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Abstract

The NF-kB transcription factor RELA is a master regulator of the immune response and cell
survival. Numerous studies have determined the parameters and configuration of single cell
RELA translocation dynamics, with various cell types displaying oscillations in RELA
localisation. Nonetheless, single cell RELA dynamics in Pancreatic Ductal Adenocarcinoma
(PDAC) cells are uncharacterised, even though RELA is constitutively active in PDAC and
RELA is a prognostic marker for poor survival. Additionally, the Bakal lab has shown that

RELA localisation is regulated by cell shape, but the mechanistic basis is unknown.

Using live imaging of CRISPR-CAS9 fluorescently tagged RELA, | characterised single cell
endogenous RELA responses in two human PDAC cell lines in response to TNFa levels
physiologically relevant to PDAC. PDAC cells responded atypically and with high sensitivity
to TNFa, as RELA dynamics are sustained, non-oscillatory and cell cycle independent.
Remarkably, single cells with higher RELA nuclear localisation are more likely to undergo
TNFa-induced cell death, adding complexity to prior understanding of RELA as a

pro-survival factor.

To pinpoint the molecular mechanism of cell shape control of RELA, | incorporated measures
of geometry and cytoskeletal proteins into Bayesian network models and identified actin
dynamics as a source of heterogeneity in RELA translocation with TNFa. Using small
molecule inhibitors, | discovered that the nucleation of actin stress fibres and branched actin

function in RELA responses to TNFa.

| then used RNA sequencing and Co-IP with protein mass spectrometry to identify effectors
and interactors of RELA in PDAC. Notably, RELA significantly upregulates the non-canonical
NF-kB pathway, as well as the actin regulators ARHGAP31 and NUAK2. Furthermore, |

found evidence that negative feedback by IkBB and € govern RELA dynamics in PDAC cells.



Finally, 1 characterised RELA responses to reovirus infection, in combination with PARP
inhibition based on a screen result, providing the first temporal resolution of single cell RELA
responses to oncolytic viruses. PDAC cells responded to the reovirus T3D with continuous
RELA dynamics while melanoma cells displayed a switch-like response. Moreover, cells with
high RELA nuclear localisation with reovirus infection underwent cell death. Notably, PARP

inhibition enhanced reovirus-induced RELA nuclear translocation and cell death.

These discoveries confirm RELA hyperactivity in PDAC on the single cell level and identify
positive feedback loops between RELA and actin, in addition to perturbation of negative
feedback, as underlying mechanisms. | also provide evidence that elevated RELA nuclear

localisation is associated with cell death in multiple immune-related settings.
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Chapter 1: Introduction

1.1 NF-kB transcription factors

1.1.1 Overview - members, structures, and interactions

The nuclear factor kappa B (NF-kB) family of transcription factors are master regulators of
the stress response, with hundreds of target genes involved in a broad spectrum of
processes, including cell death (Antwerp et al., 1996; Barkett and Gilmore, 1999),
proliferation (Zhang et al., 2004; Li et al., 2014), senescence (Lesina et al., 2016) and
differentiation (Liou et al., 2013; Stein and Baldwin, 2013; Sero et al., 2015). NF-kB
transcription factors also play multiple roles within the immune system, in particular lymphoid
organogenesis (Caamano et al., 1998; Alcamo et al., 2002), pathogen recognition (Alcamo
et al., 2001; Alexopoulou et al., 2001), and inflammatory responses (Yang et al., 1998;

Miagkov et al., 1998; Chen et al., 2003; Monaco et al., 2004).

NF-kB transcription factors are expressed in all mammals and Drosophila but are absent in
C. elegans and yeast (Steward, 1987; Pujol et al., 2001; Wang et al., 2006; Gilmore, 2006;
Gilmore and Wolenski, 2012). NF-kB proteins were discovered by Ranjan Sen and David
Baltimore in 1986 from a mobility shift assay identifying nuclear factors binding to the heavy-
and K light-chain enhancers. NF-kB was found to have strong binding affinity to the enhancer
of the immunoglobulin k light-chain gene in B cells but not in the other tested cell lines (Sen
and Baltimore, 1986). Nonetheless, NF-kB proteins have since been reported as not specific
to B cells nor critical regulators of the k light chain gene, since NF-kB knockout B cells can
produce k light-chain containing antibodies. In addition, the intronic Kk enhancer, which
contains the NF-kB binding site, is not necessary for the production of k light
chain-containing antibodies (Xu et al., 1996; Hoffmann and Baltimore, 2006). The presence

of cytoplasmic NF-kB in unstimulated conditions was also discovered (Baeuerle and
22



Baltimore, 1988a), in addition to cytoplasmic NF-kB inhibition by a protein called Inhibitor of

nuclear factor kappa B (IkB) (Baeuerle and Baltimore, 1988b).

There are five NF-kB transcription factors: RELA (p65), RELB, REL (c-REL), NF-kB1 (p105)
and NF-kB2 (p100) (Wilhelmsen and Temin, 1984; Ghosh et al., 1990; Schmitz and
Baeuerle, 1991; Ryseck et al., 1992). p50 and p52 are the processed forms of
phosphorylated p105 and p100 respectively (Blank et al., 1991; Riviére et al., 1991; Mercurio
et al., 1993). NF-kB family members function as homodimers and heterodimers, with most
combinations detected and all combinations believed to exist under certain conditions (Nolan
et al., 1991; Ghosh et al., 2012). However, the heterodimer containing RELA and p50 is the
best characterised, ubiquitously expressed, and functions in the canonical NF-kB pathway,
which is described in Section 1.1.2 (Kunsch et al., 1992; Ramsey et al., 2019; Gilmore and
Wolenski, 2012). For these reasons, the RELA:p50 heterodimer is commonly referred to as

NF-kB.

RELA, RELB, REL, p50 and p52 harbour a common Rel Homology domain (RHD): a 300
amino acid domain that contains sequences essential for dimerisation, nuclear import, and
DNA binding to sequences in the promoters of target genes termed ‘kB’ sites (Ghosh et al.,
1990; Kieran et al., 1990; Nolan et al., 1991; Ryseck et al., 1992). kB sites are around 10 bp
in length and are diverse in sequence with the consensus ‘5'-GGGRNYYYCC-3', where R is
a purine; Y is a pyrimidine; and N is any nucleotide (Chen et al., 1998). Another crucial
component of NF-kB structure is the C-terminal transactivation domain (TAD), which is
present in RELA, RELB and REL but not p52 and p50. (Schmitz and Baeuerle, 1991;
Ryseck et al., 1992; Martin and Fresno, 2000). Therefore, RELA, RELB and REL need to be
present in an NF-kB dimer for the dimer to be transcriptionally active. Consequently, p50-p50
and p52-p52 homodimers typically repress transcription (Cheng et al., 2011). In addition to
the TAD, RELB requires an N-terminal leucine zipper domain for activation (Dobrzanski et
al., 1993). IkB molecules are a subfamily of the large Ankyrin Repeat Domain superfamily,

with 5-7 ankyrin repeats that mediate interaction with the RHD of NF-kB proteins to prevent

23



NF-kB nuclear translocation (Jacobs and Harrison, 1998). p105 and p100 also have ankyrin
repeats and can function as IkB proteins before proteolytic processing (Fan and Maniatis,

1991).

The most C-terminal region of the RHD (~100 amino acids) is responsible for dimer
formation, with each subunit of an NF-kB dimer providing a symmetrical $-strand element
that combine to form a [B-sheet at the interface, with approximately 12 side chains per
subunit mediating contact (Ghosh et al., 1995; Huxford et al., 1998). There are 15 possible
combinations of NF-kB subunits for homo or heterodimers, though certain combinations
occur more frequently, in particular the RELA:p50 and the RELB:p100 heterodimers
(Hoffmann et al., 2006). Subunits also bind with different affinities, for instance, the
RELA:p50 heterodimer interface is stronger than that of either homodimer (Chen et al.,
1998). Interestingly, subunit specificity is not significantly correlated with the sequence of kB
binding sites, suggesting that dimer selection is not due to the kB sequence alone. This was
shown by Hoffmann et al. by generating cell lines with deficiencies for NF-kB proteins (either
single or multiple knockouts) and assaying endogenous gene expression following exposure
to the cytokine Tumour Necrosis Factor a (TNFa), which identified the contribution of each
subunit to target gene expression (Hoffmann et al., 2003). Nonetheless, studies have looked
into the binding site preferences of different NF-kB subunits and identified general
preferences in terms of target sequence length. One study identified that p50 has an affinity
for 11 bp sites while RELA and REL select for 10 bp sites (Kunsch et al., 1992). Another
study identified that RELA:p50 dimers bind to 10 bp and 11 bp sequences with similar
affinities and 10-fold more strongly than RELA or c-REL homodimers, which themselves bind

with high affinity to 9 bp sequences (Phelps et al., 2000).

NF-kB proteins are known to co-operate with and, in some cases, directly bind to other
transcription factors to regulate target gene expression, including IRFs (Tong et al., 2016),
STATs (Yang et al., 2007; Lee et al., 2009), C/EBPs (Stein et al., 1993a), AP1 members

(Stein et al., 1993b), and p53 (Webster and Perkins, 1999). NF-kB proteins also recruit
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non-specific chromatin modifiers to aid transcriptional activation. Histone acetyltransferase
complexes (HATs) and histone deacetylases (HDACs) regulate the addition and removal of
acetyl residues to lysines of histones respectively, where lysine acetylation is associated with
active transcription (Allfrey et al., 1964; Bannister and Kouzarides, 1996; Taunton et al.,
1996). NF-kB factors are particularly associated with the HAT CBP/p300 (Berghe et al.,
1999) and HDACs 1 and 2 (Ashburner et al., 2001), which in turn impact NF-kB-directed
gene transcription. kB target sequences (Leung et al., 2004) and the phosphorylation status
of NF-kB subunits (Zhong et al., 1998, 2002) affect which cofactors interact with the NF-«kB
dimer bound to a target gene. Finally, NF-kB factors can interact with atypical IkB proteins
such as Bcl3 and IkB{, which are reported to act as anti-repressors of p50 and p52

homodimers (Bours et al., 1993; Yamamoto et al., 2004).

1.1.2 The canonical and non-canonical NF-kB signalling pathways

There are two major NF-kB signalling pathways, referred to as ‘canonical’ and
‘non-canonical’ (Figure 1.1). The canonical NF-kB pathway is responsive to most
physiological NF-kB stimuli, including the potent activators TNFa, interleukin 1 (IL1), and
lipopolysaccharide (LPS) (Bonizzi and Karin, 2004). Meanwhile, selective stimuli activate the
non-canonical pathway, including some TNFa family cytokines like lymphotoxin- (Dejardin
et al., 2002) and the costimulatory molecule CD40 on B cells (H6mig-Holzel et al., 2008).
Moreover, there are only a few identified functions of the non-canonical pathway, with the

best-studied role in lymphoid organogenesis (Siebenlist et al., 2005)
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Figure 1.1 Canonical and non-canonical NF-kB signalling pathways

In the canonical NF-kB pathway (left of figure), RELA:p50 heterodimers are sequestered in the
cytoplasm by IkBa in basal conditions. TNFa ligand binding to its receptor stimulates the assembly of
a multimeric complex (TRADD, FADD - not shown, TRAF2, RIPK1 and TAK1). TAK1 phosphorylates
and activates the IKK complex consisting of two catalytic subunits IKKa and IKKB with the regulatory
subunit NEMO (also known as IKKy). The IKK complex phosphorylates IkBa, targeting IkBa for
degradation via the proteasome and releasing the RELA:p50 complex. Free RELA:p50 translocates to
the nucleus where it binds to DNA at kB sites to regulate target gene transcription. In the
non-canonical NF-kB pathway in unstimulated conditions, RELB is in a complex with p100, which acts
as an IkB protein holding the complex in the cytoplasm. Activation of the non-canonical pathway (right
of figure) occurs by select stimuli, including LT-3, which stimulates NIK phosphorylation and activation
of an IKK complex of two IKKa subunits, which in turn phosphorylate p100 to trigger its cleavage into

p52. The RELB:p52 heterodimer is then able to translocate to the nucleus.
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The canonical NF-kB signalling pathway involves the NF-kB heterodimer RELA:p50
(Baeuerle and Baltimore, 1989). In basal conditions, RELA:p50 is actively exported from the
nucleus and sequestered in the cytoplasm by IkBa, which masks the nuclear localisation
signal (NLS) of RELA and other NF-kB proteins (Arenzana-Seisdedos et al., 1997; Beg et
al.,, 1992). One well-understood route for canonical NF-kB pathway activation is through
TNFa binding to its receptor, leading to the formation of a multimeric complex including the
adaptor protein TRADD, the kinase RIPK1, and the ubiquitin ligase TRAF2 (Kelliher et al.,
1998; Micheau and Tschopp, 2003). This receptor complex recruits the IkB kinase (IKK)
complex, consisting of IKKa, IKKB, and NEMO/IKKy in the canonical NF-kB pathway
(Mercurio et al., 1997; Rothwarf et al., 1998). IKKp is then phosphorylated and activated by
TAK1, a member of the MAPK protein kinase family (Wang et al., 2001). Activated IKK
complexes phosphorylate IkBa proteins, leading to ubiquitination and degradation of IkBa via
the proteasome (Chen et al., 1995; DiDonato et al., 1997). IkBa removal exposes the NLS of
the NF-kB heterodimer, which enters the nucleus and regulates target gene transcription

(Latimer et al., 1998).

