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Abstract

Transcription is an intermittent process that occurs in bursts. The frequency and the num-
ber of messenger RNA (mRNA) produced by these bursts determine expression levels and
shape cell-to-cell variability. Burst dynamics are modulated by productive encounters between
enhancers and promoters, which can be facilitated by the cohesin complex through loop ex-
trusion. In experimental systems, cohesin deficiency disrupts cell-type-specific expression pro-
grams more severely than constitutive gene expression. Cohesin loss of function increases the
self-renewal of hemaetopoietic progenitor stem cells (HPSCs), and cohesin-related mutations
are frequent in cancers, such as AML. Cohesin defects in human AML, mouse HSPC and
mature myeloid cells lead to a transcriptional state characterised by the reduced expression of
inducible inflammatory genes and the elevated expression of Myc targets and oxydative phos-
phorylation (OXPHOS) genes. In this thesis, I combine RNAseq, GROseq, scRNAseq, and
smFISH to explore how cohesin depletion affects transcriptional parameters at steady-state
and during cell-state transitions. Using primary macrophages as a model system, I find that
loss of cohesin alters the dynamics of transcriptional bursts without measurably increasing cell-
to-cell variability in scRNAseq. I show that expression changes triggered by LPS are primarily
orchestrated through the modulation of burst frequencies, and this modulation is blunted in
cohesin-deficient macrophages. An increase in burst frequency can have consequences not just
for individual cells, but also for their neighbours. Specifically, the frequency of transcriptional
Ifnb1 bursts determines the number of cells that produce Ifnb1-encoded type I interferon (IFN),
which through paracrine signalling can alter IFN-dependent expression in neighbouring cells.
Co-culture with cohesin-deficient macrophages reduces LPS-induced gene expression in wild
type (WT) macrophages, indicating that cohesin defects can buffer inflammatory responses
and impair cell-state transitions due to the defective control of burst frequencies. I speculate

that these features contribute to the somatic selection of cohesin mutations in cancer.
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Chapter 1

Introduction

The transcription of most metazoan genes is a discontinuous process that occurs in bursts
(Halpern et al. 2015; Raj et al. 2006a). Burst size and frequency tune expression levels and
determine the shape of mRNA distributions. Enhancer-promoter proximity can alter tran-
scriptional burst parameters (Bartman et al. 2016; Deng et al. 2012; Fukaya et al. 2016). The
cohesin protein complex can embrace and extrude chromatin fibres, forming domains of local
chromatin interactions and controlling contact frequencies between gene regulatory elements in
3-dimensional (3D) nuclear space (Davidson et al. 2019; Fudenberg et al. 2016; Haarhuis et al.
2017; Jaeger et al. 2020; Kim et al. 2019; Rao et al. 2014, 2017; Schwarzer et al. 2017). In
certain experimental settings, cohesin deficiency disrupts cell-type-specific expression programs
more severely than constitutive gene expression (Cuartero et al. 2018; Haarhuis et al. 2017;
Nora et al. 2017; Rao et al. 2017; Seitan et al. 2013). Still, the relationship between genome

folding and the control of gene expression is not fully understood.

To dissect cohesin’s role in transcriptional regulation, I work on primary quiescent cells, bone
marrow-derived macrophages. Macrophages are innate immune cells with a well-characterised
antimicrobial response. Detection of lipopolysaccharide (LPS), a component of Gram — bacte-
ria, initiates a cascade of events that transforms their transcriptional landscape (Bhatt et al.

2012; Kaikkonen et al. 2013; Ostuni et al. 2013).

In this thesis, I explore how cohesin depletion affects gene regulation and transcriptional pa-
rameters of macrophages while they transition towards an LPS-activated state, and examine

the downstream consequences for the cell population as a whole.
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The cohesin complex

Structure of cohesin

Cohesin is a structural maintenance of chromosomes (SMC) complex. SMC complexes appear
in all organisms and can embrace chromatin fibres, they are fundamental for 3D genomic organ-
isation, and have functions that range from chromatin compaction to gene regulation. Cohesin
was initially identified as the complex that keeps sister chromatids together until chromosome
segregation at the onset of anaphase (Michaelis et al. 1997; Uhlmann et al. 2000), but it also

participates in deoxyribonucleic acid (DNA) repair, genome folding and gene regulation.

SMC complexes are ring-shaped. They are formed by two SMC subunits, an a-kleisin and an
Sce3 unit. SMC proteins have two globular ATPase (adenosine triphosphatase) domains at

their N- and C- terminals separated by a long-coiled coil domain. This coiled-coil domain folds

hinge
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Figure 1.1: The cohesin complex. A) SMC1, SMC3, RAD21 and STAG1 or STAG2 are
the core components of the cohesin complex. SMC1 and SMC3 dimerise at the hinge and
interact with the RAD21 subunit through their ATPase heads, SMC hinge and ATPase head
are separated by a coiled coil domain. B) ATP hydrolysis rotates SMC ATPase heads. C)
SMC'’s coiled coil domains can bend over themselves at the elbow. D) Cohesin extrusion the
through the capture/pumping model. E) Cohesin extrusion through the scrunching model.

F) Cohesin chromatin loading and unloading components. Figure based on Cacciatore and
Rowland 2019 and Hassler et al. 2018.
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over itself at the hinge. SMC proteins form V-shaped heterodimers with the monomer’s hinges
meeting at the V’s vertex. At the other end, the a-kleisin interact with the SMC’s ATPase
heads, closing the ring. The central region of a-kleisin is disordered and acts as a recruitment
platform. In the case of cohesin, the two SMC subunits are SMC1 and SMC3, and its a-kleisin
subunit is RAD21. The Sce3 units in vertebrates can be either STAG1 or STAG2 (Gruber et al.
2003) (Figure 1.1A). Cohesin-STAG1 and Cohesin-STAG2 carry redundant but also distinct
functions (Kojic et al. 2018). STAG?2 is located in the human X chromosome and it is the
most common cohesin-related mutation in cancer, cells without STAG2 can rely on STAGI1 to

proliferate without abnormal chromosome segregation (Van Der Lelij et al. 2017).

Changes in cohesin conformation

The movement of SMC adenosine triphosphatase (ATPase) heads is coupled to ATP hydrol-
ysis cycle. When adenosine triphosphate (ATP) is bound, SMC heads face each other. ATP
hydrolysis forces SMC ATPase heads to rotate, prompting the juxtaposition of the coiled-coil
domains (Cacciatore and Rowland 2019; Diebold-Durand et al. 2017) (Figure 1.1B). Coiled-coil
domains have an elbow that enables SMC complexes to fold over themselves. Elbow movement

can be driven as well by the rotation of the SMC heads (Biirmann et al. 2019) (Figure 1.1C).

Interactions of cohesin with chromatin

Association of cohesin with chromatin

There are two modes of cohesin binding to DNA. Topological binding involves opening and
closing the cohesin ring around DNA, whereas non-topological binding does not (Srinivasan
et al. 2018). There are two proposed interfaces for DNA entry and exit gates: the hinge and
the SMC1-RAD21 interphase (Buheitel and Stemmann 2013; Srinivasan et al. 2018).

SMC3 acetylation by ESCO1 and ESCO2 promotes stable cohesin association to chromatin
(Figure 1.1F). ESCOL1 is involved in 3D genome organisation whereas ESCO2 is more active
during the S-phase. ESCO1 has constitutive activity and co-localise with cohesin and CTCF at
boundaries of chromatin loops (Alomer et al. 2017). HDACS8 can deacetylate SMC3 (Deardorff
et al. 2012).
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Cohesin loading and unloading

Cohesin loading into chromatin is dependent on NIPBL, MAU and ATP hydrolysis (Ciosk et al.
2000; Davidson et al. 2019) (Figure 1.1F). cryo-Electron Microscopy (cryoEM) has solved the
structure of the cohesin-NIPBL complex. There, NIPBL adopts a bent structure that interacts
predominantly with RAD21, STAG1, as well as the hinge and ATPase heads (Chao et al. 2017;
Shi et al. 2020). When NIPBL associates to the cohesin ring, DNA is entrapped within the
STAG subunit, the a-kleisin and SMC ATPase heads (Shi et al. 2020).

Cohesin unloading depends on deacetylation and the interaction of cohesin with WAPL and
PDS5 (Figure 1.1F). WAPL and PDS5 dissociate cohesin from chromatin. Without WAPL
and PDS5, the residence time of cohesin in chromatin increases (Gassler et al. 2017; Haarhuis
et al. 2017; Wutz et al. 2017). At the onset of anaphase, cohesin is removed by separase, which
proteolytically cleaves a-kleisin to enable the segregation of sister chromatids. (Michaelis et al.

1997; Uhlmann et al. 2000).

Chromatin loop extrusion by SMC complexes

Chromatin extrusion is a motor-driven activity consisting of an SMC complex translocating
across the DNA (see Banigan and Mirny 2020 for a recent review). In this process, chromatin
entrapped within the SMC ring generate and enlarge loops. Recent single-molecule microscopy
studies have visualised extrusion in vitro, first with condensin, a structural homolog of cohesin
(Ganji et al. 2018) and then with cohesin (Davidson et al. 2019; Kim et al. 2019). In these
experiments, a DNA molecule is tethered between two beads, SMC complexes are added, and
DNA loops are visualised as a local accumulation of DNA. When flow is applied, the loops

stretch out and become U-shaped (Figure 1.2).

Cohesin extrusion requires NIPBL, MAU and ATP. Interestingly, while cohesin moves along
the DNA, MAU and NIPBL remain attached to the loop boundary. NIPBL-cohesin associa-
tion during extrusion suggests that NIPBL not only loads cohesin, but also actively promotes
cohesin extrusion activity, probably through stimulating SMC ATPase activity. Crosslinking
experiments suggest that loop extrusion does not require opening of the cohesin ring (Davidson

et al. 2019).
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In vitro studies have shown that loop extrusion by cohesin is symmetrical (two-sided). Cohesin
extrusion can proceed for more than 10 kilobases (kb) at 0.5 - 2 kb per seconds (s) spending
~ 1 ATP/s (Davidson et al. 2019; Kim et al. 2019) . While the exact mechanism is subject
to debate, both capture/pumping and scrunching models are plausible (Banigan and Mirny
2020). In the capture/pumping models, ATP hydrolysis rotates SMC heads, causing their
engagement and disengagement, pushing DNA into the kleisin compartment (Figure 1.1D). In
the scrunching models, the SMC elbow bends and reels DNA into a loop (Figure 1.1E). NIPBL
and the Sce3 units STAG1 and STAG2 have been proposed to act as a DNA anchor during
extrusion (Banigan and Mirny 2020; Cacciatore and Rowland 2019). Cohesin extrusion by
monomers and dimers have been reported by in vitro studies (Davidson et al. 2019; Kim et al.

2019).

DNA
. . . . ®0® beds
B D SMC complex
O ® o ®

Figure 1.2: Extrusion in real time. Single molecule tracking experiments that visualise
extrusion generally consist of A) entrapping a piece of DNA by the ends between two beds. B)
Then, a SMC complex is loaded. C) If the complex can perform extrusion, a local accumulation
of DNA occurs. If flow is applied, DNA loop will acquire an U shape with the SMC complex
present at the loop boundary.

Principles of genome folding

During interphase, chromosomes decondense occupying the entire nuclear space. Despite ap-
pearing disordered, interphase chromatin folds into dynamic but organised structures. The
"Fractal globule’ is a mathematical framework that describes how chromatin occupies the nu-
clear space. A fractal globule is a type of self-organised structure that folds hierarchically. In a
fractal globule, monomers aggregate into small globules, which act as monomers to form again
globules which will again act as monomers for more giant globules. Monomers form globules

again and again until only one globule-of-globules-of-globules remains. Mathematical models
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indicate that fractal globules facilitate dynamic reshaping of polymers while avoiding entan-
gling (Grosberg et al. 1993; Lieberman-Aiden et al. 2009). Genome folding is hierarchical and

shaped by compartmentalisation and loop extrusion.

Chromatin structures

Chromosomes interact primarily with themselves, occupying discrete spaces within nuclei termed
chromosome territories (Figure 1.3A). DNA in situ hybridisation (ISH) experiments demon-
strate the presence of chromosome territories a hundred years after they were hypothesised
(Cremer and Cremer 2010; Schardin et al. 1985). Their relative position displays cell-type pref-
erences. Active transcription sites reside on the surfaces of chromosome territories (Shah et al.
2018). These surfaces (about 20% of the chromosome volume) intermingle and make specific
contacts with adjacent chromosome territories (Branco and Pombo 2006; Kempfer and Pombo

2019; Quinodoz et al. 2018).

Compartments are self-organising regions with similar chromatin states and histone marks
(Lieberman-Aiden et al. 2009). Euchromatin aggregates in the A compartment, whereas hete-
rochromatin aggregates in the B compartment. B compartments are generally located near the
nuclear lamina and within the interior of chromosome territories. A compartments reside on
the surface of chromosome territories (Figure 1.3A). Compartmentalisation is mutable. Dur-
ing differentiation, at least 36% of the genome switches compartments (Dixon et al. 2015).

Compartment structures can be detected in single cells (Wang et al. 2016a).

A topologically-associated domain (TAD) is a self-interacting region of 40 kb to 3 Megabases
(Mb) where the probability of interaction of sequences within the same TAD is higher than
with sequences in neighbouring TADs (Figure 1.3A and B, Dixon et al. 2012; Nora et al. 2012;
Sexton et al. 2012). TADs are cis-regulatory units where most enhancer-promoter interactions
occur. TAD-like structures are present in many different organisms and they often represent
units of syntenic conservation (Lazar et al. 2018; Rudan et al. 2015). The features of TADs are
conserved across vertebrates, but are not universal (Dixon et al. 2012; Nora et al. 2012; Rao
et al. 2014; Szabo et al. 2019). For example, transcription inhibition disrupts TADs in fruit
flies but not in mammalian cells. Furthermore, CTCF is found at the boundaries of vertebrate

TADs (Kaaij et al. 2018; Rao et al. 2014), but it is absent at Drosophila boundaries which are
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Figure 1.3: The hierarchical folding of the genome. A) Chromosomes occupy discrete
nuclear spaces named chromosome territories. In these territories, chromatin segregates into
the A (active) or B (inactive) compartment. On a smaller scale, chromatin folds into globular
regions named TADs. The smallest folding units are chromatin loops, formed by an extrusion
factor stopped at specific sites by an insulator. B) Examples of DNA contacts generated by
these structures in Hi-C. Colour indicates contact frequency. Dark squared regions identify
TADs, where interaction probability inside is higher than outside. The two boundary regions
of a loop exhibit a high contact probability with each other. Hi-C maps from Rao et al. 2017
visualised with JuiceBox.

enriched with other insulator elements (Sexton et al. 2012).

DNA conformation is dynamic in single cells, but TADs are defined by population studies, but
they are recurrently formed in single-cells. In contrast, inter-TAD contacts are highly variable
(Nagano et al. 2013). TADs in the A compartment engage in more extended interactions than B
TADs (Su et al. 2020). Genes that share a TAD correlate their gene expression, and active genes
are more likely to be found at TAD boundaries (Nora et al. 2012). Loop domains are TADs that
depend on cohesin to retain their structure. Compartment domains do not disappear if cohesin
is depleted (Rao et al. 2017). Chromatin loops are local structures with their boundaries
in proximity. Vertebrate boundaries have cohesin and CTCF in convergent orientations (Kaaij

et al. 2018; Rao et al. 2014). TADs can accommodate multiple chromatin loops, one, or none.
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Folding forces

There are two interplaying forces driving genome architectural organisation: compartmental-
isation and loop extrusion. Compartimentalisation is defined as the chromatin tendency
to cluster with chromatin with similar histone marks. Gene activity drives compartmentali-
sation. SMC complexes mediate loop extrusion, which is delimited by boundary elements.
Compartimentalisation and loop extrusion can synergise or counteract one another (Nuebler
et al. 2018). If loop extrusion is disrupted, loop domains disappear but compartmentalisation is
retained and enhanced, (Nora et al. 2017; Rao et al. 2017; Schwarzer et al. 2017). Conversely,
the maternal zygotic genome has TADs and loops, but lacks compartments (Flyamer et al.

2017).

CTCF

CTCF and cohesin co-localize in the genome (DeMare et al. 2013; Parelho et al. 2008; Wendt
et al. 2008) and their disruption affects genome 3D organisation. CTCF and cohesin colocalise
at loop boundaries (Haarhuis et al. 2017; Nora et al. 2017; Rao et al. 2017), and they control

genome folding through loop extrusion (Fudenberg et al. 2016; Nasmyth 2001; Sanborn et al.
2015a).

CTCF or CCCTC-binding factor is a conserved 11 zinc finger protein (Kim et al. 2015). Initially,
CTCF was described as an enhancer insulator (Bell et al. 1999). CTCF binds preferentially to
unmethylated sequences and methylation can explain 41% of differential CTCF binding (Wang
et al. 2012). Cohesin is the major interaction partner of CTCF (Kim et al. 2015). Nevertheless,
cohesin depletion does not interfere with CTCF binding, whereas CTCF depletion alters cohesin
anchoring along chromatin (Rao et al. 2014; Wendt et al. 2008). Therefore, CTCF positions
cohesin along the genome, not the other way around. CTCF C-terminal interacts with cohesin
STAG and RAD21 subunit (Li et al. 2020). STAG subunit interacts with CTCF through its
stromalin conservative domain. Loop boundaries require STAG-CTCF interaction. Mutations

in the STAG-CTCEF interface alter CTCF’s activity as a barrier to loop extrusion.
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Loop extrusion

Loop extrusion is mediated by cohesin and CTCF. Cohesin extrudes chromatin, and when
it contacts CTCF bound to the DNA in a specific orientation, extrusion stops (Figure 1.4).
According to this model, CTCF defines loop boundaries, but cohesin extrusion forms the loops.

This process can facilitate promoter-enhancer interactions.

Experimental evidence for loop extrusion comes from different sources. In the absence of
cohesin and CTCF, compartment interactions become stronger, while most contact domains
and chromatin loops disappear (Nora et al. 2017; Rao et al. 2017; Schwarzer et al. 2017). In the
absence of WAPL and PDS5 (which remove cohesin from chromatin), extended loops are found
genome-wide (Gassler et al. 2017; Haarhuis et al. 2017; Wutz et al. 2017). Therefore, cohesin
residence time on chromatin regulates loop length. The residence time of cohesin and CTCF is
in the order of minutes (Hansen et al. 2017), suggesting a rapid loop formation. Re-introduction
of cohesin can re-build loops in less than an hour (Rao et al. 2017). Loop boundaries have
CTCF motifs in convergent orientation (Rao et al. 2014). CTCF motif deletion can disrupt
TAD boundaries and lead to TAD fusion (Dowen et al. 2014), and CTCF motif inversion can
switch CTCF loop boundary partner (Guo et al. 2015; Sanborn et al. 2015b; Wit et al. 2015).
Furthermore, single-molecule studies have confirmed cohesin extrusion in vitro on naked DNA

(Davidson et al. 2019) and nucleosomal DNA (Kim et al. 2019). Finally, CTCF N-terminal

3 Promoter 3 Cohesin .
L =
. Enhancer qwy CTCF

?J
Figure 1.4: Loop extrusion. CTCF motifs define loop boundaries, whereas cohesin forms
loops by extruding chromatin fibres, increasing the contact probability of DNA elements within

the loop. A) Legend. B) Chromatin without CTCF and cohesin. C) Chromatin with CTCF
and cohesin.
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interacts with cohesin STAG2 and RAD21. Mutations in this domain allow cohesin to surpass

CTCF barriers (Li et al. 2020).

In the absence of cohesin the positioning of these TAD-like structures is randomised in single-
cell, and therefore TADs disappear when populations are averaged (Bintu et al. 2018). In this
sense, the correct positioning of TADs depends on cohesin and CTCF, but they can be formed
without them. Extrusion has been reported by other SMC complexes, for example, condensin.
In fact, chromatin extrusion was first reported in condensin in single-molecule studies (Ganji

et al. 2018) Condensin II is enriched at TAD boundaries with TFIIIC, (Yuen et al. 2017).

Studying genome folding

A broad range of techniques has uncovered the principles of genome folding during interphase.
There are three main categories of techniques; imaging, ligation and ligation-free methods (See

Kempfer and Pombo 2019 for a recent review).

Imaging techniques

Imaging techniques can visualise DNA positions in single cells. DNA ISH allows the visualisa-
tion of individual loci within fixed nuclei (Gall and Pardue 1969; Pardue and Gall 1969), and its
throughput is generally limited to the number of fluorescent labels that can be detected at once,
but multiplexing is possible. Multiplexing DNA ISH has revealed single-cell conformations of
a human chromosome 21 1.3 Mb region (Bintu et al. 2018; Miiller et al. 2002). Traditionally,
Nick-translation generates DNA ISH probes by labelling plasmids containing stretches genomic
regions, but other strategies based on polymerase chain reaction (PCR) amplification are used

(Beliveau et al. 2012).

Live-cell imaging of DNA relies on the DNA recognition of a fluorescent protein. Signal amplifi-
cation requires multiple binding events and often requires a certain degree of DNA-editing(Lucas
et al. 2014). CRISPR technologies have been adapted to visualise DNA. Fluorescent tags can
associate to the Cas9 or the guide RNA (Fu et al. 2016; Shao et al. 2016; Wang et al. 2016b)
(Figure 1.5A).
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Figure 1.5: Genome folding techniques. A) Imaging techniques rely on hybridisation be-
tween complementary sequences or a DNA binding protein carrying a fluorophore. B) Proximity
ligation techniques are based on cross-linking chromatin, followed by digestion by a restriction
enzyme and a subsequent DNA ligation. The probability of ligation increase by their spatial
proximity C) Alternatively, in SPRITE, cross-linked chromatin can be sorted and barcoded.
After sequencing, cosegregation frequency quantifies sequence contacts

Proximity ligation techniques

Ligation methods rely on the increased probability of DNA ligation between sticky ends that are
spatially close. Proximity ligation techniques start with a cross-linking to preserve chromatin
interactions. Then, a restriction enzyme digests DNA, leaving sticky ends. Sticky ends hybridise
with other sticky ends in their vicinity. Finally, a DNA ligase ligates them and, ligation products
are purified and sequenced. Ligation frequency becomes a measure of contacts between two

sequences (Figure 1.5B).

Pioneer experiments started in 2002. The first technique was called Chromosome Conformation
Capture (3C, Dekker et al. 2002) which quantifies contact frequency between two loci (”one
vs one”). Circular Chromosome Conformation Capture (4C, Zhao et al. 2006) identifies all
interaction partners of a particular sequence (”one vs all”). Chromosome Conformation Capture
Carbon Copy (5C, Dostie et al. 2006) uses designed primers to quantify contacts within a region
of interest ("many vs many”). 5C revealed the presence of TADs (Nora et al. 2012).
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Hi-C methods (Lieberman-Aiden et al. 2009) are able to quantify genome wide-contacts by
purifying and sequencing ligation products ("all vs all”) (Figure 1.5B). Since its inception,
Hi-C has been optimised. In particular, cross-linking within nuclei reduced noise, achieving 1
kb resolution (in-situ Hi-C, Rao et al. 2014). Combined with chromatin immunoprecipitation
(ChIP) it could inform about interactions mediated by a specific protein or complex (Fang et al.

2016; Fullwood et al. 2009; Mumbach et al. 2016).

Hi-C technologies can also be applied to single cells to study rare cell types or DNA folding
variations. Digestion, ligation efficiency and ligation fragment retrieval per cell limits Hi-C
performance. Besides, one restriction fragment can only lead to two ligation products in a
diploid cell (Flyamer et al. 2017; Nagano et al. 2013, 2015). Furthermore, maternal and paternal
chromosomes might have distinct structures within a single cell. For example, Dip-C, which use
single-nucleotide polymorphisms (SNPs) to differentiate maternal and paternal chromosomes,

have studied single-cell conformations within single cells upon imprinting (Tan et al. 2018).

Ligation-free techniques

There are alternative methods to infer chromatin conformation. The GAM technology se-
quences nuclei laser cryosections. The cosegregation frequency of two sequences are used as a
measure of their contact frequency. GAM does not rely on fixation and can detect interactions

between many chromatin fragments at once (Beagrie et al. 2017).

In the SPRITE method, cross-linked chromatin complexes are separated into 96-well plates.
Then, complexes are barcoded and sequenced. Barcode cosegregation in two sequences indi-
cates a DNA contact (Figure 1.5C). This method can detect long-range interactions that evade
ligation technologies (Quinodoz et al. 2018). ChIA-Drop is similar to SPRITE, but integrating
microfluidic systems to deliver barcodes (Zheng et al. 2019).

Modulation of genome folding

TAD positions are shared across species and cell-types. However, their contacts can be modu-
lated (Dixon et al. 2012). Differentiation can change compartmentalisation as well as intra-TAD

interactions (Beagan et al. 2017; Bonev et al. 2017; Dixon et al. 2015; Hanssen et al. 2017; Kaaij
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et al. 2018). Intra-TAD interactions are important for cell-type-specific interactions between
promoters and enhancers. Acquisition of active histone marks and CTCF binding correlates
with an increase in genomic contacts, whereas the acquisition of repressive marks correlates

negatively with contacts (Dixon et al. 2012).

Cells can modulate DNA contacts by altering the recruitment and activity of CTCF and co-
hesin. For example, during neural differentiation, cohesin unloading factors, Wapl and Pdsa,
decrease their expression, leading to an increase in intra-TAD contacts and a decrease in inter-
TAD contacts (Bonev et al. 2017). During the differentiation of pluripotent cells to neural
progenitors, Ctcf expression decreases. As a result, there is a lower CTCF occupancy around
pluripotency genes, accompanied by a loss in interactions between pluripotency genes and
their regulatory elements (Beagan et al. 2017). Moreover, imprinting can cause differential 3D
genome organisation between homologous chromosomes (Dixon et al. 2012). DNA methylation
can alter loop boundaries, as CTCF binds preferentially to unmethylated sequences. An ex-
ample of this is the expression of Igf2 from only the paternal chromosome (Hark et al. 2000;
Yoon et al. 2007).

Disruption of genome contacts

Mutations that re-shuffle genome sequences are known as structural variations (SVs) and they
occur de novo in 5-19% of births (Spielmann et al. 2018). SVs rewire genes and regulatory
elements, and they often result in malformations, because they can modify spatiotemporal ex-
pression patterns in embryos (Franke et al. 2016; Giorgio et al. 2015; Lupidnez et al. 2015; Will
et al. 2017). The most common SVs are duplications, deletions and inversions. Duplications
that involve gene regions are known as copy number variations (CNV) and can lead to gene
dosage problems. Intra-TADs SVs that involve non-coding regions can also alter gene dosage
by increasing (duplications) or reducing (deletions) the number of regulatory inputs for a gene.
Inter-TAD duplications that include boundaries can result in the formation of a new TAD,
termed 'neo-TAD’. Cooks syndrome can be caused by a duplication that incorporates a dupli-
cated Kcnj2 into a neo-TAD. As a result, Kenj2 receives input from regulatory elements from
its neighbouring gene, Sox9. This modifies Kcnj2 expression pattern to resemble a Sox9-like

pattern (Franke et al. 2016).
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Boundary deletion can cause fusion between TADs (Arzate-Mejia et al. 2020) and adoption
of new regulatory elements from the fused TAD (Mateo et al. 2019). It is a common cancer
strategy to turn proto-oncogenes into oncogenes (Hnisz et al. 2016). In another example,
deletion of CTCF-cohesin sites can extend interactions between a strong enhancer and genes
in the adjacent domain, driving their up-regulation (Hanssen et al. 2017). Nevertheless, TAD
boundary deletion does not always cause aberrant expression. At the Soz9-Kcnj2 locus, a

boundary deletion results in TAD-fusion with no major regulatory changes (Despang et al.

2019).

In summary, SVs modify DNA contacts, which lead to loss and gain of regulatory inputs.
Rewiring of regulatory elements alters gene dosage and spatiotemporal expression patterns.
The extent of regulatory changes often determines SV pathogenicity (Lupidnez et al. 2015).
However, some studies find a limited effect of gene contacts for the control of gene expression.
Balancer chromosomes are highly rearranged fruit fly chromosomes maintained in heterozygosis.
They contain multiple SVs, including nested inversion, duplications and deletions. However,
chromosome rearrangements did not explained expression changes between WT and balancer

chromosomes (Ghavi-Helm et al. 2019).

The regulation of gene expression

Nucleosomes

Chromatin consists of DNA wound around histone octamers called nucleosomes. Their presence
and modifications determine which DNA sequences are accessible for recognition and by whom.
Nucleosome location, composition and modification is regulated by chromatin remodellers and

histone modifiers (Lee and Young 2013) (Figure 1.6).

Nucleosome remodelling

Nucleosome associated DNAs is generally inaccessible by transcription factors (TFs). Remod-
elling complexes can reposition nucleosomes, and they are often recruited by pioneering TF's

to allow DNA recognition by additional TFs and the transcriptional machinery (Figure 1.6A).
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Chromatin remodelling complexes are ATP-driven machinery that mobilises and restructures
nucleosomes. Their subunit composition determines their nucleosome preference and interac-
tion partners. Generally, they are DNA translocases that pump DNA along histone surfaces.
ISWI subfamily spaces nucleosomes regularly, limiting chromatin access. On the other hand,
the SWI/SNF subfamily facilitates accessibility by translocating and ejecting nucleosomes. Ad-
ditionally, other subfamilies like INO80 and CHD are also able to alter the histone octamer
composition (Clapier et al. 2017) (Figure 1.6B).

Histone modification

Histones are highly conserved proteins in eukaryotes. They are composed by a globular C-
terminal domain which forms part of the nucleosome core and a flexible N-terminal domain
that mediates interactions with other complexes and DNA. Post-translational modifications
can occur in both domains, mediated by a diverse set of enzymes, including acetylases, methyl-
transferases, sumoylases, ubiquintinylases, phosphorylases, ADP ribosylases, and deaminases
(Lawrence et al. 2016). Enzymes that add post-translational modifications are histone writers

and enzymes that remove them are histone erasers (Figure 1.6C).

These modifications can alter DNA-histone interaction and nucleosomal compaction. For ex-
ample, one essential modification is acetylation. Acetylation is mediated by histone acetyl-

transferases (HATs) and deacetylation by histone deacetylases (HDACs) which often form part
Figure 1.6: Nucleosome regulation. A) Nucleosome remodelling complexes can alter the

distribution of nucleosomes along the DNA, or B) alter nucleosome subunit composition. C)
Histone writers and eraser add and remove postranslational modifications.
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of larger complexes. Histones surface has positive charges which interact with the negative
charges in the DNA backbone. Histone acetylation neutralises these charges, loosing up this
interaction. HATSs function as transcriptional coactivators. On the contrary, HDAC action
reverses HAT acetylation, and they usually form part of repressor complexes (Bannister and

Kouzarides 2011).

Furthermore, different protein post-translational modifications recruit different transcriptional
machinery. Histone binding domains, like chromodomains or PHD fingers, recognise different
post-translational modifications. Also, distinctive sets of histone marks associate with different
functional sequences. For example, H3K9me3 mark is associated with repressed chromatin,
whereas H3K27ac is associated with chromatin at cis-regulatory regions like active enhancers

(ibid.).

RNA pol II control

Gene expression implies the transcription of DNA into RNA by RNA polymerases. Escherichia
coli has only one RNA polymerase, whereas higher eukaryotes have three and plants, five.
Each RNA polymerase synthesises RNAs with particular functions. RNA pol II synthesises
capped RNAs, like mRNAs that can be translated into protein by ribosomes. Enhancers
and promoters control where and when transcription by RNA pol II occurs. The general
transcription machinery is recruited at promoters, whereas enhancers recruit different sets of
specific TFs depending on the cellular context, and their interactions are dictated by their
distance in 3D, not by their distance in the linear sequence. TFs affect transcription indirectly
by associating with general co-activators and co-repressors, like Mediator, p300 or histone
modifiers (Lee and Young 2013). Expression of new TFs can propagate and amplify cell-state
transitions (Bhatt et al. 2012).

