammalian expression of tandem dimer PP7 coat-
protein fused to tandem dimer GFP with inverted re-
peats for Sleeping-Beauty transposition 

this study 

pX330-U6-Chimeric_BB-
CBh-hSpCas9 

Mammalian expression vector for S. pyogenes Cas9 
and cloning site for chimeric guide RNA 

gift from Feng Zhang 
(Addgene #42230) 

pX330-GREB1-in2L Cas9 and guide RNA for intron 2 of GREB1 this study 

pX330-GREB1-ex2T Cas9 and guide RNA for exon 2 of GREB1 this study 

pX330-GREB1-ex33B Cas9 and guide RNA for exon 33 of GREB1 this study 

pCAG-Cre-IRES2-GFP Mammalian expression of Cre recombinase  gift from Anjen Chenn 
(Addgene #26646) 

pEBFP2-Nuc Cloning template for eBFP2 gift from Robert Campbell 
(Addgene #14893) 

pGLUE Cloning template for IRES-Puro gift from Randall Moon 
(Addgene #15100) 

pCR4-24xPP7SL Cloning template for PP7 stem-loop cassette gift from Robert Singer 
(Addgene #31864) 

pHR-GREB1-in2-
24xPP7-LPIBCL 

Template for homologous recombination; insertion of 
PP7 and selection cassette into intron 2 of GREB1 

this study 

pHR-GREB1-ex2-
24xPP7-LPIBCL 

Template for homologous recombination; insertion of 
PP7 and selection cassette into exon 2 of GREB1 

this study 

pHR-GREB1-ex33-
24xPP7-LPIBCL 

Template for homologous recombination; insertion of 
PP7 and selection cassette into exon 33 of GREB1  

this study 

p-mKate2-C Cloning template Evrogen, FP181 

pUC19 General cloning vector NEB, N3041S 

pUC-qRT-GAPDH-
GREB1ex2-wt-PP7 

Reference for absolute quantification of gene expres-
sion in qPCRs 

this study 

 

Plasmids were cloned as outlined below. Parts that were changed during a cloning step 

were sequenced to ensure correctness. 

pSB-Ubc-tdPCP-tdGFP 

The eGFP ORF was amplified from pHAGE-UbC-NLS-HA-tdPCP-GFP using primers 

inF_PCPlinker-GPF-for and inF_GFP-rev. In a second PCR on the same template the 

tdPCP-GFP ORF was amplified with primers inF_K2L-PCP-for and inF_GFP-PCP-rev. 

The pmKate2-C vector was linearized with XmaI and KpnI and used together with both 

PCR products in an In-Fusion reaction to yield the intermediate pmKate2-C-tdPCP-tdGFP. 

This vector was used as a PCR template to amplify the tdPCP-tdGFP ORF together with 

an SV40-polyadenylation sequence using primers tdPCP-NotI-for and tdGFPSV40-ClaI-

rev. The PCR product was digested with AgeI and ClaI and replaced the AgeI-ClaI frag-

ment from pHAGE-UbC-NLS-HA-tdPCP-GFP yielding pHAGE-UbC-NLS-HA-tdPCP-

tdGFP. The complete expression cassette was cut with SpeI and ClaI and ligated with the 
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ClaI-SpeI digested PCR product that resulted from a PCR on pSB-ET-iE with the primers 

pSB_bb_ClaI_for and pSB_bb_SpeI_rev to produce pSB-Ubc-tdPCP-tdGFP. 

pX330 with custom guide RNAs 

Guide RNA sequences were ordered as complementary oligonucleotides (see Table 6), 

annealed, and inserted in between the BbsI sites of pX330-U6-Chimeric_BB-CBh-

hSpCas9. 

pHR-GREB1 plasmids 

Homology arms up- and downstream of the Cas9 cleavage site in intron 2 of GREB1 were 

amplified from genomic DNA of MCF-7 cells using primers inF_GREB1_in2_L_PP7_rev 

and inF_GREB1_in2_L_pUC_for, as well as inF_GREB1_in2_R_PP7_for and 

inF_GREB1_in2_R_pUC_rev. pUC19 was linearized with HindIII and the 24xPP7 cassette 

was cut from pCR4-24xPP7SL using SpeI and NotI. All four fragments were assembled 

using In-Fusion cloning to yield pHR-GREB1-in2-24xPP7. This vector was used to amplify 

the homology arms with the vector backbone by PCR with primers inF_loxP_GREB1_ 

R_for and inF_loxP_NotSpe-GREB1_L_rev. The selection cassette consists of a CMV 

promoter that drives expression of a bicistronic mRNA with an eBFP2 carrying a peroxi-

somal targeting sequence and a Puromycin resistance gene after an IRES sequence 

flanked by two loxP sites. It is derived by two PCRs. First, IRES-Puro and the bGH poly-

adenylation signal were amplified from pGLUE with primers inF_BFP_IRESPuro_for and 

inF_loxP_invPuro_rev. Second, the CMV-eBFP2 cassette was amplified from pEBFP2-

Nuc with primers inF_loxP_invCMVBFP_for and inF_IRES_BFP_rev. All three PCR frag-

ments were assembled using In-Fusion cloning to yield pHR-GREB1-in2-LPIBCL. The 

24xPP7 cassette was cut from pCR4-24xPP7SL using SpeI and NotI and inserted into the 

SpeI and NotI sites to yield the final pHR-GREB1-in2-24xPP7-LPIBCL. 

To exchange the homology arms of intron 2 of GREB1 against sequences in exon 2 and 

exon 33, the respective homology arms were amplified from genomic DNA of MCF-7 cells 

using primers inF_GREB1_ex2_L_pUC_for and inF_GREB1_ex2_L_loxP_rev for the 5’ 

arm of exon 2, inF_GREB1_ex2_R_loxP_for and inF_GREB1_ex2_R_pUC_rev for the 3’ 

arm of exon 2, inF_GREB1_ex33_L_pUC_for and inF_GREB1_ex33_L_loxP_rev for the 

5’ arm of exon 33, inF_GREB1_ex33_R_loxP_for and inF_GREB1_ex33_R_pUC_rev for 

the 3’ arm of exon 33. The two PCR products with the 3’ and 5’ homology arm for each 

construct were used together with a PCR product with primers inF_BFP-Puro_SpeNot_for 

and inF_BFP-Puro_rev on pHR-GREB1-in2-24xPP7-LPIBCL and an EcoRI + BamHI line-

arized pUC19 plasmid in an In-Fusion reaction. The 24xPP7 cassette was cut from pCR4-

24xPP7SL using SpeI and NotI and inserted into the SpeI and NotI sites of the assembled 

vectors to yield the final pHR-GREB1-ex2-24xPP7-LPIBCL and pHR-GREB1-ex33-

24xPP7-LPIBCL. 

pUC-qRT-GAPDH-GREB1ex2-wt-PP7 

qPCR products were amplified using primers inF-GAPDH-pUC-for with inF-GAPDH-

GREBwt-rev, inF-GREBwt-GAPDH-for with inF-GREBwt-ki-rev, and inF-GREBki-wt-for 

with inF-GREBki-pUC-rev from cDNA of E2 treated MCF7–PCP_GREB1_ex2_c16 cells. 
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The three PCR fragments were inserted into an EcoRI + BamHI linearized pUC19 back-

bone using an In-Fusion reaction to yield pUC-qRT-GAPDH-GREB1ex2-wt-PP7. 

4.1.8 Cell lines 

Table 11: Human cell lines used in this study. 