The non-canonical pathway is dependent on the kinase NIK, which is regulated by TRAF3
and TRAF2 (Vallabhapurapu et al., 2008). NIK phosphorylates and activates an IKK complex
consisting of two IKKa subunits, which phosphorylate p100 (NFKBZ2) associated with RELB.
p100 is then processed into p52, generating the transcriptionally competent RELB:p52

complex (Senftleben et al., 2001a; Xiao et al., 2001).

1.1.3 RELA nuclear import and export

The nuclear envelope has nuclear pore complexes (NPCs) through which import and export
systems transport large molecules (> 40 kDa) including RELA and p50, which each have a
classical arginine and lysine-rich NLS that bind to importin a/B heterodimers (Fagerlund et
al., 2005). In basal conditions, IkBa limits RELA nuclear translocation by masking the NLS of

RELA (Beg et al.,, 1992), while IkBa degradation and subsequent NLS exposure enable
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initial binding of importin a3 and a4 proteins to the NLS, followed by recruitment and binding
of importin-B to transport the RELA:p50 heterodimer through NPCs (Fagerlund et al., 2005).
The GTPase Ran supplies the energy for nuclear transport. In the nucleus, importin-bound
Ran-GDP is converted to Ran-GTP, which triggers dissociation of importin-§ from RELA and
results in free RELA that can bind to DNA (Gorlich et al., 1996). Nuclear RELA can be
ubiquitinated and degraded via the proteasome (Saccani et al., 2004) or exported from the
nucleus. The latter involves binding of newly synthesised IkBa to RELA and removal of
RELA from gene promoters, followed by binding of exportin-1 to RanGTP and the nuclear
export signal (NES) of IkBa in complex with RELA (Brown et al., 1993; Scott et al., 1993;
Sun et al., 1993; Richards et al., 1997; Huang et al., 2000; Kashyap et al., 2016). After the
passage of exportin with its cargo through NPCs into the cytoplasm, RanGTP is hydrolysed

to RanGDP by RanGAP, thus stimulating cargo release (Dahlberg and Lund, 1998).

1.1.4 Post-translational modifications of RELA

Protein phosphorylations are mediated by protein kinases that transfer a phosphate to the
hydroxyl group of serine, threonine or tyrosine on a target protein. In the case of RELA,
phosphorylations predominantly affect transactivation. Two important phosphorylations for
RELA activity occur on serine 276 (S276) and serine 536 (S536). S276 is in the RHD of
RELA and is predominantly phosphorylated by Protein Kinase A (PKA) (Zhong et al., 1997,
1998), but is a target of multiple other kinases including MSK1 and MSK2 (Vermeulen et al.,
2003; Jacks and Koch, 2010). S276 phosphorylation occurs in response to IkBa degradation
since the catalytic subunit of PKA is masked by the IkBa:RELA complex (Zhong et al., 1997).
S276 phosphorylation is involved in coactivator recruitment to target gene promoters, as
phosphorylation causes a conformational change in RELA that enhances interaction with
CBP/p300 and enables acetylation of K310 on RELA, which impacts transcriptional
specificity (Zhong et al., 1998; Buerki et al., 2008). Meanwhile, S536 is located in the TAD of

RELA and is mediated by multiple kinases, including TBK1 and the IKKs a, B and € (Sakurai
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et al., 1999; Buss et al., 2004a). Similar to S276, S536 phosphorylation increases CBP/p300
binding and K310 acetylation of RELA, however, S536 is not associated with IkBa
degradation but may promote RELA nuclear translocation (Sasaki et al., 2005). Other
characterised phosphorylation sites on RELA include threonine 254, which controls IkBa
binding (Ryo et al., 2003), and serine 468, which is involved in negatively regulating basal

RELA activity (Buss et al., 2004b).

1.1.5 RELA and the immune system

The immune system encompasses the interconnected innate and adaptive responses. The
innate response is a rapid response to pathogens and involves soluble factors, including
cytokines and chemokines, and several effector cell types, such as macrophages, dendritic
cells (DCs), and natural killer (NK) cells. In contrast, adaptive immunity develops more
slowly and is mediated by CD4+ (helper, effector, regulatory and memory) T cells and CD8+
(cytotoxic) T cells (reviewed by Dranoff, 2004). The adaptive response is subdivided into the
humoral and cell-mediated immune responses. Humoral immunity is characterised by B cell
antibody production and the formation of immunologic memory (Slifka et al., 1998). Humoral
immunity requires helper T cells to promote B cell differentiation to produce neutralising
antibodies against specific antigens (Parker, 1993). Meanwhile, cellular immunity focuses on
the elimination of pathogens that invade intracellularly and culminates in cytotoxic T cell

destruction of infected cells (Dennert and Lennox, 1972).

NF-kB signalling is involved in the development and homeostasis of hematopoiesis - the
generation of the lymphoid, myeloid and granulocytic lineages. Myeloid stem cells give rise
to macrophages, neutrophils, basophils, mast cells and eosinophils, while the common
lymphoid progenitor gives rise to T cells, B cells and NK cells. DC cells can arise from either
myeloid or lymphoid lineage (Hayden et al., 2006). Neutrophils, eosinophils and basophils
are also referred to as granulocytes as they harbour protein-containing granules key to their

function (Borregaard and Cowland, 1997). Notably, RelA knockout mice are embryonic lethal
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so the role of RelA in hematopoiesis in adult animals needs to be studied by other means,
typically involving the use of non-degradable IkBa (IkB-SR), or through rescue of murine
RelA or IKKB knockout by deletion of TNFa or the TNFa receptor (Beg et al., 1995a; Hayden
et al., 2006). Interestingly, p50-deficient mice are not embryonic lethal but have immune

deficiencies and are particularly susceptible to infection (Sha et al., 1995).

RELA is responsive to diverse stimuli attached to the innate immune system, including
pattern recognition receptors (PRRs) such as toll-like receptors and RIG-I-like receptors
(Medzhitov and Janeway, 1997). Cells expressing PRRs detect microbial components called
pathogen-associated molecular patterns (PAMPs), in addition to detecting
damage-associated molecular patterns (DAMPs), which are released by damaged and
necrotic tissues (Scaffidi et al., 2002; EI Mezayen et al., 2007). In response to PAMPs and
DAMPs, macrophages become activated and secrete diverse cytokines and chemokines,
many of which are regulated by NF-kB, including TNFa, IL-13, IL-6, IL-8 and IL-12 (Collart et
al., 1990; Libermann and Baltimore, 1990; Hiscott et al., 1993; Kunsch and Rosen, 1993;

Murphy et al., 1995).

In the innate immune response, NF-kB signalling regulates the development of multiple cell
types, including DCs and granulocytes. A body of research has shown that DC development
depends on canonical NF-kB signalling, with a particular study finding that RelA/p50 double
knockout mice lack CD8a+ and CD8a- DCs, with other DC lineages reportedly unaffected
(Wang et al., 2007). Meanwhile, the CD8a- subset of DCs are believed to rely on RELB (Wu
et al.,, 1998). NF-kB inhibition also downregulates expression of MHC class Il and B7
co-stimulatory molecules in DC cells (McLellan et al., 2000; Yoshimura et al., 2001). In
mature granulocytes, RELA promotes homeostasis through anti-apoptotic signalling (Beg et
al., 1995b), while RELA appears to function in the protection of neutrophils from apoptosis

specifically during the inflammatory response (Francgois et al., 2005).
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In the adaptive immune system, NF-kB signalling functions during several stages of
lymphopoiesis. Out of all NF-kB signalling molecules, the generation of mature lymphocytes
is most severely disrupted by single knockout of the IKK complex subunit NEMO
(Schmidt-Supprian et al., 2000). However, combined loss of p52 and p50 or RelA and c-Rel
disrupts lymphopoiesis at early stages in mice (Franzoso et al., 1998; Grossmann et al.,
1999). Moreover, lymphocytes in the bone marrow and the thymus are selected in an NF-kB
dependent process reliant on apoptosis. The selection of CD4+CD8+ T cells depends on the
ability of their T cell receptor to recognise peptide:MHC complexes presented on
antigen-presenting cells, which are largely dendritic cells. The presence and strength of this
interaction determine which T cells are selected (Hayden et al., 2006). Notably, T cells with
too high affinity interactions are also removed as this occurs when T cells bind self
peptide:MHC - the hallmark of autoimmunity (Maynard et al., 2005). RELA is a downstream
effector of both the T cell receptor (TCR) and B cell receptor (BCR), which converge on IKK
activation and IkBa degradation (Khoshnan et al., 2000; Weil et al., 2003; Shinohara et al.,
2005). RELA functions in the positive selection of T cells through induction of antiapoptotic
genes and is also believed to promote apoptosis as a part of negative selection, following
high affinity TCR ligation (Hettmann et al., 1999; Mora et al., 2001). Furthermore, upon
activation, CD4+ T cells differentiate into different subsets of effector T cells, including Th1
and Th2 among others, and NF-kB signalling functions in CD4+ T cell differentiation through
cytokine production and T-cell intrinsic methods (Zhu et al., 2010). In particular, the T cell
subtype Th1 requires RELA and c-Rel expression (Aronica et al., 1999; Hilliard et al., 2002),
while Th2 responses involve p50 (Das et al., 2001). Conversely, NF-kB signalling functions
in the development of T regulatory cells, which suppress the immune response to prevent
autoimmunity and are generated with thymocyte development or with CD4+ T cell
differentiation (Sakaguchi et al., 1995). Mice deficient in the murine equivalents of TAK1, IKK
and the IKK-regulating signalling molecules CARMA1 and BCL10 have reduced T regulatory
cell production (Barnes et al., 2009; Chang et al., 2015; Glickel et al., 2011; Yang et al.,

2021).
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In addition to T cells, NF-kB factors regulate the selection of B cells, as shown by the
impaired humoral responses of mice deficient in any of the five NF-kB factors or those
expressing IkB-SR in B cells (Bendall et al., 1999). In B cells, NF-kB functions as a
pro-survival factor during negative selection, as immature B cells have constitutive NF-kB
activity that is downregulated following BCR ligation (Wu et al., 1996). Interestingly, during B
cell maturation there is a shift in RELA:p50 dimers to cREL:p50 dimers, which likely
functions to alter NF-kB targets to those appropriate at each stage of B cell development

(Liou et al., 1994).

Lastly, NF-kB signalling functions in the generation of primary lymphoid tissue (bone marrow
and thymus) as well as secondary lymphoid tissues, which include the lymph nodes, Peyer’s
patches and the spleen. Early stages of lymphoid organogenesis involve an interaction
between lymphotoxin a1B2-expressing hematopoietic cells and VCAM1-expressing stromal
cells that initiates a positive feedback loop involving RELA-activating and RELA-induced
cytokines, including lymphotoxin a1B2 itself, RANKL and TNFa (lademarco et al., 1992;
Jiang et al., 2003; Mouri et al., 2011; Yamashita and Passeguée, 2019). In addition, double
knockout mice for RelA and Tnfr1 lack Peyer’s patches and lymph nodes, and have
disordered spleens (Alcamo et al., 2002). The non-canonical NF-kB pathway also plays a
prominent role in maintaining splenic architecture, as shown by mice deficient for NIK or

RelB (Burkly et al., 1995; Kajiura et al., 2004).