RNA pol IT recruitment

RNA pol II recruitment depends on pre-initiation complex (PIC) assembly (Gupta et al. 2016)
(Figure 1.7A). This megadalton complex directs RNA pol II to gene promoters. It is composed
of general transcription factors (GTFs), RNA pol II and Mediator.
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GTFs are TFIIA, TFIIB, TFIID, TFIIE, TFIIF and TFIIH. TATA-box binding protein (TBP)
and TBP associated proteins (TAFs) form TFIID. TBP is half-moon shaped and recognises pro-
moter elements. TAFs are interchangeable and modulate TBP binding. TAFs hold promoter-
specific functions. TFIIB also binds to promoter elements, and it is involved in Transcription
Start Site (TSS) selection and transcription orientation. TFIIA assists TFIIB and TFIID,
facilitating their interaction with DNA. Then, RNA pol II is recruited to the PIC by TFIIF.
To initiate transcription, TFIIH needs to be recruited by TFIIE. TFIIH has a helicase and a
kinase module. The helicase module allows RNA pol II access to single-strand DNA (ssDNA)
using ATP to open the transcription bubble. The kinase module phosphorylates RNA pol II’s
carboxy-terminal domain (CTD) at serine 5 position, a sign of transcription initiation (Sains-

bury et al. 2015) (Figure 1.7B).

The Mediator complex is a large coactivator present in eukaryotic cells. Signal-specific TFs
recruit Mediator at enhancers and cohesin enables Mediator interaction with its target pro-
moters, which are transient (El Khattabi et al. 2019; Jaeger et al. 2020; Soutourina 2018).
Mediator connects the context-dependent regulation with the general transcription machinery.
Once bound, Mediator assists the assembly of the general transcription machinery at promoters
and facilitates transcriptional elongation. Mediator depletion activates compensatory mecha-
nisms in mammalian cells that reduce RNA pol II pausing but fails to rescue cell-type-specific

expression (Jaeger et al. 2020).

RNA pol IT pause release

Once TFIIH opens the transcription bubble, transcription can start, and RNA pol II escapes
PIC. However, without additional regulatory steps, RNA pol II can only transcribe 20-50 bp
before pausing (Figure 1.7C). Productive elongation requires an additional checkpoint denomi-
nated pause release. Pausing blocks productive expression from a gene (Adelman and Lis 2012;
Core and Adelman 2019). RNA pol II recruitment occurs faster than RNA pol II release, and
cells can regulate pausing timing (Bartman et al. 2019. Genes which have to activate their

expression rapidly in response to stimuli tend to have paused RNA pol II at their promoters.

CTD post-translational modifications couple to different stages of the transcriptional cycle.

The CTD is a disordered 7-aminoacid repetitive sequence at the C-terminal of the RNA pol II
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Figure 1.7: Transcription initiation. A) Recruitment of RNA pol II to gene promoters
depends on the formation of the PIC. B) Transcription initiation is triggered by TFIIH. TFIIH
opens the transcription bubble and phosphorylates RNA pol II at its CTD domain. C) RNA
pol II transcribes few nucleotides downstream TSS before pausing. Paused RNA pol II is
established by NELF, recruited by DSILF. D) RNA pol II pause release occurs when DSILF is
phosphorylated by pTEFD, leading to a conformational change that releases NELF.

Rpb1 subunit. Phosphorylation of Serine 5 by TFIIH facilitates promoter escape and recruits
DSILF, a heterodimer of Spt6 and Spt5, which mediates cap formation at the nascent RNA 5’
end. DSILF recruits the negative elongation factor (NELF) complex, present in animals (Core
and Adelman 2019). This factor stabilises paused RNA pol IT by restraining its movement and
by altering interactions at its active centre (Vos et al. 2018) (Figure 1.7C). Loss of NELF does
not only affect pausing, but it also affects PIC formation stability, allowing nucleosomes to take

over T'SSs (Core and Adelman 2019).
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The positive transcription elongation factor b (p-TEFbD) releases paused RNA pol II. The p-
TEFb complex contains a CDK9 kinase subunit that can phosphorylate DSILF Spt5 subunit
and RNA pol II’s CTD. Spt5 phosphorylation triggers a conformational change that dissociates
NELF and turns Spt5 into a recruitment platform for RNA-processing and positive elongation
factors (Figure 1.7D). RNA pol II CTD phosphorylation by CDK9 occurs at Serine 2 residues,
and can only occur after TFIIH phosphorylation. Sequential CTD modifications ensure the

correct succession of transcription processing events (Core and Adelman 2019).

p-TEFD often forms part of larger complexes such as 7SK or the Super Elongation Complex
(SEC). p-TEFb is recruited by Mediator and coactivators, like BRD4, but it is also targeted
by TFs to modify gene expression, like AIRE, c-Myc or the HIV Tat protein (Adelman and
Lis 2012; Core and Adelman 2019; Rahl et al. 2010). BRD4 can recruit p-TEFb to acetylated
histones (Core and Adelman 2019). Specialised thymic stromal cells need to present self-
antigens to maturating T-cells to promote self-tolerance. To do so, they express AIRE, which
recruits p-TEFb at different promoters, expanding their expression repertoire (Adelman and
Lis 2012). It also forms part of a transcription safeguard mechanism, as Mediator depletion
activates a feedback loop that increases Cdk9 expression, leading to a decrease in RNA pol II

release rates (Jaeger et al. 2020).

Functional elements

The classic genomic regulatory elements are promoters and enhancers. In summary, promoters
are the start sites of gene transcription, and enhancers are regulatory regions that modulate

transcription from promoters.

Transcription can occur bidirectionally at enhancers and promoters (De Santa et al. 2010;
Kim et al. 2010), but at promoters, sense transcripts are stabilised. Still, the distinction of
promoters and enhancers is not well defined as they can have interchangeable functions. For
example, intragenic enhancers can act as alternative TSSs; some enhancers can act as weak
promoters and some promoters as strong enhancers (Kowalczyk et al. 2012; Mikhaylichenko
et al. 2018). Therefore, functional sequences have various degrees of enhancer or promoter
potential (Andersson and Sandelin 2019). What distinguishes an mRNA from an enhancer
RNA (eRNA) production is the presence of RNA pol II elongation factors (Sartorelli and
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Lauberth 2020). It is thought that pause release control failure destabilises transcribing RNA
pol II, causing eRNA to be shorter (Core and Adelman 2019).

Promoter regions

PIC assembly occurs at the 'core promoter’ and determines TSS selection and transcription
direction. Even though there are some common elements, promoter sequences are diverse, and
not all promoters contain all elements (Andersson and Sandelin 2019). Different promoter

architectures use different strategies to assembly the PIC.

Promoter elements include initiator (Inr), the TATA-box, TFIIB recognition element (BRE)
or the downstream core promoter element (DPE) (Kadonaga 2012). Inr is a small consensus
sequence that covers the TSS. TATA-box and BRE sequences are upstream and serve as recog-
nition and assembly sites for TFIID and TFIIB. TATA-box is recognised by the half-moon
subunit TBP (Sainsbury et al. 2015). TAF6 and TAF9 TFIID subunits recognise DPE, located
downstream the TSS.

Enhancers

Enhancers are cis-regulatory DNA sequences that can activate or repress the expression of their
target genes independently of their orientation. They can regulate more than one gene, and
more genes can be regulated by more than one enhancer. They can be upstream or downstream
their target gene or even in intronic regions. They are responsible for the context-dependent
control of gene expression (Schoenfelder and Fraser 2019). They act as recruitment sites of RNA
pol II, Mediator, and specific TFs (Koch et al. 2011). Hence, enhancers can operate by the
locally concentrating transcription machinery, enabling chromatin accessibility, PIC assembly

and recruitment of co-activators. (Pennacchio et al. 2013).

Enhancers are identified by a repertoire of methods, including sequence conservation (Pennac-
chio et al. 2006), DNase I sensitivity sites (Dorschner et al. 2004), and presence of p300 (Visel
et al. 2009), H3K27ac (Creyghton et al. 2010) and H3K4mel (Heintzman et al. 2007). GROseq

bidirectional transcription sites can also be used to identify them (Melgar et al. 2011). However,
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not all enhancer sequences are marked by all these methods, and not all sequences marked as

enhancers regulate genes.

Most enhancers are redundant, and a gene is more often control by more than one enhancer.
Redundancy prevents loss of regulatory control due to mutations. Often, an observable phe-
notype requires the disruption of multiple enhancers (Osterwalder et al. 2018). Additionally,
redundant inputs can be a substrate for the evolution of new regulatory patterns. More often,
disease enhancer-related mutations are gain-of-function or alter gene-enhancer distances. An
example is the case of [hh. This gene regulates bone formation, and its misregulation causes
developmental malformations. For example, Thh enhancer duplication events lead to gene up-
regulation and tissue misexpression (Will et al. 2017). Enhancers can also behave synergically

and have additive effects (Perry et al. 2011).

Genomic regions where enhancers cluster are known as super-enhancers (SEs). They can drive
higher levels of expression than a typical enhancers. TF's and transcriptional machinery densely
populate SE, including cohesin and NIBLP. SEs are also susceptible to perturbation. They
regulate cell-type-specific processes and are acquired by cancer cells to promote oncogene ex-
pression (Hnisz et al. 2013; Whyte et al. 2013). SE can generate phase-separated condensates,
3D membraneless structures which concentrate chemically compatible elements and can com-

partmentalise biochemical reactions.

Enhancer transcription

Transcription is associated with enhancer activity. Enhancer transcripts have been shown
to precede their regulated gene transcripts in mouse primary neurons (Kim et al. 2010),
macrophages (De Santa et al. 2010; Kaikkonen et al. 2013) and Drosophila (Andersson et al.
2014). Enhancer transcription is important to maintain an open chromatin that is accessible

to TFs (Kaikkonen et al. 2013).

Short non-coding RNAs (ncRNAs) synthesised at open and active enhancers are denominated
eRNAs. They are produced by the RNA pol II, capped, retained in the nuclei, and generally
not polyadenylated nor spliced. Although eRNA production is widespread, it is inconclusive
whether they carry general regulatory functions (Sartorelli and Lauberth 2020).

A variety of specific functions have been assigned to particular eRNAs. Typical eRNAs are
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unstable and they often work in cis, by recruiting Mediator (Lai et al. 2013), HATs (Bose et al.
2017), BRD4 (Rahnamoun et al. 2018), or other transcription factors like YY1 (Sigova et al.
2015). eRNAs can also promote RNA pol2 pause release by NELF sequestration (Schaukowitch
et al. 2014) and can be involved in enhancer-promoter looping (Lai et al. 2013; Li et al. 2013).
Long polyadenylated eRNAs can regulate in trans, as they have a longer half-lifes. As an ex-
ample, an eRNA from the MyoD enhancer region (chromosome 1) translocates to the Myogenin

promoter (chromosome 7) to regulate its activation during muscle differentiation (Tsai et al.

2018).

Enhancers and chromatin loops

Chromatin architecture governs promoter-enhancer interactions by blocking or facilitating their
contacts. They can be preexistent or can be generated de novo upon stimuli (Schoenfelder and

Fraser 2019).

CTCF can act as an insulator, blocking enhancer-promoter interactions. For example, the
imprinting control region (ICR) contains several CTCF binding sites. It is located between
the H19 and Igf2. Paternal ICR is methylated, and CTCF can only bind the unmethylated
maternal copy. This binding creates a series of chromatin loops and impedes communication
between an H19-proximal enhancer and Igf2. As a consequence, Igf2 is only expressed from
the paternal chromosome (Hark et al. 2000; Yoon et al. 2007). Often, deletion of a CTCF
boundary leads to the adoption of new regulatory elements by a given gene (Giorgio et al.
2015; Hanssen et al. 2017; Mateo et al. 2019). In Escherichia coli, lac operon looping associates

to gene repression by increasing locally repressor concentration (Becker et al. 2013).

Chromatin loops can facilitate productive contacts between enhancer and promoters within
and outside the loop. Scd?2 promoter-enhancer distance is shorter in mouse fetal liver cells
(where it is expressed) compared to other surrounding cell-types (Liu et al. 2020). Artificial
tethering of an enhancer and a promoter results in gene activation (Bartman et al. 2016; Deng
et al. 2012), and loop formation can bring together regulatory regions in the adjacent domains,
an effect described in Drosophila as domain skipping (Yokoshi et al. 2020). Furthermore, the
ring-shaped cohesin complex bridge Mediator to target promoters (Jaeger et al. 2020; Kagey

et al. 2010). Cohesin depletion does not lead to major changes in histone acetylation, but genes

49



in the enhancer vicinity tend to be DE (Cuartero et al. 2018; Ing-Simmons et al. 2015). eRNAs

can interact with cohesin and contribute to looping (Li et al. 2013; Tsai et al. 2018).

YY1 is another architectural protein involved in promoter-enhancer interactions. Similar to
CTCEF, it is zinc finger protein that can form homodimers, essential for cell viability. However,
whereas CTCF preferentially binds insulator sequences, YY1 preferentially binds enhancers and
promoters in mammalian cells (Weintraub et al. 2017). In neural progenitors, it cooperates with
a preexisting CTCF network to mediate cell-specific promoter-enhancer interactions (Beagan

et al. 2017).

Measuring gene expression in individual cells

Bulk population methods measure differences in means. However, two very different distribution
shapes can share the same mean. Intracellular processes shape gene expression distributions.
Therefore, to understand biological mechanisms is vital to characterise what happens in indi-
vidual cells. Furthermore, single-cell studies avoid the Simpson paradox, which occurs when
two populations that have two different distributions are considered as one, and therefore, any

measurement performed in the sum of both would not represent either.

In Situ Hybridization techniques

The first ISH experiments were performed in 1968 by Joseph G. Gall and his student Mary
Lou Pardue. Initially, ISH was based on sequence complementarity between RNA probes and
a target DNA. In a world without cloning, the most available RNAs probes were the most
common RNAs, the ribosomal RNAs. Gall and Pardue were studying the ribosomal DNA
amplification during meiosis in Xenopus oocytes. The first probes were 3H-labeled ribosomal
RNA (Gall and Pardue 1969) and ®*H-labeled ribosomal DNA (Pardue and Gall 1969). A
year later, they applied the same technique to visualise mouse satellite DNA (Pardue and Gall
1970). The detection method of choice was radioactivity because fluorescent microscopy was

in its infancy.

Fluorescence was first introduced indirectly, via an antibody that recognised RNA-DNA hybrids
(Rudkin and Stollar 1977). The first cloning experiments were published in 1972 (Jackson et al.
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Figure 1.8: Brief history of RNA visualisation. ISH was developed for the visualisation
of DNA sequences. First experiments relied on radioactive detection, which was then replaced
for fluorescent methods. Improvements related to probe cloning and detection allowed the
visualisation of individual RNA molecules. Protein recognition of inserted RNA loops allowed
live-cell imaging of RNA.

1972), but it was not until the end of the decade when plasmid inserted sequences gave more
flexibility to probe production. Soon, fluorochrome labelled RNA probes were used (Bauman
et al. 1980) followed by biotinylated RNA probes (Langer-Safer et al. 1982). An overview of
the beginnings of ISH is described in Gall 2016 (Figure 1.8).

Single-molecule fluorescence in situ hybridisation

The first attempt to visualise RNA was published in 1982 where they studies the expression of
chicken Actin. However, images were unquantifiable, and they were only allowed to distinguish
cell morphology (Singer and Ward 1982). Distinguishing individual molecules came later in
1998 when Femino et al. used several probes against different segments of the Actb gene to
calculate hybridisation efficiency in a rat cell line. They also used intronic probes to visualise

nascent transcripts at TSSs (Femino et al. 1998), smFISH was born.

Recent advances include the use of sequential hybridisations to increase the signal to noise

ratio (Battich et al. 2013) and multiplexing. Multiplexing techniques can be applied to DNA
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(Nagano et al. 2013), RNA (Chen et al. 2015) or both (Su et al. 2020). Multiplexing requires
sequence barcoding and several cycles of hybridisation, imaging and label removal. Each round
has a different set of probes that hybridise to different sequences and light up in different colour.
Then, an image analysis software will decode each spot identity based on their colour pattern

through the rounds.

Live cell imaging of gene expression

All ISH experiments are cross-sectional studies with no time dimension. The MS2 system
allowed live-cell imaging of gene expression. This system is based on the recognition of a
viral coat protein of RNA loops. It requires two constructions, one containing the MCP coat
protein coupled to a fluorescent protein and the insertion of MS2 RNA loops inserted on the
gene 3'untranslated region (3’UTR). Transcript expression recruits a chimeric MCP to its RNA
loops, leading to the appearance of a fluorescent dot. Initially, the system was used to track
particles in budding yeast (Bertrand et al. 1998). As an alternative, the bacteriophage PCP
coat protein and its recognised PP7 RNA loops can be used (Chao et al. 2008. The MS2 and
the PP7 system can be combined to track the expression of two genes simultaneously (Chen
et al. 2018; Fukaya et al. 2016). Another strategy to visualise expression in live cells consists
of RNA aptamers. Aptamers are RNA constructs that bind synthetic dyes which are brighter
and smaller than their biological protein counterparts, and they tend to have food names such

as spinach or mango (Dolgosheina et al. 2014; Paige et al. 2011).

Other approaches to visualise gene expression were base on destabilised protein reporters such
as luciferase or GFP (Nicolas et al. 2018; Ochiai et al. 2019; Suter et al. 2011). However, signal
intensity was the outcome of several cellular processes including transcription, mRNA nuclear
export, translation and mRNA half-life. Nowadays they come accompanied by more direct

measures of burst such as smFISH or the MS2 system.

One drawback of this live technique is that they all require a certain degree of gene engineering,

which limits their application.
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Single cell RN A sequencing techniques

Next-generation sequencing technologies have been adapted to single cells in the last decade.
By dissecting cell population complexity, they can reveal rare populations of cells, cell-state
transitions (Trapnell et al. 2014), regulatory relationships (Chan et al. 2017) and developmental
trajectories (Setty et al. 2016). Specialised protocols and analysis pipelines can identify allele-
specific expression (Larsson et al. 2019; Ochiai et al. 2019) and predict a cell’s future state

based on the ratio of intronic to exonic reads (La Manno et al. 2018).

The first step in scRNAseq consists of cell isolation. Cell isolation techniques include limiting
dilution, FACS, laser capture microdissection (LCM), and microfluidics (Chen et al. 2019a).
The next steps are cell lysis and reverse transcription. During reverse transcription, each read
is ligated to a cell-specific barcode. These barcodes allow identifying all the transcripts coming
from a certain cell, even when sequencing is performed in bulk. The current recommendation
is that the sequencing depth per cell should be enough that each expressed gene has at least
one read (Zhang et al. 2020).

Similarly, to control for PCR amplification bias, each transcript within a cell can be barcoded
with universal molecular identifiers unique molecular identifiers (UMI). However, UMI barcodes
insertion occurs in one end of mRNAs; so are not used in situations where intronic information

is needed, for example, to quantify nascent transcription or splicing isoforms.

Challenges in the analysis of scRNAseq data include matrix sparsity, the presence of latent
variables and the curse of dimensionality. Latent variables are biological variables that are
not considered interesting for a particular experiment, such as differences regarding cell cycle,
and can be corrected (Buettner et al. 2015).The curse of dimensionality affects data points
represented by high number variables, such as scRNAseq where the expression of several genes
is measured in each cell. As you increase the number of variables, the available space grows
exponentially while the distances between points do not, requiring more data points to populate
the space densely enough and identify significant differences. Reducing the number of variables
can be done using Principal Component Analysis (PCA) or feature selection (Hwang et al.

2018).

In contrast to imaging techniques, scRNAseq implementation is more straightforward and scal-

able. Moreover, they can provide a higher-dimensional picture of gene expression and can po-
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tentially detect any transcript in a cell, whereas pre-designed probes introduce bias in smFISH.
However, on the downside, scRNAseq have a higher rate of dropout events, and multiplexed
smFISH is catching up in terms of dimensionality (the highest number of different genes de-
tected by multiplexed smFISH is 1,137 (Su et al. 2020) whereas, there is no potential limit
for scRNAseq). Nevertheless, the use of very specialised equipment limits multiplex smFISH

application to a limited number of labs.

Cell-to-cell variability

Cell-to-cell variability is referred to as gene expression noise. Noise has two components, in-
trinsic and extrinsic noise. Intrinsic noise is inherent to the low number of molecules present
in a cell (the number of gene copies ranges from two to four, for example) and it shapes pop-
ulation distributions depending on how transcripts are produced (Munsky et al. 2012). On
the other hand, extrinsic noise arises from baseline differences between cells that impact their
chemical reactions rates (differences in the number of RNA pol II, for example). The sum of

both components shapes gene expression distributions.

Attempts to estimate both types of noise from mRNA distributions have been made (Lenive
et al. 2016). In some cases, sources of extrinsic noise can be identified, such as cell cycle,
common cell ancestry, cell localisation or cellular components (Snijder and Pelkmans 2011).
The preexisting variation between cells may be advantageous in some contexts. For example,
increasing the number of possible phenotypes can increase possibilities of tumour cells to resist
to an anticancer drug. In another example, HPSC diversity bias lineage choice (Haas et al.

2018).

Variability can be analysed from multiple perspectives that can be cell-centric or gene-centric.
Cell-centric analyses may treat each cell as an individual, or compare individual cells to each
other. Analyses that treat cells as individuals study how individual cells distribute cellular
resources (Figure 1.9A). To compare cells to each other, each cell can be defined as a vector
with all its gene expression values. In this respect, cells can be considered as multidimensional
points. Therefore, the similarity between cells can be assessed as to their distance on the
multidimensional expression space or in a dimensionality reduced space (Figure 1.9B). These

approaches are often combined with clustering methods like k-means or k-nearest-neighbours
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to identify subpopulations of cells, differentiation trajectories or branching points during de-

velopment(Setty et al. 2016; Trapnell et al. 2014).

On the other hand, gene-centric analyses have gene distributions as main characters. They use
variability measures to characterise mRNA distribution shapes. Most distribution variability
measures are mean dependent in discrete setups, like the coefficient of variation or the FANO
factor. Eling et al. 2018 developed a metric called overdispersion that corrects from mean
dependence allowing comparisons between distributions independent of whether a gene has
the same mean expression in both populations or not (Figure 1.9D). When considering all
the overdispersion in all genes (Figure 1.9C), we can access the general patterns of expression
distributions between two populations. Using this approach, Martinez-Jimenez et al. 2017
identified an increase in gene overdispersions during immune responses of ageing mice. Cross-
comparisons between gene distributions have also been used to identify gene regulatory circuits

using, for example, information theory measures (Chan et al. 2017).
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Figure 1.9: Perspectives on cell-to-cell variability. A) Distribution of cellular resources
in individual cells. B) Quantification of expression differences as distances among a cells. C)
Analysis on all gene distribution. D) Analysis on the distribution of a single gene.
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Transcriptional bursts

Gene expression involves the transcription of individual mRNA molecules. As the total number
of mRNA molecules can be counted, gene expression in a population of cells is discrete. How-
ever, transcription is not continuous. If gene expression were continuous, then transcription
would randomly generate mRNA at a certain rate, following a Poisson distribution. Although
certain gene distributions look Poisson (Zenklusen et al. 2008), in most cases, transcription
occurs in a firework-like fashion where periods of mRNA production are interspersed. Tran-
scriptional bursts have been observed from bacteria to intact mammalian tissues (Chubb et al.
2006; Golding et al. 2005; Halpern et al. 2015; Raj et al. 2006a). These transcription pulses
are a major cause of intrinsic noise, as they involve a low number of molecules (two alleles in
a diploid cell and the number of available RNA polymerases, for example), causing dramatic
fluctuations within a single cell and leading to broader gene expression distributions within the
population. (Raj and Van Oudenaarden 2008). Cell compartmentalisation, ploidy and certain
gene network regulatory motifs mitigate noise fluctuations (Alon 2007; Halpern et al. 2015;

Stoeger et al. 2016).

In bacteria, bursting phenomena are associated with positive torsion accumulation caused by
elongating polymerases. This tension inhibits transcription, and it is alleviated by DNA gy-
rase excision activity. Increasing gyrase activity makes gene expression looks Poisson. Poisson
expression distributions are shaped by one constant, the transcription rate. Therefore, if ex-
pression distributions look Poisson, then transcription does no longer occur in bursts (Chong

et al. 2014).

Modelling transcriptional bursts

Several mathematical models have been proposed to explain transcriptional bursting. Some
of them include multiple regulatory inputs (Tunnacliffe and Chubb 2020). However, increased
complexity tends to lead to data overfitting. For this reason, the most commonly used is the
telegraph model, which is the simplest mathematical model that explains discontinuous periods

of expression (Peccoud and Ycart 1995; Raj et al. 2006a).

The telegraph model is a two-state model. Here, the promoter of a gene can switch between

an on and an off state with rates k,, and k,;y. When a gene is on, it can produce mRNA
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molecules at a rate k,.. Then, those mRNA molecules are degraded at a rate f kge,.

kO'I’L
gene g — gene,,
Koy

gene,, He s mRNA + gene,,

mRNA 2,

Where gene,,, + gene,;; = n, and n is the total number of alleles, the cell ploidy.

Although the telegraph model is useful to explain cell-to-cell variability, it does not accounted
for all aspects of regulation. In Bartman et al. 2019, they added RNA polymerase recruitment
and pause release to the telegraph model. According to their definition, burst is a state, that
does not necessarily lead to the production of nascent mRNA molecules. The authors discern
between several mechanistic models by combining several experimental techniques, RNA pol II
elongating simulations and system perturbations by the use of drugs. As a result, they conclude
that RNA pol II recruitment follows burst initiation and that during erythroid differentiation,

cells modulate RNA pol II pause release and burst initiation.

Control of transcriptional bursts

Cross-sectional studies measure two transcriptional burst properties. Burst frequency is how
often alleles burst and, burst size is the average number of mRNA molecules produced by a
burst. Bursting dynamics are gene-specific (Suter et al. 2011), and most studies focus on how

transcriptional burst frequency and size are affected under different perturbations.

Positive DNA torsion caused by transcription-associated DNA unwinding can inhibit transcrip-
tion and generate bursty expression (Chong et al. 2014). Even though it probably contributes
to bursting expression in higher organisms, positive torsion accumulation is unlikely to be the
only responsible mechanism for bursts. An accepted view is that core promoter elements control
burst size, whereas enhancers control burst frequency (Larsson et al. 2019). Notch enhancers
are an exception, which regulate burst size during Drosophila development (Falo-Sanjuan et al.

2019; Lee et al. 2019).
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Bigger burst sizes are associated with an increased number of TF binding sites (Raj et al. 2006a)
and the presence of TATA boxes (Donovan et al. 2019). TF binding can trigger burst initiation.
In living yeast, Single-Molecule Tracking (SMT) studies have shown a correlation between stable
GAL4 binding and the beginning of a new burst (ibid.). TF dwell times correlate with burst
sizes, and the fraction of bound receptors is related to burst frequency in cells responding to

estrogen signalling (Donovan et al. 2019; Stavreva et al. 2019)

Enhancers drive context-dependent gene regulation by modulating burst frequency (Larsson
et al. 2019). Enhancers were first linked to burst frequency in 1995 (Walters et al. 1995). Burst
frequency modulation mediates sensitive, and rapid transitions between gene expression states
(Li et al. 2018), and cell-type-specific programs change mainly burst frequencies (Larsson et al.
2019). For example, galactose signalling increases the burst frequency of GAL4 target genes in
yeast (Donovan et al. 2019). Histone acetylation modulates burst frequency during circadian
rhythm (Nicolas et al. 2018) and neural activation (Chen et al. 2019b). promoter acetylation
correlates with the fraction of cells expressing a transcript in dendritic cells (Shalek et al. 2014).
Genes located in the A compartment show higher burst frequencies but similar burst sizes to

genes located in the B compartment (Su et al. 2020).

Most studies show that promoter-enhancer contacts direct burst initiation (Bartman et al. 2019,
2016; Chen et al. 2018; Deng et al. 2012; Fukaya et al. 2016), although enhancer activation of
Soz2 does not rely on spatial proximity (Alexander et al. 2019). Promoter-enhancer distances
can modulate burst frequency and size (Yokoshi et al. 2020). When two genes share an enhancer
and their genomic distances are similar, their bursts coordinate. If one of these distances
increases, the gene that is closer to the promoter will exhibit an increased burst frequency.
Insulator presence reduces this crosstalk (Fukaya et al. 2016), and coregulated genes tend to co-
segregate (Schoenfelder et al. 2010). Expression changes modulated by stimulus preferentially
regulate burst frequencies (Bartman et al. 2016; Fritzsch et al. 2018; Fukaya et al. 2016; Larson
et al. 2013; Molina et al. 2013; Senecal et al. 2014), because it enables fast and sensitive
responses (Li et al. 2018).

BET proteins regulate burst initiation (Bartman et al. 2019) and pol2 release (Bartholomeeusen
et al. 2012; Winter et al. 2017; Yang et al. 2005). Elongation factors associate to high burst
frequencies, whereas PRC2 associates to genes with big burst sizes but low frequencies (Ochiai

et al. 2019). However, this association is context-dependent.
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In summary, burst size associates with the strength of RNA pol II promoter recruitment,
whereas regulatory inputs preferentially regulate burst frequency. Variability increases as burst
size increase, and frequency becomes smaller. Therefore, gene activation is associated with a

noise reduction, whereas gene deactivation increases it.

The macrophage antimicrobial response as a model

Bone marrow-derived Macrophages

Macrophages are innate immune cells, involved in the first line of defence against infection,
antigen presentation, tissue-regeneration and homeostasis. They orchestrate inflammation by
releasing factors that recruit and modulate immune responses of other cell-types. Macrophages
are a heterogeneous group of professional phagocytes. They have two possible origins: fe-
tal liver and circulating monocytes (Varol et al. 2015). During development, the first wave
of macrophages migrates from the fetal liver to their destination tissue. In their destina-
tion tissue, fetal macrophages adapt locally and become tissue-resident macrophages. Tissue-
resident macrophages populations persist to adulthood through self-renewal. Monocyte-derived
macrophages are short-lived and quiescent. Their regeneration relies on the self-renewal and
differentiation of HPSCs. Monocyte-derived macrophages complement the function of tissue-

resident macrophages on demand, for example, in the event of an infection.

In this thesis, we use bone marrow-derived macrophages. Macrophage colony-stimulating factor
(M-CSF) promotes macrophage commitment. Primary bone marrow cells cultured for seven
days in M-CSF enriched media generate macrophages. These cells resemble monocyte-derived
macrophages (Davis 2019), are quiescent, and provide a cell cycle-independent system to study

the impact of cohesin on gene regulation.

The antimicrobial response

Innate immune cells have an extensive battery of pattern recognition receptors that recognise a
repertoire of pathogen associated molecular patterns (PAMPs). One of these PAMPs is LPS),

a complex glycolipid present in gram - bacteria cell wall, which is recognised by the tool-like
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receptor (TLR) 4. TLRs are transmembrane receptor characterised by an extracellular Leucine-
Rich Repeat domain that binds PAMPs and cytosolic Toll/Interleukin-1 Receptor homology
domain that interacts with intracellular signalling scaffolds. The TLR family is diverse across
species, and individual TLRs are involved in a variety of signalling pathways (Fitzgerald and

Kagan 2020).