Name Description Origin 

MCF7 human breast cancer cell line; ERα positive; parental cell line 
for all stable cell lines generated in this study 

Edison T. Lui 

MCF7–SBtdPCP-tdGFP clonal cell line; stable Sleeping Beauty-transposase mediated 
integration of tdPCP-tdGFP cassette 

this study 

MCF7–noPCP_GREB1_ 
in2_c1 

clonal cell line; knock-in of 24xPP7-LPIBCL into intron 2 of 
GREB1; two alleles labeled 

this study 

MCF7–PCP_GREB1_in2_c1 clonal cell line; as above, with stable tdPCP-tdGFP expression this study 

MCF7–PCP_GREB1_ex2_ 
c16 

clonal cell line; stable tdPCP-tdGFP expression; knock-in of 
24xPP7-LPIBCL into exon 2 of GREB1; one allele labeled 

this study 

MCF7–PCP_GREB1_ex2_ 
c16_Cre 

clonal cell line; stable tdPCP-tdGFP expression; knock-in of 
24xPP7 in exon 2 of GREB1; selection cassette excised by 
Cre recombinase 

this study 

MCF7–PCP_GREB1_ex33_ 
c3 

clonal cell line; stable tdPCP-tdGFP expression; knock-in of 
24xPP7-LPIBCL into exon 33 of GREB1; one allele labeled 

this study 

 

4.1.9 Software 

Table 12: Software used in this study. 

Name Supplier Version 

Columbus PerkinElmer 2.7.1 

CRISPR design tool Feng Zhang, http://crispr.mit.edu October 2014 

Harmony PerkinElmer 4.1 

ImageJ Wayne Rasband 1.51 

MATLAB MathWorks 2015b 

Office Microsoft 2010 

Primer-BLAST Ye et al. 2012 - 

Python Python Software Foundation 2.7 

R R Core Team 3.3.0 

softWoRx GE Healthcare 6.5.2 

Stellaris® RNA FISH Probe Designer Biosearch Technologies 4.2 

uTrack Jaqaman et al. 2008 2.0 

 

4.2 Cell culture 

4.2.1 Maintenance, passaging and long-term storage of cells 

All cell lines were maintained in Dulbecco's Modified Eagle Medium (DMEM) with 4.5 g/L 

Glucose (Lonza) supplemented with 10 % fetal bovine serum (FBS) (FBS-Gold, GE 

Healthcare), 1 % L-Glutamine (Lonza) and 1 % Penicillin/Streptomycin (Lonza) at 37 °C in 

a humidified atmosphere containing 5 % CO2. The medium was replaced with fresh medi-

um every 2–3 days. Cells were subcultured at a ratio of 1:3 to 1:6 when a confluency of 

90 % was reached. For this purpose, the old medium was aspirated and the cells were 

washed with 5 mL PBS (Lonza). 1 ml of al 0.25 % Trypsin/EDTA solution (Gibco by Life 
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Technologies) was added and cells were incubated at 37 °C until cells detached from the 

culture dish. The cells were resuspended in 5 mL of pre-warmed complete medium, and 

pelleted by centrifugation for 5 minutes at 300 g. The pellet was resuspended in complete 

medium and the appropriate number of cells was transferred to a new culture dish. Medi-

um was added to a final volume of 10 mL. The volumes that were used in this protocol 

were adapted to dish sizes others than 10 cm. 

Cells were frozen to maintain a stock of cells at low passage number. After trypsinization, 

the cell pellet was resuspended in FBS containing 10 % DMSO. Aliquots of 1 mL were 

frozen in cryo-vials by slow cooling to -80 °C and transferred to -150 °C for long term stor-

age. Cells were thawed for cultivation in a 37 °C water bath, resuspended in warm medi-

um, pelleted by centrifugation, resuspended, and plated. 

4.2.2 Starvation of cells from estradiol 

For all experiments with controlled E2 concentrations, cells were grown in starvation medi-

um composed of DMEM without phenol red (Thermo Fisher Scientific), 2 % charcoal-

stripped FBS (Sigma), 1 % L-Glutamine (Lonza) and 1 % Penicillin/Streptomycin (Lonza) 

and the desired amount of E2 (Sigma). Medium was exchanged daily. 

4.2.3 Transfection of plasmid DNA 

Transient transfections of plasmid DNA into MCF-7 cells were performed with Lipofec-

tamine® LTX Reagent with PLUS™ Reagent (Thermo Fisher Scientific) according to the 

manufacturer’s instructions. Per 1 µg of transfected plasmid DNA, 3 µL of Lipofectamine® 

LTX Reagent and 1 µL of PLUS™ Reagent were used. The medium was changed 6–

12 hours post-transfection. Stable transfections were carried out using FuGENE® HD 

Transfection Reagent (Promega) according to the manufacturer’s instructions. The ratio of 

FuGENE® HD Transfection Reagent to transfected plasmid DNA was 3 µL per 1 µg. The 

medium was changed 6–12 hours post-transfection. 

4.2.4 Isolation of clonal cell populations 

Clonal cell populations originating from a single progenitor cell were derived by two meth-

ods: picking of colonies from a dish using cloning cylinders and sorting of single cells by 

fluorescence-activated cell sorting (FACS). 

Cloning cylinders 

After transfection of a plasmid that confers antibiotic resistance, cells were transferred to a 

15 cm dish and selected with the appropriate antibiotic until all non-resistant cells died. 

The remaining cells were allowed to recover and form colonies. Alternatively, if the cells 

were not transfected and isogenic populations had to be derived from a mixed progenitor 

population, 300–1000 well-trypsinized cells were seeded into a 15 cm dish and cultured 

until colonies formed. The medium was aspirated, cells were washed with PBS, and clon-

ing cylinders were dipped into sterile grease and placed onto the colonies to seal them 

from the surrounding plate. Colonies were individually trypsinized and transferred to a well 

of a 96-well plate to grow them for further characterization. 



MATERIALS AND METHODS 82 

FACS 

When transfected cells contained a fluorescent marker instead of an antibiotic resistance, 

individual cells were isolated by FACS. For stable cell lines, transfected cells were first 

isolated as a batch and grown for about two weeks to ensure stable integration of the 

plasmid. Cells were trypsinized and single cells were sorted through a 100 µm nozzle into 

a 96-well plate using an Aria III SORP cell sorter (Becton Dickinson). For better recovery, 

cells were sorted into medium that was supplemented with 1/3 of sterile-filtered cell cul-

ture supernatant of the same cell line (conditioned medium). 

4.2.5 Generation of stable cell lines using Sleeping Beauty transposase 

Transposons are mobile genetic elements that can insert themselves into DNA by a cut-

and-paste mechanism. The transposase catalyzes excision of a piece of DNA that is 

flanked by inverted repeats and its reintegration into a random genomic position. This 

mechanism can be exploited to achieve efficient integration of transgenes in low-copy 

numbers. In order to do so, the transgene is cloned in between inverted repeats on a 

plasmid and transfected into the target cell together with an expression vector for the 

transposase. The Sleeping Beauty transposase SB100X, which was used in this study 

was derived by reconstituting disruptive mutations of a Tc1/mariner-like transposon from 

fish (Ivics et al. 1997) and further mutagenesis to increase its activity (Mátés et al. 2009). 

The Sleeping Beauty transposase system was used to achieve a stable genomic integra-

tion of the expression cassette for GFP-labeled PP7 coat protein. MCF-7 or MCF7–

noPCP_GREB1_in2_c1 cells were transfected with 3 µg of pSB-Ubc-tdPCP-tdGFP and 

1.5 µg of pCMV(CAT)T7-SB100X in a 6-well dish. Cells were grown for 14 days to dilute 

transiently expressing cells. Single cells with a stable integration of the transgene were 

isolated by FACS and resulting colonies were tested for low expression levels by micros-

copy, yielding MCF7–SBtdPCP-tdGFP and MCF7–PCP_GREB1_in2_c1. MCF7–

SBtdPCP-tdGFP cells were used for further knock-in of the PP7 sequences into exon 2 

and exon 33 of GREB1. 