1.2 Single cell RELA dynamics

1.2.1 Assays of NF-kB activity

Assessment of NF-kB activity can be approached by diverse biochemical and image-based
methods (Figure 1.2A). The most direct assays of RELA activity use nuclear extracts and
quantify DNA binding. In electrophoretic mobility shift assays (EMSA), also known as gel

shift assays, solutions of nucleic acids and a protein of interest are combined and subjected
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to electrophoresis to resolve protein-DNA complexes from free linear DNA, since
protein-bound DNA has slower mobility compared to free DNA. DNA binding activity can also
be assayed using luciferase reporters, whereby a luciferase gene is placed downstream of a
promoter controlled by multiple kB binding sites and luminescence is quantified (for
examples see Alexopoulou et al., 2001 [Figure 1A]; Arlt et al., 2003 [Figure 2B]; Turner et al.,
2010 [Figure 1A]). Alternatively, the level of binding to specific genomic regions can be
analysed by Chromatin Immunoprecipitation (ChlP) using a RELA antibody. EMSA and ChIP
can be followed up with next generation sequencing for whole-genome analysis, or ChIP can

be tested by gPCR with primers against promoters for target genes.

34



Figure 1.2
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Figure 1.2 Common in vitro assays of NF-kB activity

(A) Types of assays to assess nuclear NF-kB levels (pRELA immunofluorescence or western blotting),
DNA binding (EMSA, ChIP or luciferase reporter), or activation of target genes by RNA quantification
(RNA-seq/RT-gPCR/RNA-FISH). Alternatively, cytoplasmic NF-kB can be assayed by Co-IP or
measurement of the ratio of phosphorylated IkBa (a measure of IkBa degradation) to total IkBa and
as a measure of NF-kB inhibition. The ratio of cytoplasmic to nuclear NF-kB localisation can be
assayed using subcellular fractionation, immunofluorescence or live imaging with fluorescent
reporters. (A’) Schematic cartoon representation of a western blot of activated versus total RELA and
phosphorylated IkBa versus total IkBa (top) and RELA EMSA (bottom) of simulated measurements
are shown over time following cell stimulation with TNFa (e.g. 10 ng/ml). Peak RELA activation occurs
~1 hr after TNFa addition followed by oscillations in IkBa and activated RELA levels over time. The
western blot is based on results from Nelson et al., 2004 (Figure 4D) and the EMSA from Hoffmann et
al.,, 2002 (Figure 2E). (B) General pipeline for image-based assessment of NF-kB subcellular
localisation. Fluorescently labelled nuclei in microscopy images are segmented and tracked using
automated image analysis (e.g. using Fiji, Nuclitrack or CellProfiler). Features, including geometric
and intensity measurements, are measured in the segmented regions on a single cell basis. (B’)
Commonly measured features of live RELA dynamics. (C) Categories of frequently observed RELA
translocation dynamics in response to continuous TNFa stimulation. In all cases, peak RELA nuclear
localisation occurs rapidly after TNFa addition. The most commonly observed RELA dynamics profile
has damped oscillations of RELA nuclear localisation (1), while persistent RELA oscillations have also

been observed (2). In a subset of cell types, RELA is transiently in the nucleus with a single pulse (3).
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Using whole-cell extracts, RELA activity can be analysed using western blotting by
comparing the level of pRELA (Ser536), which indicates IKK activity (Sakurai et al., 1999),
against total RELA; or plkBa (Ser32 or Ser36) against total IkBa, which informs on the
proportion of IkBa targeted for degradation (Traenckner et al., 1995). Oscillations, a common
profile of RELA dynamics discussed further in Section 1.2.2, were initially identified by EMSA
(Hoffmann et al., 2002) then by western blotting for pRELA and RELA and live imaging

(Nelson et al., 2004) (Figure 1.2A).

Most modern studies quantify cytoplasmic to nuclear RELA translocation as a measure of
RELA activity. Although not commonly employed, assays can assess the population average
subcellular RELA relocalisation response to stimuli using subcellular fractionation (Hayashi
et al., 1993). However, a more popular approach is to assay RELA localisation with single
cell resolution using immunofluorescence, or augmented further to include temporal
resolution by using live imaging. Importantly, single cell assays have revealed wide interline
and intraline heterogeneity in RELA responses to various cell stresses (Nelson et al., 2004;
Sero et al., 2015; Martin et al., 2020). Analysis of RELA activity by subcellular localisation
relies on the assumption that NF-kB factors are always inactive in the cytoplasm and more
likely to be active when nuclear. However, live imaging may be carried out in concert with
NF-kB activity luciferase reporters or measurement of target gene expression by RNA-seq or
RNA Fluorescence In-Situ-Hybridization (RNA-FISH) to confirm NF-kB activity. A prime
example of a combined live imaging and gene expression approach is by Lane et al. (2017),
who live imaged p65-Clover in mouse macrophages treated with lipopolysaccharides and
collected at three timepoints for transcriptome sequencing. Live imaging can also be
combined with endpoint immunofluorescence, which has been upgraded by the development
of the iterative indirect immunofluorescence imaging technique by Lucas Pelkman’s lab (Gut

et al., 2018), which has significantly elevated the ability to retest samples with antibodies.

Live translocation analysis has successfully been applied to multiple signalling molecules,

including ERK (Santos et al., 2007), STAT1 (Mudla et al., 2020), FOXO3 (Sampattavanich et
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al., 2018), p21 (Barr et al., 2017), and p53 (Batchelor et al., 2011). The field of single cell
dynamics has revealed pivotal information about the configuration of molecule components,
stimuli requirements, heritability, and cell cycle dependence of signalling pathways (Santos
et al., 2007; Barr et al., 2017; Martin et al., 2020). In addition, live imaging can reveal the
deregulation of various pathways in diseases and therefore suggest clinical vulnerabilities
(Gerosa et al., 2020; Klomp et al., 2021). The majority of studies carry out single cell tracking
using fluorescent markers but label-free approaches have also been developed (Edlund et
al., 2021). Moreover, live imaging can be combined with light (optogenetics) (DeFelice et al.,
2019) or chemically inducible promoters for temporal control of gene expression (Meylan et
al., 2009), or FRAP for determining the diffusion kinetics of proteins of interest (Sung et al.,

2009).

Optimisation of imaging techniques has shed light on several factors improving image quality
and representation of wildtype conditions, balanced against limiting cell toxicity (Table 1.1).
Furthermore, live imaging requires recapitulation of environmental conditions (temperature,

humidity, and CO,).

Table 1.1 Considerations for timelapse imaging

Tool Benefits Drawbacks

Endogenous tagging Detection of target in natural

genomic context

Weak signal, time to
generate cell lines

Exogenous constructs Stronger signal Overexpression and
associated perturbation of

feedback loops

Lasers (versus LED)

More powerful (can pick up
weaker signals)

Toxicity

Confocal microscopy
(versus widefield)

Blocks out-of-focus light
improving signal to noise

Signal can be weaker

Glass substrate (versus
plastic)

Lower refractive index
(clearer image)

Cost

Increasing the laser power
and exposure time

Stronger signal

Photobleaching and toxicity
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Far-red fluorescent proteins | Less autofluorescence Availability
(versus GFP)

Shorter time intervals Easier to track cells Photobleaching and toxicity

Phenol red-free medium Reduced background Inability to detect pH
fluorescence changes

Microfluidics Ability to refresh medium or | Cost

expose cells to conditions
(e.g. drug treatments)
without disruption to imaging

The experiment itself and microscopy often account for a minor fraction of the time needed
to carry out live dynamics assays, due to the necessity of several stages of post-imaging
computational processing that can be computationally demanding. These stages include
basic image processing (e.g. renaming, cropping, background subtraction), segmentation of
cell regions, tracking of single cells, and measurement of quantitative features such as
intensity and geometric measurements (Figure 1.2B). Remarkably, each stage is carried out
by different laboratories in a bespoke manner, as there is no consensus on the optimal
method for automated image analysis and many steps need to be modified according to the

specific assay.

Image segmentation typically begins with delineating the borders of the nucleus, which are
easier to segment compared to the whole cell due to more cell-to-cell consistency in shape
and size, availability of strong nuclear markers (e.g. DAPI and Hoechst), and less likelihood
of overlap between cells. Cell segmentation can then be obtained by propagation and
expansion of the nucleus. In fixed images, the actin-binding dye phalloidin or antibody
staining against a-tubulin are effective methods for consistently outlining the cell, as are the
live imaging equivalents for actin and tubulin visualisation, such as Spirochrome’s SiR-Actin
and SiR-Tubulin. Fluorescent protein expression under a strong and constitutive promoter,
such as the CMV promoter, can also be used for cell segmentation. Different types of

segmentation algorithms, including clustering and probabilistic-based methods, have been
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reviewed in detail by Nketia et al., 2017. From segmented nuclei, cells can be tracked over

time when allowed for by the time intervals, the field of view, and cell mobility.

Currently, faithful tracking is the most challenging hurdle to overcome with live imaging
analysis in the 2D realm. Tracking can be carried out manually using Fiji (Schindelin et al.,
2012) or llastik’s ‘Manual Tracking’ workflow (Berg et al., 2019), or automated with the
opportunity to correct tracks, which is enabled by the Fiji plugin TrackMate (Tinevez et al.,
2017), Nuclitrack (Cooper et al., 2017) and specific llastik workflows. Many labs have also
developed custom MATLAB scripts for single cell tracking for RELA analysis (Selimkhanov
et al., 2014; Kellogg and Tay, 2015; Lane et al., 2017; Martin et al., 2020). Nonetheless, new
techniques employing deep learning with neural networks for object recognition are being
rapidly developed and will dramatically expand the number of cells that can be tracked
(Krizhevsky et al., 2017; Chen et al., 2021; Wen et al., 2021), thus removing one of the key

limiting factors of live imaging assays.

There are a number of popular software platforms that combine segmentation and
quantification, including Fiji (Imaged), CellProfiler (Carpenter et al., 2006) and Columbus
(PerkinElmer). From intensity measurements output from these programs, several time
series features can be calculated, including peak amplitude, number of peaks, the time to
peak, activity duration, oscillation frequency, oscillation period, maximal and mean rate of
nuclear entry and exit, and the area under the curve (Figure 1.2B’). Time series data can
also be analysed for non-classical features, as exemplified by Lubba et al. who reduced
4791 features to 22 time series signatures (implementable using ‘catch22’ software),
including measurements of linear and non-linear autocorrelation, with the aim of optimising

computational efficiency of time series analysis (Lubba et al., 2019).

The capacity and efficiency of information transmission is an established field in itself, in
which dynamics features are assessed by how much information they hold - technically

described in ‘bits’ - and how well they inform on phenotypes or gene expression. This may
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consider the loss of information from receptors through RELA dynamics to gene expression,
which is affected by noise and ligand specificity (Maity and Wollman, 2020). Information
capacity appears to be context-dependent, for instance, in the human rhabdomyosarcoma
cell line KYM1, AUC and the maximum fold-change harbour the highest transmission
capacity (each around 1.4 bits) from RELA dynamics in response to TNFa (Zhang et al.,
2017b). Meanwhile, gene expression correlates most strongly with murine RelA nuclear
duration in both mouse macrophages and fibroblasts, as well as time to peak RelA in
fibroblasts, across various NF-kB stimuli including LPS and Poly(l:C) (Martin et al., 2020).
Furthermore, dynamic RELA responses to LPS have reduced noise-induced information loss

compared to static RELA responses (Selimkhanov et al., 2014)

Notably, assays of RELA localisation may present the absolute nuclear abundance or, more
often, the ratio of nuclear to cytoplasmic (or whole-cell) RELA. The advantage of the latter is
providing an internal control on a cell-to-cell basis, which accounts for experimental
differences in laser strength or the z plane being captured relative to the centre of the cell.
This can be taken a step further by restricting the cytoplasmic measurement to the ring
(perinuclear) region, which prevents signal disturbance due to overlapping between cells or
cell differences in curvature. Furthermore, studies have found significant overlap in the
distributions of nuclear RELA abundance between basal and TNFa-stimulated populations,
suggesting that nuclear RELA abundance is insufficient to determine whether a specific cell

has responded to TNFa (Cheong et al., 2011; Lee et al., 2014).