LBP and CD14 facilitate TLR4 interaction with LPS. LBP is a soluble extracellular protein
that can extract single molecules of LPS from microdroplets. An LBP-LPS complex associates
with CD14, a TLR4 co-receptor. From CD14, the LPS molecule is transferred to MD2. Then,
MD2-LPS binds to TLR4, leading to its TLR4-MD4-LPS heterodimerisation and dimerisa-
tion of TLR4 intracellular domains. (Gioannini et al. 2004; Park et al. 2009; Poltorak et al.
1998). The TLR4 dimerised TIR domains are recognised by a set of scaffold proteins, such as
TIRAP/MAL and TRAM. Scaffold association leads to the rapid assembly of the supramolec-
ular organising centre (SMOC)(Fitzgerald and Kagan 2020). SMOCs composition is context-
dependent, increasing response repertoire and specificity. SMOCs assembly success imposes
a threshold for signalling pathway activation(Kagan et al. 2014). Protein cascades involving
protein recruitment and post-translational modifications mediate the signal amplification. The
protein cascade leads to the eventual modification of nuclear TF activity. For example, TLR4
activation leads to the nuclear translocation of transcription factors such as AP-1, NFkS or

IRFs. As a result, macrophages activate and change their gene expression.

Gene expression changes can be classified by their dependence on de novo protein synthesis
or by their timing. In the first classification, primary response genes do not rely on de novo
protein synthesis, whereas secondary response genes do. Thus, their expression occurs as a
consequence of the translation of primary response genes (Herschman 1991). Bhatt et al. 2012
classified immune response genes based on their expression timing and subcellular association.
Very early response genes have CpG islands, and RNA pol II paused at their promoter in
unstimulated macrophages. 10 out of 16 of the genes induced after 15 min of stimulation were
transcription factors that control subsequent expression changes. Late response genes often
display large fold-changes and require additional steps such as nucleosome remodelling or RNA

pol II recruitment.

Antimicrobial signals transform the enhancer landscape. In the context of macrophage re-

sponse to LPS, enhancers are classified as constitutive, poised, latent or repressed depending
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on their accessibility and histone mark dynamics (Ostuni et al. 2013). Constitutive enhancers
have H3K4mel and H3K27Ac histone mark and are accessible without stimulation. Poised
enhancers are also accessible, but they only gain H3K27Ac histone mark in LPS-activated
macrophages. Latent enhancers are unmarked and inaccessible in unstimulated macrophages,
but they gain accessibility and acetylation upon stimulation. Repressed enhancers look like con-
stitutive enhancers in unstimulated cells, but they lose H3K27Ac in response to antimicrobial
signals. Different stimuli activate a slightly different subset of latent enhancers, accompanied
by different specific TF motif enrichments. LPS latent enhancers are enriched for AP-1 and
JunB motifs, whereas TGFf are enriched for SMAD-like motifs. Enhancer activation is asso-
ciated with the transcription of their eRNAs, and their acetylation and transcription precede

gene expression changes (Kaikkonen et al. 2013).

Collective behaviour in immune responses

A population of outwardly similar cells can contain several hidden states. These hidden states
can be transient, but they can affect how cells react to stimuli. NFx( activation involves the
nuclear translocation of the p65 subunit, which leads to gene expression changes. This response
is cyclic and coordinated at high doses of TNFa. However, at lower doses, only a fraction of
cells manage to perform the translocation, and it becomes much less coordinated. Stochastic
differences in regulatory circuits cause small differences in response thresholds. Therefore, due
to the slightly different signal thresholds presented by each cell, the population as a whole can
transform a single-cell digital response into an analogue response that can adapt to a range
of input levels (Tay et al. 2010). LPS response genes display higher levels of heterogeneity
than house-keeping genes. Some of them display bimodal expression in bone marrow-derived
dendritic cells, where some cells express a transcript and others not (Shalek et al. 2013). Pre-
venting cell communication reduces expression of maturation markers and bimodality among

some of the early response inflammatory genes (Shalek et al. 2014).

Responding cells can also alter gene expression by other cells, acting as alert sentinels, secreting
factors that target their neighbours’ receptors. Macrophages in isolation display a reduced cy-
tokine production (Xue et al. 2015). For example, during viral infection Ifnb1 is only expressed
in a fraction of cells (Rand et al. 2012; Schmid et al. 2016), even if the infection is wide-spread.

However, its membrane receptor, Ifnar, is present in all cells. So, as soon as some early response
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cells begin to secrete Ifnb1, the neighbours respond to Ifnb1. Cell-to-cell communication allows
signal amplification and response coordination (Rand et al. 2012). IfnbI producers present a
characteristic high expression of antiviral core genes which is dependent in autocrine interferon
feedback, as cells lacking Ifnar, an IFN receptor, uncouple IFN expression to the genes in this

module (Shalek et al. 2014).

Cohesin in hematopoiesis and leukaemia

Blood cells are generated from HPSCs in the bone marrow. This stem cell population has to
differentiate, generating a variety of cell lineages, and to renew themselves, so the progenitor
population is maintained. Excessive differentiation leads to HPSCs depletion, whereas excessive
self-renewal leads to neoplasms (Figure 1.10). The balance between differentiation and self-
renewal is not an isolated system, as diverse stimuli can modulate it. Some stimuli, such
as inflammation, push HPSCs towards differentiation, impairing self-renewal (Pietras 2017).
This stimulus-driven differentiation has been used to develop cancer treatments. For example,
HDAC inhibitors promote leukemic cell differentiation through the activation of IFN-1 pathway
(Salmon et al. 2020).

Classic cancer driver mutations affect direct regulators of proliferation, apoptosis or differen-

tiation. However, there is a subset of recurrent mutations that affect general transcription
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Figure 1.10: Self-renewal vs differentiation during hemaetopoiesis. HPSCs can perform
a symmetric cell division an produce more HPSCs or divide asymmetrically and differentiate
into multiple immune cell lineages. The balance between self-renewal and differentiation swings
towards self-renewal in blood cancers.
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regulators. Among them, cohesin mutations are recurrent in myeloid neoplasms and consti-
tute early events that are early tumourigenic events not associated with abnormal karyotypes
(Cancer Genome Atlas Research Network 2013; Corces-Zimmerman et al. 2014; Cuartero et al.

2019; Kon et al. 2013).

As cohesin is required for normal chromosome segregation, the absence of genome instability is
surprising. However, mitosis can progress with 13% of cohesin wild-type levels (Heidinger-Pauli
et al. 2010), and disease-linked mutations only involve partial loss of cohesin function (Kon et
al. 2013). Therefore, the cancer-driving force of cohesin mutations is ascribed to abnormal gene

regulation.

Cohesin depletion can increase self-renewal and abrogate differentiation of hematopoietic stem
cells (Fisher et al. 2017; Galeev et al. 2016; Mullenders et al. 2015; Viny et al. 2015). Ageing
associates to chronic inflammation, alters the behaviour of HPSCs, and increases the chance
to develop neoplastic syndromes (Kovtonyuk et al. 2016). Late in life, only a clonal sub-
set of the initial birth HPSCs population remains. In this context, mutations that increase
clonal proliferation and promote resistance to differentiation stimuli will confer a clonal advan-
tage. Accordingly, cohesin mutant HPSCs become predominant in ageing mice (Chen et al.
2019c), promoting a pre-leukemic population (Corces-Zimmerman et al. 2014). Phenotypes dif-
fer among mutations in different cohesin subunits. SMC3 haploinsufficiency is not sufficient to
cause leukaemia in mice. However, SMC3 haploinsufficiency enhances a leukaemic phenotype
in combination with FLT3-ITD mutation, a common leukaemic mutation (Viny et al. 2015).
In contrast, conditional knock-out of STAG2 in HPSCs was enough to generate leukaemia in
mice (Viny et al. 2019). Cohesin complexes have either STAG1 or STAG2, so in the absence
of STAG2, STAG1 can carry out cohesin cell cycle functions, but gene regulation becomes
defective. Removal of both, STAG1 and STAG2 impairs proliferation and results in karyotypic
abnormalities (Van Der Lelij et al. 2017; Viny et al. 2019). STAG2 is the cohesin-related muta-
tion most common in cancer. STAG2 cancer mutations cluster at the STAG2-CTCEF interaction

surface, suggesting that cancer mutations target cohesin-CTCF association (Li et al. 2020).

In summary, cohesin malfunction leads to an altered gene regulation that pushes HPSCs towards

self-renewal, promoting a pre-leukemic state.
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Chapter 2

Cohesin at the crossroad between

inflammation and cancer

Cohesin mutations in Acute Myeloid Leukaemia

AML is a poor prognosis blood cancer that originates in bone marrow myeloid lineage cells.
Less than 1% of the total diagnosed cancers are AML, but its incidence rate has increased
by 29% in the last decade (AML statistics, 2020). Recurrent mutations arise in distinct gene
subsets. Despite its essential functions during the cell cycle, mutations in members of the
cohesin complex are frequently reported (Cancer Genome Atlas Research Network 2013), but
they do not associated with abnormal karyotypes (Corces-Zimmerman et al. 2014; Cuartero

et al. 2019; Kon et al. 2013) or fatality rate (Thol et al. 2014).

In the BEAT AML cohort (Tyner et al. 2018), from 408 patients analysed, 49 contained cohesin
mutations (12%), with STAG2 being the most frequently mutated subunit (5.15% of all cases).
Dr Yi-Fang Wang classified AML by mutation subgroup and performed a DE analysis, followed
by a GSEA. Cohesin mutated AMLs presented a distinctive expression program that clustered
with AML mutations in FTL3 and WTI1. This program was characterized by the down-
regulation of inflammatory hallmarks (Cuartero et al. 2018) and up-regulation of OXPHOS,
Myc targets, DNA repair and mTOR signalling (Figure 2.1).
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Figure 2.1: AMLs with cohesin mutations present a distinctive expression program
that clusters with FLT3 and WT1 mutations, with increased OXPHOS and Myc
and reduced inflammatory hallmarks. Clustering of GSEA analysis of AMLs (Tyner et al.
2018) classified by subgroups of mutations. MSigDB hallmarks (Liberzon et al. 2015) displayed
on the y-axis. Coh, cohesin mutations. Spliceo, mutations in the spliceosome. Figure courtesy
of Yi-Fang Wang.
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Studying the role of cohesin in gene regulation

Complete loss of cohesin is incompatible with cell cycle, but partial levels of cohesin can carry
out normal chromosome segregation (Heidinger-Pauli et al. 2010), and increases self-renewal
of HPSCs, abrogating their differentiation. (Fisher et al. 2017; Galeev et al. 2016; Mullenders
et al. 2015; Viny et al. 2015). Thus, the cohesin complex can act as a tumour suppressor. The
aim of our study is to understand cohesin role in gene regulation. Since cohesin is involved in
chromosome segregation, to avoid any confounding effect due to defective mitosis, we work on
a non-dividing primary cell type, BMD macrophages (after 7 days of differentiation, 89% cells
are in G1 (Cuartero et al. 2018) which have a well-characterised response to microbial signals

(Bhatt et al. 2012; Kaikkonen et al. 2013; Ostuni et al. 2013).

Knocking out the cohesin subunit RAD21 in macrophages

To knock out cohesin, we used a conditional creERT2 system in primary cells. Our mice had
a Cre recombinase fused to an estrogen receptor and Rad21 exons 6 and 5 floxed by lox-P
sites. The chimeric protein remained in the cytoplasm until 4-hydroxytamoxifen (4-OHT) was
added to the media. This triggered a conformational change in the ERT2 receptor that led to its
translocation to the nucleus. Once in the nucleus, Cre can find the lox-P targets and cut, knock-
ing out the cohesin’s subunit (Seibler et al. 2003; Seitan et al. 2011). In the absence of 4-OHT,

mice with floxed Rad21 alleles display a normal phenotype. We extracted bone marrow pro-

6E‘Rt26’re/E'RtQCre Rad? 1wt/wt 6ERt20re/ERt2Cre Rad? 1l0x/loa:

genitors from Rosa?2 mice and Rosa?2
mice (Seibler et al. 2003; Seitan et al. 2011), and differentiated them into macrophages for 7

days.

On day 4, when cells start to display a macrophage-like morphology, we treated the cells with
4-OHT (Figure 2.2). 24 hours (h) later, only about 1 in 10 Rad21 floxed alleles remained intact,
and 72 h later, less than 1 in 100 remained unexcised (Figure 2.2B). As control, we use also
4-OHT treated macrophages with the chimeric construction but a WT Rad21 allele. At day
7, Rad21 KO macrophages only had 5-30% of the RAD21 protein levels of WT macrophages
(Figure 2.2C and D). To visualise protein depletion at the single-cell level, we performed RAD21
immunofluorescence (IF). In the WT, fluorescent signal concentrates in the nuclei, which was

absent from the nuclei of Rad21 KO macrophages (Figure 2.2E and F).
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Figure 2.2: Cohesin-deficient macrophages. A) Bone marrow progenitors were extracted
from mouse tibia and femur and then differentiated into macrophages for 7 days. These mice
have the gene Rad21, a cohesin subunit, loxP-floxed and a chimeric Cre enzyme coupled to
an ERT2 receptor in the ROSA26 locus. At day 4, 4-OHT was added to the media, leading
to CreERT?2 nuclear translocation and knockout of Rad21 alleles. Experiments are performed
at day 7. B) Genetic Rad21 allele depletion dynamics by genomic DNA quantitative PCR
(gpPCR). As a control, day 7 differentiated macrophages not treated with 4-OHT were used
(-4OHT). Statistical test: One way ANOVA. C) RAD21 and ACTB western blot images and
D) quantification. Statistical test: t-test. E) Rad21 IF images. F) Rad21 IF quantification. See
Materials and Methods for details. Statistical test: t-test. NegCtrl were WT cells were Rad21
primary antibody was missing from the IF. 726 cells imaged in total. For each experiment, at
least 3 biological replicates were performed.



Weakened immune response in Rad21 KO macrophages

To test how cohesin deficient cells react to microbial signals, we treated our macrophages with
LPS. LPS is a component of Gram negative bacteria that binds to TLR4 receptor, initiating a
signalling cascade that activates macrophages (Figure 2.3B). To unveil gene expression changes,
RNAseq was performed (Cuartero et al. 2018). The transcriptional landscape of Rad21 KO
macrophages reproduced several features of cohesin mutated AMLs. Hallmark GSEA analysis
showed that "Myc targets”, ”OXPHOS” and ”Fatty acid metabolism” terms were up-regulated,
whereas inflammatory hallmarks were down-regulated (Liberzon et al. 2015; Subramanian et al.
2005). In contrast, neither "MTORCI signalling” nor "DNA repair” terms were up-regulated
in Rad21 KO macrophages (Figure 2.3A).

In untreated macrophages, cohesin depletion impact on constitutively expressed genes. In
contrast, LPS inducible genes (defined in Bhatt et al. 2012) are massively down-regulated.
Differences between Rad21 KO and WT increase as LPS-activation progresses. There is also a
repression failure of LPS responsive genes. At 8h after LPS, 53% of LPS-repressed genes were
up-regulated in Rad21 KO macrophages compared to WT (Figure 2.3B and C).

This weakened immune response has two possible explanations. Either Rad21 KO macrophages
fail to detect LPS signals, or they fail to establish an appropriate transcriptional response.
Upon detection of antimicrobial signals, the p65 subunit of NFxB translocates to the nucleus
where it modulates gene expression. We measured the ability of macrophages to translocate
p65 as a proxy for the detection of LPS. Rad21 KO macrophages performed p65 translocation
1h after LPS. However, 2h after LPS, WT macrophages displayed p65 translocation, but the
percentage of positive macrophages dropped in Rad2! KO. (Figure 2.3D). Therefore, Rad21

KO macrophages can detect LPS, but they cannot establish an appropriate response.

Cohesin deficiency leads to unpaired immune responses

Given the previous results, we hypothesize that cohesin defects drive cells into a cell-state
opposed to the transcriptional program activated by inflammatory signals, like LPS. To do
so, we compared GSEAs of cohesin defects to gene expression changes during macrophage

LPS-activation (DEseq2, WT macrophages, 8h LPS + INF~ vs untreated). We included in our
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Figure 2.3: Rad21 KO macrophages detected antimicrobial signals but failed to es-
tablish a strong immune response. A) GSEA comparison between selected terms of cohesin
mutated AML vs cohesin WT AML (CohMut vs Coh WT) and Rad21 KO vs WT macrophages
(DEseq2 comparison, data from Tyner et al. 2018). B) Z-score (expression value minus mean
expression of a gene across conditions, and then divided by the standard deviation across con-
ditions) of log2 + 1 FPKM of constitutive, inducible and repressed genes. C) Proportion of DE
genes in each group comparing Rad21 KO vs WT D) NFxB translocation example and their
percentage after LPS induction. A cell was considered as positive if the correlation between
DAPI and the immunofluorescence signal was greater than 0.5. Statistical test: 2-way Anova
with Sidak Correction test. 3 biological replicates. 4645 cells imaged.



analysis a system halfway between the cycling and heterogeneous human AML and the quiescent
and homogeneous macrophages: LSK cells. LSKs comprise a population of HPSCs and multi-
potent progenitor (MPP), precursors of most AMLs and macrophages. We used LSK expression
data where cohesin subunits Smc1 and Stag2 were silenced via an inducible shRNA (Mullenders
et al. 2015). shRNA of SMC1 and STAG2 in LSK cells lead to the same deregulation of pathways
observed in Rad21 deficient macrophages and in cohesin mutated AMLs. Upon pre-treatment
with IFN-v and LPS, macrophages activated inflammatory and IFN-related hallmarks which
were down-regulated in cohesin deficient systems. Macrophage activation led to the down-
regulation of " Myc targets” and "OXPHOS”, which were up-regulated in cohesin-deficient
systems (Figure 2.4).
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Figure 2.4: Expression hallmarks are inverted between macrophages establishing
an antimicrobial response and cells with cohesin defects. LPS+INF vs UT,
GSEA results of DEseq2 analysis between 8h LPS 4 24h IFN-v treated macrophages and
untreated macrophages. Rad21 KO vs WT, GSEA results of Rad21 KO macrophages and
WT macrophages. Macrophage data from Cuartero et al. 2018. CohMut vs CohW'T, cohesin
mutated leukaemias vs non-cohesin mutated leukaemias, human AML tumor biopsis data from
Tyner et al. 2018, GSEA, mutation classification and DESeq2 analysis performed by Yi-Fang
Wang. shSmcl vs Ctrl and shStag2 vs Ctrl, GSEA results of a shRNA against Smc1 and Stag2,
two subunits of the cohesin complex, vs cotrol sShRNA in mouse LSK, data from Mullenders
et al. 2015. NES, Normalised enrichment score.
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Patterns associated to DE genes in Rad21 KO macrophages

Inducible gene expression failure: IFNs

ISRE motif associates to genes with reduced expression

The promoters of the genes that display a reduced expression in Rad21 KO macrophages were
enriched with the interferon-stimulated response element (ISRE) (Figure 2.5A). This motif
activates the expression of IFN stimulated genes when bound by the multimeric transcription
factor complex ISG3. The ISG3 complex is formed as a consequence of JAK/STAT signalling
due to the activation of IFN type 1 receptor (Ivashkiv and Donlin 2014; Schneider et al. 2014)
(Figure 2.5B). The majority of genes involved in the formation of IGF3 were down-regulated

at baseline in Rad21 KO macrophages (Table 2.1).

Rescue of late inducible genes by IFN~ in Rad21 KO

IFN-v polarises macrophages into an M1 pro-inflammatory phenotype. We hypothesised that
priming Rad21 KO macrophages with IFN-v will rescue part of the inducible gene expression
program. In Bhatt et al. 2012, they classified LPS-inducible genes by their timing and their
subcellular association. Classes A1, A2, B and C have peaked within the first 90 min after LPS,
whereas classes D, E and F increased expression until the end of their experiments. IFN-v prim-
ing partially rescued the inducibility of classes D, E and F classes in Rad21 KO macrophages
with respect to baseline expression (Figure 2.5C) and in comparison to WT (Figure 2.5D).

Gene log2FoldChange adjusted p-value

Irf9 -0.55 9.67e-5
Ifnar -0.8 5.87e-4
Statl -1.25 3.14e-11
Stat2 -1.63 2.9e-10

Table 2.1: DE analysis of genes involved in IFN signalling in Rad21 KO macrophages
vs WT.
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Redistribution of cellular resources upon LPS and IFNvy

I then studied overall changes in gene expression in response to antimicrobial signals. To do so,
we decided to use Voronto (Santamaria and Pierre 2012). Voronto employs Voronoi diagrams
to visualise hierarchical gene expression ontologies. Terms locate in the map by similarity and
their size correspond to the number of genes they contain. In that sense, they can help to

visualise redistribution of cellular resources in response to a signal.

The distribution of transcription is very similar between W'T and Rad21 KO untreated macrophages.
However, upon LPS activation, WT cells reorganise their gene expression drastically, switch-
ing down most metabolic pathways, and terms related to DNA replication and repair. This

reorganisation is accentuated when WT macrophages are pre-treated with IFNv (Figure 2.6).

Rad21 KO macrophages fail to redistribute their resources after 8h of LPS activation. Only

if Rad21 KO macrophages are primed with IFN-v some notions of redistribution of cellular

KEGG terms

Metabolism

Mean expression quantile
of gene group

Enviromental Information
Processing

WT untreated WT 8h afler LPS

WT 8h afler LPS + INFy
; Energy

Metabolism

Immune
System

Replication
and repair

Aminoacid
Metabolism

Glycan
Biosynthesis
and
Metabolism

Metabolism
of cofactors
and vitamins

Figure 2.6: Redestribution of cellular resources upon LPS and IFN~. Voronto maps
of KEGG gene expression ontologies. Colour correspond to the mean expression quantile of
term'‘s genes (Santamaria and Pierre 2012). Input data: mean FPKM across replicates.
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Figure 2.7: Rad21 KO macrophages failed to repress genes with c-Myc and NRF1
motifs. A) Overlap between LPS-repressed genes and genes not down-regulated genes in Rad21
KO upon INFv + 8h LPS. p-value and odds ratio calculated using the R package GeneOverlap
(Shen 2014). B) Overlap between repressed genes during INF~y + 8h LPS in WT and genes
up-regulated in Rad2! KO upon 8h LPS compared to WT. C) Promoter enriched motifs in
2.7A intersection as gene target group compared the background of all expressed genes. p-value,
over-represented p-value.

resources occur. This partial rescue suggests that the activation of the IFN pathway helps

macrophages to reallocate their gene expression in response to antimicrobial signals (Figure

2.6).

Repression failure: OXPHOS and Myc

After studying defective LPS-activation, we decided to study LPS-repression in cohesin deficient
macrophages. The majority of LPS-repressed genes were not repressed in LPS-activated Rad21
KO macrophages, even with IFN~ priming (95.0%). As aresult, 43.4 % of them are up-regulated
in Rad21 KO activated macrophages compared to WT .

Next, to uncover patterns associated with failed LPS-repression, we performed known motif

enrichment on LPS-repressed genes in the WT but not in the Rad21 KO (Heinz et al. 2010).
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The two top over-represented motifs were c-Myc and NRF1 (Figure 2.7). NRF1 is one of
the master regulators of mitochondria biogenesis and OXPHOS. Myc targets and OXPHOS
hallmarks were repressed during macrophage activation, and their expression was consistently
increased in cohesin deficient systems (Figure 2.4). Furthermore, these motifs were also enriched
among the up-regulated genes in cohesin mutated human AMLs and cohesin deficient mouse

LSKs (Table 2.2 and 2.3).

Targets Background % Change over

Target genes Cells (%) (%) background
WTi8 vs WT untreated (Down)

Rad21 KOi8 vs Rad21 KOUT (Up) mouse MF 35.31 26.24 34.57
shSmecl vs Ctrl (Up) mouse LSK 28.84 23.79 21.23
shStag2 vs Ctrl (Up) mouse LSK 31.45 27.45 14.57
CohMut vs CohWT (Up) human AML  29.05 26.88 8.07

Table 2.2: NRF1 motif enrichment. NRF1(NRF)/MCF7-NRF1-ChIP-Seq(Unpublished)
motif enrichment in the promoter of target genes agains all other expressed genes as background.
8i, IFN~y pre-treatment + 8h LPS; mouse MF data (Cuartero et al. 2018) mouse LSK data
(Mullenders et al. 2015), human AML data (Tyner et al. 2018). MF, BMD macrophages. Up,
up-regulated set of genes in DESeq2. Down, down-regulated set of genes in DESeq?2.

Targets Background % Change over

Target genes Cells (%) (%) background
WTi8 vs WT untreated (Down)

Rad21 KOi8 vs Rad21 KOUT (Up) ~Mouse ME - 59.08 87 2131
shSmecl vs Ctrl (Up) mouse LSK 53.95 47.78 12.91
shStag2 vs Ctrl (Up) mouse LSK 51.1 51.09 0.02
CohMut vs CohWT (Up) human AML ~ 51.43 45.75 12.42

Table 2.3: Myc motif enrichment. c¢-Myc(bHLH)/LNCAP-cMyc-ChIP-Seq(Unpublished)
motif enrichment in the promoter of target genes agains all other expressed genes as background.
8i, IFN+y pre-treatment + 8h LPS; mouse MF data (Cuartero et al. 2018) mouse LSK data
(Mullenders et al. 2015), human AML data (Tyner et al. 2018). MF, BMD macrophages. Up,
up-regulated set of genes in DESeq2. Down, down-regulated set of genes in DESeq2

Increased mitochondrial content in Rad21 KO macrophages

Mitochondrial genes are up-regulated in Rad21 KO macrophages

Myc and NRF1 are regulators of mitochondria biogenesis and OXPHOS, and their motifs asso-
ciate to LPS-repression failure in Rad21 KO macrophages (Figure 2.7). Moreover, an increase

in OXPHOS is a common feature of cohesin deficient systems (Figure 2.4). OXPHOS occurs
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in the mitochondria, although most OXPHOS genes are encoded in the nucleus. We decided
to interrogate whether the OXPHOS increase came with an increase in mitochondrial content,
which is often associated with an up-regulation of mitochondrial encoded genes. In Rad21 KO
macrophages, there was an up-regulation of mitochondria-encoded genes (34.78% of 23 genes
up-regulated). In the mouse LSK data from Mullenders et al. 2015, from 27 mitochondria-
encoded genes, only one was significantly up-regulated. However, a GSEA analysis revealed
a positive enrichment of mitochondrial encoded genes in cohesin deficient LSK (shStag2 vs

control, NES: 1.96, p-value: 0.00187; shSmcl vs control, NES: 2.57 | p-value: 0.00036).

Rad21 KO macrophages have increased mitochondria content

One way to calculate the average number of mitochondria per cell is to calculate the relative
mitochondrial DNA (mtDNA) content. Relative mtDNA content is the number of mitochondrial

DNA copies over 2 x the number of copies of a nuclear DNA (nuDNA) region by gqPCR.

With no 4-OTH in the medium, creERT2 is unable to knock-out floxed Rad21 alleles. In
this case, there are no significant differences between the relative mtDNA of WT and Rad21
floxed macrophages (Figure 2.8A). When 4-OHT is added to the media at day 4, mitochondrial
content increases by ~25-50% in Rad21 KO cells (Figure 2.8B). These results were confirmed by
imaging. MitoTracker Red CMH2XRos is a reduced dye that fluoresces when it is oxidised. It
is used to visualise mitochondria in live cells because it accumulates depending on the potential
of mitochondrial membranes. We observed an increased in the mitochondrial mass in terms of
the fraction of cell cover by mitochondria, MitoTracker intensity by cell, and by mitochondria
in Rad21 KO macrophages compared to WT (Figure 2.9B). No differences between cell sizes
were found between WT and Rad21 KO macrophages.

Mitochondria during macrophage differentiation

Knocking out of Rad21 alleles started 3 days before we usually performed our experiments.
At this point in the project, we wanted to identify at which point mitochondria dynamics
were affected by cohesin loss. Therefore, we decided to study mitochondrial dynamics over

macrophage differentiation by relative mtDNA content (Figure 2.10A). Macrophages increase
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Figure 2.8: Increased relative mtDNA content in Rad21 KO macrophages. Relative
mtDNA content in cells where 4-OHT had not been added (A) or had been added (B). Cells
resulting from differentiate bone marrow cells into macrophages for 7 days in conditional 1,929
media. n, biological replicates. Data obtained by gqPCR. Statistical test: equal variance t-test
as implemented in HypothesisTests.jl.

their relative mtDNA as they differentiate in two jumps. The first jump was a drastic increase
between day 3 and 4, right before the addition of tamoxifen, and the second jump spanned from
day 6 onwards. Differences between Rad21 KO cells and WT are only significant after day 7.
Increasing the number of biological replicates (from 3 to 6) did not reach statistical significance

at day 6, for significance at day 7 take a look at Figure 2.8B.

Mitochondrial regulators during macrophage differentiation

Then, we decided to look at the expression of different mitochondrial regulators (Figure 2.10B).
Polg2 is the mitochondrial DNA polymerase. Polrmt is the mitochondrial RNA polymerase.
Tfam, Tfolm and Tfb2m are the transcription factors that initiate mitochondrial DNA repli-
cation. Nrfl controls mitochondrial biogenesis and the expression of several oxidative phos-
phorilation gene. Gabpa and Gabpb2 are a subunits of NRF2 with similar functions to Nrf1.
Other mayor regulators are the peroxisome proliferator-activated receptors (PPARs) such as
Pparg and Ppard . Ppargcla and Ppargclb phosphorylation regulate mitochondria biogenesis
by activating Pparg and NRF1, respectively. Another coactivator of NRF1 is Pprcl. Ptpmtl is
mitochondrial phosphatase required for the diferentiation of HPSCs, promoting OXPHOS (Yu
et al. 2013). None of these regulators was DE by RNAseq between untreated WT and Rad21
KO macrophages.
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Figure 2.9: Increased mitochondrial mass in Rad21 KO cells. A) Example mitochondria
and cell outlines of WT and Rad21 KO CellTracker and MitoTracker channels. B) Image
quantification of mitochondrial content. Cells resulting from differentiate bone marrow cells
into macrophages for 7 days in conditional 1.929 media. Three biological replicates. Between
115 to 167 cells imaged per sample. Statistical test: equal variance t-test as implemented in
HypothesisTests.jl.

In general, from day 3 to 5, most mitochondrial regulators drop their expression. From day 5
to 6, their trend is to increase their expression. In particular, the NRF2 subunit Gabpa (Equal
Variance t-Test p-value: 0.0032). When comparing WT and Rad21 KO cells at day 6, there is
an apparent up-regulation of Ppard (Equal Variance t-test p-value: 0.0252), but failed to reach

statistical significance after multiple testing correction Figure 2.10B). Sarah Wells performed

the RT-PCR for Figure 2.10B anc Figure 2.10C.

MYC-MAX-MXD1 axis during macrophage differentiation

Myc, Mazxz and Mzdl are bHLH domains transcription factors. Myc and Mzdl can form

heterodimers with Maxz with opposite functions. MYC:MAX dimers activate gene expression
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Figure 2.10: Macrophage increase on mitochondrial content during differentia-
tion and expression of potential regulators. A) Relative mitochondria content along
macrophage differentiation. At day 4, 4-OHT is added to the media to promote creERT?2
translocation and knockout of Rad21 allele. B) qPCR of main mitochondrial regulators. Ex-
pression normalised to Ubc and Lmna. C) gPCR of the MYC-MAX-MXD transcriptional net-
work. Expression normalised to Ubc and Lmna. x axis, days in L929 conditional media. Each
sample has at least 3 biological replicates. Whiskers correspond to 95% confidence interval.



whereas MAX:MXD dimers do not. An increase in MYC activity has been link to an increase
in mitochondrial mass and several MY C targets encode for mitochondrial components (Morrish

and Hockenbery 2014).