4.2.6 Generation of knock-in cell lines using CRISPR/Cas9 

Clustered regularly interspaced short palindromic repeats (CRISPR)/Cas is an adaptive 

immune system in bacteria and archaea that utilizes an RNA-guided nuclease to specifi-

cally cleave invading genetic elements (Horvath & Barrangou 2010). Sequence specificity 

is achieved by Watson-Crick pairing of a guide RNA (gRNA) with a 20 bp target DNA se-

quence. The ease of changing this gRNA sequence in the laboratory to alter the targeting 

of a nuclease made this system a versatile tool for genome engineering (Cong et al. 2013, 

Ran et al. 2013). The system that is used most frequently is the Type II CRISPR system 

from Streptococcus pyogenes with its nuclease Cas9. After Cas9-mediated cleavage, the 

resulting double-strand break can be repaired by two pathways. Error-prone non-

homologous end joining often results in insertion/deletion mutations and can be used to 

generate a gene knock-out by introducing a frame-shift in the gene of interest. Alternative-

ly, the double-strand break can be repaired via homology-directed repair (HDR) allowing 
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precise modifications at the target genomic locus including introduction of custom se-

quences when flanked by homologous sequences to generate knock-in alleles. 

To knock in the PP7 sequences together with a selection cassette into intron 2 of GREB1, 

a specific gRNA sequence was designed using the CRISPR design tool2 and cloned into 

pX330 to yield pX330-GREB1-in2L. Homology arms for HDR, each consisting of 600–

800 bp DNA around the gRNA target site, were cloned into pUC19 such that they flank the 

PP7 sequences and the selection cassette to yield pHR-GREB1-in2-24xPP7-LPIBCL. 

MCF-7 cells were transfected with 1.5 µg of pX330-GREB1-in2L and 3 µg of pHR-

GREB1-in2-24xPP7-LPIBCL in a 6-well dish and transferred to a 15 cm dish on the next 

day. Selection with 0.1 µg/mL Puromycin was started 3 days post-transfection and contin-

ued until colonies formed. After 3 weeks, colonies were picked using cloning cylinders and 

grown for further characterization. Clonal cell lines were tested by microscopy for the 

presence of eBFP2 labeled peroxisomes and the appearance of transcription sites after 

transient transfection of pHAGE-UbC-NLS-HA-tdPCP-GFP. Further confirmation of the 

knock-in was carried out by genotyping PCRs with primers outside of the homology arm 

together with primers within the knock-in cassette. This process yielded the MCF7-

noPCP_GREB1_in2_c1 cell line that carries a knock-in in two GREB1 alleles. 

A similar knock-in strategy was performed for exon 2 or exon 33 of GREB1 with pX330-

GREB1-ex2T or pX330-GREB1-ex33B, respectively, instead of pX330-GREB1-in2L, and 

pHR-GREB1-ex2-24xPP7-LPIBCL or pHR-GREB1-ex33-24xPP7-LPIBCL, respectively, 

instead of pHR-GREB1-in2-24xPP7-LPIBCL to generate the knock-in cell lines MCF7-

PCP_GREB1_ex2_c16 and MCF7–PCP_GREB1_ex33_c3. 

4.2.7 Cre/loxP-mediated excision of selection cassette from knock-in allele 

Cre recombinase of the bacteriophage P1 is a site-specific tyrosine recombinase that cat-

alyzes the recombination between two 34 bp long recognition sites on the DNA (Abremski 

& Hoess 1984). These so-called loxP sites consist of two 13 bp palindromic sequences 

that flank an 8 bp core which provides directionality of the site. Depending on the orienta-

tion and location of the two loxP sites, the recombination can lead to insertion, deletion or 

inversion of DNA sequences. 

The knock-in allele contains a selection cassette that is flanked by two loxP sites in the 

same orientation. This enables Cre recombinase-mediated excision of this selection cas-

sette. MCF7–PCP_GREB1_ex2_c16 cells were transfected with 3 µg pCAG-Cre-IRES2-

GFP in 6-well plates and BFP and GFP double positive cells with strong GFP expression 

were isolated by FACS four days later. After three weeks of recovery, single BFP negative 

cells were isolated by FACS and grown for further characterization. The excision of the 

selection cassette in the resulting cell line MCF7–PCP_GREB1_ex2_c16_Cre was con-

firmed by absence of BFP expression and by genotyping PCRs. 

                                                

2 Feng Zhang, Massachusetts Institute of Technology, http://crispr.mit.edu (October 2014) 
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4.3 Molecular biology 

Standard molecular biology methods, such as preparation and transformation of chemical-

ly competent E. coli, amplification and isolation of plasmid DNA from bacteria, analysis of 

DNA on agarose gels, restriction endonuclease digestion of DNA, dephosphorylation of 

DNA using alkaline phosphatase, ligation of DNA fragments with T4 DNA Ligase, assem-

bly of DNA fragments using In-Fusion cloning, purification of DNA from agarose gels as 

well as PCR reactions, and spectrophotometric quantification of DNA were carried out ac-

cording to manufacturer’s instructions of the kits and enzymes listed in 4.1.3 and 4.1.4, 

and standard protocols (Green & Sambrook 2012). 

4.3.1 Polymerase chain reaction (PCR)  

Cloning PCRs 

All PCRs that were performed to amplify DNA for further use in cloning protocols were 

performed with the Q5® High-Fidelity DNA Polymerase (New England Biolabs) and pri-

mers from Table 6. The reaction was set up according to Table 13 and the temperature 

program in Table 14 was used with annealing temperatures according to the primer pair. 

Table 13: Setup of Q5 cloning PCR reaction. 

Reagent Concentration Amount 

Q5 buffer 5 x 5 µL 

template DNA variable 500 pg (plasmid) or 100 ng (genomic DNA) 

forward primer 10 µM 1.25 µL 

reverse primer 10 µM 1.25 µL 

dNTPs 10 mM each 0.5 µL 

Q5 Polymerase 2 U/µL 0.5 µL 

ddH2O 55.5 M to 25 µL 

Table 14: Temperature program for Q5 PCR reaction. 

Temperature Time  

98 °C 30 sec  

98 °C 10 sec 

25–35 cycles 65–72 °C 10 sec 

72 °C 30 sec / kb 

72 °C 2 min  

4 °C forever  

Genotyping PCRs 

Genotyping PCRs were performed on genomic DNA to check for correct insertion of the 

transgene and correct recombinase-mediated excision of the selection cassette from the 

transgene. PCRs were set up according to Table 15 using the TrueStart Hot Start Taq 

DNA Polymerase (Thermo Fisher Scientific) and primers from Table 7. A touchdown PCR 

was performed according to Table 16 to enhance specificity. 
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Table 15: Setup of genotyping PCR reaction. 

Reagent Concentration Amount 

TrueStart buffer 10 x 2 µL 

genomic DNA variable 100 ng 

forward primer 10 µM 0.38 µL 

reverse primer 10 µM 0.38 µL 

MgCl2 25 mM 1.6 µL 

dNTPs 2 mM each 2 µL 

TrueStart Polymerase 5 U/µL 0.16 µL 

ddH2O 55.5 M to 20 µL 

Table 16: Temperature program for genotyping PCR reaction. 

Temperature Time  

95 °C 4 min  

95 °C 30 sec 

in total 38 cycles 60 °C x 2, 57 °C x 2, 54 °C x 4, 52 °C x 4, 50 °C x 26 30 sec 

72 °C 70 sec 

72 °C 10 min  

4 °C forever  

4.3.2 Isolation of genomic DNA from mammalian cells 

Total genomic DNA was isolated from cells using the DNAzol® Reagent (Thermo Fisher 

Scientific) according to manufacturer’s recommendations. The method uses cell lysis in a 

mixture of guanidine thiocyanate and detergents followed by ethanol precipitation 

(Chomczynski et al. 1997). The DNA was directly used in cloning or genotyping PCRs. 