1.2.2 Profiles of RELA translocation dynamics in response to TNFa

Multiple studies have characterised single cell RELA dynamics in a plethora of cell types
responding to TNFa. Notably, variation on the single cell level has been frequently identified,
despite the use of genetically identical monoclonal populations (Kellogg and Tay, 2015). The

major RELA dynamics profiles are summarised in Figure 1.2C.
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Oscillatory RELA translocation patterns were the first described single cell RELA dynamics
profile. Nelson et al. (2004) demonstrated these patterns using a cervical cancer cell line
(HeLa) and a neuroblastoma cell line (SK-N-AS) transfected with RelA-dsRed. In response
to 10 ng/ml TNFa, 97 % of SK-N-AS cells responded with 91 % displaying oscillations, while
86 % of HelLa cells responded with 30 % displaying oscillations. With both cell lines,
oscillations were ‘damped’, whereby the first peak of RelA nuclear localisation has the
highest amplitude and successive peaks have progressively decreasing amplitude (Nelson
et al,, 2004). A related study by Turner et al. (2010) using SK-N-AS cells transiently
transfected with RelA-dsRed assayed RelA dynamics with lower TNFa doses. TNFa doses
100 pg/ml and above induced synchronous RelA nuclear translocation while intermediate
TNFa dose (30 pg/ml) reduced synchrony in the time to nuclear translocation and reduced
the amplitude of nuclear to cytoplasmic RelA. TNFa doses < 30 pg/ml further delayed initial
RelA nuclear translocation, with RelA only translocating into the nucleus after 200 min TNFa

exposure in several individual cells (Turner et al., 2010).

Similarly, a study by Tay et al., (2010) identified oscillations in RelA-/- 3T3 mouse fibroblasts
expressing RelA-dsRed, under control of the endogenous mouse RelA promoter, and treated
with 0.005-100 ng/ml TNFa. Higher concentrations (10 ng/ml) stimulated oscillations with
successive peaks of equal amplitude and a time to first peak around 20 min, while lower
concentrations showed damped RelA oscillations and a time to first peak around 50 min. In
addition, Sero et al. (2015) identified damped RELA oscillations in MCF10A human breast
epithelial cells stimulated with continuous 10 ng/ml TNFa. In MCF10A cells, peak RELA
nuclear localisation occurs around 30 min after TNFa stimulation. Overall, RELA oscillations
are observed in diverse cell types of human and mouse origin but the TNFa dose required
for sustained oscillations appears to be cell-line specific. Moreover, TNFa dose appears to
affect synchrony in RELA translocation between cells and also affects how rapidly RELA

translocates to the nucleus relative to TNFa stimulation.
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Sustained oscillations can also be achieved using pulsatile TNFa stimulation, which may be
representative of the pulsatile exposure to inflammatory signals by cell neighbours (Ashall et
al., 2009). Ashall et al. exposed SK-N-AS cells to 5 min TNFa pulses at various intervals.
200 min pulses induced sustained RELA oscillations with successive peaks of equal
magnitude, while 100 min or 60 min intervals induced RELA oscillations with successive
peaks having increasingly damped amplitude. Therefore, the timing of TNFa pulses affects
whether oscillations are damped or sustained. Kellogg and Tay (2015) also identified that
TNFa pulsing reduces variability in the oscillation period within cells. They showed that
mouse 3T3 fibroblasts have oscillations out of sync and irregular periods in the presence of
continuous TNFa. Meanwhile, 120 min TNFa pulses entrained the oscillations, resulting in
periods between successive peaks, but 60 min TNFa pulses failed to entrain oscillations.
Overall, TNFa pulsing reduces between-cell and within-cell variability depending on the

matching of the timing of the pulse to the natural oscillatory periods.

Finally, some studies have identified that single cells can respond to TNFa with transient
RELA nuclear localisation. For instance, a 30 ng/ml TNFa induces a rapid single pulse of
RELA nuclear localisation in Jurkat T cells imaged for 250 min, with the first peak occurring
20-30 min after TNFa addition (Bagnall et al., 2015). Similarly, a study using a range of
tumour cell types, including KYM1 and A549, imaged for 200-300 min with 0.01-50 ng/ml
TNFa show a single pulse of RELA nuclear translocation in the average RELA tracks,
although whether oscillations are present in individual tracks is unclear (Zhang et al., 2017b).
A single pulse of RELA activity can also be induced by a single pulse of TNFa stimulation, as
shown by Ashall et al. using a single 5 min pulse of TNFa with SK-N-AS and Hela cells

(Ashall et al., 2009).

Nonetheless, most research considering RELA dynamics has used exogenous RELA
reporter constructs. However, select studies have assayed endogenous RELA using
knock-in cells, with the advantage of retaining the natural genomic context of RELA,

ensuring that all molecules are imaged, and eliminating artifacts due to RELA
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overexpression. Oscillations in endogenous RELA were initially shown on the population
level using EMSA and western blotting (Nelson et al., 2004). Similarly, oscillations have been
shown with endogenous RELA on the single cell using live imaging. For instance, GFP-RelA
knock-in MEFs display TNFa-induced asynchronous damped oscillations with 1-7 cycles,
though a subset of cells display a single cycle followed by minor and irregular fluctuations
(Sung et al., 2009). Using the same cell model, pulsed TNFa stimulation of 90 min periods
were shown to induce synchronous oscillations close to the intrinsic period (Zambrano et al.,
2016). Similarly, C-terminal fused RELA oscillates in response to TNFa in MCF7 breast
cancer cells with intrinsic 90 min periods (Stewart-Ornstein and Lahav, 2016). Accordingly,
endogenously tagged RELA in MEFs and MCF7 cells also display oscillations in nuclear

localisation, indicating that this is an aspect of intrinsic RELA dynamics.

In summary, cell populations responding to TNFa display a mixture of RELA responses, with
the majority of cells displaying damped oscillations. Nonetheless, all RELA translocation
profiles show common rapid RELA nuclear translocation initiated immediately after TNFa
addition and peaking around 30-60 min after TNFa stimulation, with TNFa doses 0.01 ng/ml

and above. However, lower TNFa doses induce more delayed RELA nuclear translocation.

1.2.3 Profiles of RELA dynamics in response to LPS

Lipopolysaccharides are glycolipid macromolecules that are a major component of the outer
membrane of gram-negative bacteria, such as Escherichia coli and Salmonella, providing
structural support and protection from toxic molecules (Rietschel et al., 1994; Raetz and
Whitfield, 2002). LPS recognition by human host cells is primarily mediated by the TLR4
pathway that can activate RELA nuclear translocation via TAK1 and IKK or by alternative
pathways, with signalling generally converging on IkBa degradation (Kawai and Akira, 2007;

Park et al., 2009).

Since both the outer carbohydrates and lipid A portions of LPS are variable (Heinrichs et al.,

1998), Gutschow et al. were interested in whether LPS response depends on its source and
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preparation. To this end, they looked at nuclear intensity changes of p65-dsRed under the
endogenous mouse RelA promoter normalised to cytoplasmic intensity before LPS
stimulation in mouse 3T3 fibroblasts, in response to three LPS preparations (Sigma,
Invitrogen/EB and Ultrapure/UP) extracted from E. coli (Gutschow et al., 2013). In general,
single cell RelA responses showed transient nuclear translocation and some cells showed
oscillations, however, multiple differences were observed depending on LPS source. Sigma
LPS stimulated longer nuclear localisation compared to EB and UP, while the time to peak
nuclear localisation was longest for EB LPS stimulated cells. Gutschow et al. also tested 9
orders of magnitude in LPS concentration and found that Sigma and EB LPS induced murine
RelA nuclear localisation at a wide range of concentrations, while UP LPS was ineffective at
the lowest concentrations. Further testing identified that the difference in potency between
the preparations is related to TNFa signalling, though the exact mechanism remains a
source for further study. Therefore, LPS induces heterogeneous, transient and sometimes
oscillatory single cell RelA nuclear translocation in mouse fibroblasts, with the parameters of

RelA activation varying by LPS source.

A study in 2014 by Sung et al. focused on how LPS affects RELA activation in immune cells
using quantitative live imaging of mouse macrophages. The results showed that 10 ng/ml
LPS induced maximal nuclear RELA localisation by 1 hr post-stimulation followed by a
decrease in RELA nuclear localisation to near basal levels by 5 hours post-stimulation.
Interestingly, some cells sustained high levels of murine RelA abundance despite reduction
in the ratio of nuclear to whole-cell RelA, suggesting an increase in the total amount of RelA
over time. Further investigation found that LPS induces a positive feedback loop involving
RelA activation of its own gene RelA, which was confirmed using Co-IP. Using genome-wide
siRNA screening, Sung et al. identified that the transcription factor Ikaros is crucial for RELA
positive feedback, with lkaros found to also bind to the RelA promoter. Overall, Sung et al.’s

findings show that increases in LPS dose promote a RELA positive feedback loop that
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overcomes negative feedback between RELA and IkBa, enabling more sustained RelA

activation in macrophages in response to LPS (Sung et al., 2014).

Single cell comparisons in RELA activation between LPS and TNFa stimulated cells were
carried out by Kellogg et al. (2015) who tested the effects of changing LPS and TNFa dose
and duration on RELA responses. They identified that the percentage of cells responsive to
either stimulus was controlled by the stimulus integral (concentration and duration),
signifying ‘switch-like’ activation of RELA that enables a robust response in the presence of
noise in the stimulus. However, Kellogg et al. also found heterogeneity in the timing of RELA
activation and level of target gene expression depending on the dose. Low LPS dose led to
heterogeneous RELA responses, with median peak RELA nuclear localisation at 80 min
post-stimulation. Consequently, low LPS dose stimulates delayed RELA nuclear
translocation compared to high LPS dose, which had a median peak of 35 min after
stimulation with a more homogenous response (Kellogg et al.,, 2015). Interestingly,
Gutschow et al. noted that the inverse relationship between the peak amplitude of RELA
nuclear intensity and time to peak previously observed with TNFa (Tay et al., 2010) is also
present with LPS-stimulated cells when the source is Ultrapure, however, Sigma LPS

maintained the same peak amplitude irrespective of time to peak (Gutschow et al., 2013).

Overall, LPS and TNFa both elicit heterogeneous single cell responses that are affected by
stimulus dose and duration and are additionally determined by positive feedback loops with
RELA and cytokine production and negative feedback loops with IkBa. However, RELA
nuclear translocation appears to be more delayed and transient in LPS compared to TNFaq,

though both stimuli can induce oscillatory behaviour.

1.2.4 Encoding single cell RELA translocation dynamics

The signalling components dictating RELA responses have been elucidated by combining
live cell imaging with high throughput single cell analysis, mathematical modelling, and

genetic knockouts. The major determinants of RELA dynamics are the intrinsic RELA
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inhibitor IkBa and RELA activating IKK proteins (Hoffmann et al., 2002; Nelson et al., 2002;
Werner et al., 2005), while IkBeg, IkBa and A20 are believed to fine-tune RELA responses
(Hoffmann et al., 2002; Kearns et al., 2006; Werner et al., 2008). In addition, RELA activation
is influenced by mechanical factors, including cell geometry, matrix stiffness, and actin and
tubulin polymerisation (discussed in Section 1.2.6 and Section 4.1.5). Work by Neil Perkins
and Mike White’s groups, in particular, have also connected RELA responses to the cell

cycle (Section 3.1.2).