Myc levels were similar across macrophage differentiation (Figure 2.10C). Between day 3 and
4, while relative mtDNA content duplicates (Equal Variance t-test pvalue: 0.0008), Myc and
Maz levels were constant, but Mzd1 expression dropped(Equal Variance t-test pvalue: 0.0253).
This could lead indirectly to an increase on the activity of transcriptional activator MYC:MAX

dimer, since MAX will not be interacting with MXD.

Between day 4 and 6, relative mtDNA stabilises. Myc and Mxzd1 levels were constant. However,
Mazx levels increased from day 5 to 6 (taking together data from WT and Rad21 KO, Equal
Variance t-test pvalue: 0.0165, no significant differences between WT and Rad21 KO). This
preceeded the increase of mitochondrial numbers between day 6 and 8. Then, Mxzd1 increases
in WT, but not in Rad21 KO (Equal Variance t-test pvalue: 0.0110 by qPCR; log2FoldChange:
-1.86, padj: 0.0033 by RNAseq DEseq2 analysis). Suggesting that the presence of MYC:MAX
dimers is greater in Rad21 KO cells than in WT, as MXD is not sequestrating MAX.

Discussion

Partial loss of cohesin increases HPSCs proliferation and alters differentiation, presumably by
altering the control of gene expression (Chen et al. 2019¢; Fisher et al. 2017; Galeev et al. 2016;
Mullenders et al. 2015; Viny et al. 2015). The balance between HPSC proliferation versus
differentiation integrates internal and external signals, including inflammation (Cuartero et al.
2019; Pietras 2017). In this context, mouse BMD macrophages are an excellent system to study
cohesin-dependent gene regulation with potential implications for AML (Cuartero et al. 2018).
First, they do not undergo cell-division, so aberrant chromosome segregation is not responsible
for gene expression changes. Second, cohesin depletion occurs in primary cells, not cancer cell
lines that contain several mutations, which make the behaviour of these cells aberrant and unfit
for mechanistic studies. Third, they have a well-characterised antimicrobial response (Bhatt
et al. 2012; Kaikkonen et al. 2013; Ostuni et al. 2013) and are close relatives of the progenitor
cells in which AML arises (Cuartero et al. 2019). Fourth, expression changes due to cohesin

depletion in BMD macrophages resembled gene expression changes in cohesin-mutated AMLs
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(Figure 2.3A).

In our analysis, cohesin-related mutations showed a distinctive gene expression pattern that
cluster with mutations in FLT3 and W'T1, promoting a transcriptional landscape with an in-
creased OXPHOS and c¢-Myc target expression and reduced inflammation (Figure 2.1). There-
fore, FLLT3, cohesin and W'T1 mutations seem to promote similar expression phenotypes. WT'1
is a TF with an essential role in development which is frequently mutated in diverse cancer
types (Hastie 2017). FTL3 is a tyrosine kinase with gain-of-function mutations in AML (Su-
tamtewagul and Vigil 2018). Cohesin and FTL3 mutations co-occur in AML patients, and
SMC3 heterozygosity and the FTL3-IDH mutation synergistically promote a leukaemic pheno-
type in mice (Viny et al. 2015).

Our cohesin knockout system disrupts the cohesin a-kleisin RAD21. By the time we performed
our experiments, there was a 99.39 % of Rad21 genetic depletion and around 85% depletion
of RAD21 protein levels (Figure 2.2). As reported by other studies, cohesin subunit depletion
had little impact on constitutive gene expression (Nora et al. 2017; Rao et al. 2017; Schwarzer
et al. 2017; Seitan et al. 2013). However, Rad21 KO macrophages were unable to establish
an adequate response to a microbial stimulus, LPS (Figure 2.3B), not because they were not
able to detect LPS, but because they were not able to establish an appropriate transcriptional

response (Figure 2.3D).

ISRE motifs were enriched at the promoters of down-regulated genes in Rad21 KO macrophages,
suggesting a defective type 1 IFN signalling at baseline. IFN+v priming partially rescues the
expression of late inducible genes in Rad21 KO (Figure 2.5C), and the reallocation of cellu-
lar resources (Figure 2.6). Up-regulated genes in Rad2! KO macrophages overlap with genes
repressed during macrophage activation. The intersection between these two gene groups was
enriched with ¢-Myc and NRF1 motifs (Figure 2.7). ¢-Myc motif associates with the char-
acteristically high ” Myc targets” in the GSEA analysis, whereas NRF1 is one of the master
regulators of mitochondrial function, and associates to the increase in the "OXPHOS” gene
group (2.4). Neither of them was up-regulated in cohesin deficient macrophages. However,

increased Myc function could be ascribed to a decreased expression of its negative regulator

Mzd1 (Figure 2.10B an C).

While most up-regulated OXPHOS genes were not master regulators of mitochondria biogenesis,

a majority of them were mitochondrial components, such as Ndufa/, involved in mitochondrial
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respiration and Fhl, involved in the Krebs cycle. Rad21 KO macrophages showed an increase
of ~25-50% of mtDNA content (Figure 2.8) which was accompanied by an increase in mito-
chondrial mass (Figure 2.9). mtDNA content increased during macrophage differentiation in
two steps, first between day 3 and 4 and and then again from day 6 onwards (Figure 2.10A). We
tested several mitochondrial gene regulators in three replicates alongside this time window, but
we could not find any significant differences between Rad21 KO and W'T after multiple testing.
In order to identify potentially significant and more subtle differences, further research is still
required. Most mitochondrial regulators drop between day 3 to 5, and their expression increase
after day 6 (Figure 2.10B). One possibility is that the second wave of mtDNA increase was
linked to an increase in MYC-MAX heterodimers. Hypothetically, MYC-MAX heterodimers
would be increased in Rad21 KO macrophages, as the expression of the negative regulator

Mzxd1 was down-regulated.

Multicellular organisms depend on the collaboration between cells across multiple tissues. Can-
cer occurs when a cell or a group of cells disengage from the community and start to behave
independently. Different mutations mosaics can achieve this phenotype, but they do not re-
spond equally to the same treatment. In this case, we want to understand how cohesin defects
modify expression patterns in the haematopoietic lineage, as they are common in myeloid neo-
plasms (Cancer Genome Atlas Research Network 2013; Corces-Zimmerman et al. 2014; Kon
et al. 2013). As inflammatory signals prone HPSCs towards differentiation, it is tempting to
conclude that cohesin defects promote a cell-state that is resistant to differentiation stimuli.

This resistance is be partially rescued in Rad21 KO macrophages by IFN~ pre-treatment.
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Chapter 3

The quantitative impact of cohesin on

transcription

Transcriptional control and cohesin

The expression of protein-coding genes involves the transcription of DNA into mRNA by RNA
pol II. Transcription is controlled at different levels, including chromatin accessibility, transcrip-
tion initiation and pause release (Core and Adelman 2019; Sainsbury et al. 2015). Transcription
occurs in bursts (Raj et al. 2008). Imaging experiments define these bursts as the accumulation
of nascent mRNA (Mueller et al. 2013). Burst frequency and size (number of mRNA molecules
produced per burst) shape gene expression distributions in populations of outwardly identical
cells. High burst frequencies and small burst sizes result is low cell-to-cell variability, whereas
low frequencies and large sizes result in an increased variability (Cook et al. 1998; Raj et al.

2006b; Singh et al. 2010).

In general, burst sizes are controlled by promoter elements, whereas enhancer elements ad-
just burst frequencies (Larsson et al. 2019). Promoter elements are responsible for assembling
the transcription machinery, whereas enhancers tune gene expression depending on the con-
text. Cohesin depletion disrupts promoter-enhancer interactions (Jaeger et al. 2020) and causes
deregulation of genes nearby enhancers (Cuartero et al. 2018; Ing-Simmons et al. 2015; Rao
et al. 2017) Enhancers lead gene expression changes during macrophage activation (Kaikkonen

et al. 2013; Ostuni et al. 2013). In this chapter, we study how different transcription parameters
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are affected by the loss of cohesin. In particular, how transcriptional bursts behave during the

failed LPS-response of Rad21 KO macrophages.

Global transcriptional changes in Rand21KO macrophages

Transcription is a major cause of gene expression changes in Rad21

KO macrophages

Cohesin is a nuclear protein complex (Figure 2.2C) that moves along chromatin fibers (Davidson
et al. 2019). RNAseq measures total RNA levels, whereas GROseq measures only at newly
made transcripts. RNAseq and GROseq log2Fold changes correlate at baseline (0.642 Pearson
correlation, pvalue < 2.2e-26) and especially after 6h of activation (0.722 Pearson correlation,
pvalue < 2.2e-26). (Figure 3.1A). This high correlation suggests that gene expression changes
in Rad21 KO macrophages are caused mainly by processes that alter transcription, not by

processes that alter RNA stability.

Increase in total RNA content in Rad21 KO macrophages

We were able to estimate average RNA content per cell because our RNAseq data contained
spike-ins and the RNA was extracted from the same number of cells in each sample. At base-
line, Rad21 KO macrophages have around 50% more RNA per cell than WT. LPS activation
significantly increases the RNA content of WT cells, but not of Rad21 KO (Figure 3.1B and
Table 3).

Comparison Transcriptome fold-change p-value
Rad21 KO UT vs WT UT (Untreated) 1.49 5.55e-9
WT 8h LPS vs WT UT 1.38 2.62e-7
Rad21 KO 8h LPS vs Rad21 KO UT  0.99 0.85

Table 3.1: RNA content comparisons from spike-in RN Aseq data
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Figure 3.1: Global transcription changes in Rad21 KO macrophages. A) GROseq fold
change vs RNAseq fold change before and after LPS (8h RNAseq, 6h GROseq). DE genes by
DEseq2 of RNAseq. r, Pearson correlation. Statistical test: cor.test function in R. B) RNA
content fold change compared to WT untreated (vs WT_UT) and Rad2! KO untreated (vs
Rad21 KO_UT). RNA content calculated from RNAseq data based on spike-ins. C) Proportion
or GROseq reads that map in the promoter region (+ 3kb), genic and intergenic regions. D)
log2(RNA pol2 pausing ratio + 1) calculated from GROseq data from different gene classes.
Statistical test: Wilcoxon Rank test. Multiple testing correction by the Bonferroni method.
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Reduction in RNA pol II pause ratios in Rad21 KO macrophages

Compared to WT, the proportion of GROseq reads that map to promoter regions is reduced
in Rad21 KO macrophages, (Figure 3.1C). RNA pol II release rates affect the number of reads
that map to the promoter region compared to the rest of the gene body. Their ratio indicates
how paused RNA pol II is on a particular gene (Day et al. 2016). In general, there were
lower pausing ratios in Rad21 KO, except for LPS-inducible genes (Bhatt et al. 2012) which in
untreated samples showed no differences. Activation by LPS reduces inducible genes pausing.
This reduction is more significant in WT than in Rad21 KO macrophages. In contrast, LPS-
repressed genes displayed an small increase in RNA pol II pause ratios upon LPS, which was

more evident in WT than in Rad21 KO.

Single-molecule perspective of gene expression

Up to now, we focused on cell population data. However, transcription is a single-cell process
with low numbers of molecules involved, leading to intrinsic noise, that occurs in bursts which
amplifies the resulting cell-to-cell differences. By analysing those differences and the shape of
cell distributions, we gain insights into not only on whether mean expression increases or de-
creases, but also on the transcription parameters and mechanisms. We used smFISH to analyse
single-cell differences because it is the gold-standard to measure gene expression in individual
cells. In smFISH, fluorescently labelled probes hybridise by sequence-complementarity to target
RNA sequences in fixed cells. Specifically, we use a protocol for branched DNA smFISH (bDNA
smFISH), developed by Battich et al. 2013. bDNA smFISH uses sequential hybridisations to
build a tree-like structure that can increase the number of labels per mRNA, improving signal-
to-noise ratio (Figure 3.2A). For image acquisition, we used a confocal microscope to acquire
images coupled with high throughput image analysis. Computer software identified nuclei, cells
and dot-like signals that represented individual mRNA molecules (Figure 3.2B). (Battich et al.
2013; Carpenter et al. 2006; Mueller et al. 2013; Stoeger et al. 2015).
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Validation of bDNA smFISH approach

In order to validate the smFISH approach, we compared smFISH data to RNAseq data, analysed
smFISH reproducibility, and compare different features of our data to published data. Our
smFISH experiments started with the expression of 6 genes in 2 independent experiments with

3 replicates each. In the first set, we studied Actb, a housekeeping gene, and 2 inducible genes
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Figure 3.2: Establishing bDNA smFISH in the lab. A) bDNA smFISH hybridisation
scheme. Sequential hybridisation of DNA probes to amplify the fluorescent signal from a single
mRNA molecule (Adapted from Battich et al. 2013). Scale bar represents 10um. B) Image
analysis pipeline scheme. First, nuclei were identified in the DAPI channel. Then, CellTracker
staining was used to identify their associated cytoplasm. mRNA were distinguished as dot-like
signals. C) Example of bDNA smFISH image using probes against three different genes in
activated macrophages (8h LPS). D) Experiment reproducibility, Pearson correlation among
replicates. E) log2 mean counts of smFISH vs log2 mean FPKM by RNAseq. r, Pearson
correlation; p, p-value F') Pearson correlation between cell size and Actb counts G) Actb replicate
distributions.
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down-regulated in cohesin deficient macrophages: [112b and Statl, a cytokine subunit and a
signal transducer molecule (Figure 3.2C as an example image). In the second set, Tnf, Cd40

and Atf3.

There was a high correlation between smFISH replicates (Figure 3.2D) and between smFISH
data and RNAseq (Figure 3.2E). This indicates that the technique is consistent with RNAseq,
and reproducible. As reported (Battich et al. 2013), there is a high degree of correlation between

cell size and Actb expression, a cytoskeleton component (Figure 3.2F).

Increasing the throughput of image acquisition

At this point in the project, we realised that our imaging had excellent resolution, but it was too
slow. The acquisition of one image took about 30 min, and I had to select each field manually.
Furthermore, each sample had to be manipulated individually at the microscope. With the help
of the microscopy facility, we sped up image acquisition by using confocal resonant microscopy
coupled with a bidirectional scan. The resonant-mode led to an increase in noise, which we
addressed by increasing the line acquisition average. We were able to image several samples per
session by switching to a dry objective and chamber slides. To automatically select the image
acquisition sites, we needed an even distribution of cells on the slide. To do so, we changed to
a high-throughput protocol that minimised cell loss, which allowed the use of a matrix screener
software. In this way, we were able to image around 10000 cells in 8 different samples per night.

A substantial improvement compared our initial acquisitions of 500 cells in just one sample per

night (Table 3).

First smFISHs Optimisation
Image acquisition time 30 min 2 min
Replicate acquisition time (6 samples) 6 nights 1 night
Cells imaged per night 500 10000
Cell selection Manual Matrix screener
Slide 13 mm Chamber slides
Sample change Manual Matrix screener
Objective x40 Oil x20 Dry
Resolution 101 nm (xy), 300 nm (zx) 189 nm (xy), 500 nm (zx)

Table 3.2: Optimisation of smFISH image acquisition.
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Quantification of transcription bursts

Figure 3.3: Imaging and quantifying transcriptional bursts. A) Nascent transcripts con-
tain introns which are then removed by splicing. B) Intron/Exon bDNA smFISH example,
DAPI in blue. C) Comparison between single-molecule quantification of exon dots by a Cell-
Profiler pipeline (CP, Battich et al. 2013) and FISH-Quant (FQ, Mueller et al. 2013) on a set of
~ 1812 WT cells expressing 1112b at 0, 30, 60, 90 and 120 min after LPS. D and E) Identification
and quantification of transcriptional bursts: D) Nuclear outlines were identified by CP and up
to 2 TSS were identified by FQ. Later, FQ detected individual dots and generated an average
image of a single mRNA. E) For each TSS, burst quantification was the integrated intensity of
a TSS brightest pixel plus a radius of 1 or 2 pixels divided by the integrated intensity of the
same area of the average single mRNA. F) Comparison between FQ measurements and ours
(using radius = 1) on 717 detected [112b bursts.

Next, we studied how cohesin depletion affected transcriptional bursts of macrophages. Newly-
made mRNA contain introns which are removed during their maturation by the splicing ma-
chinery (Figure 3.3A). Therefore, nascent transcripts accumulate at their production site, the
gene TSS. For imaging experiments, a transcriptional burst and a detected TSS are therefore
synonymous. By combining intronic and exonic probes, we can simultaneously quantify nascent

and mature transcripts in single cells (Figure 3.3B).

To quantify TSSs, we switched our dot quantification from CellProfiler (ibid.) to FISH-Quant
(FQ, Mueller et al. 2013), a specialised program for burst quantification. FQ identifies dot-like

signals by fitting a Gaussian function in 3D image stacks; an algorithm initially developed
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to find stars. Despite their differences, they produce very similar results on a test image set

(Figure 3.3C).

FQ identifies two types of dots, individual mRNA molecules and TSSs. Active T'SSs (or tran-
scriptional bursts) are only located in the nucleus, and they are brighter and bigger than the
signal coming from individual mRNAs due to the accumulation of nascent transcripts (Figure
3.3D). We tried to quantify burst with FQ built-in algorithm, but it failed in most cases. We
worked around this by writing software that compares each TSS to the average image of a dot
(Figure 3.3E) with help from Dr Mohammad Mahdi Karimi. There was a good correlation be-
tween T'SSs quantified with our software, and the subset of TSSs that FQ was able to quantify
(Figure 3.3F).

Housekeeping gene expression: Actb

There are global changes in transcription caused by cohesin depletion in macrophages (Figure
3.1), despite having a minor impact in constitutive gene expression (Figure 2.3B and C) which
has been reported in other systems (Haarhuis et al. 2017; Nora et al. 2017; Rao et al. 2017;
Schwarzer et al. 2017; Seitan et al. 2013).

To test whether bursting differences could occur in non-DE genes, we study the expression from
a housekeeping gene, Actb, at the single-cell level (Figure 3.4A). RNAseq data did not show
any significant differences between untreated WT and Rad21 KO macrophages (Figure 3.4B),
but the higher level of detail of smFISH was able to detect minor differences (Figure 3.4C).

Unexpectedly, we found an small increase in nascent Actb transcription which escaped detec-
tion by GROseq. Burst frequency was ~ 5% higher in Rad21 KO, and each transcriptional
burst produced ~ 0.5 more molecules in cohesin deficient macrophages (Figures 3.4D and E,

respectively). For a summary of Actb transcription measures, see Table 3.3.

Sample Cells Pause Ratio Burst Fraction TSS intensity Mature mRNA
Rad21 KO 2366 0.83 0.861 6.62 179.8
WT 3201 0.79 0.808 6.15 197.5

Table 3.3: Actb transcription measures in WT and Rad21 KO macrophages. Cells,
number of cells analysed by FISH in three biological replicates. Pause ratio calculated from
GROseq data. Burst fraction, mean burst fraction across smFISH replicates. TSS intensity,
mean TSS intensity across smFISH replicates. mature mRNA, mean counts
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Figure 3.4: smFISH analysis revealed Actb expression differences between WT
and Rad21 KO macrophages. A) Example images of bDNA smFISH Actb intron/exon.
Scale bar represents 10 pym. B)Actb expression by RNAseq showed no significant differ-
ences. C) Exon counts per cell. Statistical test: Tukey HSD Test (ANOVA design formula
~ Genotype + Replicate) . D) Actb burst fraction. Statistical test: Cochran-Mantel-Haenszel
test with replicate as strata variable. E) TSS intensities. Statistical test: Tukey HSD test
(ANOVA design formula ~ Genotype + Replicate). 4453 cells analysed in total from 3 biologi-
cal replicates.
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Inducible gene expression: Il12b and Pelil

Detailed timecourse expression data

LPS-inducible response is particularly sensible to cohesin depletion in BMD macrophages
(Cuartero et al. 2018, Figure 2.3B and C). The LPS-response is driven by enhancers (Kaikkonen
et al. 2013; Ostuni et al. 2013) which are supposed to modulate transcriptional burst frequency
(Fukaya et al. 2016; Larsson et al. 2019). through possibly looping (Bartman et al. 2016). Co-
hesin promotes contacts through loop extrusion between promoters and enhancers (Jaeger et al.
2020). Therefore, we hypothesized that the weakened LPS-response could be a consequence of

a weakened control of burst frequencies.

Using intronic and exonic probes, we generated a detailed timecourse of nascent and mature
RNA expression for two inducible genes up-regulated in response to LPS but that show lower
expression levels in Rad21 KO macrophages after 2h of LPS-activation, 11120 (DEseq2 2h,
padj:3.30e-0, log2FoldChange: -2.53) and Pelil (DEseq2, padj:1.68e-85, log2FoldChange: -
2.4). To capture population distribution dynamics we imaged each gene at 4 consecutive time
points. A total of 31,977 of cells were analysed for the Il12b timecourse and 27,444 for the
Pelil from three biological replicates, generating a valuable resource for future mathematical

modelling approaches. For a summary of smFISH measures, see Table 3.4.

Mature mRNA analysis: Different gene activation distributions

1112b and Pelil displayed very different activation distributions. Whereas the Il12b increase
occurred only in a fraction of cells, Pelil increase occurred in all cells. Rad21 KO macrophages
managed to increase the expression of both genes upon LPS-activation, but never reached W'T

induction levels (Figure 3.5).

Nascent mRNA analysis: Reduced burst frequency in Rad21 KO.

The signal from intronic probes was nuclear and overlapped with exonic signal (Figure 3.6), a
good indication of probe specificity. Il12b is expressed in big but infrequent bursts, whereas

Pelil is transcribed more frequently but in smaller burst sizes.
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Figure 3.5: Single molecule perspective of inducible gene expression in WT and
Rad21 KO macrophages. Example images of 11120 (A) and Pelil (B) bDNA smFISH.
Scale bars represent 10 pym. Representative mRNA count distribution from one [112b (B) and
Peli1 (E) replicate. Fraction of cells with more than 10 counts in each replicate of 1112b (C) and
Peli1 (F) . Statistical test: Cochran-Mantel-Haenszel test (replicate as strata) with Bonferroni
orrection for multiple testing.
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1112b exon I112b intron Overlap
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Figure 3.6: Il112b and Peli1 transcriptional burts. Example images of cells bursting 1112b
and Pelil by combining intronic and exonic bDNA smFISH probes.

Time after

Genotype LPS Gene Cells Burst TSS mature Fraction

Fraction intensity mRNA >10

(min)
WT 0 Il12b 4580 0.002 6.23 0.78 0.006
WT 60 Ii12b 4882 0.007 8.23 1.33 0.020
WT 90 Iii2b - 4199 0.051 7.68 16.59 0.235
WT 120 nizb 5307 0.039 6.56 31.50 0.431
Rad21 KO 0 Iii2b 3743 0.001 9.13 0.59 0.003
Rad21 KO 60 Ii12b 3219 0.009 6.06 1.47 0.024
Rad21 KO 90 Il12b 4210 0.018 6.91 9.35 0.146
Rad21 KO 120 nizb 1837 0.006 6.21 16.10 0.219
WT 0 Pelil 4313 0.170 3.23 6.43 0.004
WT 45 Pelil 3594 0.196 3.12 7.15 0.025
WT 90 Peli1 4290 0.518 4.19 18.75 0.221
WT 135 Pelil 4555 0.675 5.18 35.57 0.351
Rad21 KO 0 Peli1 2240 0.068 2.95 4.83 0.001
Rad21 KO 45 Pelil 3053 0.070 2.96 4.46 0.002
Rad21 KO 90 Pelil 2596 0.114 2.96 6.09 0.013
Rad21 KO 135 Pelil 2803 0.154 2.98 9.47 0.016

Table 3.4: Summary of Il12b and Peli1 transcription measures in WT and Rad?21
KO macrophages. Cells. number of cells analysed by FISH in three biological replicates.
Burst fraction, mean burst fraction across smFISH replicates. TSS intensity, mean T'SS inten-
sity across smFISH replicates. mature mRNA, mean counts. Fraction >10, fraction of cells
with more than 10 counts,
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During macrophage activation by LPS, inducible expression of both genes occurred via an
increase in burst frequencies. Rad21 KO macrophages also showed increased Pelil and [112b

burst frequencies, but to a lesser extent tha W'T macrophages.

1112b showed no differences in burst size between WT and Rad2! KO macrophages (Figure
3.7D). Regarding activation, WT burst sizes of I112b at 90 min were more prominent than 30
min later (Figure 3.7E). On the other hand, Pelil burst sizes were smaller in Rad21 KO cells
(Figure 3.71). After an initial increase in burst frequency Pelil burst sizes gradually increased
at 90 and 135 min post LPS-activation in WT macrophages but not in Rad21 KO (Figure
3.7J).

For Pelil and Il12b, the probability of finding a cell with two bursts was higher expected,
revealing coordination between bursts from the two chromosomes. This indicates that the
expression of both loci is coordinated and suggests the presence of hidden states that predispose

to 1112 or Pelil expression (Figure 3.7 C and H).

Repressed genes: Fh1 and Hprt

Gene repression by LPS and IFN-v

Next, we studied the repression mechanisms by LPS and IFN-v. As Myc targets and OXPHOS
failed to be repressed by LPS and IFN-v in Rad2! KO macrophages, we chose one of each
group as representatives. As a Myc target we selected Hprt and as OXPHOS gene we selected
Fh1. This pair was interesting because by IFN-vy priming partially rescued Fhl repression in
Rad21 KO macrophages , whereas Hprt was not rescued (Figure 3.8A). We imaged 26858 cells
in 4 biological replicates. Due to technical issues, three samples were removed from analyses.

See Table 3.5 for a summary of the transcriptional burst measures of both genes.

Hprt burst dynamics

Hprt encodes for a hypoxanthine phosphoribosyltransferase. According to the MSigDB database,
it is among Myc targets. Hprt is a constitutive gene involved in the purine salvage pathway

with high levels of expression. Baseline expresion of Hprt was characterised by a relatively high
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Figure 3.7: Rad21 KO cells fail to increase burst frequencies of inducible genes.

Examples of 1112b intron bDNA smFISH images. B) 1112b burst frequencies. C) Number of cells
with 2 [112b bursts detected over the expected number if the two alleles burst independently. D
and E) I112b burst sizes. F) Examples of Pelil intron bDNA smFISH images. G) Pelil burst
frequencies. H) Number of cells with 2 Pelil burst detected over the expected number of cells
with two burst detected if the two alleles burst independently. I and J) Pelil TSS intensities.
Due to background noise, T'SS quantified as less than 1 are excluded. Statistical test for burst
frequency: Cochran-Mantel-Haenszel test (replicate as strata) with Bonferroni correction for
multiple testing. Statistical test for T'SS intensity: Tukey HSD test (ANOVA design formula

~ Sample + Replicate). Scale bars in A and F represent 10 pm.
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burst frequency and size (burst frequency of 0.29 and mean TSS intensity of 29 molecules in
WT macrophages). Rad21K0 macrophages showed a mild increase in burst frequency (48%,
p-value < 0.05, Figure 3.8C) and a major increase in TSS intensity (4+42.6%, p-value < 0.001,
(Figure 3.8F).

Pre-treatment with IFN-v increases Hprt burst frequency, and activation by LPS decreases
burst frequency in both, WT and Rad21 KO macrophages. The difference between WT and
Rad12KO macrophages in Hprt burst frequencies was significant in response to LPS alone but
no longer significant after priming with IFN-~. This was due to an increase in burst frequencies

in response to IFN-v in WT macrophages, not in Rad21 KO macrophages (Figure 3.8E) .

WT cells experienced a reduction in Hprt TSS intensities after activation with LPS or IFN-
~ priming. However, if cells were pre-treated with IFN-y and then activated by LPS, TSS
intensities of Hprt increased in WT. Interestingly, although a reduction in burst frequency also
occurred in Rad21 KO (Figure 3.8E), LPS-activation and IFN-vy-pre-treatment synergistically
increased Hprt TSS intensities in Rad21 KO (Figure 3.8F).

The analysis of Hprt burst parameters suggests three conclusions: 1) Gene expression differences
between Rad21 KO and WT in LPS-repressed genes were due changes in TSS intensity and
burst frequencies; 2) Hprt repression occurred mainly through a reduction in burst frequencys;
and 3) Activation via LPS or pre-treatment with IFN-~ increased Hprt TSS intensities only in
Rad?21 KO macrophages.

Pre-treatment with IFN-~ restores the ability of Rad21 KO macrophages to repress
the burst frequency of Fh1 upon LPS

Fh1 encodes for a fumarate dehydrogenase. This mitochondrial enzyme is involved in OXPHOS
through the catalysis of fumarate into L-malate during the Krebs cycle. Fhl expression was
around 10 times lower than Hprt by RNAseq data. Accordingly, it displayed lower burst
frequencies, and sizes than Hprt (burst frequency of 0.11 vs 0.28 and TSS intensityof 2.14 vs
29 molecules in WT cells).

Despite displaying higher levels of expression in untreated cohesin-deficient macrophages by
RNAseq (padj < 0.0001, log2FoldChange: 0.81), GROseq data, which measures nascent tran-
scription, did not show significant differences between untreated Rad21 KO and WT macrophages
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Figure 3.8: Transcriptional burst of a Myc target (Hprt) and an OXPHOS gene
(Fh1). A) RNAseq FPKM from WT and Rad2! KO macrophages. (Cuartero et al. 2018).
B) Transcriptional burst examples of Hprt by smFISH. C and E) Hprt burst frequencies. D
and F) Hprt burst sizes. G) Transcriptional burst examples of Fhl by smFISH. H and J) Fh!
burst frequencies. I and K) Fhi1 burst sizes. An i at the end represents that macrophages were
pre-treated with IFN-v for 24h. Burst frequencies p-values from Mantel-Haenszel test with the
Bonferroni method for multiple testing correction. T'SS intensity p-values from Tukey HSD test
(comparing all burst detected using the design formula ~ Sample + Replicate). Each sample

has between 3-4 biological replicates.
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Hprt Hprt Fhi Fhi

Genotype Treatment Replicates  Cells Burst Fraction TSS intesntity Burst Fraction TSS intesntity

WT Untreated 3 3021 0.29 29.05 0.11 2.15
Rad21 KO Untreated 3 3060 0.31 36.83 0.08 2.35
WT 8h LPS 4 3016 0.17 26.57 0.06 1.75
Rad21 KO 8h LPS 4 5028 0.26 49.32 0.14 2.55
WT 24h IFN 4 2549 0.36 30.47 0.14 2.02
Rad?21 KO 24h IFN 4 4153 0.37 45.69 0.12 2.59
WT 24h IFN 4 8h LPS 4 3242 0.23 36.87 0.10 2.08
Rad21 KO 24h IFN + 8h LPS 3 2782 0.25 52.07 0.07 2.72

Table 3.5: Hprt and Fhl1 transcriptional burst measures in WT and Rad21 KO
macrophages. Replicates, number or replicaates. Cells, number of cells analysed by FISH in
three biological replicates. Burst fraction, mean burst fraction across smFISH replicates. TSS
intesntity, mean normalised TSS intensity across smFISH replicates.

(padj : 0.88, log2FoldChange: 0.33). This indicates that processes other than transcription were
responsible for the up-regulation of total Fhl (possibly, through stabilisation of its mRNA).
In fact, WT showed higher burst frequencies than Rad21 KO macrophages and no significant

differences in TSS intensities were found at baseline (Figure 3.8H and I).

LPS-activation or IFN-v pre-treatment had no effect in the Fh1 TSS intensities of WT macrophages.
However, as with Hprt, T'SS intensities of Fhi increased in Rad21 KO upon LPS-activation or
IFN-v priming (Figure 3.8K). LPS-activation decreases Fh! burst frequencies of WT macrophages;
in contrast, Rad21 KO Fh1 TSS intensities increase . It was only if Rad21 KO cells had been
pre-treated with IFN-v when the reduction in burst frequency of textitFhl occurred in Rad21
KO macrophages (Figure 3.8J).