4.3.3 Isolation of total RNA from mammalian cells 

Total RNA was isolated using TRIzol® Reagent (Thermo Fisher Scientific) according to 

manufacturer’s recommendations. To isolate RNA, cells were homogenized in TRIzol, 

chloroform was added and RNA was precipitated from the aqueous phase using isopro-

panol (Chomczynski 1993). 

For RT-qPCR experiments, 2 × 105 cells were seeded into a well of a 6-well plate and 

grown in starvation medium for 3 days. Transcription was induced overnight (~18 hours) 

with different E2 concentrations to record the E2 dose-response curve. Alternatively, to 

measure kinetics of RNA induction, cells were induced with either 10 pM or 1000 pM E2 

and samples were collected every 10 minutes for 2 hours. RNA extraction was carried out 

in 600 µl of TRIzol according to manufacturer’s instructions. The RNA was used for cDNA 

generation and quantification of gene expression by RT-qPCR. 

4.3.4 Quantification of gene expression by RT-qPCR 

Generation of cDNA by reverse transcription (RT) 

Reverse transcription of RNA into cDNA was performed using the SuperScript® II RT 

(Thermo Fisher Scientific) with random hexamers. The reaction was set up according to 

Table 17, incubated for 5 minutes at 65 °C and placed on ice. Then, the components from 

Table 18 were added and the mix was incubated for 10 minutes at 25 °C and for 

50 minutes at 42 °C. Finally, heat inactivation was performed for 15 minutes at 70 °C. 
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Table 17: Setup of RT reaction (first mix). 

Reagent Concentration Volume 

RNA variable variable (400 ng) 

random hexamers 50 µM 1 µL 

dNTPs 10 mM each 1 µL 

ddH2O 55.5 M to 12 µL 

Table 18: Setup of RT reaction (second mix). 

Reagent Concentration Volume 

SuperScript buffer 5 x 4 µL 

DTT 0.1 M 2 µL 

RNAse OUT 40 U/µL 1 µL 

SuperScript II RT 200 U/µL 1 µL 

 

Quantitative PCR (qPCR) 

Quantitative PCRs were performed on 1 µL of template cDNA, genomic DNA or diluted 

plasmid DNA with primer pairs listed in Table 8. The efficiency of amplification was deter-

mined for all primer pairs using serial dilutions of template DNA and confirmed to be 

above 90 %. All measurements were performed as technical duplicates in a ViiA™ 7 Real-

Time PCR System (Thermo Fisher Scientific) in a 384-well format (Roche). 

Table 19: Mix for a single qPCR reaction. 

Reagent Concentration Volume 

cDNA variable 1 µL 

forward primer 10 µM 0.1 µL 

reverse primer 10 µM 0.1 µL 

Power SYBR Green 2 x 5 µL 

ddH2O 55.5 M 4 µL 

Table 20: Temperature program for qPCR. 

Temperature Time  

50 °C 2 min  

95 °C 10 min  

95 °C 15 sec 
40 cycles 

60 °C 1 min 

60–95 °C  melt curve 

4 °C forever  

Relative quantification of gene expression 

Threshold cycles (Ct) were calculated using a manually set detection threshold to allow 

comparability between plates. Mean Ct-values of technical replicates were used. To com-

pare gene expression between samples, normalization to the reference gene GAPDH was 

performed. The Ct-value for GAPDH was subtracted from the Ct-value of the gene of in-

terest to obtain the 	Ct value. This value was used to calculate expression levels as per-

cent of GAPDH: 
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The difference of 	Ct values, the 		Ct value, was calculated between samples and used 

to calculate the relative difference in expression: 

������ �� � !"�##�$� � ����� (2) 

When calculating fold changes, for example to time point 0, all values were divided by the 

mean expression value from biological replicates at that reference point. Standard devia-

tions were calculated from biological replicates, in case of fold changes after normalization 

to the reference. 

In case of allele-specific RT-qPCR, when expression levels of the wildtype and knock-in 

allele were compared, extreme care was taken to correct for amplification bias due to pri-

mer efficiency. Therefore, normalization was carried out using an external plasmid stand-

ard that contained all PCR products. qPCR was performed on a serial dilution of the 

plasmid and Ct-values were plotted against the log10 of ng plasmid. Slope and intercept of 

a linear regression were calculated and used to determine the absolute amount of target 

DNA in the cDNA reaction. The calibrated expression levels were calculated as percent of 

GAPDH using equation 3. 
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4.4 Live-cell imaging of nascent transcription 

4.4.1 Preparation of cells 

Cells were trypsinized three days prior to imaging and 30 µL of a 0.6 × 106 cells/mL solu-

tion were filled into each channel of a 6 channel µ-Slide VI 0.4 ibiTreat (ibidi) and 120 µl of 

medium was added to fill the reservoirs. The medium was replaced by starvation medium 

containing the desired amount of E2 (Sigma) on the next day and changed daily. To ob-

serve the effect of small molecule inhibitors, 2.5 mM sodium butyrate (Sigma), 1 µM PFI-1 

(Sigma), 10 µM C646 (Sigma), or DMSO (Sigma) (final DMSO concentration in all sam-

ples 0.05 %) were added four hours prior to imaging and after growing cells in 20 pM E2 

for two days. For induction experiments, cells were grown in starvation medium without E2 

for at least 48 hours and placed into the microscope. After 51 minutes of imaging the me-

dium was replaced with starvation medium containing either 10 pM or 1000 pM E2. 

4.4.2 Image acquisition 

Live-cell images were acquired on a DeltaVision™ Elite microscope system (GE 

Healthcare) equipped with an environmental control chamber (Imsol) and a CO2 mixer 

(Leica) to maintain 37 °C and 5 % CO2 during imaging experiments. Excitation light was 

generated using a 7 color InsightSSI module and focused through a 60× 1.42 NA Oil Plan 

APO objective. Excitation and collection of emitted fluorescence of eGFP was achieved 

using the FITC filters and the polychroic beam splitter for DAPI, FITC, TRITC and Cy5. 

Images were acquired on a pco.edge sCMOS-camera operating in 2x2 binning mode, 
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yielding an image with 1024 × 1024 pixels and a pixel size of 216 nm. The microscope 

was controlled via softWoRx v6.5.2. 

To image transcription in living cells, z-stacks with 12 planes spaced 0.55 µm apart were 

acquired every 3 minutes for 260 time points (total imaging time ~13 hours) in the FITC 

channel with 2 % light intensity with 100–120 ms exposure times. One brightfield image 

(POL channel) was acquired with an exposure time of 50 ms at 5 % light intensity at each 

time point to follow cell viability. The first 10 frames of each movie were discarded to re-

move initial photobleaching of the medium. Photobleaching during the rest of the movie 

was not corrected for. For induction experiments, images were acquired with the same 

settings every 1.5 minutes for 200 time points (300 x 5 minutes for analysis of daughter 

cells) without discarding initial images. Images for visualization of single transcripts were 

acquired as a z-stack with 14 slices spaced 0.27 µm apart, with 100 % light intensity and 

100–120 ms exposure time. 

Imaging of the E2 dose-response was performed for the 0–20 pM E2 datasets simultane-

ously on the same day and for 100–1000 pM E2 datasets on a different day. Data for E2 

induction is a combination of two separate experiments for each E2 concentration. The 

dual allele dataset and the inhibitor dataset are from one experiment each. 

4.4.3 Live-cell image analysis 

All live-cell image analysis was performed by custom MATLAB scripts. 