The autoregulatory loop between RELA and IkBa was identified by studies in 1993 that
described the cycle of TNFa-induced IkBa degradation and NF-kB activation followed by
IkBa synthesis and NF-kB inhibition (Brown et al., 1993; Scott et al., 1993; Sun et al., 1993).
A study by Nelson et al. (2002) explored the effect of expressing RELA-dsRed with or
without IkBa-EGFP expression on RELA dynamics. Expression of both RELA and IkBa
reduced IkBa degradation and increased RELA translocation compared to RELA-dsRed
expression alone, suggesting that the ratio of IkBa to RELA influences RELA dynamics

(Nelson et al., 2002)

In the same year, stochastic modelling linked the negative feedback loop between NF-kB
and specifically the IkBa member of the IkB family with oscillations in NF-kB DNA binding
assessed by EMSA (Hoffmann et al., 2002). This was deduced by the loss of NF-kB
oscillations in IkBa knockout cells but the continued presence of NF-kB oscillations in IkBf3
and IkBe double knockout cells. From mathematical modelling, the authors concluded that
IkBa functions in rapid attenuation of RELA activity and induction of RELA oscillations, while
IkBB and IkBe reduce oscillatory potential and stabilise NF-kB binding during prolonged
TNFa. This is supported by a further study revealing that NF-kB-induced |IkBe¢ transcription is
delayed compared to IkBa (Kearns et al., 2006). Thus, IkB proteins play distinct roles in
determining RELA dynamics. In addition, TNFAIP3/A20, a deubiquitinase that binds to and
inactivates IKK, is implicated in damping the prolonged response of NF-kB activation but has

no effect on the initial NF-kB response to TNFa (Werner et al., 2008).
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In line with the findings above, a recent study identified that IkBa levels pre-TNFa stimulation
affect the RELA response to TNFa (Patel et al., 2021). In this study, image-based machine
learning was used to predict which cells will activate NF-kB (RELA:p50) in response to TNFa
(0.005-5 ng/ml) and achieved this with 79.4 % accuracy. Nuclear RELA before stimulation
(referred to as ‘leaky’ RELA localisation) was the most predictable feature for cell activation,
though features of the histone marker H2B used for nuclear segmentation were also highly
predictive. Moreover, the ratio of IkBa to NF-kB determined cell leakiness and subsequently
the activation probability of cells. Interestingly, cells with high initial IkB levels required less
TNFa for NF-kB activation, due to anti-correlation between the IkBa:NF-kB ratio and total

IkBa level.

A study by Werner et al. (2005) also highlighted the link between IKK activity and NF-kB
DNA binding by comparing cell responses to TNFa and LPS. TNFa induced rapid IKK
activity and rapid NF-kB DNA binding, with IKK activity returning to baseline within 60 min of
TNFa stimulation. Conversely, LPS induced delayed but more slowly attenuated IKK activity
and NF-kB DNA binding. Accordingly, the majority of genes induced at late timepoints (8
hours post-stimulation) were more highly induced by LPS than TNFa, indicating that the

timing of TNFa or LPS-induced gene expression corresponds to the timing of IKK activity.

1.2.5 Decoding single cell RELA translocation dynamics

Specificity in RELA transcriptional output is encoded by the parameters of RELA
translocation dynamics. This is demonstrated by the presence of ‘early),
‘intermediate’/middle’ and ‘late’ groups of RELA target genes. These were first identified by
Tian et al. (2005) by carrying out quantitative RT-PCR at 1, 3 and 6 hr post-TNFa stimulation
and sorting 74 putative NF-kB dependent genes by the timepoint of their peak expression,
with NF-kB binding confirmed by chromatin immunoprecipitation. The early group encodes
several cytokines and negative regulators of NF-kB signalling, while the late group encodes

cell surface receptors, signal adaptors, and adhesion molecules (Tian et al., 2005).
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Work by Tay et al. (2010) linked the classes of temporally expressed TNFa-induced genes to
RELA dynamics captured by live imaging under the same TNFa stimulation conditions.
Using a set of 23 NF-kB targets, early genes were found to closely match NF-kB nuclear
localisation dynamics due to rapid upregulation of gene expression followed by high
degradation rates. In addition, early genes were found to have relatively constant expression
across TNFa doses. On the other hand, late genes required high TNFa doses for expression
and accumulated in expression over time. Similar to Tian et al., the RELA regulators Nrkbia
(encoding IkBa) and Tnfaip3 were identified as early genes, while Tay et al. additionally
identified a subset of late genes involved in the regulation of apoptosis, suggesting that

RELA only regulates apoptosis after persistent nuclear localisation (Tay et al., 2010).

Finally, work by Ashall et al. (2009) demonstrated the effect of pulsatile TNFa stimulation on
RELA target gene expression. The classic early gene NFKBIA responded equally in
expression to a single 5 min TNFa pulse to pulses with 60, 100 or 200 min intervals.
Meanwhile, the late gene CCL5 (RANTES) has negligible expression with a 5 min TNFa
pulse and increases in expression with higher frequency pulses, with maximal expression in
the presence of continuous TNFa stimulation (Ashall et al., 2009). Therefore, RELA
oscillation parameters have the greatest impact on the expression of late responding RELA

target genes.

While prior studies carried out live imaging and qPCR under the same conditions and
compared results, Lane et al. (2017) performed single cell RNA-seq on the same population
of cells after live imaging, retaining cell identity to match RELA dynamics to gene
expression. This study identified three distinct clusters of RELA dynamics in RAW264.7 cells
in response to LPS and confirmed that the populations have distinct transcriptional profiles.
Another study quantified RELA dynamics and the transcription of IL8, TNFAIP3 (A20), and
NFKBIA using single-molecule fluorescent in situ hybridisation in HeLa cells treated with
TNFa. Gene transcription correlated more highly with the fold-change of nuclear RELA over

time, in particular maximum fold-change (R? = 0.52-0.67), rather than nuclear RELA
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abundance at any timepoint (R? = 0.15-0.3) (Lee et al., 2014). Therefore, descriptors of

RELA dynamics correlate with RELA target gene expression.

To summarise, the fold-change in RELA activation over time correlates with RELA target
gene expression, which can be classed into patterns of temporal expression. Early
responding transcripts to RELA activation tend to be positive and negative regulators of
RELA that maintain NF-kB pathway homeostasis and peak around 1 hr after TNFa
stimulation. Meanwhile, late responding transcripts to TNFa are involved in more specific

processes and build in abundance over time.

1.2.6 Mechanical regulation of RELA nuclear translocation

RELA nuclear translocation is regulated by a repertoire of mechanical properties including
cell geometry, contractility, substrate stiffness, and shear stress. Sero et al., 2015 showed
that geometric cues regulate RELA nuclear translocation downstream of TNFa in a panel of
breast cancer lines. Cells with mesenchymal-type morphology, including flat and protrusive
cell shape, were found to have high RELA nuclear localisation that is predicted to reinforce
this mesenchymal cell shape, as RELA drives the expression of genes involved in the
epithelial to mesenchymal transition (EMT) (Chua et al., 2007). Meanwhile, Sero et al.
demonstrated that less spread cells with high neighbour contact, which is typical of epithelial
morphology, have low RELA nuclear localisation that in turn suppresses EMT. Manipulation
of cell shape using the chemical inhibitor of Rho-associated protein kinase (ROCK) Y27 or
inhibition of tubulin with nocodazole alters cytoskeletal dynamics and, in turn, modulates
RELA dynamics. In particular, the amplitude of RELA oscillation was enhanced and
suppressed by Y27 and nocodazole respectively. Sero et al. also demonstrated that RELA
activation is sensitive to extracellular matrix (ECM) stiffness, as breast cells seeded on glass
or polyacrylamide gels of 16 kPa or 35 kPa Young’s moduli have distinct cell morphology
and higher RELA ratio with increased substrate stiffness. Thus, cell geometry and ECM

stiffness affect RELA dynamics in breast cancer cells.
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A related study by Sailem & Bakal used RNAi screening data in 18 breast cancer cells lines.
To identify relationships between cell shape and gene expression, data were incorporated
into multilinear regression models. Interestingly, RELA activity, tumour grade and patient
survival could be predicted from cell shape parameters. Specifically, RELA response was
predicted to be higher in basal and HER2 breast cancer tumours compared to luminal
tumours and this was confirmed using IF. Their findings suggest that cell shape changes

drive RELA activity that promotes breast cancer progression.

Similarly, a study analysed the effect of manipulating cell shape on TNFa and RELA induced
gene expression (Mitra et al., 2017). To do this, they seeded NIH 3T3 fibroblasts on
fibronectin micropatterns to attain cells with two mechanical states: 1) rectangles with an
anisotropic and stretched shape with well-spread morphology and a high degree of actin
polymerisation and myosin contractility; 2) circles with isotropic/symmetrical cell shape,
relaxed and well-spread morphology, and a low degree of actin polymerisation and myosin
contractility. 30 min stimulation of the two cell shape types with 20 ng/ml TNFa resulted in a
significantly higher fold-increase in RELA nuclear localisation in circular cells compared to
rectangular cells. Notably, Mitra et al. showed that TNFa induces geometry-dependent actin
depolymerisation, which enhances IkBa degradation, and causes geometry-dependent

changes in gene expression.

In addition to changes in gene expression, melanoma cells with different shapes have
distinct RELA-regulated cytokine production, which is important for immune modulation in
cancer. This was demonstrated in a study assaying cytokine production in the human
melanoma cell lines A375P and A375M2 (Georgouli et al., 2019). A375M2 cells are derived
from A375P and are highly metastatic melanoma cells with high myosin Il activity and ~90 %
of A375P have round morphology. In contrast, A375P cells are poorly metastatic and about
50 % of the population have rounded morphology, with the remaining having elongated cell
shape. Georgouli et al. used a protein array of 274 human chemokines, growth factors and

matrix metalloproteinases and identified 155 proteins that are highly secreted by A375M2
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compared to A375P cells. Differences in the secretome were revealed to be dependent on
cell contractility, as MLC2 or ROCK perturbation resulted in the reduction of cytokine and
chemokine secretion by A375M2 cells. Following on from this, Georgouli et al. identified
involvement of RELA activity in this model, as A375M2 melanoma cells have higher RELA
nuclear localisation compared to A375P and depletion of MLC2 in A375M2 led to decreased
plkBa levels. Moreover, myosin Il activity is involved in a positive feedback loop with IL-1
induced by RELA activation. Therefore, ROCK-myosin Il activity in melanoma cells controls

the production of immune molecules by RELA activation.

The effects of shear stress on RELA activation have also been investigated in a range of cell
types. Shear stress refers to a force that is applied parallel to the surface of a cell. An
example of shear stress in vivo is blood flow against the vascular endothelium. Culturing
endothelial cells under shear stress was found to raise the production of cytoprotective
transcripts, including Bcl-2, and reduced the transcript levels of pro-inflammatory cytokines
such as IL-8 (Partridge et al., 2007). This emphasises how the impact of
mechanotransduction on transcriptional output is gene-specific, allowing a single input to
result in complex and coordinated responses. Partridge et al. also found that shear stress
moderates the transcription of RELA targets involved in negative feedback loops (IkBa, IkBe

and A20), which could affect the long-term translocation dynamics of RELA itself.

Shear stress and RELA activation have also been studied in bone maintenance. Mechanical
stress is applied to the bone as a result of interstitial fluid moving across the membranes of
osteoblasts and osteocytes (Robling and Turner, 2009). Focal adhesions are complexes
connecting the ECM to intracellular signalling and have been studied as
mechanotransducers of fluid shear stress in osteoblasts (Lee et al., 2017). Interestingly,
Focal adhesion kinase (FAK), which regulates focal adhesion turnover, was found to be
essential for RELA nuclear translocation in unstimulated osteoblasts exposed to fluid shear

stress (Gerard-O'Riley et al., 2010). Therefore, mechanotransduction of shear stress may
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lead to gene expression changes via alteration in RELA activity, which may contribute to

bone homeostasis.

1.3 NF-kB and cancer

1.3.1 Overview - activation and functions of NF-kB in cancer

NF-kB transcription factors are upregulated in multiple cancers and can promote
oncogenesis by diverse methods, such as by enhancing cell survival during physiological
stress (Meylan et al., 2009), promoting the epithelial to mesenchymal transition (Huber et al.,

2004; Min et al., 2008), or upregulating VEGF to control vascularisation (Xie et al., 2010).