In summary, the conclusions about Fhl were: 1) Fhi1 LPS-repression occurred through a
reduction in its burst frequency; 2) Rad2! KO macrophages failed to decrease Fh1 burst
frequency upon LPS-activation unless they were pre-treated with IFN-~; 3) LPS-activation or
IFN-v increased TSS intensities only in Rad21 KO macrophages.
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The Spred2-Sertad2-Peli1 locus

The Spred2-Sertad2-Pelil locus is a 2Mb A compartment region composed of several contact
domains hierarchically interconnected. Within this region, there are 3 DE genes, 2 inducible
genes (Sertad? and Pelil), and Spred2 (Figure 3.9). According to our RNAseq data, both
inducible genes have lower levels of expression upon LPS-activation in Rad21 KO macrophages,
whereas Spred2 had higher levels in Rad21 KO macrophages compared to WT in response to
LPS. We hypothesised that LPS-activated regulatory elements that interact with the promoters
of the inducible genes might establish aberrant interactions with Spred2 in the absence of

cohesin.

Spred?2 and Pelil followed the same DE pattern in another cohesin deficient macrophage system
where the RAD21 subunit is degraded proteolytically (Cuartero et al. 2018). Therefore, it is
likely that both genes are directly regulated by cohesin during macrophages activation by

microbial signals.

The order of genes in the Spred2-Sertad?2-Pelil genomic region is conserved from higher ver-
tebrates to coelacanths, but not in Drosophila or Zebrafish (UCSC reference genomes). Coela-
canths are fish, but very closely related to tetrapods. Therefore, tetrapods have preserved the

synteny of this region for at least 360 million years.

smFISH detection of eRNNA

Whereas gene expression is unidirectional, active enhancers are transcribed bidirectionally.
Enhancer transcription reflects enhancer activity (Kaikkonen et al. 2013; Kim et al. 2010),

allowing us to use enhancer transcription as a proxy of enhancer activation.

The genomic region between Pelil and Sertad?2, harbours an inducible SE (Enh), which is
induced within 1h of LPS treatment. GROseq showed three foci of bidirectional Enh transcrip-
tion upon macrophage activation, and we designed smFISH probes specific for the strongest
Enh TSS. As expected, we detected an increase in Enh expression upon LPS-activation in both

WT and Rad21 KO macrophages (Figure 3.10).
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Figure 3.9: The Spred2-Sertad2-Pelil genomic region. Expressed genes: Expressed
genes in macrophages. SE, super-enhancers. Oh, 1h, 6h, hours after LPS induction. Rad21,
Rad21 ChIP peaks in WT untreated macrophages. Expressed genes, SE and Rad21 peak data
from Cuartero et al. 2018. Repressed macrophage enhancers from Ostuni et al. 2013. A and B
compartments were distinguished by gene density (UCSC refGene). HiC and contact domains
were called as described (Rao et al. 2017) by Ya Guo from mouse BMD macrophages Hi-C
data (GSE115524, Mumbach et al. 2019) processed using HiC-Pro (v2.7.8), and visualised with
JuiceBox. Normalisation set as "balanced”. Genomic features were visualised using the R
package GViz.
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Figure 3.10: Enh eRNA detection. A) Macrophage GROseq alignments over the enhancer
Enh region and Enh probe mapping. B) Example images of WT and Rad2! KO macrophages
bursting from Enh (SP5 Leica microscope x63 oil objective, zoom x2). Scale bar represents 10

.

Enh eRNA bursting
Enh increases burst frequency, not TSS intensity upon LPS-activation.

Enh eRNA increased its expression through burst frequency in activated macrophages. Rest-
ing macrophages have a relatively low Enh eRNA burst frequency (0.024 in untreated WT
macrophages). Burst frequency of Enh increases by almost a factor of 10 when LPS activates
macrophages (0.227 in WT 2h after LPS) (Figure 3.11B). In contrast, LPS-activation had no
impact in Enh TSS intensities (Figure 3.11C). See Table 3.6 for a summary of the Ehn bursting

measures.

Enh showed a slight increase in burst frequency in Rad21 KO macrophages

GRO-seq showed no statistically significant differences between Enh transcription in WT and
Rad21 KO macrophages upon LPS (enhancer mm9 chr11:20,946,477-20,950,15, log2FoldChange:
-0.056, padj: 0.978). However, the high number of cells analysed revealed that Rad21 KO have

a slight increase in burst frequencies in untreated and LPS-activated macrophages compared to
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WT (Figure 3.11B). Only a minor difference in TSS intensities was detected after LPS (Figure
3.110).

Inducible genes are mainly regulated by burst frequency upon LPS activation

As reported previously in chapter 2, the inducible genes Pelil and Sertad? increased their
expression in activated macrophages through changes in burst frequencies. In WT macrophages,
Pelil went from a burst frequency of 0.186 to 0.664. Sertad2 went from a burst frequency of
0.122 to 0.384 (Figure 3.11B). Furthermore, Pelil and Sertad?2 burst were slightly brighter upon
LPS-activation. Pelil displayed a fold-change of 1.19 and Sertad?2 displayed a fold-change of
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Figure 3.11: Burst fraction and burst frequency of enhancer Enh and locus genes
in WT and Rad21 KO macrophages. A) Localisation of genes in the locus. B) Burst
frequencies. Statistical test: Cochran-Mantel-Haenszel Test (replicate as strata) with the Bon-
ferroni method for multiple testing correction. C) TSS intensity statistical test: Tukey HSD
test (ANOVA design formula ~ Sample + Replicate).
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Genotype Target Treatment Replicates Cells Burst Fraction TSS intensity

WT Enh Untreated 4 3897 0.02 10.15
Rad21 KO Enh Untreated 4 3611 0.05 9.96
WT Enh 2h LPS 4 2914 0.23 9.07
Rad21 KO Enh 2h LPS 4 4650 0.29 12.66
WT Pelil Untreated 9 13281 0.16 20.05
Rad21 KO Pelil Untreated 9 10189 0.16 23.68
WT Pelil 2h LPS 9 15236 0.72 24.96
Rad21 KO Pelil 2h LPS 9 14290 0.32 29.68
WT Sertad?2  Untreated 9 13281 0.11 13.66
Rad21 KO Sertad?2  Untreated 9 10189 0.09 19.56
WT Sertad? 2h LPS 9 15236 0.35 26.43
Rad21 KO  Sertad? 2h LPS 9 14290 0.23 25.39
WT Spred2  Untreated 5 9384 0.21 15.58
Rad21 KO  Spred2  Untreated 5) 6578 0.28 16.43
WT Spred?2 2h LPS 5 10270 0.15 20.16
Rad21 KO  Spred?2 2h LPS 5 9640 0.21 20.46

Table 3.6: TSS intensities and burst frequencies measured at the Spred2-Sertad2-
Pelil locus in WT and Rad21 KO macrophages. Replicates, number or replicates.
Cells, number of cells analysed. Burst fraction, mean burst fraction across smFISH replicates.
TSS intensity, mean T'SS intensity across smFISH replicates.

1.05. These differences are minor compared to the differences in burst frequencies but they are
statistically significant (Figure 3.11C). See Table 3.6 for a summary of the individual bursting

measures.

Rad21 KO macrophages fail to increase the burst frequency of inducible genes

upon LPS-activation

Despite Enh showing an increased bursting frequency in Rad21 KO macrophages, surrounding
inducible genes displayed reduced bursting frequencies compared to WT. In response to LPS,
WT macrophages increased burst frequencies for Pelil by a fold-change of 3.58, and for Sertad?2
by 3.18. In contrast, Rad21 KO macrophages increased burst frequencies for Pelil by only
1.81-fold and for Sertad2 by 1.97 (Figure 3.11B, Table 3.6). Sertad2 showed no difference in
TSS intensity between Rad21 KO and WT macrophages. Rad2! KO macrophages presented
slightly brighter Pelil bursts than WT in LPS-activated macrophages. Although statistically

significant, the fold-change is minimal, 1.06.
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Spred2 burst frequency is reduced upon LPS-activation.

In WT macrophages, the burst frequency of Spred2 was repressed upon LPS-activation and
dropped from (Figure 3.11B). In contrast, TSS intensities increase slightly but significantly
(Figure 3.11C). See Table 3.6 for a summary of the the burst measures.

Spred2 burst frequency is higher in Rad21 KO macrophages

Spred?2 burst frequency is always higher in Rad2! KO macrophages. As in WT, Spred2 re-
pression upon LPS-activation occurs in Rad21 KO macrophages, and the fold-change between
untreated and treated samples is similar to WT (0.75 in WT and 0.63 in Rad21 KO, Figure
3.11B). TSS intensity increase are around ~25% brighter upon LPS in WT and Rad21 KO

macrophages.

Burst co-dependence

To evaluate burst co-dependencies, we combined the intronic probes of Pelil and Sertad?2 to
either the Enh probe or the Spred2 intronic probe. In both cases, we were able to detect

co-localization of bursts (Figure 3.12).

Assigning multiple TSSs to a single locus

To assign T'SSs to different chromosomes in individual cells, I wrote an algorithm in Julia with
the help of Dr Dirk Dormann that starts with 3D stacks and the FQ TSSs outlines. The
algorithm measures the distance between the brightest pixel of each gene TSS and all the other
gene TSSs in a given cell. Because macrophages are quiescent, we assume that cells are diploid
and call the first locus with bursts locus 1, and the second locus 2. TSSs of different genes
are assigned to the same locus unless the distance between them is larger than 5 pm, which
corresponds to the typical distance between two T'SSs from the same gene in our data (around

5-6um).

Once the first pair is assigned, the second closest TSSs pair is assigned. If one of the loci has

already one of the TSSs, then the other TSS is ascribed to the same locus, unless the distance
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Figure 3.12: Locus burst co-localisation. A) Co-localisation of the inducible enhancer Enh
and the inducible genes, Sertad2 and Pelil. A total of 17,124 cells (~ 1,000 cells per sample)
were imaged from 2 technical and 4 biological replicates. B) Co-localisation of the inducible
genes Sertad?2 and Pelil, and Spred2. A total of 35,872 cells (~ 1,500 cells per sample) were
imaged from 3 technical and 5 biological replicates. White arrow indicates a locus where the
three burst were detected at once. Scale bars represent 10 pm.
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Figure 3.13: Assigning TSSs to locus 1 or 2. First, TSSs are detected by FQ. Second, for
each cell, the distances between a gene T'SS and all the other gene TSSs detected are measured.
Third, TSSs are assigned to different locus based on their proximity. A locus can only have
one burst from each gene, and if two TSSs are further than 5 um, they are assigned to different
locus. Our algorithm assumes that cells are diploid. Scale bars represent 10 pum.

between them is larger than the threshold. However, there are some exceptions. A locus can
only have one burst of each gene. So, if a cell has two TSSs of a gene, each one of them will

automatically belong to different loci (Figure 3.13).

TSS-TSS distances

Active TSS-TSS distances remain unchanged upon LPS-activation

In the DNA sequence, Enh is closer to Pelil (~ 40 kb) than to Sertad2 (~ 550 kb). As
expected, we detected that Enh burst distance to Pelil was on average 0.31 pum shorter than
to Sertad? (t-test, p-value: <e-7). Interestingly, the distance between Pelil-Sertad?2 pairs was
also shorter than Sertad2-Enh, 0.25 pm shorter on average (t-test, p-value: <e-5). However,
we detected no differences in TSS burst distances between W'T untreated and LPS-activated

macrophages (Figure 3.14).
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Gene-enhancer burst distances are similar between WT and Rad2KO, but gene-

gene distances are generally longer in Rad21 KO

We detected no statistically significant differences between bursts from the enhancer Enh and
inducible genes between WT and Rad21 KO. However, we detected some distance changes
upon LPS-activation in Rad21 KO that were not detected in WT. Specifically, the distances
between Pelil burst and the other two genes (Spred2 and Sertad2) were slightly shorter (Figure
3.14). In general, distances between Pelil burst, Spred2 and Sertad?2 TSS burst are larger in
Rad21 KO macrophages than in WT cells (Figure 3.14). It is also important to mention the
limitations of our TSS-TSS distances. They depend on our locus association algorithm, which
is automatic, but not perfect. Sometimes manual TSS identification and association do not
match the algorithm results. Distance measures are dependent on our voxel size (189x189x500)

and on the assumption that the highest RNA accumulation (brightest pixel) correspond exactly
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one cell locus is bursting more than one gene or enhancer at the same time (Spred2, Sertad2, Enh
or Pelil). Statistical test: Tukey HSD Test (ANOVA design formula ~ Sample + Replicate).
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to the DNA TSS location. As it is not biased, the algorithm can be used to make comparisons,

but TSS-TSS distances are often overestimated.

Co-dependence between burst frequencies

To test whether the burst frequencies are co-dependent or mutually exclusive, we assumed that
for a given experiment, the probability of sampling a burst follows a Bernoulli distribution,
with p = Burst Fraction. If we have 2 alleles, we have p; and p, for each. If alleles burst

independently, the probability of sampling both at the same locus is:

Pland2 = P1 * P2 (3.1)

And it follows a Bernoulli probability distribution with p = pigng2 in our sample.

For a statistical test, our null hypothesis is that genes burst independently, and our alternative
hypothesis is that they do not. To calculate a pvalue, we sampled co-bursting frequencies given
the number of cells sampled. We assume that p; and ps were equal. To do so, we simulate
10,000 experiments where bursts are independent and calculate burst co-occurrence in each
of them. These co-occurrences construct the probability distribution of the null hypothesis

(Figure 3.15A).

We then examined burst co-occurrences in our two set of experiments. In total, we have 4
replicates for Enh-Sertad2-Pelil and 5 for Spred2—Sertad2-Pelil For consistency, we calculate

and tested co-occurrences in each replicate independently.

Enh and the two inducible gene burst frequencies are co-dependent

Pelil and Enh tend to burst together. In untreated WT macrophages, the probability of
sampling them together is twice the probability of sampling them by chance. This is sta-
tistically significant overall (p-value of 0.0178, considering all Peli! and Enh bursts in WT
untreated macrophages) and in 2 out of our 4 replicates. In the other two where it is not
significant, it is due to the lack of Enh burst in untreated samples (Figure 3.15B). In LPS-

activated macrophages, Enh and Pelil are also codependent (p-value of > 0.001, considering
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Figure 3.15: Co-dependence of burst frequencies. A) Graphical example of the statis-
tical test that assessed whether burst frequencies are mutually exclusive, independent or co-
dependent. Null hypothesis: gene burst independently. Burst fractions: p; = 0.5 and ps = 0.5.
In grey, probability distribution constructed from 10,000 simulations of 500 loci sampled each.
Blueline: burst co-occurrence sampled in an experiment. Redline: burst co-occurrence for mu-
tually exclusive bursts at a p-value of 0.05. Orange line: burst co-occurrence for co-dependent
bursts at a p-value of 0.05. B) Burst frequency coordination analysis by locus. Pie charts
represent the fraction of replicates in which bursts are mutually exclusive, co-dependent or
independent. Big boxplots: log2 co-occurrence of two bursts over expected co-occurrence, sta-
tistical significance: Wilcoxon rank test with Bonferroni correction for multiple testing. Stars
at the top of the boxplots indicate whether the log2 co-occurrence ratio is different from 0,
between boxplots that the mean difference is different from 0. Small boxplots: the fraction of
times were a gene burst is detected with the other gene. C) Same as B but for the coordination
of the three genes at once.

110



all Pelil and Enh bursts in WT LPS-activated macrophages). This is only significant in 2
out of our four replicates, when looking at each replicate independently. However, those sam-
ples displayed burst frequencies very close to 1 for Pelil (0.85 and 0.78), which reduce our
power to detect co-dependencies, even though insignificant, their co-dependency p-values are
relatively low (0.06, and 0.1). The situation is similar but less evident for Sertad2. In this
case, we also sample Sertad?2 and Enh together around 20% more times than by chance in WT
LPS-activated macrophages. Moreover, the probability of sampling them together is twice than
random expectation (Figure 3.15C).

Enh bursts associate to Peli1 or Sertad2 bursts more often in WT than in Rad21

KO macrophages

In LPS-activated Rad21 KO macrophages, the co-dependency between Enh and Pelil is more
evident because the burst frequency of Pelil is not as high as WT (Figure 3.11B). Nevertheless,
in LPS-activated samples, 75.9% of Enh bursts on average are accompanied by a Pelil burst in
WT, only 48.7% of Enh do so in Rad21 KO. Sertad?2 displayed similar results. In this case, in
LPS-activated WT cells, 33.1% of Enh bursts on average are accompanied by a Sertad2 burst,
only 18.9% of Enh do so in Rad21 KO.

General features of TSS intensities and frequencies

Expression changes between Rad21 KO and WT are explained by

changes in burst frequencies

To identify whether changes in bursting dynamics could explain changes in gene expression,
we compared our burst measures to fold changes by RNAseq in our 8 genes (Spred2, Sertad?2,
Pelil, Actb, Hrpt, Fhi, Ifnb1, 1112b) across 4 different conditions (Untreated, 2h LPS, 8h LPS
and IFN-y + 8h LPS). log2 fold changes in burst frequency correlated to log2 fold changes by
RNAseq (Figure 3.16A, Spearman rho: 0.8, pvalue < 0.001), but not TSS intensities (Figure
3.16A, Spearman rho: 0.38, pvalue: 0.1293).
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Figure 3.16: Expression changes between Rad21 KO and WT are explained by
changes in burst frequencies, but Rad21 KO displayed bigger TSS intensities in
the genes studied. Correlation between log2 fold changes by RNAseq (Rad21 KO vs WT)
and log2 fold change (Rad21 KO vs WT) in A) burst frequency or B) TSS intensity (mean in
Rad?21 KO divided by mean in WT, for all the conditions where RNAseq data is available).
Rho from Spearman correlation, pvalue from R cor.test function. C) TSS intensities in un-
treated macrophages (mean of mean TSS intensity across replicates). D) TSS intensities in
all conditions measured (mean of mean TSS intensity across replicates). smFISH data from
8 genes (Spred2, Sertad?2, Pelil, Actb, Hrpt, Fhi, Ifnb1, 1112b). Statistical test for C and D:
Wilcoxon Signed Rank test as implemented in HypothesisTest.jl.



Overall, Rad21 KO macrophages displayed bigger TSS intensities

From the previous analysis, we realised that the fold changes between TSS intensities were
always greater than 1 in Rad21 KO macrophages. Per gene, TSS intensities could only explain
expression changes for Fh1 and Hprt, and mainly in activated macrophages (Figure 3.8). How-
ever, in general, Rad21 KO macrophages presented bigger T'SS intensities in untreated samples
(Figure 3.16C), and also if you compare all the TSS intensities measured in all conditions

(Figure 3.16D).

Distance to a TAD boundary

Recently, a link between burst frequency control of boundary-associated genes and cohesin has
been established (Luppino et al. 2020). They used a synchronised cancer human cell line where
a cohesin subunit can be proteolytically degraded via an auxin-degron to study conformation
and gene expression changes upon acute cohesin depletion. Boundary-associated genes were
more likely to be DE, and in 13 out of 14 cases studied, burst frequency differences explained
expression changes. Using DNA FISH technology, they visualised the TSSs of the boundary-
associated genes MCM5 and CREBL2, and their neighbouring domains, observing in both
cases a decrease in intermingling in the absence of cohesin and an increase in intermingling
when WAPL or CTCF were depleted. Therefore, they suggested that boundary-associated
genes rely on cohesin for their regulation because it increases their contacts with TADs across

domain boundaries.

Long-term cohesin depletion does not associate with boundaries

In Luppino et al. system, the fold change difference between control and cohesin deficient cells
anti-correlated with distance to the closest boundary. In our Rad2! KO macrophages, it does
not. We did not find a negative Spearman correlation between absolute log2FoldChanges and
distance to the closest TAD boundary (Figure 3.17A), and in Rad21 KO macrophages, there is
a weak association between distance to a boundary and the likelihood of being DE. However,

it is the opposite of what Luppino et al. found, genes far away from a boundary are more
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Figure 3.17: Long and short-term cohesin depletion display different associations
between DE genes and distance to a TAD boundary. A and D) log2FoldChange of
differentially expressed genes vs distance between their TSS to the closest TAD boundary, rho,
Spearman rank correlation, pvalue calculated in R. B and E) Percentage of expressed genes
at binned distances to the closest TAD boundary that are DE in Rad21 KO macrophages,
stars correspond to the p-value of a Fisher exact test. C and F) Fraction of genes that are up-
regulated (Up) or down-regulated (Down) at binned distances to the closest TAD boundary.
TADs were called as described (Rao et al. 2017) by Ya Guo from mouse BMD macrophages
Hi-C data (GSE115524, Mumbach et al. 2019). DEseq2 data for A, B and C: Rad21 KO
macrophages vs WT. DEseq2 data for D, E and F: Rad21-TEV macrophages treated with
4-OHT, which activates the TEV protease and cleaves RAD21-TEV, compared to Rad21-TEV
macrophages without 4-OHT. A gene is considered DE if padj < 0.05. TAD were called as
described (Rao et al. 2017) by Ya Guo from mouse BMD macrophages Hi-C data (GSE115524,
Mumbach et al. 2019).
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susceptible to be DE (Figure 3.17B). Besides, they observed that the closer genes were to a
boundary the more likely they were down-regulated, which we did not observe (Figure 3.17C).

Short-term cohesin depletion associates with boundaries

There is a significant difference between Luppino et al. system and our system that is the time
cells spend without functional levels of cohesin. Our genetic depletion starts 3 days before we
start experiments, in their system proteolytic depletion of cohesin starts 6 hours before they
perform experiments. Therefore, they could detect the first effects of cohesin depletion, whereas
we detect the long-term consequences for gene regulation. In the lab, we had macrophage data
from a RAD21-TEV system (Cuartero et al. 2018), where the RAD21 subunit is cleaved by TEV
protease when 4-OTH is added to the medium. After 8h of Rad21TEV proteolytic depletion,
1034 genes where DE. log2FoldChanges between genetically and proteolytically depleted cells
correlate considering all DE genes in either of the systems (3119 genes, Spearman correlation:
0.45, p-value < 2.2e-16, R’s cor.test) and especially in genes DE in both systems (353 genes,
Spearman correlation: 0.779, p-value < 2.2e-16, R’s cor.test). In this system of acute cohesin
depletion, we found similar relations to DE and boundaries as in Luppino et al., like the
association between DE genes and TAD boundaries (Figure 3.17E) and preferential down-
regulation of DE genes at boundaries (Figure 3.17F), but not a negative Spearman correlation

between distance to a boundary and log2FoldChange (Figure 3.17D).

If we look at the genes involved in LPS response, they do not display any particular preference
for boundary position at baseline (Figure 3.18A and C), but after activation, the most likely
genes to be DE between Rad21 KO macrophages and WT are further from a boundary (Figure
3.18B and D).

scRINAseq analysis

smFISH provides a very detailed low-dimensional picture of single-cell expression constrained
by the number of probes used. scRNAseq mRNA detection is less accurate, but many more
genes can be analysed at once. Far from competing, these techniques can complement each

other to understand cell-population heterogeneity. Most LPS-inducible genes appear bimodal
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Figure 3.18: Long and short cohesin depletion display different associations be-
tween differentially expressed genes and distance to a TAD boundary. Percent-
age of expressed genes at binned distances that are differentially expressed. stars correspond
to the p-value of two-sided Fisher exact test in: A) LPS-inducible genes Rad21 KO untreated
macrophages vs untreated WT. B) LPS-inducible genes Rad21 KO LPS-activated macrophages
vs LPS-activated WT. C) LPS-repressed genes Rad21 KO untreated macrophages vs untreated
WT. B) LPS-repressed genes Rad21 KO LPS-activated macrophages vs LPS-activated WT. A
gene is considered DE if padj < 0.05.

(Shalek et al. 2013) to a certain extent, which can be caused by transcriptional bursting per se
(gene expression in bimodal in the steady-state), changes in bursting parameters (non-steady-
state expression) or the presence of hidden cell states. Besides, as cohesin in the control of burst
frequencies and low burst frequencies and big burst sizes associate to increased variability, it
could be expected a change in cell-to-cell variability in Rad21 KO macrophages. Therefore, we
aimed to analyse variability and whether the Rad21 KO decrease in LPS-inducible expression

was general or restricted to a subpopulation.

There was scRNAseq data available in the lab. WT and Rad21 KO macrophages after 0, 2 or
8 hours of LPS induction were FACS sorted and cryopreserved by Dr Sergi Cuartero. Then,
cells were sequenced and aligned in the CNAG-CRG using the MARS-Seq methodology (Jaitin
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Figure 3.20: Rad21 KO macrophages did not show an increase in gene overdisper-
sions. A) High variability associates with low burst frequencies and high burst sizes. Fano
factor of 1,030,301 simulations of the telegraph model at steady state. Pixel colour corresponds
to the median value in cases where two simulations share burst size and frequency. See Materi-
als and Methods for details. B) scRNAseq variability analysis focus on genes with no differences
in mean expression. C) log2 residual dispersion of genes with no average difference between
WT and Rad21 KO. D) Number of genes differentially variable in untreated macrophages. E)
Rad21 KO macrophages have fewer genes detected per cell count than WT. Statistical test:
Equal variance t-test from Julia package HypothesisTests.jl %, per cent change in Rad21 KO.

et al. 2014).

Rad21 KO defects in LPS-inducible expression are general

The first question we addressed was whether the reduction in LPS-inducible expression in Rad21
KO macrophages was a general or driven by a fraction of macrophages not responding to LPS.
To measure total LPS-inducible expression per cell, we adapted an inducible gene module score
developed in Shalek et al. 2014 (See Matherials and Methods for details). Although Rad21
KO cells at 2h post LPS segregate in 2 groups in a dimensionality reduced space, (Figure
3.19A), visual inspection of the overlayed LPS-inducible scores did not display any noticeable
difference (Figure 3.19B), neither visual inspection of individual gene expression in each cell

(Figure 3.19D). We detected an increase in LPS-inducible scores as we increased incubation
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time with LPS. WT cells expressed higher levels of LPS-inducible scores compared to Rad21
KO upon LPS-activation, but not at baseline. Rad2! KO inducible scores grouped around
the mean; therefore, the reduction in LPS-inducible expression is widespread in Rad21 KO

macrophages (Figure 3.19C).

Similar gene overdispersions in WT and Rad21 KO macrophages

Inducible genes display lower burst frequencies in Rad21 KO macrophages. In general, lower
burst frequencies were characteristics of cohesin deficient systems, there would be an increase
in the variability on the number of mRNA per cell (Figure 3.20A). Dr Nils Eling assessed
scRNAseq variability in our data. Most variability measures are mean-dependent. His analysis
corrected this dependence (Eling et al. 2018), and the resulting variability measure, residual

dispersion, was validated by our smFISH experiments (Figure 3.21). The correlation between

A C

Figure 3.21: Validation of scRNAseq residual dispersion by smFISH. A) Line fit of a
gamma family generalised linear model to the CV2 and the mean counts by smFISH (Residual
dispersion is the deviation from this line). Each dot represents a replicate. B) smFISH overdis-
persions over mean counts. Each dot represents a replicate. C) Comparison between Residual
dispersion calculated by scRNAseq and smFISH. To be able to do a one to one comparison,
the residual dispersion among smFISH replicates was averaged. For more details, check the
methods. r, Pearson correlation; p, p-value.
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residual dispersion measured by smFISH and scRNAseq was 0.676 with a p-value > 0.0001.

We focused on genes without differences in mean expression (Figure 3.20B), and we found We
found no real differences in their residual dispersion between WT and Rad21 KO macrophages
(Figure 3.20C). Furthermore, the number of genes differentially more variable in WT is similar
to the number of genes differentially more variable in Rad2! KO (Figure 3.20D). The only
remarkable finding was that the transcriptome of Rad21 KO macrophages is less diverse than

WT macrophages (Figure 3.20E).

Discussion

This chapter focussed on how cohesin depletion alters different aspects of RNA production in
primary macrophages. We linked expression changes to alterations in transcriptional processes
(Figure 3.1A). Burst sizes were slightly bigger in Rad2! KO macrophages, but expression
changes between WT and Rad21 KO macrophages correlated with changes in burst frequencies
(Figure 3.16). Cohesin-deficiency in macrophages led to an increase in RNA content per cell
(Figure 3.1B) and an overall reduction in RNA pol II pause ratios (Figure 3.1C) which has also
been reported in other systems (Schaaf et al. 2013). Reduction in RNA pol II pausing is often
accompanied by increased expression levels. Upon LPS-activation, LPS-inducible genes reduced
RNA pol II pausing. This reduction was more limited in Rad21 KO than in WT macrophages
(Figure 3.1B). Short-term effects of cohesin depletion associated with TAD boundaries, whereas
long-term effects associate to genes far from TAD boundaries (Figure 3.17). Our data suggest
that LPS-inducible expression is modulated through burst frequency for at least three genes,
1112b, Pelil and Sertad?2 (Figures 3.7 and 3.11). The LPS-inducible expression is reduced
in every macrophage, not just in a fraction of them (Figure 3.19). Similarly, LPS-repression
also acted through the reduction in burst frequencies, which was insufficient in Rad21 KO
macrophages (Figure 3.8). An interesting observation was that whereas LPS and IFN-v priming
either decreased or did not affect WT burst sizes of the LPS-repressed genes Hprt and Fhi, they
increase burst sizes of Hprt and Fhl in cohesin-deficient macrophages (Figures 3.8F and K).
Assuming that these genes are representative cases, an increase in burst sizes can compensate

for the LPS-repression of burst frequencies in Rad21 KO macrophages.

Our analysis of DE at TAD boundaries (Figure 3.17) suggests that the first genes to be DE after
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cohesin depletion have their T'SS in the vicinity of a TAD boundary, which is in accordance with
Luppino et al. 2020, however long-term effects of cohesin malfunction preferentially affect genes
at greater distances from TAD boundaries. Boundary regions are enriched with housekeeping
genes and associate to high levels of transcription (Dixon et al. 2012). It is very plausible that
a safety mechanism exists to keep the expression control of boundary regions in the event of a
collapse of the genome architecture in a similar way a pTEFbD feedback becomes activated in the
event of Mediator depletion (Jaeger et al. 2020). Mediator depletion shared two similar features
with cohesin depletion. First, it affected cell-type-specific expression rather than constitutive
expression (Haarhuis et al. 2017; Nora et al. 2017; Rao et al. 2017; Schwarzer et al. 2017;
Seitan et al. 2013). Second, Mediator depletion led to a decrease in RNA pol II pause ratios
similar to what we found in Rad21 KO macrophages (Figure 3.1). The bridge that connects the
enhancer-recruited Mediator with its target promoter is cohesin. As cohesin bridges Mediator to
its target genes, lack of cohesin might mimic the lack of Mediator. Therefore, it is possible that
the same compensatory mechanism is active in cohesin-deficient macrophages, being potentially

responsible for the increase in RNA content.