Segmentation of nuclei 

Nuclei were labeled by nuclear localized tdPCP-tdGFP. Accordingly, nuclear segmenta-

tion was directly carried out on mean intensity projections of images that were acquired in 

the GFP channel. In a first step, bright nuclear foci that adversely influence segmentation 

were removed by setting an intensity cut-off at the 92nd percentile on the local background 

(Gaussian smoothing with width of 30 µm) subtracted image. The remaining image was 

scaled to intensity values between 0 and 1, smoothened by applying a Gaussian filter 

(width of 0.8 µm) and the local background was subtracted before a user selected thresh-

old (usually between 0.03 and 0.06) was applied. Holes in the resulting mask were filled 

and the mask was smoothened by applying an opening operation with a disk structuring 

element with a radius of 2.5 µm. Nuclei that were in close proximity and could not be sep-

arated by this approach were identified by size (area > 260 µm²) and a shape measure 

(solidity < 0.93). These clustered nuclei were then iteratively separated by identifying the 

best watershed lines that connect two concave regions in a nuclear mask such that they 

lead to a separation of clustered nuclei (described in Stoeger et al. 2015)3. Finally, objects 

that were smaller than 60 µm² or bigger than 1300 µm² were removed to yield the final 

nuclear mask. 

                                                

3 Lucas Pelkmans, https://github.com/pelkmanslab/ImageBasedTranscriptomics (January 2016) 
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Tracking of nuclei 

Nuclei were identified as described above in each frame of a time-lapse movie. Further-

more, to generate a complete set of corresponding masks for each nucleus at each time 

point, the result of the nuclear segmentation of the previous time point was used to correct 

possible errors in the segmentation of the current time point. To detect possible errors 

such as over- or undersegmentation of nuclei, as well as the disappearance or the ap-

pearance of new nuclei over time, the pixel-based overlap of all individual nuclear masks 

of both time points were calculated. Because cells move slowly with respect to the imag-

ing interval, nuclear masks of corresponding cells should show high overlap in successive 

images. Six cases of frame-to-frame correspondences were distinguished: 

1. One-to-one: Only the mask of the previous and the current frame showed overlap 

with each other indicating that those nuclei correspond to each other. 

2. One-to-zero: A mask from the previous frame did not show any overlap with a 

mask from the current frame. The nucleus was lost. To avoid a loss of a nucleus 

that was sometimes identified as a false-negative, an image registration algorithm 

was used to identify the best transformation between the previous nuclear image 

and the image at the same position in the current frame and yielded a new position 

for the mask. Image registration was performed for a maximum of five consecutive 

frames before the nucleus was deleted. 

3. Zero-to-one: A mask in the current frame did not overlap with any mask in the pre-

vious frame. A new nucleus was created. 

4. Many-to-one: Two or more masks of the previous frame overlapped with a single 

mask in the current frame as a result of undersegmenting the nucleus in the cur-

rent frame. To resolve this undersegmentation, the points along the outline of the 

previous masks were aligned with the points along the outline of the current mask 

using an iterative closest point (ICP) algorithm (Bergström & Edlund 2014)4 and 

the points of the current mask were assigned to the nucleus that the closest point 

of the previous outlines belonged to. New masks were created from the outlines. 

5. One-to-many: A single nuclear mask of the previous frame overlapped with two or 

more masks of the current frame as a result of oversegmentation in the current 

frame. To resolve this oversegmentation, a similar ICP-based approach as above 

was applied to fuse the masks. 

6. Many-to-many: Many nuclear masks of the previous frame overlapped with many 

masks of the current frame. This most complex case could not be fully resolved 

and often led to erroneous assigned correspondences. 

After finding frame-to-frame correspondences in the corrected masks, incompletely 

tracked nuclei, such as lost or newly appeared nuclei, were discarded. Thereby, dividing 

and dying cells were removed. Nuclei that touched image borders or that showed errone-

                                                

4 Per Bergström, http://www.mathworks.com/matlabcentral/fileexchange/12627-iterative-closest-
point-method (September 2015) 
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ous tracking were manually removed. In a typical movie with a cell density of 80 % about 

30 nuclei could be completely tracked. 

Bandpass filtering 

A two-dimensional bandpass filter was used to reduce pixel noise and background fluo-

rescence, e.g. of unbound nuclear tdPCP-tdGFP. Edges of the image were replicated, the 

image was transformed into Fourier space and multiplied with a filter that was calculated 

as follows. 
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with w and h being the width and height of the filter, respectively, dx,y being the distance of 

the pixel at position x/y to the center of the image, and CHP and CLP are the cutoffs (in px) 

for high pass and low pass, respectively. 

Spot detection 

Spots were detected on maximum intensity projections of bandpass-filtered (0.65 µm to 

4.3 µm) images. Spot detection was performed using the u-track package for MATLAB in 

version 2.0 (Jaqaman et al. 2008) with a user-defined width of the point-spread-function 

(0.4 µm) and an alpha-value of 0.13. 

Tracking of transcription sites 

Transcription sites were relatively immobile in the nucleus and showed only minimal 

movement relative to the nucleus over the timeframe of imaging experiments. This proper-

ty was used to track the transcription site within a nucleus and follow its position even in 

the absence of a visible spot. Movement of the nucleus consists of translation and rota-

tion, both of which were inferred from the nuclear outlines. 

The outlines of a nucleus from two consecutive time points were superimposed and 

aligned via an ICP algorithm to infer their transformation. Big changes in the size of the 

nucleus, which resulted from detection errors, adversely affected the alignment. In such 

cases, the ICP algorithm was repeated 10 times with shifted 66 % contiguous points of the 

outline of the bigger nucleus and the best transformation was used. 

After inference of nuclear transformations, the positions of all spots that were not more 

than 1 µm away from the nucleus were transformed such that they were fixed relative to 

the given nucleus. Then, tracklets were generated using the u-track package for MATLAB 

using a linear motion Kalman filter with a search radius of 6 without merging or splitting 

and without gap closing. These short and incomplete tracklets only cover a fraction of all 

time points of a time-lapse movie and need to be linked and interpolated to generate 

complete tracks that last from the beginning to the end of a movie. Only tracklets that cov-

er at least four time points were considered in the tracklet linking step. A brute-force strat-

egy was chosen, such that all possible combinations of the up to 18 longest tracklets were 

considered and a cost for the linkage was calculated according to equation 5. 
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…   u-track spot intensity in frame t 

…   90 % percentile of all u-track spot intensities in nucleus

…   Number of frames without tracklet 

…   Distance between end and start of consecutive tracklets (in px) 

…   ^umber of frames without tracklet for this linkage

 

The combination of tracklets with the lowest cost was chosen and the gaps in between 

tracklets were filled using linear interpolation before the positions were retransformed into 

the original coordinates of the movie. A second position in each nucleus was used to de-

scribe the background that is generated by the spot quantification algorithm. This position 

was set to the centroid of the nuclear mask and shifted such that it is at least 3 µm away 

from the position of the transcription site. 

All generated tracks were reviewed, and erroneous assigned positions were corrected 

manually. Errors were mainly observed in case of dim transcription sites that disappear for 

a long time in combination with strong rotational movement of a nucleus. Cells where the 

transcription site moves out of focus or divides during acquisition were discarded. 

Quantification of fluorescence intensities 

Fluorescence intensities were quantified on bandpass filtered images (0.4 – 4 µm) in 

which pixel noise and the background of unbound tdPCP-tdGFP is reduced. The intensity 

was quantified by fitting a 3-dimensional Gaussian distribution with an offset (see equa-

tion 6) to the intensity distribution in the 3D image stack in a circular window centered 

around the tracked position that had a height and width of 1.9 µm. The squared error was 

minimized using the fminsearchbnd function5 with σxy being constrained to 0.1 – 0.4 µm 

and σz to 0.3 – 1 µm. 
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…   Intensity at position x, y, z

…   Amplitude

…   Center of Gaussian distribution 

…   Width of Gaussian distribution in xy and z 

…   Offset 

 

 

                                                

5 John D'Errico, https://www.mathworks.com/matlabcentral/fileexchange/8277-fminsearchbnd--
fminsearchcon (February 2014) 
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The integrated intensity was then calculated according to equation 7. 
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Absolute quantification by calibration to intensities of single RNAs 

To generate absolute numbers of transcripts from the arbitrary number generated by the 

fluorescence quantification, it was necessary to calibrate the intensities to a known stand-

ard. When cells at saturating concentrations of E2 were imaged at maximum excitation 

settings (100 % instead of 2 % light intensity), low intensity spots were visible in the vicini-

ty of transcription sites. These spots are likely single finished transcripts that have left the 

site of active transcription and are diffusing within the nucleoplasm. They were used to 

quantify the fluorescence intensity of a single transcript, which was then used as a nor-

malization factor to derive absolute transcript numbers. 