NF-kB activation can occur through mutations in the NF-kB pathway, which are rare in solid
tumours but common in lymphoid malignancies (Hoesel and Schmid, 2013; Nagel et al.,
2014). In 1997, constitutive activation of RELA:p50 was identified in
Hodgkin/Reed-Sternberg (H/RS) cells, in addition to the dependence of proliferation and
survival of these cells on NF-kB activity (Bargou et al., 1997). Importantly, depletion of
constitutive NF-kB activity in Hodgkin’s lymphoma cells impaired tumour growth in mouse
models, indicating the NF-kB signalling functions in the maintenance of Hodkin’s lymphoma.
Subsequent genetic analysis for the basis of NF-kB hyperactivation in Hodgkin’s lymphoma
has identified several routes. For instance, Emmerich et al. demonstrated that HR/S cell
lines patient samples can harbour mutations in IkBa, such as a missense mutation causing
C-terminal truncation of IkBa resulting in constitutive overexpression of IkBa, however, this
did not appear to affect NF-kB activity (Emmerich et al., 1999). In a follow-up study,
Emmerich et al. identified somatic mutations in IkBe in the same patients, including a
frameshift causing severe IkBe truncation (Emmerich et al., 2003). Although the authors do
not comment on the effect on NF-kB activity, it is possible that mutations in the genes
encoding IkB proteins contribute to NF-kB activation in H/RS. Another way in which NF-kB

activation may occur in Hodgkin’s lymphoma is through Epstein-Barr virus (EBV), which
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infects up to half of classical Hodgkin’s lymphoma (Kapatai and Murray, 2007). EBV encodes
LMP1 (Kulwichit et al., 1998), which is a potent activator of both the canonical and
non-canonical NF-kB pathways irrespective of ligand stimulation (Luftig et al., 2004; Wu et

al., 2008).

Diffuse large B-cell lymphoma (DLBCL) also shows constitutive activity of the canonical
NF-kB signalling pathway, which was initially shown to result from constitutive IKK activity
(Davis et al., 2001) or by a deleterious IkBa mutation (Thomas et al., 2004). However, a
study analysing 238 B-cell lymphomas, including 64 DLBCL and 52 follicular lymphomas,
additionally identified frequent occurrence of A20 inactivation, the re-expression of which
suppresses cell growth and induces apoptosis (Kato et al., 2009). Gene expression analysis
focusing on activated B cell-like (ABC) DLBCL identified that > 50 % of cases have somatic
mutations in multiple NF-kB regulators, including TNFAIP3/A20, TAK1, TRAF2, and RANKL.
In particular, A20 inactivation was identified in 30 % of patients (Compagno et al., 2009).
Similar to the diverse mutations found to stimulate NF-kB activation in H/RS and DLBCL, two
studies in 2007 identified that mutations in NFKB1, NFKB2, TRAF3 and NIK occur in multiple
myeloma (Annunziata et al., 2007; Keats et al., 2007). Therefore, upregulation of RELA in
lymphomas can arise from diverse aberrations in NF-kB pathways that ultimately aid both

tumour cell survival and proliferation.

An example of how a genetic event may lead to development of a solid cancer was provided
by Pflueger et al., who used RNA-seq to identify cancer-specific gene fusions in 25 human
prostate cancer samples and identified a fusion placing IKBKB (IKKB) next to TNPO1
(Transportin 1), with samples containing the fusion to have 9-fold higher expression of IKK3
than other samples. The produced IKKB is expected to be wildtype as the fusion does not
affect the translation start site of IKBKB. Moreover, small molecule inhibition of IKK( resulted
in a reduction of phospho-RELA (Ser536) and cell viability compared to control treatment

(Pflueger et al., 2011).
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Somatic and germline mutations in the CYLD gene can also upregulate the NF-kB pathway
in multiple tumours types, as wildtype CYLD is a negative regulator of NF-kB signalling by
deconjugating K63-linked ubiquitin chains on NF-kB activators (Brummelkamp et al., 2003;
Kovalenko et al., 2003). CYLD mutations are common in the skin adnexal tumours
cylindroma and mutant CYLD upregulates NF-kB signalling, resulting in increased survival
and proliferation of cylindroma cells (Leonard et al., 2001). Interestingly, Rashid et al.
identified that CYLD mutations are rare in the other skin adnexal tumour types spiradenoma
(mutations in 5/17 tumours) and spiradenocarcinoma (mutations in 2/24 tumours). The
authors identified that spiradenomas and spiradenocarcinomas instead harbour a missense
mutation in the kinase domain of the ALPK1 gene (Rashid et al., 2019). In this paper, |
collaborated with the authors to show that the identified hotspot ALPK7 mutation is
associated with enhanced nuclear RELA translocation in several cancer cell lines (Figure
1.3). Thus, hyperactivation of RELA is associated with skin adnexal solid tumours through

alteration of genes connected to the NF-kB pathway.
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Figure 1.3
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Figure 1.3 ALPK1 mutation is associated with enhanced RELA nuclear localisation

Figure shows my results published in Rashid et al., 2019 (Supplementary Figure 6) assaying the
effects of the p.V1092A ALPK1 mutation on RELA nuclear translocation in cancer cell lines. Cells
were transfected with a wildtype or an ALPK1 p.V1092A cDNA construct together with a red
fluorescent protein (RFP) construct and NF-kB (RELA) ratios (nuclear to ring region intensity) were
measured in RFP-positive cells. Each data point is the mean of 6 technical replicates (each 500
RFP-positive cells) and the experiment was replicated four times (independent biological replicates).
Y Axis is a log scale. (A) NF-kB (RELA) ratios by cell line. N.S. = non-significant, *p < 0.05, **p < 0.01,
one-tailed t-test; bars, standard deviation. (B) Frequency distributions of NF-kB (RELA) ratios in

MCF-7 and WM266-4 cells.
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In general, upregulation of NF-kB activity in solid tumours is achieved through exposure to
cytokines in the tumour microenvironment, as several cancers are inflammation-associated,
including pancreatic cancer (discussed in Section 1.3.3), colon cancer, and melanoma
(Pikarsky et al., 2004). In the case of colon cancer, Greten et al. showed that IKK deletion
in intestinal epithelial cells decreased tumour incidence but, interestingly, did not affect
inflammation or tumour size. However, the change in tumour incidence was attributed to
heightened apoptosis with IKKB deletion. Meanwhile, the same study impaired IKKB in
myeloid cells which did affect tumour size by reducing expression of proinflammatory
cytokines that may function as growth factors (Greten et al., 2004). Another study showed
that inhibition of the NF-kB pathway in colon cancer cells can affect cell cycle progression.
This is because curcumin, which suppresses phosphorylation and degradation of IkBa,
inhibits thymidylate synthase and the transcription factor E2F-1, subsequently causing cells
to arrest at the GO/G1 boundary (Raijitha et al., 2016). Furthermore, curcumin significantly
reduced tumour growth from the colorectal cancer cell lines HCT116 and HT29 in nude mice.
Conversely, Sakamoto et al. knocked down NEMO/IKKYy, the regulatory subunit within the
IKK complex, and found no difference in WT and knockdown cells in the proliferation of
colorectal cancer cells. However, NEMO knockdown cells had higher apoptosis rates
following TNFa and 5-FU treatment, lower expression of angiogenic chemokines, and
suppressed subcutaneous tumour expansion and vessel formation (Sakamoto et al., 2009).
Sakamato et al. assayed nuclear RELA staining colorectal cancer tissue by
immunohistochemistry and found nuclear RELA in 40 % (35/88) of samples, as well as

constitutive NF-kB activation in 6/9 colorectal cancer cell lines by EMSA.

In melanoma, NF-kB activity is believed to promote tumorigenesis through constitutive
expression of a repertoire of chemokines that enforce NF-kB activity through autocrine and
paracrine feedback loops (Ueda and Richmond, 2006). These chemokines include
CXCL8/IL8 (Scheibenbogen et al., 1995; Wood and Richmond, 1995; Schaider et al., 2003),

CXCL1 (Dhawan and Richmond, 2002), and CCL5/RANTES (Mrowietz et al., 1999). There
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is also evidence that mutant BRAF (V600E), which is present in 45 % of melanoma cases,
increases IKK activity, IkBa degradation and resistance to TNFa or cycloheximide-induced

apoptosis (Liu et al., 2007).

However, the role that NF-kB factors play in regulating innate immune cells and the impact
on cancer development is complex (Biswas and Lewis, 2010; Lalle et al., 2021).
Tumour-associated macrophages (TAM) are immune cells that infiltrate solid tumours and
are associated with a poor prognosis regardless of whether they are in the M1 or M2 state
(Leek et al., 1996; Lissbrant et al., 2000). M1 (classically activated) TAMs are
pro-inflammatory while M2 (alternatively activated) TAMs promote anti-inflammatory
response and tissue repair (Mills et al., 2000; Mantovani et al., 2004). As the M1 state can
be stimulated by the pro-inflammatory cytokines TNFa and IFNy, which are transcriptionally
upregulated by NF-kB signalling, NF-kB activity is believed to polarise TAM1 towards an M1
state (Collart et al., 1990; Martinez and Gordon, 2014). However, in an ovarian cancer
model, IKKB was found to polarise TAMs to the M2 state, with IKKB depleted macrophages
displaying reduction in TNFa and IL-10 production and reduced tumour burden (Hagemann
et al., 2008). TNFR signalling via NF-kB also promotes tumour immune escape via
myeloid-derived suppressor cells (MDSC), which are heterogeneous immune cells with
immunosuppressive functions (Hu et al., 2014). Therefore, NF-kB activation can affect TAM

function to promote both inflammatory and anti-inflammatory responses.

On the other hand, NF-kB proteins have putative tumour suppressor roles that are primarily
associated with the promotion of anti-tumour immunity (He et al., 2010). For example,
canonical NF-kB signalling is involved in the maturation and survival of dendritic cells (DCs),
which function as antigen-presenting cells that link innate and adaptive immunity (Steinman
and Hemmi, 2006). Accordingly, NF-kB activity is commonly repressed in DCs in the tumour
microenvironment through Programmed cell death protein 1 (PD1) expression (Karyampudi

et al., 2016). RELA is also required for the proliferation of several immune cell types,
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including natural killer cells (Tato et al., 2003), B cells (Milanovic et al., 2017) and CD8+ T

cells (Shifrut et al., 2018), as well as being involved in T-cell activation (Li et al., 1994).

Notably, NF-kB signalling affects the response of tumours to immunotherapy. Cytotoxic
T-lymphocyte-associated protein 4 (CTLA4) and PD1 are receptors expressed by T cells as
inhibitory checkpoints to prevent autoimmunity (Freeman et al., 2000; Schwartz et al., 2001;
Stamper et al., 2001). However, cancers co-opt these pathways by expressing the ligands
for these receptors for immune escape (Leach et al., 1996). Checkpoint blockade is a type of
immunotherapy in which CTLA4 and PD1 and their ligands are inhibited and has proven
successful in targeting multiple cancer types, particularly melanoma (Robert et al., 2015).
Interestingly, whole exome sequencing of tumours in 52 patients pre-immunotherapy to
identify differences between responders and non-responders to anti-PD1 therapy identified
that NFKBIE mutations, specifically variants in codons G34 and G41, are exclusive to
tumours of responders. Moreover, Gene Set Enrichment Analysis identified that TNFa
signalling via NF-kB is one of the top pathways differentially expressed by response (Amato
et al., 2020). NF-kB also appears to be actively damped by CTLA4 signalling in tumours, as
CTLA4 increases the cytoplasmic levels of [kBa and reduces nuclear RELA levels, as well
as reducing RELA DNA-binding activity (Pioli et al., 1999). Accordingly, CTLA4-/- mice have

spontaneous NF-kB activity in T cells (Harlin et al., 2002).

CAR T cells are a part of an immunotherapy in which T cells are genetically engineered to
express a chimeric antigen receptor (CAR) that enables targeting of the T cell to a specific
protein, which is used to enhance T cell recognition of cancer cells (Kuwana et al., 1987;
Eshhar et al., 1993; Lamers et al., 2006). Two approved CAR therapies have T cell receptor
subunit CD3C and one of the costimulatory domains CD28 or 4-1BB. A 2018 study identified
that 4-1BB enhancement of CAR T cells targeting CD19 relies on NF-kB activation, in part
through TRAF regulation (Li et al., 2018). A more recent study attributes these findings to the

non-canonical NF-kB pathway, which promotes CAR T cell survival and persistence that is
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positively correlated with CAR T cell efficacy in targeting CD19+ hematologic malignancies

(Philipson et al., 2020).