We hypothesised that cohesin depletion could lead to an increase in cell-to-cell variability for two
reasons. First, cohesin is involved in burst frequency control by LPS, and an overall reduction
in burst frequencies could lead to an increase in cell-to-cell variability. Second, burst sizes seem
to be slightly bigger in Rad21 KO macrophages (Figure 3.16). Third, cohesin depletion leads
to an equalisation of the gene expression levels in bulk RNA-seq of thymocytes (Seitan et al.
2013), which is also seen in macrophages (Supplementary Figure 7.3). In this equalisation,
lowly expressed genes tend to be up-regulated, whereas highly expressed genes tend to be
down-regulated. At the single-cell level, this had two explanations; either equalisation occurs
in every cell or a result of averaging a randomised expression. We found no evidence of an
increase in cell-to-cell variability in our scRNAseq. Rad21 KO cells presented a less diverse
transcriptome than WT cells, and there was no difference in gene overdispersions (Figure 3.20).
Therefore, cohesin alteration of burst frequencies did not increase gene dispersions, and there is
no indication that cohesin depletion leads to a randomised expression. Visual inspection of our
reduced scRNAseq data suggests the presence of subpopulations upon LPS-activation. However,
a subpopulation analysis was not ready for the thesis submission deadline, and further analysis
will be carried out to identify subsets of genes with increased variability (Figure 3.19A). We

are currently carrying out a preliminary analysis, but we have not yet found a clear significant
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pattern.

smFISH is the gold-standard for measuring gene expression in individual cells (Battich et al.
2013). Here, we combine intron and exon probes to distinguish nascent from mature expression.
Our transcriptional burst identification and quantification have some limitations. First, splicing
rate could affect our burst measures. Second, the difference between the identification of a single
mRNA and a transcription burst relies on a intensity threshold set by a human, above which a
dot is considered a burst. This threshold is easy to set for genes with fire-work shaped T'SSs, like
Actb or 1112b, consisting of a big blob surrounded by small dots. However, that was not always
the case, particularly for small burst sizes, for example, for Fhi. This threshold affects burst
fraction, but also burst quantification. Our burst quantification method relies on the distinction
between bursts and individual molecules. Therefore, I want to emphasise that the number of
mRNA per burst is an estimation normalised across different imaging sessions. Nevertheless,

absolute burst sizes and frequencies should be considered in light of our limitations.

Il12b and Pelil, increase their expression in response to LPS. However, at the single-cell level,
their induction is very different. [1712b expression occurs in big but infrequent bursts, whereas
Pelil bursts are smaller and more frequent (Figure 3.7). As a consequence, [112b increases in
a fraction of cells whereas Pelil increases in practically every cell (Figure 3.5). Interestingly,
1112b burst frequency dropped from 90 to 120 min upon activation, suggesting the presence of
a negative feedback inhibition of 1112b expression (Figure 3.7B and G, Table 3.4). On the one
hand, 112b is a subunit of Interleukin 12 (IL12) and 23 (IL23) (Oppmann et al. 2000), both
proinflammatory cytokines. Engagement with its receptor activates INF-y expression (Altare
et al. 1998) and promotes Thl growth and maturation (Hsich et al. 1993). IL23 promotes the
Th17 lymphocyte lineage (McGeachy et al. 2009). On the other hand, Pelil is an E3 ubiquitin
ligase. It has a bivalent effect in immune responses that promotes inflammation through the
ubiquitination of RIP1 (Chang et al. 2009). Thus, the product of Il112b is secreted, whereas
Pelil functions inside the cell. Hence, whereas the cell population shares the consequences
of Il12b expression through paracrine signalling, the consequences of Pelil expression affect
only the cell that expresses Pelil. Therefore, it is interesting to hypothesise that components
shared among cells can accept higher levels of variability than components that are not. More
genes and a focused analysis on scRNAseq data could provide more convincing evidence for

this hypothesis. Furthermore, our detailed timecourse data would be a valuable resource for
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modelling approaches that can recover the time dimension from cross-sectional studies. We
found contradictory results regarding Pelil burst sizes. In the three timecourse replicates
where intronic and exonic Pelil probes were combined, Peli1 burst sizes in the WT were larger
than Rad21 KO (Figure 3.71). In the locus dataset when Pelil intron probe was combined
with Sertad2, Spred2, and Enh probe (a total of nine replicates), Pelil burst sizes were bigger
in the Rad21 KO than in WT macrophages (Figure 3.11). However, the differences in burst

frequencies in activated macrophages were consistent.

Cohesin intermingles contact domains (Luppino et al. 2020), shortening their distances. Ac-
cordingly, we found a general increase in burst-to-burst distances in Rad21 KO macrophages,
even though the distances between bursts of Enh and the inducible genes were not significantly
different between WT and Rad21 KO (Figure 3.14). Genes deregulated by cohesin depletion
are enriched at enhancer vicinity (Cuartero et al. 2018; Ing-Simmons et al. 2015) and enhancer-
promoter rewiring can explain their deregulation pattern (Thiecke et al. 2020). Enhancer Enh
bursting is very similar between WT and Rad21 KO cells. However, WT alleles are a third
more likely to coexpress Enh and inducible genes than Rad2! KO macrophages (Figure 3.15).
In our experiments, the distance between TSSs can only be assessed when genes are expressed.
Enhancers control bursts frequencies (Larsson et al. 2019) and, most studies suggest that only
when a gene and an activated enhancer are at a certain distance, the gene bursts (Bartman
et al. 2019, 2016; Chen et al. 2018; Fukaya et al. 2016). This probability might be reduced in
Rad21 KO because extrusion is not bringing promoters and enhancers close efficiently. There-
fore, even though enhancer Enh activation occurs in Rad21 KO macrophages, it is less likely to
connect with Pelil and Sertad?2 promoters. Consequently, inducible genes burst less frequently,
but enhancer-gene bursts appear at similar distances. Work in progress includes a DNA FISH
experiment that will measure the loci distances independently on whether expression occurs or

not.

Altogether, our results support a model were LPS alters macrophage expression by burst fre-
quency modulation, and this modulation is weakened in Rad2! KO macrophages. Cohesin
mutations promote proliferation and alter differentiation (Fisher et al. 2017; Galeev et al. 2016;
Mullenders et al. 2015; Viny et al. 2015). Inflammation also promotes differentiation (Pietras
2017). Thus, a weakened control of burst frequencies could lead to a resistance to differentiation,

and that could be one of the contributions of cohesin mutations in hematopoietic cancers.
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Chapter 4

Ifnb1 burst fraction directs collective

behaviour in response to LPS

Collective bevaviour of immune responses

Antimicrobial signals activate a new transcriptional landscape in macrophages (Bhatt et al.
2012; Kaikkonen et al. 2013; Ostuni et al. 2013). An immune reaction started by a fraction of
cells can be amplified and coordinated at the population level through cell-to-cell communica-
tion. In this sense, the immune cell population responds collectively, where the first responders
are the “leader cells” that enable the response of “follower cells”. One good example is Ifnb1, a
key regulator of immune responses. During viral infections, Ifnb1 is only expressed in a fraction
of infected cells (Rand et al. 2012; Schmid et al. 2016). In this context, Ifnbl expression has
consequences for the cell itself, by slowing down virus replication, but also for cells that detect
the Ifnb1 secreted by the IfnbI-expressing cells. Ifnbl expression is stochastic, but response
robustness is achieved by signal amplification through paracrine signalling that prevents viral
spread (Rand et al. 2012). In our cohesin-deficient macrophages, the expression of Ifnbl is
significantly reduced. In this chapter, I study how a reduced fraction of Ifnb1-producers affects

the population as a whole.
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Figure 4.1: The fraction of Ifnbi1-producers and their Ifnb1 levels are reduced in
Rad21 KO macrophages. Ifnb1-producers express higher levels of Peli1 and Stat1.
A) Example smFISH images of Ifnb1-producers cells before and after stimulation. Scale bars
represent 10pum. B) Fraction of cells with more than 1 Ifnb1 count. Statistical test: Cochran-
Mantel-Haenszel test (replicate as strata) with Bonferroni multiple test correction. C) Mean
Ifnb1 expression in Ifnb1-producer cells in each replicate. pvalue: ANOVA (Counts in cells with
at least 2 counts ~ Sample + Replicate) with Tukey HDS for cross-comparisons and multiple
testing correction. D and E) Fraction of cells with high levels of Pelif or Stat! for WT (D) and
Rad21 KO macrophages (E). Due to replicate variability, different thresholds were set for each
replicate and gene, but the same threshold was apply to all WT and Rad21 KO samples within
the same replicate. Statistical test: Cochran-Mantel-Haenszel test (replicate as strata) with
Bonferroni multiple test correction. A cell is considered to be a Ifnbl producer if it contains 2
of more Ifnb1 counts 3 biological replicates, ~ 1000 cells imaged per sample (max = 5498, min
= 452).
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Ifnbl expression

Ifnb1 production occurs only in a fraction of cells

In macrophages, Ifnb1 expression peaks after 2h of LPS (Table 4.1). We used single-cell
techniques to characterise the population of Ifnb! producers. In our scRNAseq data, no Ifnb1!
expressing cell was detected without or after 8h of LPS, but at 2h of LPS, 20.9% of WT
macrophages presented Ifnbl reads. This fraction of IfnbI-producer cells was confirmed by
smFISH (Figure 4.1A), where Ifnb1-expressing cells went from ~ 2% in untreated macrophages
to ~ 20% after 2h of LPS-activation.

In Shalek et al. 2014, they reported that Ifnbl-producers display high levels of an antiviral
program. This program consisted of 98 genes that included Pelil and Statl. This was corrob-
orated by our smFISH experiments where [fnbI-producers showed a higher expression of Pelil

and Stat! compared to non-producers (Figure 4.1D).

Ifnb1 producers are halved in Rad21 KO macrophages

Rad21 KO macrophages failed to induce Ifnb1 as part of their response to LPS (Table 4.1).
By scRNAseq, WT cells were 13 times more likely to have Ifnbl reads than Rad21 KO
macrophages. By smFISH, this difference is reduced, and WT macrophages were only twice
more likely to express Ifnbl than Rad21 KO (Figure 4.1B). However, Rad21 KO Ifnb1-
producers expressed less molecules of Ifnb1 than WT Ifnb1-producers after 2h of LPS-activation
(Figure 4.1C). Rad21 KO Ifnb1-producers expressed higher levels of Pelil and Stat! compared
to non-producers (Figure 4.1E), as WT macrophages (Figure 4.1D).

Comparison log2FoldChange padj
WT 2h LPS vs WT untreated 10.13, 3.51e-302
WT 8h LPS vs 2h LPS -5.5 1.74e-113
Rad21 KO 2h LPS vs WT 2h LPS -4 1.95e-5

Table 4.1: Differential expression analysis of Ifnb1 by RNAseq. DEseq2 comparisons
of RNAseq for Ifnb1.
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Figure 4.2: Ifnb1 burst frequency is reduced in Rad21 KO macrophages. A) Example
Ifnb1 TSSs. B) TSS intensities of all TSSs identified (radius 1). p-value: ANOVA (TSS
intensity ~ Sample + Replicate) with Tukey HDS for cross-comparisons and multiple testing
correction. C) Burst fraction in each sample. Statistical test: Cochran-Mantel-Haenszel test
(replicate as strata) with Bonferroni multiple test correction. D) Expected over observed cells
with 2 TSSs. A value closer to 1 indicates that both alleles burst independently. Higher
values indicate that their bursts are co-dependent, whereas lower values indicate that they are
mutually exclusive. E) Fraction of cells expressing Ifnb1. Expressing cells have 1 TSS or more
than 2 individual mRNAs detected. P-values calculate as C. F) Fraction of cells with at least

1 TSS. P-values calculate as C. 2 biological replicates, ~ 900 cells imaged per sample (max =
2184, min = 602).

Ifnb1 burst fraction is reduced in Rad21 KO cells

Then, we examined [fnbl transcriptional bursting patterns. To do so, we focus on half-hour
steps after LPS activation to capture activation dynamics. Ifnb1 lacks introns; thus, we were
unable to use an intronic probe to identify nascent mRNA molecules and TSSs. However, TSSs
can also be identified from mature signals because mRNAs cluster around their production site.

Therefore, active TSSs signal is brighter and occupies more space than the signal coming from

individual mRNAs (Figure 4.2A).

During LPS-activation, transcriptional burst size remains relatively unchanged (Figure 4.2B),
but burst frequency is increased. First Ifnb! transcriptional bursts appear 1h after LPS in ~2%
of cells. 30 min later, around 8% of WT macrophages presented at least 1 TSS (Figure 4.2F)
and 12% of cells expressed Ifnbl to a certain extent (Figure 4.2E). Burst frequency is reduced
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Genotype Time after LPS (min) Replicates Cells TSS Burst — Cells expressing  Cells bursting

intensity fraction Ifnb1 Ifnb1
WT 0 2 1862 2.94 0.0059 0.037 0.009
Rad21 KO 0 2 3115 3.24 0.0015 0.020 0.003
WT 30 2 1552 2.55 0.0050 0.045 0.009
Rad21 KO 30 2 3021 2.81 0.0024 0.037 0.005
WT 60 2 1706 3.11 0.0316 0.067 0.044
Rad21 KO 60 2 2998 3.13 0.0187 0.057 0.027
WT 90 2 1975 2.64 0.1189 0.227 0.156
Rad21 KO 90 2 2687 2.57 0.0690 0.147 0.095

Table 4.2: Summary of transcriptional burst measures of Ifnb1 timecourse in WT
and Rad21 KO macrophages All measures are the mean across replicates. Expressing cells
have 1 TSS or more than 2 individual mRNAs detected.

in Rad21 KO macrophages in untreated and 60-90 minutes post activation (Figure 4.2C), but
no TSS intensity differences were detected (Figure 4.2B). Cells expressing Ifnb! from one allele
were around ~ 40% more likely to express Ifnb! from the other allele (Figure 4.2D).

Ifnb1 is induced in a subset of cells, whereas some Ifnbi-

dependent genes are broadly expressed

An increase in mean expression levels upon stimuli defines inducible gene expression. Neverthe-
less, this increase does not occur at the same level on all cells. Cell-to-cell response differences
can be intrinsic or extrinsic. Intrinsic differences are due to probabilistic phenomena, such
as transcriptional bursting, associated witn low molecular numbers. Extrinsic differences are
related to variations in cellular components, the micro-environment or the presence of hidden
cellular states. These differences lead to different response thresholds in the cell population.
Roughly speaking we can talk two different types of inducible expression: 1) Genes that in-
crease its expression in a fraction of cells like 1112b and Ifnbl; and 2) Genes that increase its
expression in more or less all cells, for example, Ifnbl-dependent genes like Cxcll0 or Ifitl

(Thomas et al. 2006).

scRNAseq or by smFISH techniques can study single-cell expresion distributions. In Figure
4.3A, we have an snapshot of scRNAseq data of WT cells before and after 2h of LPS-activation.
In these data, only a fraction of cells express Ifnb1 and 1l12b. On the contrast Czcl10 and Ifit1
are broadly expressed (Figure 4.3B). If we look at smFISH data (Figure 4.3C), Ifnb1 and 1112b
counts do not group around the mean, whereas Czcl10 and Ifit1 do (Figure 4.3D). Most LPS-
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inducible genes look bimodal in most replicates due to transcriptional bursting and the fact

that they have not reach steady-state expression when they were measured.

Identifying consequences of Ifnb1 expression

WT and Rad21 KO macrophages have different fraction of Ifnb1-producers, but Ifnbl targets
are expressed in a higher number of cells. This suggests that Ifnb! expression has consequences

not only for Ifnb1-expressing cells but also for the population as a whole.
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At this point in the project, we wanted to measure Ifnb1-dependent collective behaviour. As a
detector, we used macrophages that could respond to Ifnb! but cannot produce their own. In
chamber slides, we mixed Ifnb! KO macrophages with either WT or Rad21 KO macrophages.
Ifnb1 KO expression of Ifnb1-dependent genes measured Ifnb1-dependent collective behaviour.
To identify the genotype of each cell in the mix population, we used two different CellTracker”™
(CT) dyes (Figure 4.5A). Image analysis of smFISH measured the expression of Ifnb1-dependent

genes.

Ifnb1-dependent gene selection for smFISH

We selected our IfnbI-dependent genes based on available microarray data containing informa-
tion on how Ifnb1 KO macrophages respond to LPS. (Thomas et al. 2006). Ifit1, Czcl10, and
Mz1 were selected as Ifnb1-dependent genes, based on the following criteria: 1) These genes
were not expressed in untreated control macrophages; 2) Since in our data, Ifnb1 production
starts at 1h, their expression induction at 1h post-LPS is weak, but strong at 3h post-LPS in

controls; 3) Failure to increase gene expression upon LPS activation in Ifnbl KO (Figure 4.4).
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Figure 4.4: Ifnb1-dependent genes for smFISH. Fold Change compared to untreated WT
cells vs time after LPS. Microarray data from Thomas et al. 2006.

Ifnb1-dependent expression in Ifnb1KO-mixed populations

Follower macrophages that cannot produce their own Ifnb1 were obtained from Ifnb1 KO mice.
Ifnb1 KO frozen bone marrow (Deonarain et al. 2000) was differentiated in the same conditions

as WT and Rad21 KO. After 6 days of growth in conditional media, cells were stained with
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green CT, washed, counted and mixed in a proportion 1:1 with red CT stained WT or Rad21
KO macrophages (Figure 4.5B). LPS-activation and smFISH were performed on the following
day.

In each image, red and green labels classified macrophages based on upper quartile intensities
(Figure 4.5C). We tried other measures, such as maximum intensity, median intensity or mean
intensity. However, maximum intensity is sensitive to pixel noise outliers, and, median and
mean intensity were affected by intensity threshold used to identify cell outlines. The most
robust method to identify green and red cells across replicates was the upper quartile green

and red intensities.

Note that cells stained in green acquire red signal after co-culturing with red cells. To identify
whether red dye transferal occurred due to cells genotype or due to co-culturing conditions
and imaging, we took WT macrophages from the same mice (no genotype heterogeneity),
separate them into two populations and stain them with red and green CT dyes. Then, we
used a different technique (FACS) to quantify red and green intensity in each cell. Cells were
stained 2 days before the 24h co-culture to exclude insufficient washing. As controls, we used
single-colour labelled cells and a population mixed right before data collection. Red CT dye
was able to transfer between populations after 24h co-culture, but not green CT, and not in
the population that was mixed right before FACS analysis (Figure 4.5D). Therefore, red dye
transferal occurred due to the nature of the red CT dye and the co-culture conditions, not due
to the cells genotype or image acquisition. For smFISH, labelled cells were co-cultured for 12h
before we started the experiments. We detected red dye transfer to the green labelled cells in
images, but that did not impair the classification into green and red cells as the groups were

still separated (Figure 4.5C).

Czcl10 induction in WT macrophages

Czcl10 encodes for a small secreted pro-inflammatory chemokine, and its regulatory regions
have binding sites for NFx, AP1, and an ISRE motif (Liu et al. 2011). It is a chemoattractant
for cells with CXCR3 receptor, and it is involved in leukocyte trafficking and immune cell

recruitment. . Czcll0 is barely expressed in untreated macrophages®, but, after 2h of LPS,

'Each WT untreated macrophage expressed an average of 1.19 Crcll0 mRNAs (Mean of means across
replicates)
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Figure 4.5: Identifying follower and leader cells in a mix population. A) Strategy.
Leader cells can express Ifnbl (either WT or Rad21 KO), follower cells cannot. Different
CT dyes stain the cytoplasms of the two populations so that genotype can be distinguished
in a mix population. B) Example images of cells stained with green or red cell tracker in a
mixed population. Scalebars represent 10um. C) Classification into green and red cells by

quantification of cell upper quartile intensity.

CT staining occurs before mixing, and cells

were co-cultured for 12h before analysis. WT and Rad21 KO cells with red CT and IfnbKO
with green CT. Example images of CT stainings in mix and unmix populations. D) Red CT
transfers among cells. For this experiment W'T cells were stained with green or red CT at day

4 of differentiation and mixed one day before analysing the population by FACS; y axis, 525/50
B-A chanel, x axis, 610/20 TG-A channel
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Figure 4.6: Rescue of Czcl10 and Mxz1 expression in Ifnb1 KO via co-culture with
WT and Rad21 KO cells. A and B) Example images of Ifnb! KO cells (stained with CT
green) mixed or not with WT or Rad21 KO cells. Scalebars represent 10um. WT and Rad21
KO in yellow, Ifnbl KO in green Czcl10 smFISH signal in pink, DAPT in blue. C) Dot counts
in mix and unmixed populations of Ifnb! KO macrophages. Statistical test: ANOVA (Dot
counts ~ Sample + Replicate) with Tukey HDS for cross-comparisons and multiple testing
correction. D) Fraction of expressing cells with more than 10 Cxcl10 counts and fraction of
cells with more than 5 Mz! counts. Cochran-Mantel-HaenszelTest (replicate as strata) with
Bonferroni multiple test correction. E) Dot counts in mix and unmixed populations on cells
expressing more than 10 Czcl10 or 5 Mzl mRNAs. Statistical test: ANOVA (Dot counts ~
Sample + Replicate) with Tukey HDS for cross-comparisons and multiple testing correction.
Only cells classified as green considered (13698 in total for Czcl10, 10656 for Mxz1). 3 technical
and biological replicates.
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Czcl10 expression increases 27.05 times® in WT macrophages (Figure 4.7A).

Czcl10 induction fails in Rad21 KO and Ifnb1 KO macrophages

Neither Rad21 KO or Ifnb1 KO manage to increase Czcll( expression to WT levels upon LPS.
54% of the WT cells expressed more than 10 Czcll0 counts by smFISH after LPS-activation
(Figure 4.7A). In comparison only 31% of Rad21 KO did it (Figure 4.7B) and only 26% of Ifnb1
KO macrophages (Figure 4.6A). Considering Czcll0-activated cells as cells with more than 10
Czcl10 counts, the mean expression of Czcll(0-activated macrophages dropped as well, to 63%
WT levels in Rad21 KO macrophages, and to 35% of WT levels in Ifnb1 KO macrophages
(Figure 4.6E).

Rescue of Infb1 KO Czcl10 and M=z1 induction via co-culture

Co-culture with IfnbI-expressing cells partially restored Cxzcl10 induction in Ifnbl KO upon
LPS-activation. This increase was higher when mixed with WT macrophages than with Rad21
KO (Figure 4.6C). The fraction of expressing cells drove differences between WT and Rad21
KO co-cultures. The number of Ifnb1 KO cells expressing Cxcl10 was higher in WT-Ifnb1 KO
co-cultures than in Rad21 KO-Ifnb1 KO co-cultures (Figure 4.6D). Nevertheless, Ifnb1 KO cells
that activated Czcll0 expression did not display any difference in mean expression depending

on whether they were co-cultured with WT or Rad21 KO macrophages (Figure 4.6E).

We also tested Mz1 in Ifnb1 KO unmixed and mixed populations. There, gene activation upon
LPS induction was more variable across replicates (Figure 7.5), with one replicate were almost
no rescue was detected. However, macrophages were activated because Mzl expression was
measured in parallel to Czcll0, and macrophages activated Czcll10. We were able to detect
some rescue level of Mzl LPD-induction in Ifnbl KO when they were cultured with WT
macrophages but none with Rad21 KO (Figure 4.6C, D and E). The rescue of Mz! in Ifnbl
KO macrophages was statistically significant but less obvious than the Cxcl10 rescue. We
suspect that the apparent lack of Mz1 induction is due to timing. In subsequent experiments,

3h of LPS instead of 2 lead to clear Mz! induction.

2After 2h of LPS, each WT macrophage expressed an average of 32.34 Czcl10 mRNAs (Mean of means
across replicates)
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Figure 4.7: Co-coculture with Ifnb1 KO leads to an increase in Cxzcl10 expression
upon LPS-activation. A) Expression changes in WT cells. Dot counts dot counts in cells with
more than 10 Czcl10 counts and fraction of cells with more than 10 Czcl10 counts (5855 cells in
total). B) Same as A but expression changes in Rad21 KO cells (8031 cells in total). C) Example
images of mixed populations. WT and Rad21 KO in yellow, Ifnb1 KO in green Czcl10 smFISH
signal in pink, DAPT in blue. Scale bars represent 10um. Only cells classified as red considered.
3 technical and biological replicates. Statistical test for dot counts comparisons: ANOVA (Dot
counts ~ Sample + Replicate) with Tukey HDS for cross-comparisons and multiple testing
correction. Statistical test for cell fraction comparison: Cochran-Mantel-Haenszel test (replicate
as strata) with Bonferroni multiple test correction.
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Co-culture with Ifnb1 KO cells strengthen Czcl10 induction

Perhaps, the most interesting observation in the co-culture experiments was the changes in
Czcl10 expression in WT and Rad21 KO macrophages. Co-culture with [fnb1KO cells did not
lead to significant differences in Cxcl10 basal levels. However, in LPS-activated samples, WT
and Rad21 KO displayed a stronger Czcl10 when co-cultured with Ifnb! KO than in unmixed
populations. WT Czcl10 displayed an increased numbers of cells activating Cxcl10 at higher
levels (Figure 4.7A). In the case of Rad21 KO, the number of cells with more than 10 Czcl10
counts was almost three times higher, but the mean expression of the cells expressing Czcl10

dropped.

Inducible response in Rad21 KO-WT co-cultures

In cancer, cells carrying carcinogenic mutations cohabit with somatic cells. This coexistence can
alter somatic cell function and can promote cancer progression. Cohesin mutations are common
in blood neoplasms and they favour proliferation in HPSCs. However, most studies focus on
cell self-consequences of cohesin depletion, not whether cells with altered cohesin function could
influence cells with WT cohesin. In this next section, we decided to study how the presence of

Rad21 KO macrophages affected the LPS response of WT macrophages, and vice-versa.

Ifitl1 and Mz1 induction after 3h of LPS

Ifit1 and Mzl are two Ifnbl-dependent genes which are induced upon LPS. In the previous
experiments, we did not detect strong Mxz! expression after 2h of LPS. Ifnb! expression starts
at 1h in ~2-3% of cells (Figure 4.2F) | but at 2h around 20% of macrophages express Ifnb!
(Figure 4.1B). Therefore, some Ifnb1-dependent events could take place after 2h of LPS, and
we hypothesised that Mz1 induction could be more robust at 3h, as in Thomas et al. 2006.
Effectively, Mzl expression was strong and robust after 3h of LPS (Figure 4.8B). So strong,
that dot signals merged and our analysis software could not count individual mRNAs in WT
cells. Therefore, as an exception, in this set of experiments Mxz! expression was quantified via

cell integrated intensity. To normalise across replicates, Mx1 intensity was relative to the mean
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Figure 4.8: Rad21 KO and WT co-cultures leads to a partial rescue of Ifnbi-
dependent genes in Rad21 KO. Ifnbl-dependent genes are reduced in WT
macrophages via co-culturing with Rad21 KO macrophages. A) Example images of
Ifit] expression by smFISH in unmix and mix macrophage populations. WT and Rad21 KO
in yellow, Rad21 KO in green [fit! smFISH signal in pink, DAPI in blue. Only cells classified
as red considered for WT and as green for Rad21 KO. Scale bars represent 10um. B) Example
images of Mzl expression. Same colour code and scalebars as A. C) Ifit! expression in WT
and Rad21 KO cells in mixed and unmixed samples. Statistical test: ANOVA (Dot counts ~
Sample + Replicate) with Tukey HDS for cross-comparisons and multiple testing correction.
D) Fraction of cells with more than 10 counts (right panel). Statistical-test: Cochran-Mantel-
HaenszelTest (replicate as strata) with Bonferroni multiple test correction. E) Mzl expression
in WT and Rad21 KO cells in mix and unmix samples. Expression calculated over the mean
integrated intensity of WT untreated cells in each replicate, as expression as for high express-
ing cells dot counting was not possible. Statistical test: ANOVA (Dot counts ~ Sample +
Replicate) with Tukey HDS for cross-comparisons and multiple testing correction. F) Fraction
of cells with more than 10 counts (right panel). Statistical-test: Cochran-Mantel-HaenszelTest
(replicate as strata) with Bonferroni multiple test correction. Only cells classified as red con-
sidered for WT and as green for Rad21 KO. 3 technical and biological replicates, 9687 cells
analysed in total
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integrated intensity in the WT untreated sample of the replicate. Ifit1 expression was never as

high and therefore, Ifit1 mRNAs could be counted individually.

In WT cells, Ifit] mean of mean baseline expression was 3.45 mRNAs, whereas after 3h of LPS
was 46.03, 13.35 times higher. In the case of Mz1, the expression intensity was 4.3 times higher

than in untreated macrophages. For both genes, WT induction levels were twice the Rad21

KO levels.

Differences between WT and Rad21 KO Ifnbil-dependent genes induction are di-

luted in mixed populations

Co-culture with WT cells rescued Ifit! induction in Rad21 KO cells (Figure 4.8B and C) and
partially, the fraction of cells expressing Mz! upon 3h of LPS (Figure 4.8F). In the case of
WT macrophages, co-culture with Rad21 KO reduced the fraction of cells with high Ifit71 and
Mz1 (Figure 4.8C and E). However, WT mean expression in the high expressing fraction is

independent from whether WT cells were mix or not with Rad2! KO macrophages (Figure
4.8D and F)

WT-Rad21 KO co-culture drops Ifnb1 and Il12b induction in WT cells

There was two possibilities for Rad21 KO rescue in IfnbI-dependent expression. Either co-
culture with WT enabled them to increase their Ifnb1 expression, or Ifnb1 coming from WT
cells enabled Rad21 KO Ifnbl-dependent genes to be expresed in response to LPS. To test

these hypothesis we measured Ifnb1 in mix populations.

Co-culture with WT cells did not rescue Rad21 KO Ifnbl induction. On the contrary, co-
culture with Rad21 KO macrophages dropped significantly WT Ifnb1 induction levels and the
fraction of cells expressing Ifnb1 (Figure 4.9C and D). In mix populations, WT cells displayed
increased levels of Ifnbl than Rad21 KO cells. So the majority of the IFN present in the

environment had a WT origin.

1112b showed a similar picture to Ifnb1. Co-culture with WT cells did not modify neither 1112b
induction levels (Figure 4.9E) or fraction of [112b-expressing cells (Figure 4.9F). Nevertheless,
co-culture with Rad21 KO macrophages modified mean 1112b levels in WT macrophages (Figure
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Figure 4.9: WT macrophages co-cocultured with Rad21 KO showed a reduction in
the fraction of cells expressing Ifnbl and in the magnitude of Il12b expression
upon LPS-activation. A) Example images of IfnbI expression by smFISH in unmix and mix
macrophage populations. WT and Rad21 KO in yellow, Rad21 KO in green Cxzcll10 smFISH
signal in pink, DAPI in blue. Only cells classified as red considered for WT and as green
for Rad21 KO. Scale bars represent 10pym. B) Example images of Il12b expression. Same
colour code and scale bars as A. C) Ifnbl expression in WT and Rad21 KO cells in mix and
unmix samples. Statistical test: ANOVA (Dot counts ~ Sample + Replicate) with Tukey HDS
for cross-comparisons and multiple testing correction. D) Fraction of cells with more than
10 counts (right panel). Statistical-test: Cochran-Mantel-HaenszelTest (replicate as strata)
with Bonferroni multiple test correction (5691 cells in total). E) 1112b expression in WT and
Rad21 KO cells in mix and unmix samples. Statistical test: ANOVA (Dot counts ~ Sample +
Replicate) with Tukey HDS for cross comparisons and multiple testing correction. F) Fraction
of cells with more than 10 counts (right panel). Statistical-test: Cochran-Mantel-Haenszel
test (replicate as strata) with Bonferroni multiple test correction (5691 cells in total). Only
cells classified as red considered for WT and as green for Rad21 KO. For number of technical
replicates refer to Table 7.2.
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4.9E), but not the fraction of Il12b-expressing cells (Figure 4.9F). Again, in mixed populations,
WT macrophage 1112b expression levels were higher than Rad21 KO.

Discussion

Ifnb1 expression is activated in macrophages responding to LPS. At 2h LPS, there is a clear
macrophage population that expresses Ifnb! and another that does not (Figure 4.1A). Ifnbl
induction is blunted in Rad2! KO macrophages due to changes in burst frequency. As a result,

Rad21 KO macrophages were half as likely to express Ifnb1 after 2 hours of LPS-activation.