Dim spots that likely represent single transcripts were manually identified in the images 

and quantified as described above. A Gaussian distribution was fitted to the resulting in-

tensity histogram and the mean of the distribution was used as the mean intensity for a 

single transcript. To adjust for the relative difference in illumination between 2 % and 

100 % light intensity, images were acquired with both illumination conditions at the same 

position and the intensities of transcription sites were quantified. A linear function was fit-

ted to the ratio of intensities and their slope was used as a normalization factor. The pro-

cedure was repeated every time the setup of the microscope or image acquisition pa-

rameters changed. 

Additionally, histograms of spot intensities were matched with spot intensities from sm-

RNA FISH, where absolute RNA numbers are known (see 4.5.4 and 4.8.2). 

Feature extraction from time traces 

Raw fluorescence intensities were converted in absolute RNA numbers by division by the 

intensity of a single transcript. A running median with a window size of five time points 

was applied to smooth the time trace. The slope of the curve was calculated as the differ-

ence between two consecutive time points. This slope was subsampled 10-fold by linear 

interpolation and a threshold of 0.65 transcripts per 3 minutes was applied. Gaps and 

peaks with duration of less than one imaging interval were discarded. ON- and OFF-times 

were derived from the time the slope is above or below the threshold, respectively. The 

burst size was calculated for each ON-period as the difference of intensity of the 

smoothed time trace. The initiation rate was calculated for each burst by dividing the burst 

size by the ON-time. ON- and OFF-times were also calculated for regions that encompass 

beginning or end of the time trace, to include long OFF-times for non-responders at low E2 

concentrations. The area under the curve (AUC) was calculated as the sum over all inten-

sities. To calculate response-times from induction experiments and simulations, trajecto-
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ries were median filtered with a window of seven time points. Then the time from which on 

the trajectory stayed above a threshold of two transcripts for at least five consecutive time 

points was determined. 

4.5 Single-molecule RNA fluorescence in-situ hybridization 

4.5.1 Preparation and fixation of cells 

Cells were seeded into µ-Slide VI 0.4 ibiTreat slides and grown with different E2 concen-

trations (with or without 1 µM ICI 182,780 as indicated) as described in section 4.4.1. After 

three days, cells were washed with PBS and fixed with 4 % PFA in PBS for 10 minutes at 

room temperature. Cells were washed twice with PBS and permeabilized with 70 % etha-

nol at 4 °C for at least 1 hour. 

4.5.2 Probe hybridization and mounting 

Custom Stellaris® FISH Probes were designed against introns 2, 9 and 10 of human 

GREB1 by utilizing the Stellaris® RNA FISH Probe Designer (version 4.2) and obtained 

from LGC Biosearch Technologies labeled with Quasar® 670. Stellaris® FISH Probes 

recognizing exon 5–9 in human GREB1 were obtained labeled with Quasar® 570 (Cata-

log #VSMF-2158-5). The hybridization with both probe sets followed the manufacturer’s 

instructions with slight modifications. Briefly, permeabilized cells were rehydrated for 

5 minutes with wash buffer A and the buffer was removed from the channels prior to add-

ing 50 µL hybridization solution. Hybridization was performed overnight at 37 °C in the 

dark. 

Table 21: Composition of wash buffer A. 

Reagent Concentration Amount 

Stellaris® RNA FISH wash buffer A 5 x 1 mL 

Deionized formamide 100 % 500 µL 

Nuclease-free H2O 55.5 M 3.5 mL 

Table 22: Composition of smRNA FISH hybridization solution. 

Reagent Concentration Amount 

Stellaris® RNA FISH hybridization buffer - 270 µL 

Deionized formamide 100 % 30 µL 

Intronic GREB1 probes (Quasar® 670) 12.5 µM 3 µL 

Exonic GREB1 probes (Quasar® 570) 12.5 µM 3 µL 

 

Samples were washed twice with wash buffer A and once with wash buffer A containing 

5 ng/µl DAPI, each for 20 minutes at 37 °C. Cells were washed in Stellaris® RNA FISH 

wash buffer B for 5 minutes at room temperature and equilibrated for 2 minutes in GLOX 

buffer. The buffer was removed, the channels were filled with 50 µL GLOX anti-fade solu-

tion, and the samples were imaged immediately. 
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Table 23: Composition of GLOX buffer. 

Reagent Concentration Amount 

Tris HCl, pH 7.5 1 M 100 µL 

20 x SSC (150 mM NaCl, 15 mM sodium citrate, pH 7) 20 x 1 mL 

glucose 20 % 200 µL 

Nuclease-free H2O 55.5 M to 10 mL 

Table 24: Composition of GLOX anti-fade solution. 

Reagent Concentration Amount 

GLOX buffer  300 µL 

Trolox 1 mM 3 µL 

glucose oxidase 3.7 mg/mL 3 µL 

catalase 2 U/µL 3 µL 

 

4.5.3 Image acquisition 

Images were acquired on a DeltaVision™ Elite microscope system with a 60× 1.42 NA Oil 

Plan APO objective. Excitation and collection of emitted fluorescence was achieved using 

the filters and the polychroic beam splitter for DAPI, FITC, TRITC and Cy5. Images were 

acquired on a pco.edge sCMOS-camera without binning, yielding an image with 2048 × 

2048 pixels and a pixel size of 108 nm. The microscope was controlled via softWoRx 

v6.5.2. z-stacks with 32 planes spaced 0.27 µm apart were acquired in the TRITC channel 

(50 % light intensity, 200 ms exposure) for Quasar® 570, the Cy-5 channel (32 % light in-

tensity, 100 ms exposure) for Quasar® 670, the FITC channel (100 % light intensity, 

100 ms exposure) for GFP, and the DAPI channel (50 % light intensity, 100 ms exposure). 

One brightfield image was acquired with an exposure time of 50 ms at 5 % light intensity. 

4.5.4 Single-molecule RNA FISH image analysis 

All image analysis was performed by custom MATLAB scripts. 

Segmentation of nuclei 

Nuclei were detected on maximum intensity projections of images in the DAPI channel. 

Intensity inhomogeneity was removed by local background (Gaussian smoothing, width of 

10 µm) subtraction. After scaling of intensities to range from 0 to 1, global thresholding 

using Otsu’s method (Otsu 1979) was applied. Holes in the mask were filled and the mask 

was smoothened by applying an opening operation with a disk structuring element with a 

radius of 2.5 µm. Clustered nuclei were identified (area > 175 µm², solidity < 0.935) and 

separated as described in 4.4.3. Nuclei that were smaller than 80 µm² or bigger than 

250 µm² were removed and the remaining objects were inflated by 4 px. Nuclei with a 

mean DAPI intensity of more than 3000 and a solidity of less than 0.96 were not consid-

ered for further analysis. 

Spot detection and quantification 

Spots were detected on maximum intensity projections of bandpass-filtered (0.4 µm to 

4 µm) images. Spot detection was performed using the u-track package for MATLAB in 

version 2.0 (Jaqaman et al. 2008) with a point-spread-function width of 0.12 µm and an 
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alpha-value of 0.1. Spots with an amplitude above 0.004 (Quasar® 570 and GFP) or 

0.0015 (Quasar® 670) were quantified by fitting a three-dimensional Gaussian function 

(see equation 6) to the 3D image stack within a circular window of 1.4 µm with σxy being 

constrained to 0.08 – 0.38 µm and σz to 0.27 – 1.35 µm. The integrated intensity was then 

calculated according to equation 7. Spurious spots (σxy < 0.12 µm, amplitude < 300 (Qua-

sar® 570) or < 100 (Quasar® 670 and GFP), ratio of amplitude and (σxy–1) < 800 (Qua-

sar® 570), < 200 (Quasar® 670), or < 150 (GFP) were discarded. 