Finally, NF-kB signalling affects the potency of oncolytic viruses (OV), which are viruses that
preferentially replicate in tumour cells (reviewed by Harrington et al., 2019). With reoviruses,
a dsRNA-based OV, there is evidence that NF-kB signalling can support cell death (Connolly
et al.,, 2000). Consequently, inhibition of NF-kB activation of PUMA expression has been
shown to prevent oncolysis that is necessary for the OV process (Thirukkumaran et al.,
2017). NF-kB signalling also promotes the recruitment of immune cells following reovirus
infection through the generation of pro-inflammatory factors (IL-8 and IFN-B) that induce a
chemotactic response in NK cells, DC cells, and anti-melanoma cytotoxic T cells (Steele et

al., 2011).

1.3.2 Pancreatic Ductal Adenocarcinoma

Pancreatic Ductal Adenocarcinoma (PDAC) is the fifth leading cause of death from cancer in
the UK, with a 5-year survival rate below 4 % (Vincent et al., 2011). The pancreas contains
cells of exocrine (acinar), epithelial (ductal) and endocrine origin. PDAC occurs in the
exocrine portion of the pancreas and most commonly in the pancreas head (van Erning et
al., 2018) (Figure 1.4). The exocrine portion comprises the bulk of the pancreas mass (~80
%) and contains a branching network of acinar and ductal cells (Pandol, 2010). Ductal cells
form the epithelium lining the ducts that deliver zymogens (enzyme precursors) produced by
the acinar cells into the gastrointestinal tract. The endocrine tissue of the pancreas consists
of clusters of cells called the Islets of Langerhans, which regulate glucose homeostasis and
metabolism through the secretion of hormones such as insulin and glucagon (Hezel et al.,

2006).
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Figure 1.4
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Figure 1.4 PDAC anatomy

Schematic diagram of the pancreas. The pancreas (left of figure) is divided into the head, neck and
body. The majority of the pancreas has an exocrine function and consists of acini and ducts that
produce and transport digestive juices respectively. The endocrine function of the pancreas is carried
out by the islets of Langerhans, which are distributed throughout the pancreas. Acini (right of figure)
are situated at the end of small intercalated ducts, which drain into larger ducts. Acini also contain

centroacinar cells, which are spindle-shaped cells that are an extension of the intercalated duct.
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PDAC is characterised by upregulated desmoplastic reaction (fibrosis). The stroma
encompasses most of the PDAC tumour mass (Chu et al., 2007; Erkan et al., 2012) and is
composed of ECM, including the most abundant ECM component collagen, as well as a
variety of non-cancerous cells (Pandol et al., 2009). The highly fibrotic stroma causes
difficulties in treating PDAC, as the stroma appears to drive oncogenesis (Butcher et al.,
2009; Laklai et al., 2016; Rice et al., 2017) and therapeutic resistance by acting as a
physical and chemical barrier to drug delivery (Erkan et al., 2012; Liang et al., 2017).
Moreover, the early stages of PDAC are overlooked due to a lack of symptoms or presence
of non-specific symptoms that are common in the ageing demographic the PDAC
predominantly affects, with almost half of new pancreatic cancer cases diagnosed in patients
aged 75 or over (Office for National Statistics, 2017). A significant consequence of late
detection is that the majority of PDAC patients present metastasis - the spread of cancer
from the primary to secondary sites - or considerable local spread at first presentation
(Werner et al., 2013). As a result, only a minority (less than 20 %) of PDAC cases are

potentially resectable (Huang et al., 2019).

Other than advancing age, the main risk factors for PDAC are chronic pancreatitis, smoking,
second-hand smoke exposure, diet-related factors (including obesity, red meat consumption
and new onset of diabetes), and familial predisposition (Yeo and Lowenfels, 2012). However,

over 90 % of pancreatic cancer cases are linked to sporadic mutations (Chari et al., 2015).

In 2008, the pancreatic cancer exome was published in a study that analysed the
transcriptome of 24 PDACs (Jones et al., 2008) and identified that the four most frequently
mutated genes in PDAC are KRAS, CDKNZ2A (p16), TP53 and SMAD4 (DPC4), which all
had previously well-studied roles in PDAC (Almoguera et al., 1988). RAS proteins are
intracellular membrane-bound proteins belonging to the small GTPase superfamily that have
key roles in the regulation of proliferation, differentiation and cell survival (Hall et al., 1983;
Bar-Sagi and Hall, 2000). There are three RAS genes encoding four RAS isoforms that

share 82-90 % amino acid sequence homology: HRAS, NRAS and two KRAS splice variants
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(Hobbs et al., 2016). Specific RAS genes are expressed and mutated at varying rates in
different cancers, with KRAS being the most commonly mutated gene across all cancers and
the gene mutated exclusively in PDAC, occurring in > 90 % of PDACs with estimates varying
according to the study, e.g. 93 % in 142 stage I/ll PDACs (Biankin et al., 2012) and 100 % of
42 PDACs at varying grades (Rozenblum et al., 1997). G12D is the most common KRAS
mutation for PDAC (41 % of KRAS mutations), followed by G12V (34 %) and G12R (16 %),
while other mutations are rare in PDAC, including G12C, which occurs in 1 % of all KRAS
mutations (Sausen et al., 2015; Waddell et al., 2015; Witkiewicz et al., 2015; Waters and
Der, 2018). In general, KRAS is activated early during PDAC development and often
followed by loss of the tumour suppressors p53, SMAD4 or CDKN2A later in PDAC
progression. Nonetheless, only ~38 % of PDAC patients have mutations in all four driver

genes (Rozenblum et al., 1997; Yachida et al., 2012)

The two current first-line standard of care treatments for advanced PDAC are 1)
FOLFIRINOX and 2) gemcitabine combined with nanoparticle albumin-bound (nab-)
paclitaxel (Fong et al., 2019). FOLFIRINOX is a combination treatment consisting of 5-FU,
leucovorin, irinotecan, and oxaliplatin. 5-FU was developed in the 1950s and has since been
used to treat a range of cancers including colorectal and breast cancers (Duschinsky et al.,
1957; Heidelberger et al., 1957; Longley et al., 2003). 5-FU is administered intravenously
and metabolises intracellularly into fluorodeoxyuridine monophosphate (FAUMP),
fluorodeoxyuridine triphosphate (FAUTP), and fluorouridine triphosphate (FUTP) (Diasio and
Harris, 1989). The most effective function of 5-FU in chemotherapy is disruption of
thymidylate synthase (TS) (Longley et al., 2003), which is essential for all de novo synthesis
of the pyrimidine nucleotide thymidylate required in DNA replication (Maley and Maley,
1960). 5-FU additionally functions as an analogue for the nucleotide uracil and can be
misincorporated into DNA (FAUTP) or RNA (FUTP), with the latter disrupting pre-RNA
processing, post-transcriptional modification and splicing of RNAs (Doong and Dolnick,

1988; Ghoshal and Jacob, 1994; Kanamaru et al., 1986). Incorporation into DNA or TS
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inhibition by 5-FU metabolites both interfere with DNA replication and are therefore cytotoxic
to proliferating cells (Heidelberger et al., 1957; Ingraham et al., 1982). Leucovorin is used to
enhance 5-FU efficacy (Park et al., 1988), while Irinotecan and oxaliplatin do not directly
alter 5-FU function but also interfere with DNA replication (Kunimoto et al., 1987; Fan et al.,

1998; Woynarowski et al., 2000).

The gemcitabine/nab-paclitaxel combination was approved as treatment for PDAC in 2013,
following a Phase Il clinical trial (MPACT) with 861 patients randomised to receive
gemcitabine monotherapy or gemcitabine/nab-paclitaxel. The MPACT trial reported a
median overall survival of 8.5 and 6.7 months and progression-free survival of 3.7 months
and 5.5 months for the Gemcitabine monotherapy and Gemcitabine/nab-paclitaxel treatment
arms respectively (Von Hoff et al., 2013). Gemcitabine is administered intravenously and the
key metabolite of Gemcitabine (dFdCTP) functions similarly to 5-FU as a nucleotide
analogue, as dFACTP can be incorporated into DNA instead of deoxycytidine triphosphate
(dCTP) during replication (Hertel et al., 1988; Ruiz van Haperen et al., 1993). Gemcitabine
monotherapy is currently used as an adjuvant for resectable PDAC (Oettle et al., 2007;
Saung and Zheng, 2017), or as a palliative care option for patients with poor performance
status (Fong et al., 2019). The standard of care combination employs the taxane Paclitaxel,
which is a commonly used chemotherapy that prevents disassembly of microtubules (MTs)
at low concentrations and promotes MT polymerisation at high concentrations (Schiff et al.,
1979). Consequently, paclitaxel suppresses MT dynamics and causes incorrect spindle
assembly during mitosis that triggers cell cycle arrest (Schiff and Horwitz, 1980; Long and

Fairchild, 1994).

Nonetheless, the survival rate for PDAC has not improved over the last 30 years and new
strategies to target PDAC are essential, with particular promise in targeted therapies
modulating signalling pathways aberrant in a patient-specific manner (Ostrem et al., 2013;
Vyas et al.,, 2015; Waddell et al., 2015), therapies that modify the PDAC tumour

microenvironment (Provenzano et al., 2012; Jiang et al., 2016), and therapies mobilising the
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immune system (Beatty et al., 2011; Hardacre et al., 2013; Kimura et al., 2012; Fan et al.,

2020).

1.3.3 Hyperactivation and roles of NF-kB in Pancreatic Ductal Adenocarcinoma

development and progression

Multiple studies have identified hyperactivation of RELA in PDAC tumours compared to
healthy pancreatic tissue. This was first demonstrated by Wang et al. (1999) using a
monoclonal antibody to detect activated RELA by recognising an epitope overlapping the
RELA NLS, which is the binding region for IkBa, in paired healthy and tumour tissue
samples from PDAC patients taken at the time of surgery. Activated RELA was identified in
67 % (16/24) of PDAC samples but not in normal pancreatic ductal epithelial cells or
surrounding stroma. The pancreatic tissue samples were also tested for RELA activation
using EMSA with nuclear extracts, identifying activity in 70 % (14/20) of PDAC tissue
samples and absent in paired healthy tissues. Wang et al. additionally tested commonly
used human PDAC cell lines by EMSA and reported RELA DNA binding activity in 82 %
(9/11) of cell lines (Wang et al., 1999). Independent analysis by Vimalachandran et al. (2005)
observed moderately lower rates of RELA activity in PDAC samples, reporting nuclear RELA
staining in 58 % (23/40) of PDAC tumour samples and in 26 % (7/27) of benign ducts.
Similarly, another study found strong nuclear expression of RELA in 45 % (37/82) of cases
and strong cytoplasmic RELA expression in 51 % (42/82) of pancreatic adenocarcinomas by
immunohistochemistry (Weichert et al., 2007). Interestingly, high RELA expression was
associated with a poorer prognosis for 2 year survival but whether RELA was nuclear or
cytoplasmic had a similar prognosis, provided that RELA staining was considered high.
Elevated RELA expression, regardless of subcellular localisation, was also significantly
associated with increased expression of the RELA targets NFKBIA and CCND2 (Cyclin D2),

suggesting that RELA may function in cell cycle regulation in PDAC (Weichert et al., 2007)
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Overall, nuclear RELA localisation appears to occur in > 50 % of PDAC tumours, although

whether RELA is transiently or always nuclear has not been elucidated.

Two studies by Paul J Chiao’s lab identified that RELA can function in PDAC development or
metastasis using orthotopic PDAC mouse models (Fujioka et al., 2003a, 2003b). With the
human PDAC cell line AsPc-1, expression of an IkBa phosphorylation mutant (S32, 36A)
blocked RELA activity and downstream expression of VEGF and IL-8, in addition to inhibiting
PDAC metastasis to the lungs. Meanwhile, expression of defective IkBa in the human PDAC
cell line PANC1 prevented tumour formation altogether, potentially due to a significant
reduction in expression of the anti-apoptotic RELA targets Bcl-xL and Bcl-2. Similar results
were attained in a study using a PDAC mouse model with p53 deficiency and TGFa
overexpression (Greten et al.,, 2002). NF-kB and STAT3 activation was found to promote
Bcl-xL expression in premalignant pancreatic lesions and in tumour cells, with high Bcl-xL
levels observed throughout tumorigenesis. Moreover, expression of phosphorylation
defective IkBa, combined with STAT3 inhibition, induced cell death in mouse pancreatic
tumour cells, suggesting that RELA plays a role in the survival of PDAC cells from early

stages of PDAC development.