Ifnb1 induction heterogeneity can have two sources: intrinsic, due to transcriptional burst
fluctuation; or extrinsic, due to hidden cellular states. We have evidence that intrinsic and
extrinsic fluctuations play a role in Ifnb1 expression. Hidden states are supported by the higher
levels of inflammatory gene expression in Ifnb1-producer macrophages (Figure 4.1D), and also
by the increased likelihood of the two alleles from a given cell to burst Ifnb1 together. On the

other hand, Ifnb! expression is bursty, and thus, intrinsic noise also shapes Ifnb1 variability.

In our mixing experiments, we demonstrated that two populations of cells could modify the
behaviour of each other. Ifnb1 functions through paracrine signalling. Therefore, Ifnb1 produc-
tion does not have only consequences for the cell itself but also the surrounding cells. Co-culture
with IFN-producing cells activated Ifnb1-dependent genes in Ifnb1KO. This increase was higher
when mixed with WT macrophages, which had a larger proportion of Ifnb1-producers.

Unexpectedly, co-culture with Ifnb1 KO macrophages elevated the induction levels of Czcl10
in WT and Rad21 KO macrophages, but not at baseline. In mixed populations, WT expression
was always higher than Ifnb1 KO. One hypothesis is that this is due to broken negative feed-
back. Ifnb1 KO cells cannot make Ifnb1, but that does not mean that feedback mechanisms
that promote Ifnbl expression are not in place. These feedback mechanisms could be hyper-
activated, as Ifnbl KO cannot express Ifnbl. If these feedback mechanisms involve molecules
secreted to the environment or cell-to-cell contacts, they might promote a super-inflammatory
state in neighbouring cells. These cell-to-cell interactions hyperactivate WT cells and assist
Rad21 KO macrophages in their response, as both Ifnbl KO and Rad21 KO macrophages

performed better together than separated. This is interesting as it suggests that cells with
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different mutations can compensate each other through cell communication.

The fact that mutations can have effects in surrounding cells raised an obvious question: How
can cohesin mutations in only a fraction of cells alter normal cell behaviour? We have studied
4 genes in unmixed and mixed Rad21 KO-WT macrophage co-cultures: two LPS-inducible
genes at 2 hours, and two IFN-dependent genes at 3 hours post LPS. This had consequences
for WT and for Rad21 KO cells. We initially expected that co-culture expression changes in
Rad21 KO would be similar to those caused by 24h IFN-v pre-treatment. That was true for
1112b, where mixing did not modify Rad21 KO Il12b induction (Figure 4.9C and D) or IFN-y
pre-treatment. However, results from IFN-v pre-treatment and mixing did not agree for Rad21
KO Ifnb1 induction. 24h IFN-v pre-treatment did partially rescue IfnbI-induction in Rad21
KO macrophages, whereas co-culture with WT cells did not (Figure 4.9C and D). Furthermore,
in mixed populations, WT Ifnb1 secretion partially rescued IFN-dependent expression in Rad21
KO macrophages. IFN~ pre-treatment was only able to modify the induction of Mxz! in Rad21
KO macrophages, but not Ifit! (Supplementary Table 7.3).

In summary, induction levels of all four genes were reduced in WT macrophages, especially in the
number of high-expressing cells. Co-culture with WT cells did not rescue induction of neither
1112b nor Ifnbl in Rad21 KO macrophages but did partially rescue IFN-dependent genes.
These results indicate that Rad21 KO can modify LPS responsiveness of WT cells. There are
several open questions in this regard: First, whether co-culture conditions affect Rad21 KO-W'T
interaction in terms of timing and mixing proportions. Second, the nature of Rad21 KO-WT
crosstalks. Candidates include transmembrane proteins or secreted cytokines and metabolites.
Ongoing work in the lab will involve RNAseq of mixes and unmixed populations to identify

possible cell crosstalk mechanisms.
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Chapter 5

Summary and final discussion

The control of gene expression by the cohesin complex is the focus of this thesis. In Chapter
2, 1 analysed which type of genes become up and down-regulated and their enriched motifs
when cohesin is depleted from macrophages. We established that cohesin mutation in AMLs
presented a characteristic expression pattern that resembles an inversion of the expression
changes that occur during the macrophage response to LPS. Up and dow-regulated hallmarks
in human AML were shared with cohesin-deficient LSK and our working primary cell model,
mouse BMD macrophages. These macrophages showed a decreased response to antimicrobial

signals, reduced IFN-related expression and an increase in mitochondrial content.

In Chapter 3, 1 examined transcriptional events altered by cohesin deficiency. Transcription
played a major role in gene expression changes between WT and Rad2! KO macrophages.
Globally, Rad21 KO macrophages had more RNA, increased burst sizes and less paused RNA
pol II than WT macrophages. Expression changes between WT and Rad21 KO macrophages
were explained by changes in burst frequencies. BMD macrophages orchestrate the LPS-
response through burst frequency modulation which was affected in Rad21 KO macrophages.
WT macrophages did not alter burst sizes in response to LPS, whereas activated Rad21 KO
macrophages increased burst sizes of LPS-repressed genes, alleviating the expression change
caused by a reduction in their burst frequency. IFN~ priming in Rad21 KO macrophages par-
tially restored LPS-repression by burst frequency reduction. Furthermore, I studied bursting
patterns of a 2Mb region with an inducible SE (Enh) and three genes DE genes in the absence

of cohesin. Enh activation was very similar between WT and Rad21 KO macrophages, but the
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fraction of times that Enh burst with the inducible genes was significantly reduced.

In Chapter 4, I studied the consequences of an altered transcriptional bursting pattern for the
collective behaviour and interactions between WT and Rad21 KO macrophages in a mixed
population. Ifnb! induction was lower in Rad21 KO macrophages due to differences in burst
frequencies. As a result, the fraction of IfnbI-expressing cells was reduced in Rad21 KO cells.
WT and Rad21 KO macrophages were able to activate Ifnbl-dependent expression in Ifnb1 KO
macrophages. Interestingly, Ifnb1 KO macrophages increased the induction of Cxcl10 in WT
and Rad21 KO macrophages. Moreover, co-culture of WT and Rad21 KO macrophages had
consequences for both of them. On the one hand, Rad21 KO macrophages partially restored
Ifnb1-dependent expression but not Ifnb1 expression itself. On the other hand, the LPS-induced
genes studied displayed a slight reduction in their induction levels in WT macrophages when

co-cultured with Rad21 KO macrophages.

Cohesin, inflammation and cancer

Despite the role of cohesin in mitosis, cohesin mutations are common in cancer (Cancer Genome
Atlas Research Network 2013; Corces-Zimmerman et al. 2014; Kon et al. 2013), partly because
the cell cycle can progress with reduced cohesin levels in yeast (Heidinger-Pauli et al. 2010).
As cohesin mutations do not associate with abnormal karyotypes, they contribute to cancer by
altering the regulation of gene expression (Corces-Zimmerman et al. 2014; Cuartero et al. 2019;

Kon et al. 2013).

In the bone marrow, HPSCs differentiate into the different hematopoietic lineages while re-
newing themselves to maintain their population. Therefore, normal hematopoiesis implies a
delicate balance between differentiation and self-renewal. Cohesin depletion pushes that bal-
ance towards self-renewal (Fisher et al. 2017; Galeev et al. 2016; Mullenders et al. 2015; Viny
et al. 2015), but the mechanism remains unknown. Furthermore, patient AML samples with
cohesin mutations had similar gene expression alterations to patients with mutations in the
WT1 and FLT3 genes (Figure 2.1), suggesting that these mutations share mechanisms to drive

cancer.

In Chapter 2 we established a link between cohesin and inflammation (Cuartero et al. 2018).
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MSigDB hallmarks that are induced by microbial signals in mouse macrophages are down-
regulated in three cohesin deficient systems, whereas hallmarks that are repressed are up-
regulated (Figure 2.4). Inflammation alters the fate of HPSCs, reducing their self-renewal and
promoting differentiation, in order to produce enough mature immune cells to fight an infection
(Pietras 2017). Cohesin depletion in macrophages reduced their response to microbial signals
(Cuartero et al. 2018), suggesting that cohesin deficiency provide resistance to stimuli that

foment differentiation.

Cohesin, enhancers, and bursts

Cell-state transitions, such as signal response or differentiation, are governed by enhancers, cis-
regulatory elements that regulate transcription of their target genes (Schoenfelder and Fraser
2019). Which enhancer regulates which gene is determined by their proximity in the 3D nu-
clear space. The ring-shaped cohesin complex organises the distribution of chromatin fibers
through loop extrusion (Davidson et al. 2019; Fudenberg et al. 2016; Kim et al. 2019), enabling
enhancer-recruited Mediator to reach its target promoters (Jaeger et al. 2020; Kagey et al.
2010). Accordingly, genomic interactions are modulated during differentiation (Beagan et al.
2017; Bonev et al. 2017; Dixon et al. 2015; Hanssen et al. 2017). Furthermore, cohesin deple-
tion is more likely to affect cell-type-specific genes than housekeeping (Haarhuis et al. 2017;
Nora et al. 2017; Rao et al. 2017; Seitan et al. 2013) and their deregulation associates with
enhancer proximity (Cuartero et al. 2018; Ing-Simmons et al. 2015). Collectively this evidence
let us conclude that cohesin collaborates with enhancers in the context-dependent control of

gene expression, although its specific role remains to be determined.

Enhancers establish long-distance interactions with their targets, recruiting a set of co-activators,
including Mediator. These long-distance interactions depend on spatial proximity, and cohesin,
through loop extrusion, increases or decreases the probability of encounter. Most published
work relate enhancer-driven control of gene expression to burst initiation, which depends on
enhancer promoter-proximity (Bartman et al. 2016; Fukaya et al. 2016; Larsson et al. 2019). In
the absence of cohesin, the position of TAD boundaries is randomised (Bintu et al. 2018), and
short-range interactions are diminished (Luppino et al. 2020; Rao et al. 2017; Schwarzer et al.

2017).
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Macrophage LPS-response is governed by enhancers (Kaikkonen et al. 2013; Ostuni et al. 2013),
and the four LPS-inducible genes analysed (11120, Ifnb1, Pelil, Sertad2) increase their burst
frequencies upon LPS exosure. All four genes presented lower burst frequencies upon induction
in Rad21 KO macrophages compared to WT. However, this does not seem to be related to a
failure in enhancer activation. The inducible SE Enh between Pelil and Sertad2, is transcribed
with similar transcriptional dynamics in WT and Rad2! KO macrophages. However, the
number of times that Enh bursts together with Pelil or Sertad?2 is reduced in Rad21 KO
macrophages compared to WT. Nevertheless, the distances between Enh bursts and inducible
gene bursts are similar between W'T and Rad2! KO macrophages, suggesting that cohesin
is involved in the enhancer-control of burst frequencies by increasing the probability of an
enhancer-promoter encounter. In this regard, even in the absence of cohesin, when the distance
requirement is met, a productive gene burst might occurs. To address this question, we are
planning to extend this analysis to other regions with inducible enhancers and genes coupled

to DNA FISH experiments, that would inform where the genomic locations are at all times.

One possible caveat is that Enh bursts less frequently than Pelil. However, our probes detect
transcripts from a certain region. There are several enhancers around Pelil, including within
the gene body region (Figure 5.1, Ostuni et al. 2013), 4 of which belong to the SE Ehn. These
enhancers can have an additive effect in the modulation of Pelil burst frequency, but our

experimental approach only detect activity from one.

The LPS response of macrophages is modulated preferentially through modulation of burst

frequencies rather than sizes, because LPS-induction increased burst frequencies (1112b, Pelil,

Peli1
I Enh probe
Enhancers ! ‘ : s ° ! :
GRO:
WT uiiiated | N il ! ‘L r‘lnL I |1" ) ‘_MMMA‘ALIJAMI"ML.MMJmhmm‘uumm ul ““m.umm Hmﬂ.h‘uulﬂ
GROseq
Rad21KO untreated
GROseq
ww i mymm- m‘wm 0 R a " :
GROseq

Rad21KO 1h LPS

Figure 5.1: Macrophage enhancers around Pel:i1. In pink, localisation of the Enh smFISH
probe. Enhancers around Peli! where we detected transcription by GROseq (from Ostuni et al.
2013). GROseq reads from Cuartero et al. 2018.
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Ifnb1,Sertad?) and LPS-repression decreased burst frequencies (Hprt1, Fh1). Stimulus-dependent
modulation of burst frequencies enables fast and sensitive responses that can adapt to a range
of stimulus intensities (Li et al. 2018), and the vast majority of published work that analyse
bursting in response to a stimulus, reported changes in burst frequencies (Bartman et al. 2016;
Chen et al. 2019b; Fritzsch et al. 2018; Fukaya et al. 2016; Larson et al. 2013; Molina et al.
2013; Senecal et al. 2014).

According to our data, cohesin reduced the magnitude of the burst frequency changes caused by
LPS. In this regard, cohesin depletion decreased the response to LPS of Rad21 KO macrophages.
As inflammatory signalling cascades promote differentiation of hematopoietic cells, cohesin
mutations could shift the balance between self-renewal and differentiation towards self-renewal

by reducing responsiveness to environmental cues that induce cell-state transitions.

Burst frequency and paracrine signalling

Transcriptional induction of I172b and Ifnb1 generated characteristic population distributions
with only a subset of macrophages with a high level of expression surrounded by non-expressing
cells. However, the protein product of both genes interact with their respective receptor on the
surface of cells. Changes in burst frequencies without changes in burst sizes associate with the
modulation of the k,, parameter of the telegraph model (Peccoud and Ycart 1995; Raj et al.
2006b), which determines how many bursts occur per time unit. For genes involved in paracrine
signalling with very low burst frequencies even in cells where they have been induced, burst
frequency modulation determines how many cells secrete a factor that modifies the behaviour
of cells independently of whether they secreted the factor, using cell-to-cell communication
to amplify and coordinate the response of the population as a whole. As an example, the
number of Ifnbl secreting macrophages was lower in Rad21 KO than in WT macrophages. As
a consequence, WT macrophages activate more IfnbI-dependent expression in Ifnb1 KO than

Rad21 KO.

Frequency modulation of an stochastic reaction can transform the single-cell digital output
into an analogical output at the population level. For example, NFx/3 remains in the cell
cytoplasm at baseline, but TNF« stimulation leads to its translocation to the nucleus which

can be visualised by coupling NFxf to GFP. The translocation strength can be modulated,
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but in general, cells can be classified by whether they have translocated NFx( or not. Cell
heterogeneity in the population leads to different cells having different signal intensity thresholds
to perform the translocation. As a consequence, different dosages of TNFa modulate the
fraction of cells that translocate NFx( which is a TF that will induce expression changes in
the cells where it has been translocated, including processes in cell-to-cell communication and
allowing the cell population to adjust its response to a range of levels of signal input (Tay et al.

2010).

Mutations and cell-to-cell communication

Our expectations at the initiation of the mixed cultures experiments were to observe changes
in Ifnb1-dependent expression in Ifnb1 KO macrophages. Indeed, Ifnbl expression induction
was higher in WT than in Rad21 KO macrophages and, accordingly, co-culture with WT
macrophages increased more Ifnbl-dependent expression in Ifnbl KO macrophages than co-
culture with Rad21 KO. Initially, the possibility that Ifnb1 KO macrophages would modify the
expression of WT and Rad21 KO was not taken into account. However co-cultured with Ifnb1
KO macrophages lead to an hyperactivation of Cxcl10 in WT and Rad21 KO macrophages com-
pared to their respective unmixed populations. Intrigued by this observation, we co-cultured
WT and Rad21 KO macrophages in order to examine whether they could modify each other
behaviour. Indeed, in LPS-activated samples, there was a partial rescue of IfnbIl-dependent
expression in Rad21 KO cells and a decrease on the four LPS-inducible genes tested in the WT

macrophages in mixed populations.

Cohesin is not directly involved in cell-to-cell communication as it is a nuclear complex, nev-
ertheless, our results suggests that regulatory changes caused by cohesin defects can affect the
behaviour of neighbouring cells, at least in the context of their response to LPS. This opens
the possibility that cohesin mutations in leukaemias could promote proliferation by altering the
bone marrow niche, maybe by inducing resistance to differentiation in general, not constrained
exclusively to cohesin mutated cells. Cancers cells often hijack somatic cells to promote tumour
growth and enhance angiogenesis. For example, it has been reported that exosomes released
from melanoma cells can induce a pre-metastatic niche in the bone marrow (Peinado et al.

2012).
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Conclusion

DNA elements orchestrate cell-state transitions by differential recruitment of TFs and by inter-
acting between them. Cohesin mediates spatial interaction between promoter and enhancers
through loop extrusion. Inflammation promotes the differentiation of HPSCs, whereas cohesin
deficiency promotes the self-renewal of HPSCs, where it can induce a pre-leukemic state. Loss
of cohesin function associates with a transcriptional landscape with low inflammation and high
OXPHOS and Myc target expression. Expression changes triggered by LPS are primarily
modulated by changes in transcriptional burst frequencies. Burst frequency is under enhancer
control and genes deregulated in the absence of cohesin associates with enhancer presence. In
the absence of cohesin, macrophages can detect LPS, but they fail to establish a strong re-
sponse because of a more constrained modulation of burst frequencies compared to WT. The
alteration of burst frequencies has consequences for the cell itself, but also for the population as
a whole, especially if the gene products are involved in paracrine signalling. WT and cohesin-
deficient cells had different fractions of Ifnb1 producers which can activate IfnbI-dependent
expression in Ifnb1 KO macrophages. Co-culture with cohesin deficient macrophages can re-
duce LPS-inducible expression in WT macrophages. In short, our results suggest that cohesin
deficiency leads to a defective modulation of burst frequencies at cell-state transitions which

could contribute to malignant transformation by providing resistance to differentiation stimuli.
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Chapter 6

Materials and Methods

Bone marrow derived macrophages

WT and Rad21 KO macrophages

Bone marrow progenitors were extracted from mouse tibia and femur of Rosa26ZRt2Cre/ER2Cre
Rad21™"*" mice and Rosa26ER2Cre/ERI2Cre pogo1tov/lor mice (Seibler et al. 2003; Seitan et al.
2011). Cells were then cultured for 7 days in DMEM (supplemented with 0.25mM sodium
pyruvate, 0.05mM S-mercaptoethanol and 100U /ml Penicillin and 100 pg/ml Streptomycin) +
20% 1929 conditional medium at 37 °C. 96 hours after extraction medium was changed but
this time with 0.2uM of 4-OHT to promote creERT translocation to the nucleus, where Rad21
exons 5 and 6 are excised in the case of the Rosa267F2CTe/ER2CTe. pggolo/lor hacrophages
(Rad21 KO macrophages) but not in Rosa26Ef2Cre/ER2CTe poo1wt/vt macrophages (WT

macrophages).

Ifnb1 KO macrophages

Cryopreserved bone marrow from Ifnb1 =/~ mice (Thomas et al. 2006) was obtained from David
Brooks lab (The Princess Margaret Hospital, University of Toronto). Cells were thawn and then

treated and differentiated as the section above.
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Cell treatments

L929 conditional media production

L929 cells are thawn and plated in DMEM supplemented with 0.25mM sodium pyruvate,
0.05mM [-mercaptoethanol and antibiotics (100U /ml Penicillin and 100 pg/ml Streptomycin).
When they achieved 80 % confluence each 10 cm dish was split into 20 40ml flasks. 10 days
later, .929 conditional media is collected from the flasks and filtered through a sterile 0.22 ym
filter. Then, L.929 media was aliquoted and stored at -20 °C.

LPS-activation

For LPS-activation, cells were treated with 10ng/mL of LPS (Sigma-Aldrich L7895).

IFN-~v pre-treatment

Cells were treated with 10ng/ml Recombinant IFN-v (Invitrogen, PMC4031) for 24h.

CellTracker staining

Cells were stained for 15 min at 37 °C with 5 uM CellTracker Red (Invitrogen, C34552) or
CellTracker Green (Invitrogen, C2925) in serum-free media. Then, cells were washed twice

with phosphate-buffered saline (PBS).

Cell mixing

Cell populations were stained as described above. Then, cells were lifted using PBS 5uM for
10 min and centrifuged 1200 revolutions per minute (rpm) for 5 min. After counting, cell
populations were mixed 1:1. Unless stated, macrophages were stained and mixed on day 6.

Subsequent experiments were performed on day 7.
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Genomic DNA extraction

First, cells were lifted with PBS 4+ 5mM EDTA for 10 min and then centrifuged for 5 min at
3000 rpm. The supernatant was discarded and the cell pellet was stored at -80 °C until used.

Genomic DNA was extracted from cells using DNeasy Blood & tissue kit (QIAGEN, 60504) as
indicated by the manufacturer’s protocol. Briefly, the cell pellet was thawed and resuspended in
200 pL of PBS. 200 pL of Buffer AL + 20 uL of proteinase K were added and pipetted up and
down. The mixture was incubated for 10 min at 56 °C, and 200 pL of ethanol (96-100%) were
then added. Next, the mixture was pipetted into a DNeasy Mini spin column and centrifuged
at 8000 rpm for 1 min. In the following step, 500 pL of buffer AW1 was added, and the column
was spun again at 8000 rpm for 1 min. Afterwards, 500 uL of buffer AW2 was added, and the
spin column was centrifuged for 3 min at 14000 rpm. Finally, DNA was eluted by adding 100
pL of buffer AE and incubated for 1 min at room temperature (RT). Then, the column was
spun at 8000 rpm for 1 min. FEluent contained genomic DNA, which was then measured by

nanodrop.

RNA extraction

For lysis, adherent cells were washed twice with PBS. PBS was removed and 1 mL of RNAbee
(Bio Connect, CS-501B) was added, and the lysate was pipetted several times up and down to
ensure lysis, which could be kept at -20 °C.

For phase separation, 0.2 mL chloroform was added, and the mixture was shaken vigorously for
20 seconds. Afterwards, the mixture was kept on ice for 5 min and then, centrifuged at 12000g
for 5-15 min at 4 °C. The RNA remained in the aqueous phase, whereas DNA and proteins

were in the interphase and organic phase.

For RNA precipitation, the aqueous phase was transferred into a clean tube with 0.5 ml of
isopropanol 4+ 1 pL of GlycoBlue (Invitrogen, AM9515). GlycoBlue co-precipitated with the
RNA and stained the pellet in blue. Incubate the mixture for 5-10 min at RT and then centrifuge

at 12000g for 5 min at 4 °C. Supernatant was removed.

To wash RNA, 1 mL 75% ethanol was added. Subsequently, the pellet from the side of the
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tube was dislodged by vortexing. Then, the tube was centrifuged for 5 min at 7500g at 4 °C.
The supernatant was removed, and RNA pellet was air-dried (5 - 10 min at RT).

Then, RNA was DNAse treated and purified using the RNeasy MinElute Cleanup Kit (Qia-
gen, 74204) (Following manufacturer’s Appendix C of "DNase digestion of RNA before RNA
cleanup”). Then RNA was stored at -80 °C.

cDNA synthesis

To generate complementary DNA (¢cDNA), we followed the protocol for SuperScript™ TIT Re-
verse Transcriptase (Thermo Fisher, 18080085). 200 ng of RNA was used as starting material,
and the reaction volume per sample was 20 pL. In short, RNA volume was diluted to 11uL
in nuclease-free water. Then, we added 1 pL of random primers (100 ng/uL) and 1 ul of
dNTPs (10 mM). The mixture was denatured for 5 min at 65 °C and then cooled at 4 °C.
Next, we added 2uLi of FS 5x, 2uli of DTT, 1uL of RNAseOut, and 1uL of Superscript II1.
Retrotranscription occurred in the thermocycler where samples were incubated first for 10 min

at 25 °C, then, for 50 min 50 °C; and finally the reaction was inactivated at 70 °C for 5 min.

Real time quantitative PCR

RT-PCR was performed using 1) SYBR Green Supermix (Bio-Rad, 1708880) and a CFX Real-
time PCR system (Bio-Rad). Each reaction contained: 6uL of SYBR Green, 2ul. of cDNA,
0.4uL primers (10mM), and 3.4uL of nuclease-free water. Primers used on gDNA are listed in

Table 6.1. Primers for gene expression analysis are listed in Table 6.2. Values were normalised

through the AACt method.

Name Sequence Aim

mtND1 Fw ~ CCTATCACCCTTGCCATCAT Mitochondrial DNA

mtND1 Rv GAGGCTGTTGCTTGTGTGAC Mitochondrial DNA

trnah chr2 ¥ CCCGGGCTAATTCTCCTATGTC  DNA input normalisation

trnah chr2 R GCTGTAAAGTCAGTCGCTCGTG DNA input normalisation

Sccllox qu F' CATGGTTGGCAGATGAGCAAC  Rad21 genomic depletion quantification
Sccllox qu R CTACTTTCCCGCTAGCAACTG Rad21 genomic depletion quantification

Table 6.1: Genomic qPCR primers.
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Name Sequence Aim

Actb Fw GGCTGTATTCCCCTCCATCG Housekeeping

Actb Rv CCAGTTGGTAACAATGCCATGT Housekeeping

Esrrb Fw GCACCTGGGCTCTAGTTGC

Esrrb Rv TACAGTCCTCGTAGCTCTTGC

Gabpa Fw CTGCTGCACTGGAAGGCTATAG

Gabpa Rv GGTGAGGTCTATATCGGTCATGC

Gabpb2 Fw AGAGATGCCAGGACCAAAGTGG

Gabpb2 Rv GTTGCCCAATGCAGAGCTGTCA

Lmna Fw ACCCCGCTGAGTACAACCT Housekeeping

Lmna Rv TTCGAGTGACTGTGACACTGG Housekeeping

Myc Fw GCCCAAATCCTGTACCTCGTCC Amplifies Myc

Myc Rv CTCTTCTCCACAGACACCACATCA Amplifies Myc

Max Fw ACCATAATGCACTGGAACGAAA Amplifies Myc partner
Max Rv GTCCCGCAAACTGTGAAAGC Amplifies Myc partner
Mdx1 Fw AGATGCCTTCAAACGGAGGAA Amplifies Myc partner
Mdx1 Rv CAAGCTCAGAGTGGTGTGTCG Amplifies Myc partner
Nrfl Fw GGCAACAGTAGCCACATTGGCT

Nrfl Rv GTCTGGATGGTCATTTCACCGC

Tfam Fw GAGGCAAAGGATGATTCGGCTC

Tfam Rv CGAATCCTATCATCTTTAGCAAGC

Ttblm Fw CTGGTGGTTGAAAAGGACACTCG

Ttblm Rv CCACTGTCTTCTAATGTTGCCTG

Tth2m Fw GCACCAAAACCCATCCCGTCAA

Tth2m Rv CTTTCAAAGGCAACCACTCTGGC

Polg2 Fw GCCTGGCTATTCGGAAACTGTC

Polg2 Rv CCGTTTTCCAGCGTAGTCTCAG

Polrmt Fw AGACCTGTGCTCCTATGCAGCT

Polrmt Rv ACCAGGTCAGTGAAGAGCAGCT

Ppara Fw ACCACTACGGAGTTCACGCATG

Ppara Rv GAATCTTGCAGCTCCGATCACAC

Ppard Fw GGACCAGAACACACGCTTCCTT

Ppard Rv CCGACATTCCATGTTGAGGCTG

Pparg Fw GTACTGTCGGTTTCAGAAGTGCC

Pparg Rv ATCTCCGCCAACAGCTTCTCCT

Ppargcla Fw
Ppargcla Rv
Ppargclb Fw
Ppargclb Rv
Pprcl Fw
Pprcl Rv
Ptpmtl Fw
Ptpmtl Rv
Rad21 ex6-7 Fw
Rad21 ex6-7 Rv
Ubc Fw

Ubc Rv

Zfx Fw

7fx Rv

GAATCAAGCCACTACAGACACCG
CATCCCTCTTGAGCCTTTCGTG
TCCTGTAAAAGCCCGGAGTAT
GCTCTGGTAGGGGCAGTGA
CAGGAGAAGAAGCCCTTAGACC
CTTTCGCCAAGAGTGAGACAG
CGATTCCTGTGCAACACCTCGA
CCTGGTACTTGAGAGCAAACTGG
AGCACCAGCAACCTGAATGA
GATCGTCAAAGATGCCACCA
AGGAGGCTGATGAAGGAGCTTGA

TGGTTTGAATGGATACTCTGCTGGA

CCTCGGCAGACTGGCTAAACAA
GCAAGGGTAGACAGTCAGAGGA

Rad21 region cut by CreERT2
Rad21 region cut by CreERT2
Housekeeping
Housekeeping

Table 6.2: RT qPCR primers.
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Western blot

Protein samples

First, cells were detached by incubating them with PBS + 5mM EDTA (Invitrogen 15575020)
for 10 min at RT. Then, cells were centrifuged (1200 rpm, 5 min) and resuspended in 100 uL
of protein sample buffer (5% SDS, 10% glycerol, 60mM Tris-HC1 pH). Samples were sonicated,
and protein content was quantified using the Qubit Protein Assay Kit protocol (Thermofisher,
Q33211). Then, 0.001% bromophenol blue and 5% beta-mercaptoethanol were added.

Gel electrophoresis

20 pg of protein were loaded per sample and 10uL of protein ladder (Life Technologies, 10748010)
were loaded into a precast 7.5% acrylamide precast resolving gel (Bio-Rad, 455-1086). Sodium
dodecyl sulphate-polyacrylamide gel electrophoresis (SDS-PAGE) was carried out with using
electrophoresis running buffer (1.5% Tris, 7.2% glycine, 0.5% SDS). Gels were then run at 25
mA /gel, 120V for 1h.

Membrane transfer

Once finished, proteins were transferred to an Immobilon-FL PVDF Membrane (Sigma-Aldrich,
IPFL00010) cut to fit the gel. The transfer was performed using a Semi-Dry Electrophoretic
Transfer Cell system (Bio-Rad, 1703940) in transfer buffer (48mM Trizma base, 39mM glycine,
0.037% SDS and 20% methanol). Membrane transfer was run at 140 mA /gel, 20V for 1 h and

10 min.

Primary antibody incubation

First, to avoid unspecific antibody binding, membranes were blocked for 1h in blocking solution.
Then, incubation with the primary antibody was performed at 40C overnight. For RAD21
protein detection, a dilution in blocking buffer of 1:1000 of primary antibody (Abcam ab154769)
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was used, and for ACTB 1:20000 of primary antibody (Santa Cruz sc-69879). The next day,

membranes were washed three times with TBS + 0.1% Tween 20.

Secondary antibody incubation

Secondary antibody incubation was performed at 1:10000 dilution in blocking solution for
1h. The antibodies used were anti-rabbit (Invitrogen, A11011) and anti-mouse (Invitrogen,

A11004). Then, membranes were washed three times with TBS + 0.1% Tween 20 for 15 min.

Membrane imaging and quantification

Membranes were imaged using a LI-COR Odyssey imaging system, and analysis was performed

on Image Studio Lite.