Absolute quantification by calibration to intensities of single RNAs 

Single transcripts are visible as diffraction-limited spots in the cytoplasm of cells when 

smRNA FISH for exons is performed. The intensity of these spots was used to calibrate 

the intensities of transcription sites and derive absolute nascent RNA numbers. A lognor-

mal distribution was fitted using the lsqnonlin function in MATLAB to the intensities of 

spots that are located outside of nuclei to yield the mean intensity of a single transcript. 

4.6 High-content imaging of transcription 

4.6.1 Preparation of cells 

104 cells were seeded per well of a 96-well SensoPlate™ Plus glass bottom microplate 

(greiner) three days prior to image acquisition. The medium was replaced with starvation 

medium containing the desired concentration of E2 every day and DMSO and small mole-

cule inhibitors were added four hours prior to fixation. Cells were washed with PBS and 

fixed with 4 % PFA in PBS for 10 minutes on ice. Afterwards, cells were washed twice 

with PBS and a nuclear counter-staining was performed with 0.5 µg/mL DAPI (Sigma) in 

PBS for five minutes or 2.5 µM DRAQ5 (eBioscience) for 30 minutes. Cells were stored in 

PBS at 4 °C until image acquisition. Cell culture and treatment for high-content imaging 

experiments was performed by Daria Steinshorn. 

4.6.2 Image acquisition 

Seven fields were imaged per well in an Opera Phenix™ High Content Screening System 

(PerkinElmer) with a 20× 1.0 NA water immersion objective using spinning disc confocal 

mode. A z-stack with 22 planes spaced 1.2 µm apart was acquired without binning, result-

ing in a pixel size of 0.30 µm. Exposure time in the EGFP channel (excitation: 488 nm la-

ser, emission: 500–550 nm) was 500 ms at 100 % illumination intensity. Nuclei were im-

aged either in the DAPI channel (excitation: 405 nm laser, emission: 435–480 nm) for 

60 ms at 80 % intensity or in the DRAQ5 channel (excitation: 640 nm laser, emission: 

650–760 nm) for 300 ms at 50 % intensity depending on the nuclear counterstain. 

High-content imaging for the E2 dose-response was performed in three separate experi-

ments with technical duplicates. Inhibitor treatment was performed twice with technical 

duplicates. 
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4.6.3 High-content image analysis 

Images from the high content screening microscope were analyzed using the Harmony® 

High Content Imaging and Analysis Software (PerkinElmer). First, maximum intensity pro-

jections were calculated for each channel and a combined DAPI-EGFP image was calcu-

lated by summing the EGFP channel and 1/10 of the intensity of the DAPI channel (for 

DRAQ5: EGFP + 1/4 × DRAQ5). This image was used in the “find nuclei” building block to 

identify nuclei using method C (parameters: common threshold 0.45 (0.7 for DRAQ5), ar-

ea 30 µm, split factor 20.5 (10 for DRAQ5), individual threshold 0.45, contrast 0.05). Nu-

clei that touch image borders were removed and good nuclei were selected based on in-

tensity and morphology properties (mean GFP intensity < 300, nucleus roundness > 0.65, 

nucleus area < 300 µm², nucleus ratio width to length > 0.45, nucleus area > 80 µm). The 

plane from which the maximum pixel intensity originated during the maximum intensity 

projection was used to discard out-of-focus nuclei. Nuclei were removed if the mean plane 

map value was below 4 or above 18. Spots were identified in a region that encompasses 

the nucleus plus a rim of 1 µm on a background subtracted image (EGFP channel - 5 px 

Gaussian filtered EGFP channel) using method C (parameters: radius � 1.61 µm, contrast 

> 0.82 µm, uncorrected spot to region intensity > 2.5, distance � 3 µm, spot peak radius 

0.24 µm). A linear classifier was used to discriminate real transcription sites from spurious 

spot detections (discarded if 14.4 × spot contrast + 0.0324 × spot area + 0.126 × spot 

background intensity + 0.158 × spot to region intensity < 17.06). Spot and nuclei proper-

ties were exported and analyzed using custom scripts in R. Spot intensities were calculat-

ed as the product of the corrected spot intensity and the spot area. Only the brightest spot 

was considered for each nucleus. 

Spot localization was analyzed with a custom building block. The localization is expressed 

as the distance between the center and the edge of the nucleus as a value between 0 

(edge) to 1 (center). A random distribution was approximated as follows. First, a number 

in the interval between 0 and (radial scale + 1 µm – spot radius)² was sampled for each 

nucleus. Then the square root of this value was divided by the radial scale and subtracted 

from 1. 

4.7 Bayesian inference on single-cell transcription time traces 

Implementation of stochastic simulations and the Sequential Monte-Carlo Approximate 

Bayesian Computation algorithm, as well as all model fitting to experimental data was per-

formed by Stephan Baumgärtner. Implementation details can be found in his PhD thesis 

(Baumgärtner 2017) and the complete implementation is publicly available on Github6. 

The general procedure is outlined below. 

                                                

6 https://github.com/baumgast/gene_transcription_SMC_ABC 
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4.7.1 Stochastic modeling of promoter progression and transcription 

Promoter progression was modeled as an abstract cycle of promoter states, where the 

promoter stochastically switches from one state into the next in an irreversible, ratchet-like 

manner. Each of these steps can be thought of as a series of protein binding events that 

leaves a stable modification of the chromatin template. Each of the states is either tran-

scriptionally active (ON) or inactive (OFF) and switching between them occurs with rates 

kON and kOFF, respectively. The simplest model is a two-state model with a single ON- and 

a single OFF-state. More complex model topologies were considered by adding additional 

states either in the OFF- or the ON-phase up to a model with 10 states (see Table 25). 

The additional states in bigger models lead to more free parameters. 

Table 25: Topologies and number of parameters for cyclic promoter models. The transition rates be-
tween states plus the initiation rate are approximated by fitting, while the elongation rate is fixed. Parameter 
numbers are given for a model without extrinsic noise. Additional free parameters can occur depending on the 
extrinsic noise source (Table 26). 

Name ON-states OFF-states Free parameters 

1-1 1 1 3 

1-2 1 2 4 

2-2 2 2 5 

1-9 1 9 11 

2-8 2 8 11 

 

Transcripts could be initiated within an ON-state with rate kinit. Stochastic simulations of 

promoter progression and initiation were performed using the stochastic simulation algo-

rithm (Gillespie 1977). While other models describe transcription of RNA as instantane-

ous, here the kinetics of polymerase elongation was considered and produced a charac-

teristic profile of fluorescence intensity, depending on the gene structure and the position 

of the PP7 stem-loops. For GREB1, the stem-loops were modeled to occur 3 kb after 

transcriptional initiation and the transcript length is 88 kb. Depending on the rate of poly-

merase elongation, kelong, the fluorescence profile observed for a single GREB1 transcript 

changes. Elongation was assumed deterministic, such that a fluorescence profile of one 

RNA was added at the sampled time of each initiation event. The summed-up signal of all 

RNAs was resampled with the imaging time interval and noise was added to produce the 

final simulated fluorescence trajectory. Noise was assumed to be log-normal distributed 

with mean and width that were estimated from fluorescence quantifications at random po-

sitions in the nucleus. 