Immunofluorescence

NFxB immunofluorescence

200.000 cells were seeded onto sterile 13 mm coverslips and left in the 37 °C incubator overnight.
The next day, they were activated with LPS for 0 (untreated), 1 and 2h. After 3 washes with
PBS, fixation was performed with 4% formaldehyde for 15 min. Then, cells were permeabilised
with 0.1% Triton X-100 for 10 min. To block unspecific antibody binding, cells were incubated
with 10% serum for 30 min. Then, cells were incubated with p65 (NFkB subunit) ab7970
antibody at 1:100 dilution in 10% serum for 1h. Afterwards, cells were incubated with goat anti-
rabbit 488 at 1:750 dilution in 10% serum. From the fixation, all incubations were performed at
RT, and three PBS washes were performed in between all different steps. In the end, samples

were mounted using ProLong™ Gold Antifade Mountant with DAPI (Invitrogen).
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NFxB immunofluorescence image acquisition and analysis

Four 3D stacks were imaged in each sample with a Leica SP8 microscope (between 113 to 340
cells imaged per sample, 1024x1024 pixels per image, with a pixel size of 0.2027x0.2027 pum, x40
oil objective). Their maximum projections were analysed using a pipeline in CellProfiler (Car-
penter et al. 2006) v.2.2.0 measuring fluorescence coming from the secondary antibody from the
nuclei and cytoplasm of cells. In short, the pipeline first identifies nuclei using the IdentifyPri-
maryObjects and then the cell outline is delimited with the module IdentifySecondaryObjects.
Then, we measured the correlation between the DAPI signal and the fluorescence from the
secondary antibody. A cell was considered positive for translocation if this correlation was
higher than 0.5. Statistical significance was assessed using a 2-way ANOVA test with Sidak
Correction using GraphPad.

RAD21 immunofluorescence

200.000 cells were seeded onto sterile 13 mm coverslips and left in the 37 °C incubator overnight.
A day after, cells were washed with PBS and fixed for 5 min with 300 uL ice-cold 100 %
methanol at RT. Then, three washes with PBS were performed, and cells were stored at 4 °C
overnight. The next day, cells were permeabilised with 200 pL/sample 0.5% Triton X-100 in
PBS 10 min. Cells were incubated with 10% serum for 30 min, to prevent unspecific antibody
binding. Primary antibody incubation was performed at 4 °C overnight using Rad21 ab154769
1:500 in 10% serum. The next morning, cells were washed three times with PBS. Secondary

antibody incubation was performed with goat a-rabbit 488 A11034 1:500 for 1h at RT.

RAD21 immunofluorescence image acquisition and analysis

3D stacks were acquired Leica SP8 microscope with a voxel size of 0.144x0.144x0.99 pm, x40 oil
objective). For the analysis, nuclei and cell outlines were identified from maximum projections
by CellProfiler v2.2.0 (ibid.) as primary and secondary objects. Then, for each cell, the RAD21
level for each cell is defined as the mean nuclear intensity of the antibody channel minus the

cytoplasmic mean. This metric normalised against variable levels of background.
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FACS

Cells were lifted, centrifuged at 1200rpm for 5 min and resuspended in 1mL of FACS buffer
(PBS Mg2+ and Ca2+ free, 2% FCS, 2mM EDTA). FACS analysis was carried out by a BD
LSR II.

Mitochondria quantification

Relative mtDINA content

Relative mtDNA content was calculated as described in Rooney et al. 2015. Briefly, RTqPCR
was performed on genomic DNA. mtDNA was quantified by amplifying a region of the mtND1
gene, whereas nuDNA was quantified by amplifying a chromosome 2 region. Primer sequences

are presented in Table 6.1.

Relative,pya = 2x2mtoNaCt—nupnaCt (6.1)

Mitochondria staining

100.000 cells were plated in each well of a chamber slide (Ibidi, 80826). The next day cells
were incubated in serum-free media with 10 M MitoTracker Red CMH2XRos (ThermoFisher
M7512) and 5uM CellTracker Green (Invitrogen C2925) at 37°C for 20 minutes. Then, cells
were washed thoughtfully with PBS. Cells were imaged within the same day.

Mitochondria imaging

Images here acquired using a Leica TCS SP5 inverted microscope using a dry 20x/0.75 NA
objective. 5-10 manually selected sites were imaged per sample to ensure that they have similar

cell confluence. The pixel size was 189 nm, and the z-step site was 500 nm.
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Mitochondria image analysis

Images were analysed using a pipeline in CellProfiler v3.0.0 Carpenter et al. 2006 First, cells were
identified as primary objects from the Green CellTracker channel. Then, mitochondria signal
was enhanced by enhancing speckle like signal using the EnhanceOrSuppressFeatures module.
Subsequently, mitochondria were identified form the resulting image as primary objects. All
mitochondria that overlap with a cell were assigned to that cell. Then, area and intensity were
measured in each object. The fraction of cell covered by mitochondria was the mitochondria

area over the cell area.

Single molecule Fluorescent In Situ Hybridization

Validation of bDNA FISH
smFISH for validations

200.000 cells/well were seeded per 13mm glass coverslips. The next day, cells were activated
with LPS, and their cytoplasms were stained with Red CellTracker. ViewRNA™ ISH Cell
Assay Kit (QVC0001), and gene-specific probes were purchased from Affymetrix (Table 6). We
followed the smFISH protocol as described by the manufacturer. In the last step, coverslips

were mounted, and nuclei were stained using ProLong Gold Antifade (Thermo Scientific).

smFISH image acquisition and analysis

Images were acquired using a Leica TCS SP8 inverted microscope using an oil-immersion
40x/1.30 NA objective. The imaging fields and the number of z-planes were selected man-
ually. We imaged between 15 to 30 images per sample. The pixel size was 101.34 nm, and the
z-step site was 340 nm. For image analysis, the MATLAB version of CellProfiler (v1.0.0, ibid.)
was used with specific image-based transcriptomics modules (Battich et al. 2013, Stoeger et al.

2015) for nuclei, cytoplasm and dot identification.
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High throughput smFISH

We seeded 100.000 cells/well in p-Slide 8 Well IbiTreat Chamber Slides (Ibidi, 80826) on day
6. On day 7, cells were activated with LPS. If probes against exons were used, we stained with
Red CellTracker, whereas if only intronic probes were used, we skipped the Red CellTracker
staining step. To perform bDNA FISH, we followed the QuantiGene View RNA HC Screening
Assay (QVP0011, Affymetrix) protocol with the following modifications: The fixation buffer
included 2.5% of Glacial Acetic Acid which enabled nuclear detection of transcripts, and PBS
buffers contained 2nM of an RN Ase inhibitor (Ribonucleoside Vanadyl Complex, NEB S1402S).
Finally, nuclei were stained using DAPI (ThermoScientific, 62248) 1:3000 in PBS for 5 min at
RT. Samples were stored in PBS at 4°C, and imaged within the next 5 days. Probes used are
depicted in (Table 6).

target (uL) A excitation (nm) catalog #

Actb 488 VB4-10432
Actb intron 550 VB1-20973
Atfs 650 VB6-15721
Cd40 550 VB1-15088
Cxcll0 650 VB6-10663
Fh1 intron 488 VPNKRGW
Enh 650 VPMFWXN
Hprt intron 550 VPMFWWY
Ifit1 550 VB1-12995-VC
1112b 650 VB6-20182
1112b intron 488 VB4-20975
Ifnb1 488 VB4-12687-VC
Ifnb1 550 VB1-13004-VC
Mzl 650 VB6-16985-06
Pelil 488 VB6-3205469
Pelil 550 VB1-3035672-VC
Pelil intron 488 VB4-6000742
Sertad? 650 VB6-3204369-VC
Sertad? intronl 550 VPDJXFM
Spred?2 488 VB4-6000742
Spred2 intronl 650 VB6-6000741
Stat1 550 VB1-11676
Tnf 488 VB4-18211

Table 6.3: bDNA FISH probes. All probes were purchased from Affymetrix eBiosciences.
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High throughput smFISH image acquisition

Unless stated at the figure legend, a Leica SP5 inverted microscope acquired the images with
a dry 20x/0.75 NA objective. The voxel size was 0.189 ym in xy and 0.5 pym in xz. We used
the microscope in the resonant mode with a bidirectional scan. A line average of 8-16 was used
to reduce noise. Imaging fields were selected automatically, with human supervision to ensure
that there were cells. The Ibidi u-Slide allowed to image up to 8 samples in one night coupled
to a MatrixScreener software. Fluorescence reflection allowed automatic focusing by identifying

the bottom of the slide.

High throughput smFISH image analysis
Cell, nuclei and mature mRNA identification

In short, nuclei and cell outlines were identified from maximum projections using CellProfiler
v2.2.0 modules as primary and secondary objects (Carpenter et al. 2006). To avoid considering
two cells as one, size filter was applied to exclude any cell with nuclei or a cytoplasm bigger than
a threshold. Outlines were visually inspected, and then loaded in FISHQuant (FQ) (Mueller
et al. 2013). FQ counted mRNA molecules by fitting 3D Gaussian in the 3D stacks.

Identification and quantification of transcriptional bursts

Nascent mRNA molecules accumulate at TSSs during a transcriptional burst. Due to their
signal accumulation, active TSSs can be identified as big blobs within nucleus compared to
small spots which correspond to individual mRNA molecules. Active TSSs and individual
molecules were identified by FQ using the intensity from intronic probes. No more than 2 T'SSs
were allowed to be found in a single cell. However, FQ failed to fit a Gaussian function for most
active T'SSs, thus, it could not perform the quantification. To overcome this issue, we compared
each burst to the average image of all individual nascent mRNA molecules by identifying the
brightest pixel in the TSS and the average spot. Then, we select all the pixels around it up
to a radius of 1 or 2 pixels and calculate their integrated intensity. Burst size estimation was
the ratio between the integrated intensity of these pixels in the T'SS and the same area in the

averaged individual mRNA image.
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Association of multiple gene burst to a particular locus

Our macrophages are diploid cells. Therefore, a burst can only belong to one of the two
chromosomes (locusl and locus2), and each locus can only have one active T'SS from each gene.
The TSSs are assigned based on their distances prioritising that the closest T'SS pairs belong
to the same locus. This approach is based on active T'SSs distances and was written in Julia

v1.1.4.

1. Identify TSS outlines using FQ (maximum of 2 TSS per cell).

2. Set a maximum distance at which TSSs from the same locus can be. This threshold
associate active TSSs to a different locus in cases where one locus is expressing one gene
and the other, only one other gene. The threshold distance was set as 5 um, which is the

typical distance at which two active T'SSs from the same gene were in a single macrophage.
3. For each cell:

(a) Measure TSS distances as distances between their brightest pixels in the 3D stack.
Do this between each gene active T'SS and all the other genes active T'SS present in

the cell. Make a table.
(b) Order the TSS pairs by their distances.

(c¢) Unless the first distance is larger than the distance threshold, associate the closest

pair TSS to locusl. Otherwise, associate each one of the T'SSs to different locus.
(d) Then, for each TSS pair from the second closest to the furthest:

i. If a particular active T'SSs has already been associated to one locus, add the
other pair TSSs to the same locus unless the distance between them is larger
than the threshold, or it has already been associated to the other locus, or the
locus already has a TSS of the same gene.

ii. If one locus has already associated an active TSS from one of the genes, but
it is not one of the TSS from the pair, then add that active T'SSs to the other
locus. Add also the other TSS from the pair, unless the distance between them
is larger than the threshold or it has already been associated with the opposite

locus, or the locus has already a T'SS from the same gene.
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smFISH overdispersion
smFISH overdispersion data

Two sets of genes, set 1 (Actb, 1112b, Statl) and set 2 (Tnf, Cd40, Atf3) were measured in
WT and Rad21 KO macrophages in untreated samples, 2h and 8h after activation with LPS
(10ng/ml, Sigma-Aldrich L789). Each sample had three replicates. Cells were then imaged
using a SP8 microscope (x40 oil objective, 0.3 pm xy resolution, 0.3 um xz resolution), images

were then analysed using Lukas Pelksman lab pipelines (Battich et al. 2013; Stoeger et al.
2015).

smFISH overdispersion calculation

CV2 and the mean number of mRNA dots is calculated in each replicate. Then, using the R
package statmod, we fitted a gamma family generalized linear model (glmgam.fit function) of
CV2s with a0 as 1 and altilde corresponding to 1/mean counts. Then, the residual dispersion

is calculated as the logl0 of the CV2 minus the logl0 of the fitted values.

The code (In R):

library (”statmod”)

df.FISH <— read.csv(”smFISH MEAN_CV.csv”) fit <— glmgam. fit (
cbind(a0 = 1, altilde = 1/df.FISH$MeanCounts), df.FISH$CV2)
res <— logl0(df.FISH$CV2) — loglO(fit$fitted.values)

df .FISH$Overdispersion <— res

write.csv(df.FISH, 7"smFISH MEAN_CV_Overdispersion.csv”)

Telegraph model simulations

Telegraph model

A promoter of a gene can switch between an on and an off state with rates k,,, and k,¢r. When

a gene is on the on state, it can produce mRNA molecules at a rate k;.. Then, those mRNA
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molecules can be degraded at a rate kge,.

kOTL
gene g ka— gene,, (6.2)
of f

gene Hie s mRNA + gene_, (6.3)

mRNA 22y o (6.4)

Where gene,,, + gene, s, = ploidity.

Telegraph model states

Assuming that cells are diploid, so ploidity = 2. Then, if n = number of mRNA molecules,

each cell (CA) state can be represented as:

CA,, — o gene,, and , gene g (6.5)
CA,, — ; gene,, and ;| gene g4 (6.6)
CA,, — 5 gene_, and , gene g (6.7)
Telegraph model ODE
dC A0,
Cdto = (n+ DkaegC Ay + kopsCAL, — (2kon + nkigeg)C A, (6.8)
dC'Al,
= (n+ DkaegCALyp1 + 2kopCA2, — (kop + kosf + nkaeg + ki) CAL,
+ 2k,,CA0,, + k., CAl,_; (6.9)
dC A2,
+ 2% CA2, (6.10)

Telegraph model steady-state simulations

1030301 Ordinary differential equation (ODE) simulations were performed. kg, was constant

and equal to 0.01 and kop,koff, ki acquired values from 0 to 1 with an interval of 0.01. An ODE
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transition matrix is constructed using telegraph model ODE and the steady-state is found using
the nullspace function from LinearAlgebra.jl. The solution is divided by its sum to produce
probabilities between 0 and 1. The maximum number of mRNA molecules that a cell can have

was set as 300. Code was written in Julia v0.7.0.

Calculation of bursting parameters from the simulations

k
BurstFrequency = %+—07;{:m8 (6.11)
In(2
BurstHalfLife = n(2) (6.12)
of f
, , In(2)
BurstSize = BurstHalfLife x k. = . * Ky (6.13)
of f

Expression and mutation data of human AML

Dataset contained 672 AML tumour samples from 562 individuals was published in Tyner et
al. 2018. From those, 452 patients have expression data available and for 408, expression and
survival data information. Data downloaded from Synapse and Vizome. Bioinformatic analysis

carried out by Dr Yi-Fang Wang.

Mutation gene sets

Mutations in STAG2, SMC3, SMC1A, RAD21, STAG1, PDS5B and PDS5A were considered
as cohesin mutations. Mutations in CSTF2T, DDX1, DDX23, DHX32, HNRNPK, METTL3,
PLRG1, POLR2A, PRPF3, PRPF8, RBMX, SF3B1, SNRNP200, SRRM2, SRSF2, SRSF6,
SUPT5H, TRA2B, U2AF1, U2AF1L4 and U2AF2 were considered as spliceosome mutations.
In ACVR2B, ADRBK1, AKAP13, BUB1, CPNE3, DCLK1, MAPK1, MYLK2, MYO3A, NRK,
PRKCG, RPS6KAG6, SMG1, STK32A, STK33, STK36, TRIO, TTBK1, WNK3 and WNK4
were considered as mutations in Serine/threonine kinases (STK). Mutations in ABL1, DYRK4,
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EPHA2, EPHA3, JAK3, MST1R, OBSCN, PDGFRB and WEE1 were considered as Other
tyrosine kinases (OTK) mutations. NRAS and KRAS were considered as RAS mutations.
Finally, mutations in IDH included defects in IDH1 and IDH2 genes. Dr Sergi Cuartero defined

these gene subsets.

Patient gene expression processing

Genes counts for each patient samples were converted to counts per million (CPM) using
function CPM from the R/Bioconductor package edgeR (3.16.5; McCarthy et al. 2012; Robinson
et al. 2010). Lowly expressed genes were removed if CPM was smaller than 1 in one of all
group samples. Normalisation was then performed by the trimmed mean of M-values (TMM;
Robinson and Oshlack 2010) using the calcNormFactors function in edgeR. R/Bioconductor
package limma (3.30.12; Ritchie et al. 2015) which was applied for the differential expression
analysis, and the function voom (Law et al. 2014) was used to transfer raw counts to log2-
counts per million (logCPM) using the library sizes and normalise factors obtaining from the
normalisation step. Differential expression analysis between cohesin mutant and non-cohesin
mutant patients was performed by the ImFit and eBayes (Phipson et al. 2016) functions in

limma.

Expression data of mouse LSK cohesin knockdown

Published RNA-Seq dataset for RNA-sequencing control (Ren) and cohesin (Stag2, Smcla, and
Smc3) knockdown cells (Mullenders et al. 2015) were retrieved from Gene Expression Omnibus

(GEO) under accession GSE72368.

Single-end 50bp RNAseq reads were aligned against Ensembl mouse genome (NCBIM37) with
Tophat2 (2.0.11; Kim et al. 2013). Reference sequence assembly and transcript annotation
that obtained from Illumina iGenomes (https://support.illumina.com/sequencing/ sequenc-
ing_software/igenome.html). Gene-based read count was obtained using featureCounts function
from Rsubread Bioconductor package (1.24.2; Liao et al. 2013, 2014). Normalisation was per-
formed in DESeq2 Bioconductor package (1.14.1; Love et al. 2014. Differentially expressed
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gene analysis was also performed with DESeq2 and defined with Benjamini-Hochberg adjusted
p-value<0.05.

Rad21 KO macrophage data

Macrophage RN Aseq data

Data from our lab published in Cuartero et al. 2018. In sort, 2 million cells were sorted for
each condition from three biological replicates. RNA was extracted with an RNeasy Minikit
and using Qiashredder (Qiagen). RNA was assessed for quality (Bioanalyzer, Agilent) and
quantified (Qubit, Invitrogen). ERCC RNA Spike-Ins (Invitrogen, 4456740) were added, and
strand-specific libraries prepared from 750 ng of total RNA using TruSeq Stranded Total RNA
Kit (Ilumina, RS-122-2201). RNA was prepared by Dr Sergi Cuartero. Libraries were se-
quenced on an [lumina Hiseq2500 (v4 chemistry), generating 40 million paired-end 100-bp
reads per sample. Reads were aligned to mouse genome mm9 using Tophat2 (Kim et al. 2013)
with arguments —library-type fr-firststrand —b2-very-sensitive —b2-L 25, with gene annotations
from Ensembl version 67. RUVseq Bioconductor package was applied with RUVs function and
k=3 (1.18.0; Risso et al. 2014) for ERCC spike-ins and replicate samples as controls, then,
differential expression analysis was performed using DESeq2 (Love et al. 2014). FPKM values
were computed in R . RNA content calculated as in Kouzine et al. 2013 by Dr Gopuraja Dhar-
malingam. Differential expression analysis and normalisation were carried out by Dr Yi-Fang

Wang.

The RNA from mouse Rad21-TEV macrophages was extracted by DrFelix Weiss and published
in (Cuartero et al. 2018). RNA was extracted using the PicoPure RNA Isolation Kit (Ther-
moFisher) and then treated with RNase-Free DNase Set (Qiagen). Three biological replicates
were sequenced per condition. Libraries were prepared from 100ng of RNA per sample using
the NEBNext Ultra II Directional RNA Library Prep Kit for [llumina using ribozero ribosomal
RNA (rRNA) depletion. Sequencing was carried out on an Illumina Hiseq2500 (v4 chemistry),
generating 40 million paired-end 100-bp reads per sample. Tophat (Kim et al. 2013) was used
for alignment to the mouse genome mm9 with arguments —library-type fr-firststrand —b2-very-

sensitive —b2-L, 25, with gene annotation from Ensembl version 67. Read counts on genes were
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summarised using HTSeq-count. Differentially expressed genes were identified using DESeq2

(Love et al. 2014).

GROseq data

Data published in Cuartero et al. 2018 and produced by Dr Sergi Cuartero. GROseq libraries
were prepared from two biological replicates per condition from 5 million cells. First, a nuclear
run-on was conducted. Then, RNA was extracted using Trizol (Ambion) and treated with
Turbo DNase (Ambion AM1907). Subsequently, RNA was fragmented (Ambion, AM8740)
and purified on P-30 columns (Bio-Rad 732-6250). After RNA phosphorylation with PNK
(New England Biolabs, Y904L), RNA was purified again using anti-BrdU beads (SantaCruz,
sc-214314). ¢cDNA was obtained through reverse transcription with barcoded oligonucleotides.
This ¢cDNA was then purified, amplified by PCR and purified again from a gel (Novex 10%
TBE gel). cDNA was cleaned following the ChIP DNA Clean Concentrator Kit (Zymo D5205).
Sequencing products were 50-bp single-end reads. The 10 most 3 bases were discarded based
on fastqc quality assessment. Reads were aligned to mouse genome mm9 using bowtie with
arguments -1 30 -m 10 -n 2 —trim3 10. Read counts on enhancers were computed using summa-
rizeOverlaps function from GeomicAlignments R Package. DESeq2 (Love et al. 2014) identified

DE genes and enhancers using the enhancer macrophage set described in Ostuni et al. 2013.

Bioinformatic analysis

LPS-inducible gene subset

560 genes strongly induced by LPS in macrophages from from Figure 3 of Bhatt et al. 2012.

Constitutive gene subset

Constitutive genes were 5481 genes non-DE by RNA-seq between untreated W'T macrophages
and 2h and 8h LPS-activated WT macrophages (DEseq2, padj > 0.05 and |log2FoldChange|
< 0.5)
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LPS-repressed gene subset

LPS-repressed genes were 4123 genes up-regulated in WT 8h vs WT untreated macrophages
(DEseq2, padj < 0.05 and log2FoldChange > -0.5).

Macrophage enhancers

Macrophage enhancers come from Ostuni et al. 2013. Superenhancers were identified using

ROSE (Whyte et al. 2013) in Cuartero et al. 2018.

Gene Set Enrichment Analysis
GSEA (Mootha et al. 2003; Subramanian et al. 2005) was performed using as ranks log2Fold Changes

from DESeq2 results using MSigDB gene sets (Liberzon et al. 2015). Low expressed genes were
excluded by using the DESeq2 independent filtering approach.

RNA pol II pause ratio calculation

Calculated from GROseq reads as in Day et al. 2016:

ReadCount(T'SS)/L1
ReadCount (Gene Body) /L2

Pausing Ratio = (6.14)

Where L1 is the length of the gene TSS region (TSS + 500 bp) and L2 is the length of gene
body region (+500 bp past TSS to gene TES).

Known Motif Promoter Enrichment Analysis

Enrichment of known transcription factor motifs in gene promoters (T'SS + 2kb) was performed

using Homer’s findMotifs.pl program (Heinz et al. 2010).
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Voronoi maps

KEGG gene ontologies (Kanchisa and Goto 2000) were visualised using Voronto (Santamaria

and Pierre 2012) using the mean FPKM across replicates as input.

Single cell RN Aseq

WT and Rad21 KO macrophage scRNAseq

WT and Rad21 KO macrophages were sorted using FACS into 96 well plates by Sergi Cuartero
and sent to CNAG-CRG where they sequenced and aligned them using the MARS-Seq tech-
nique (Jaitin et al. 2014). This approach uses a two-level indexing of 192 cells per pool and
multiple pools per sequencing lane. Sequencing was carried out as paired-end reads, wherein
the first read contains the transcript sequence and the second read the cell barcode and UMIs.
Quality check of the generated reads was performed with the FastQC quality control suite.
Samples that reached the quality standards were then processed to deconvolute the reads to
single-cell level by de-multiplexing according to the cell and pool barcodes. Reads were filtered
to remove polyT sequences. Sequencing reads from human, mouse, or canine cells were mapped
with the RNA pipeline of the GEMTools 1.7.0 suite (Marco-Sola et al. 2012) using default pa-
rameters (6% of mismatches, minimum of 80% matched bases, and minimum quality threshold
of 26) and the genome references for human (Gencode release 24, assembly GRCh38.p5), mouse
(Gencode release M8, assembly GRCm38.p4), and dog (Ensembl v84, assembly CanFam3.1).
The analysis of spike-in control RNA content allowed us to identify empty wells and barcodes
with more than 15% of reads mapping to spike-in artificial transcripts were discarded. In ad-
dition, cells with less than 60% of reads mapping on the reference genome or more than 2106
total reads were discarded. Gene quantification was performed using UMI corrected transcript
information to correct for amplification biases, collapsing read counts for reads mapping on a
gene with the same UMI (allowing an edit distance up to two nucleotides in UMI comparisons).
Only unambiguously mapped reads were considered. Genes not expressed in at least 5% of the
cells were discarded. Thresholds were set to reduce technical noise, but to conserve the sensi-
tivity to identify low frequency outlier cell populations and to capture differences between fresh

and cryopreserved cells. Sequence alignment and initial analysis were performed by Gustavo
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Rodriguez and Elisabetta Mereu.

Variability analysis

Dr Nils Eling carried out scRNAseq variability analysis at Jonh Marioni’s lab in Cambridge.
He used BASICS to detect differentially expressed and differentially variable genes (Eling et al.
2018; Vallejos et al. 2015). Genes were filtered, so all genes considered had an average posterior
mean expression > 1 in each population. Only genes with no change in mean expression were

considered (FDR cutoff of 0.05) for Figure 3.20.

Module score

Measure developed in Shalek et al. 2014 and used in this thesis with some modifications. It
measures the level of expression of a subset of genes in scRNAseq First, for each cell, we
transform the gene counts into counts per million (CPM). Then, for each gene, we calculate «,
o, and p for each sample. « is the fraction of cells with the gene detected. p is the mean CPM
of cells with counts detected for that gene, and o is the standard deviation. Then, each cell is
fitted into a logarithmic regression using the ScikitLearn python module to obtain B0, and B1

for each cell. Then, we calculate the gene weight (w) as:

1
1 4+ e~ (Boo—Boaxp)

w(C,G) = (6.15)
Weight is set as 1 if the transcript is detected in the cell. Alternatively weight = 1 - w(C, G) if
there is no transcript detected in the cell. Then, for each gene in the module, we calculate its
induction values as the CPM of that gene in the cell divided by the average expression + 1 of

the gene in a control sample (often WT untreated).

Finally, the gene module score for each cell is the weighted mean of the induction values of all

the genes in the subset in the cell.
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Statistical analysis for comparisons

qPCR data comparisons

Equal variance t-test as implemented in HypothesisTests.jl Julia package with the Bonferroni
method to correct for multiple testing as implemented in MutipleTesting.jl Julia package. Equal
variance t-test function is a two-sample t-test where the null hypothesis is the two distributions
have the same mean and variance against the alternative hypothesis that they share the variance
but not the mean. Similar results were found when it was not assumed that variances were

equal.

Comparison between mitochondria imaging data

Same as the

qPCR data comparisons

section. Replicates were imaged on the same day and were quite similar among them, so there

was no need to use a statistical test that considers technical differences among replicates.

Comparisons between the expression log2FoldChanges in one com-

parison vs the log2FoldChanges in another

Wilcoxon Rank test against the null hypothesis that the distribution of the differences has 0 as
the median as implemented in the Julia package HypothesisTests.jl with the Bonferroni method

as implemented in MutipleTesting.jl Julia package to correct for multiple testing.

Burst frequency and size comparisons

We used a one-way ANOVA with Tukey HSD correction for TSS intensity comparisons as im-

plemented in R. Replicate is considered an independent variable. For burst frequency compar-
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isons, we opted for the Cochran—Mantel-Haenszel test as implemented in R, with the Bonferroni
method as implemented in MutipleTesting.jl Julia package to correct for multiple testing. This
test tests the association between two nominal variables independently of a third called the
strata. In this case, the null hypothesis is that the burst frequency between samples is equal.
The Bonferroni method corrected for multiple testing. Both statistics had the advantage of
taking into account the number of individual measures and the variability across technical

replicates.
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Chapter 7

Supplementary Material

Distance to nearest

Gene TAD boundary (bp)
Hprt 58686

Spred?2 99378

Sertad?2 206744

1112b 211435

Actb 231567

Ifnb1 306302

Peli1 341294

Fhi 1005766

Table 7.1: Distance to nearest TAD boundary of genes studied for burst frequency
and size. TAD were called as described (Rao et al. 2017) by Ya Guo from mouse BMD
macrophages Hi-C data (GSE115524, Mumbach et al. 2019)
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Genotype LPS (min) 1112b Ifnbl
WT 0 2 2
WT 120 2 3
Rad21 KO 0 2 2
Rad21 KO 120 2 3
Rad21 KO+WT 0 3 3
Rad21 KO+WT 120 3 3

Table 7.2: Number of technical replicates for replicates for mix and unmix samples

in Il12b and Ifnbl1 smFISH experiments.

Comparison Gene log2FoldChange adjusted p-value
Fadst KO TIPS W08 o6t

fgot KO b | L2 305
JEZ?Z Eg h Egg I e 1.867 1.09e-4
Fdot KOS IPS | Mel 1 0503
Pz KOmIPS M08 021

gi’ﬁﬁ Eg gi Iﬂgg Y 0.71 0.075

Table 7.3: Differential expression analysis in LPS-activated Rad21 KO macrophages
with and without IFN priming by RNAseq.
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DAPI
Hprt intron

Rad21KO

Figure 7.1: Hprt bursts. 0, untreated macrophages. i0, 24h pre-treatment with IFN-v. 8, 8h
LPS. i8, 24h pre-treatment with IFN-y + 8h LPS. i8. Scale bars represent 10 pm.
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DAPI

Fh1 intron

Rad21KO

Figure 7.2: Fh1 bursts. 0, untreated macrophages. i0, 24h pre-treatment with IFN-v. 8, 8h
LPS. i8, 24h pre-treatment with IFN-+v 4+ 8h LPS. i8. Scale bars represent 10 pm.
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RNAseq_log2FoldChange

% of DE genes in bin

DE genes

Tt

rogs

Up

s Down

Figure 7.3: Lowly express genes tend to be up-regulated whereas highly express
genes tend to be down-regulated in Rad21 KO. First, all genes are sorted into intervals
based on the rlogs log2 mean between control and cohesin-depleted macrophages. Then, DE
genes are selected (padj < 0.05). TOP) Box plots showing the log2 fold changes in each bin.
BOTTOM) Proportion of up-regulated (Up) and down-regulated genes (Down) in each bin.
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Figure 7.4: Increase inducible gene expression in Ifnb1-producer cells by replicate.
Each column correspond to a replicate. A) WT macrophages. B) Rad21 KO macrophages. A
cell is considered to be a Ifnb! producer if it contains 2 of more Ifnb1 counts
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A Ifnb1KO cells Ifnb1KO cells Ifnb1KO cells
Mix
E Ifnb1KO

B Ifnb1KO+WT
[ Ifnb1KO+Rad21KO

B Ifnb1KO cells Ifnb1KO cells Ifnb1KO cells
Mix
E Ifnb1KO
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[ Ifnb1KO+Rad21KO

WT cells WT cells WT cells

Mix
B wWT
B fnb1KO+WT

D Rad21KO cells Rad21KO cells Rad21KO cells
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Figure 7.5: M=zl and Czcl10 counts in Ifnb1KO, WT, Rad21 KO and Mix
populations by replicate. A) Mz! counts for Ifnb1KO cells (Green classified cells in
Ifnb1KO,Ifnb1 KO+WT and Ifnb1KO+ Rad21 KO mixes). B) Czcl10 counts for Ifnb1KO cells
(Green classified cells in Ifnb1KO,Ifnb1KO+WT and Ifnb1KO+Rad21 KO mixes). C) Czcl10
counts for WT cells (Red classified cells in WT and IfnblKO+WT mixes). C) Czcl10 counts
for Rad21 KO cells (Red classified cells in Rad21 KO and Ifnb1KO+Rad21 KO mixes). Each
column is a replicate. 3 biological replicates. 48993 cells images in total.
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