4.7.2 Implementation of extrinsic noise 

Cell-to-cell variability was implemented by resampling of parameters prior to each single-

cell simulation. Such resampling assumes that extrinsic variability is stable over time. Fur-

thermore, it was assumed that extrinsic noise affects all GREB1 alleles similarly during 

dual-allele simulations. Eight different possible noise sources were considered: Each ki-

netic parameter (kON, kOFF, kelong, and kinit) alone, as well as in combination with kelong was 

resampled, plus a model without noise. The width of the distribution for resampling was 

added as a parameter to the model (Table 26). 
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Table 26: Parameters of extrinsic noise sources. � denotes the scale parameter of the normal distribution 
used for resampling. 

Index Resampled parameter(s) Sampling distribution Additional parameter 

0 none - - 

1 kelong uniform(1,5) [kb/min] - 

2 kinit normal(kinit ,�init) [min-1] �init 

3 kON normal(kON ,�ON) [min-1] �ON 

4 kOFF normal(kOFF ,�OFF) [min-1] �OFF 

5 kelong and kinit combination of above �init 

6 kelong and kON combination of above �ON 

7 kelong and kOFF combination of above �OFF 

 

The combination with five possible promoter topologies lead to 40 different models that 

were evaluated during model selection. 

4.7.3 Sequential Monte-Carlo Approximate Bayesian Computation 

A Bayesian method for model fitting 

The model that was used in this thesis consists of different topologies and incorporates 

polymerase elongation to approximate the signal-generating process during transcription. 

It was not possible to calculate the likelihood for a given set of parameters and topologies 

for such a process. A likelihood-free Bayesian method, called Approximate Bayesian 

Computation, was used, which is able to estimate parameters and select between model 

topologies at the same time (Beaumont et al. 2002). It relies on comparisons of multiple 

simulations with the data using a distance metric, thereby eliminating the need for likeli-

hood calculations. A sequential Monte-Carlo version of ABC was used that iteratively re-

fines a population of particles, in which each particle consists of parameters and a model 

topology. The final particle population yields the approximate posterior distributions for 

parameters and model topologies. 

Distance metric to compare simulations and experimental data 

Five different features were calculated for each simulated dataset and compared to the 

same features of the experimental data to assess how well both datasets resemble each 

other. The sum of all values was used as the distance function during SMC ABC, with 

smaller values indicating better agreement of simulations with data. 

1) Global distribution of intensity values. The distribution of all measured intensities 

characterizes the amount of time spent transcribing and the intensity of transcrip-

tion sites but ignores the time-course nature and differences between individual 

cells. Distributions of data and simulations were compared using the Kolmogorov-

Smirnov statistic. 

2) Mean autocorrelation function. The autocorrelation function (ACF) describes the 

correlation of intensities when shifted by various time lags. It captures for how long 

the signal is similar to itself. The ACF was calculated as the average over 25 slid-

ing windows of 125 time points each. The distance between two datasets was cal-

culated as the sum of squared distance. 
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3) Distribution of ACF half-lives. The half-live of the ACF was calculated for each fluo-

rescence trajectory as the mean time of crossing the value 0.5 over all window po-

sitions. The distribution of this value captures cell-to-cell variability and the similari-

ty of data and simulations was compared using the Kolmogorov-Smirnov statistic. 

4) Distribution of ACF values at a lag of one. The value of the ACF at the first lag par-

titions responding and non-responding cells. Its distribution was compared be-

tween data and simulations using the Kolmogorov-Smirnov statistic. 

5) Maximum mean discrepancy of all intensities. This statistic compares multivariate 

distributions (Gretton et al. 2012). 

The stochastic nature of the simulations leads to a distance value greater than zero even 

when parameters for simulations are the same. A value of 0.5 was estimated for an opti-

mal fit from repeated simulations with the same set of parameters. 

Generation of a start population 

A start population of 50.000 particles was generated using prior beliefs about model to-

pology and parameters. Simulations were performed for each particle and compared to 

experimental data as described above. The best 2000 particles were chosen as start pop-

ulation for further iterations. 

Iterative refinement of parameters 

In each iteration, the best 20 % of particles of the previous iteration were used to generate 

new particles. Parameters and topologies of new particles were sampled in the proximity 

of old values. The new particles were simulated and accepted if the distance was better 

than the worst of the initial 20 %. By iterative refinement of parameters, posterior distribu-

tions are approximated. The algorithm was terminated when the improvement in the dis-

tance measure of the worst particle was less than 2 %. 

4.7.4 Benchmarking 

The ability of the SMC ABC algorithm to recover model topology and values of kinetic pa-

rameters was analyzed using synthetic datasets. They were generated by forward simula-

tions with known parameters and then fitted. All kinetic parameters were varied, and ex-

cellent recovery of values was observed (Figure 28). However, very short OFF-times (less 

than 15 minutes) were hardly recovered and the contribution of ON-time and initiation rate 

to the burst size was not separable. Model selection performed well, with the tendency to 

retrieve related extrinsic noise sources. 

4.7.5 Global model fitting 

In order to evaluate whether differences between datasets can be explained by changing 

only a single kinetic parameter, multiple datasets from various experimental conditions 

were globally fitted at once. This reduced the number of free parameters during fitting and 

reduced the risk of overfitting. The posterior distributions of the individual fits were used to 

extract the most frequently chosen model topology and fixed this during global fitting. For 

“global” parameters, which were assumed to be similar across all datasets, a global prior 



MATERIALS AND METHODS 100 

distribution was generated from the overlap in parameter posterior distributions of all indi-

vidual fits. Prior distributions for “local” parameters, which were fitted individually to each 

dataset, were derived from best values of a parameter scan. Only particles contributed to 

the prior distributions that had the chosen model topology. During SMC ABC, each parti-

cle contained values for global parameters, plus one value of the locally changing pa-

rameter for each dataset. The distance measures were calculated individually for each 

dataset and their sum was used to determine the global agreement of simulations with the 

datasets. 

4.8 Statistical analysis 

Statistical analysis and curve-fitting was performed in MATLAB and R. 

4.8.1 Fitting of distributions 

A four-parameter Hill-equation (equation 8) was used to fit dose-response curves using 

the “nls” function in R. For high-content imaging experiments, the inverse of the standard 

deviation over all cells was used as weights. 

 ��p� � a � � ?� > ? p
�A�XF

�+F  > L (8) 

a
Z
L 

…   Amplitude

…   Hill coefficient

…   Offset 

 

Normal distributions and lognormal distributions were fitted to intensity distributions using 

the fminsearchbnd7 and lsqnonlin functions in MATLAB, respectively. A robust linear least-

squares fit to relate transcription site intensities at different excitation settings was per-

formed with the fit function in MATLAB. 

4.8.2 Histogram matching 

Histograms of transcription site intensities of smRNA-FISH and live-cell data were 

matched by fitting the scale factor between both intensities through minimizing the 

squared error of the cumulative intensity distributions with the fminsearch function in 

MATLAB. Only spots with at least 10 RNAs were used for matching of intensity distribu-

tions. 

4.8.3 Separation of intrinsic and extrinsic noise 

Before calculation of noise, the mean of the background signal (quantified from the center 

of the nucleus from all cells and time points) was subtracted from all data points. Total 

                                                

7 John D'Errico, https://www.mathworks.com/matlabcentral/fileexchange/8277-fminsearchbnd--
fminsearchcon (February 2014) 
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noise was then calculated as the squared coefficient of variation (CV2 = variance/mean2) 

of all data points across cells and time points. 
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…   Number of cells

…   Number of time points

…   Intensity of cell n at time t 

…   Mean intensity over all cells and time points 

 

Extrinsic noise was approximated as the CV2 of the area under curve (AUC = sum over all 

time points for each cell). 
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…   Summed intensity of cell n

…   Mean of summed intensities 
 

Because noise terms are additive (Singh & Soltani 2013), intrinsic noise was then calcu-

lated as the difference of total and extrinsic noise. 

 A¡*+�H � A¡�2�H I A¡,;�H  (11) 
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