A common theme in research assessing the basis for RELA hyperactivation in PDAC and
the impact on PDAC progression is the dependence on exposure to cytokines, in particular
the pro-inflammatory interleukin IL-1a, as revealed by a series of studies also by the Chiao
lab. The first study identified that maintenance of RELA activity in orthotopic nude PDAC
mouse models relies on IL-1a secretion in cells, while IL-1a expression is contingent on the
activity of the transcription factor dimer Activator protein 1 (AP1) (Niu et al., 2004). A
follow-up study identified the importance of IL-1a stimulation on persistent RELA activity in
PDAC metastasis using the human PDAC cell line MIA PaCa2. MIA PaCa2 cells stably
expressing IL-1a have constitutive RELA activity and enhanced cell invasion compared to
control MIA PaCa2 cells in vitro, as well as higher incidence of liver metastasis in vivo in a

mouse model. Importantly, this metastatic phenotype was blocked by phosphorylation

68



defective IkBa and subsequent NF-kB inactivation (Melisi et al., 2009). Perhaps the greatest
understanding of RELA interaction with IL-1a in PDAC was provided by the lab’s 2012 study,
which incorporated the signalling adaptor and autophagy receptor p62 (SQSTM1:
Sequestosome 1), as well as oncogenic KRAS, into their model (Ling et al., 2012). In this
study, the Chiao lab generated mice with pancreas-specific oncogenic KRAS (G12D) and
found that Kras®'?® activates AP1, which in turn induces IL-1a production that upregulates
murine RelA. They also identified that the NF-kB target p62 is required for constitutive RelA
activity and RelA, IL-1a and p62 are more highly expressed in PanIN and PDAC than in
healthy pancreatic tissue in KRAS®'?® mice. These findings indicate that IL-1a upregulation

of RELA in PDAC involves a positive feedback loop between RELA and p62.

There is evidence that the inflammatory signals from the tumour microenvironment crosstalk
with mechanical signals to upregulate RELA in PDAC. A study by Kiefel et al. showed that
Expression of full-length L1 Cell Adhesion Molecule (L1CAM), as transmembrane protein, in
PDAC cells leads to constitutive activation of NF-kB via upregulation of IL-13 expression,
while knocking down a5-integrin and integrin-linked kinase attenuates IL-1 production and
NF-kB activation (Kiefel et al., 2010). Thus, cell adhesion molecules collaborate with

inflammatory signals to upregulate RELA in PDAC cells.

Surprisingly, there is limited evidence about positive feedback between TNFa and RELA in
PDAC, although TNFa is a RELA target (Collart et al., 1990) and TNFa and RELA are
identified as both upregulated in PDAC and usable as prognostic markers for poor survival
(Weichert et al., 2007; Zhao et al., 2016). In 2016, Zhao et al. detected high TNFa levels in
58 % (58/100) of pancreatic cancer patient samples. As TNFa levels were high in PanIN
(PDAC precursors) in addition to PDAC lesions, but not in healthy pancreatic tissue, TNFa is
believed to be relevant to PDAC development. TNFa expression is also higher in the
subpopulations within the human PDAC lines MIA PaCa2 and PANC1 that are resistant to
gemcitabine and paclitaxel therapy, suggesting that TNFa is associated with

chemoresistance. In support of this hypothesis, anti-TNFa treatment reduced desmoplasia in
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vivo and improved responsiveness to chemotherapy. Although the authors do not comment
on the involvement of NF-kB signalling, TNFa treatment versus anti-TNFa therapy correlated
with changes in several cytokines that are known RELA targets, including IFNy, IL-2, IL-6,

IL-9, IL-10 and TNFa itself (Zhao et al., 2016).

Although genetic mechanisms for RELA activation are not typically associated with PDAC,
regulation by microRNAs has been suggested as a possible means for RELA
hyperactivation in PDAC. For example, miR-301a downregulates NF-kB repressing factor
(Nkrf) and upregulates NF-kB reporter activity (Lu et al., 2011). As miR-301a is a
transcriptional target of the RELA:p50 heterodimer, miR-301a and RELA function in a
positive feedback loop that can lead to constitutive RELA activation. Importantly, Nkrf is
downregulated while miR-301a is upregulated in human PDAC tissues, with miR-301a
inhibition halting xenograft tumour growth. Likewise, the microRNA miR-1266 is significantly
upregulated with pancreatic cancer and associated with chemoresistance of pancreatic
cancer cells to gemcitabine in vitro and in vivo. miR-1266 promotes resistance in part by
inhibiting negative regulators of the NF-kB pathway (Zhang et al., 2018b). In contrast, the
microRNA miR-146a-5p is significantly depleted in PDAC compared to normal tissue and is
reported to downregulate RELA, as well as impact PDAC cell growth and chemoresistance

(Meng et al., 2020).

Another route for RELA upregulation in PDAC is the activation of Interleukin 1 Receptor
Associated Kinase 4 (IRAK4). The four members of the IRAK family are involved in signal
transduction in the interleukin-1 and Toll-like receptor signalling pathways (Suzuki et al.,
2002). Briefly, a signalling cascade results in IRAK4 phosphorylation of IRAK1, which then
binds to and activates TAK1, followed by phosphorylation and activation by TAK1 of the IKK
complex in the canonical NF-kB pathway (Jiang et al., 2002; Cushing et al., 2017). Activated
IRAK4 is associated with a negative prognosis in PDAC and has a strong correlation with
activated RELA staining. Moreover, IRAK4 perturbation by CRISPR-CAS9, small molecule

inhibition or RNAI interference reduces RELA activity, PDAC cell proliferation, and the
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production of multiple pro-inflammatory cytokines, including IL-1B, IL-6, IL-8 and CXCL1/2

(Zhang et al., 2017a).

In addition, RELA is linked to the pathogenesis of chronic and hereditary pancreatitis, which
are risk factors for PDAC development (Zhang and Rigas, 2006). Chronic pancreatitis is
most commonly caused by excessive alcohol consumption and accounts for up to 3 % of
pancreatic cancer cases (Lowenfels et al., 1999), with approximately 5 % of patients with
chronic pancreatitis developing PDAC with a 1-2 decade lag between diagnosis of chronic
pancreatitis and PDAC (Raimondi et al., 2010). The majority of evidence linking RELA to
pancreatitis involves the use of cerulein, which is an oligopeptide long known to cause
pancreatitis and administered to rodents to induce acute pancreatitis for study (Sato et al.,
1989; Yang et al., 2020). High cerulein concentrations can activate NF-kB activity, via ROS
production, and in turn stimulate inflammation (Yu et al., 2002). Mice overexpressing RELA
and injected with cerulein have higher RELA and inflammation levels, as well as more
severe pancreatitis, compared to mice with cerulein injections alone. Furthermore, sustained
RELA activation by constitutive expression of IKK2 in pancreatic acinar cells induces RELA
activity and several aspects of chronic pancreatitis in mice, including activation of stellate
cells and elevation of fibrosis (Huang et al., 2013). More recently, inhibition of RELA activity
by Resveratrol in KC PDAC mouse models was found to reduce the severity of
cerulein-induced pancreatitis and hindered the formation of PanINs (Qian et al., 2020).
Therefore, RELA is involved in a positive feedback loop with chronic pancreatitis that may

contribute to PDAC initiation.

Although the bulk of literature pertaining to RELA activity in PDAC provides examples of the
oncogenic roles of RELA, RELA has been shown to present tumour suppressor functions in
rare and specific contexts. A key instance of this oncogene-induced senescence (OIS),
which limits the progression of PDAC precursors to invasive neoplasms (Guerra et al.,
2011). In 2016, Lesina et al. showed that deletion of murine RelA reduces lifespan and

causes significantly earlier development of PDAC in Kras®'?® mouse models of pancreatic
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cancer, which express RelA in preneoplastic and PDAC lesions. Paradoxically, significantly
lower proliferation was identified in the PDAC tumours of mice lacking RelA. It was then
discovered that OIS was blocking proliferation in the presence of RelA, which impeded the
progression of premature lesions to full-blown PDAC. This was supported by the loss of
senescence-associated (B-galactosidase staining in PDAC mouse models with RelA deletion.
Furthermore, senescence was identified as dependent on RelA-mediated CXCL1 (mouse
orthologue of human IL-8) production, with PanIN lesions with RelA deletion no longer
displaying accelerated progression to PDAC with CXCL1 expression. Therefore, Lesina et
al. found that RelA has a tumour suppressor role early on during PDAC development
through the promotion of senescence by CXCL1 production, but may still promote tumour

proliferation in advanced tumours (Lesina et al., 2016).

1.3.4 Therapies targeting NF-kB signalling for cancer treatment

The root of modern targeting of NF-kB signalling lies historically in the modulation of TNFa
(see Balkwill, 2009 for an in-depth account). In the 1970s, TNFa was shown to cause
necrosis in tumours (Carswell et al., 1975) and was later found to promote T cell-mediated
immunity (Havell et al., 1988; Kashii et al., 1999). Consequently, TNFa was implemented in
several clinical trials as a hopeful new drug for targeting cancer. However, TNFa therapy did
not cause significant effects on tumour reduction in the clinic and were universally
associated with severe toxic side effects with systemic administration (Selby et al., 1987;
Kuei et al., 1989). Meanwhile, local TNFa administration appeared to be more tolerable and
effective in eradicating tumours in patients, but the benefits of TNFa were limited to the
primary tumour and ineffectual against metastases (Grunhagen et al., 2006; Balkwill, 2009).
To the surprise of the scientific community, it was discovered in the 1990s, by Frances
Balkwill in collaboration with George Kollias, that knocking out TNFa in mice reduced tumour
formation from carcinogens (Moore et al., 1999). Subsequently, tumour promoting roles of

TNFa were identified, such as induction of oxidative damage causing mutagenesis in mouse
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tissues in vivo (Yan et al., 2006). Moreover, TNFa levels were found to be elevated in
malignant cells compared to normal cells (Ferrajoli et al., 2002; Kulbe et al., 2007) and in
advanced cancer compared to non-metastatic tumours (Karayiannakis et al., 2001). In 1993,
Anti-TNFa was initially shown to reduce metastasis of fibrocarcinoma cells in mice to the
lungs (Orosz et al., 1993). Significantly, Egberts et al. demonstrated that TNFa inhibition with
etanercept or infliximab caused reduction of orthotopic PDAC tumour growth in mice by 30
% and reduction of metastasis by 50 %, despite mild effects on proliferation and
invasiveness in vitro. Moreover, the in vivo effects were heightened in a PDAC resection

model (Egberts et al., 2008).

Evidence of anti-tumour effects of inhibiting, rather than administering, TNFa led to a number
of phase Il clinical trials using anti-TNFa antibodies for the treatment of breast cancer
(Madhusudan et al., 2004), ovarian cancer (Madhusudan et al., 2005) and renal cell
carcinoma (Harrison et al., 2007), which each showed potential for the clinical efficacy of
anti-TNFa therapy. Nonetheless, a phase I/l clinical trial assessing the effect of combined
anti-TNFa treatment (etanercept) with gemcitabine in PDAC patients found no clinical benefit
of the addition of anti-TNFa treatment in terms of duration of patient survival (Wu et al.,
2013). Similarly, a phase lll clinical trial testing the effect of TNFa delivery to PDAC tumour
cells by gene transfer identified no difference in patient survival between standard care and

standard care with TNFa (Herman et al., 2013).

Since the early 2000s, direct inhibition of the NF-kB pathway has been explored preclinically
(Giridharan and Srinivasan, 2018), including inhibition of RELA:p50 nuclear import by
targeting importin a and B (Stelma and Leaner, 2017), or by using a peptide encompassing
the p50 NLS sequence to competitively inhibit the interaction of endogenous p50 with
importins (Lin et al., 1995). RELA binding to DNA can also be approached by competitive
inhibition by providing cells with dsDNA fragments, termed ‘decoy’ oligodeoxynucleotides,
containing kKB sequences that RELA binds to instead of native kB sequences (Morishita et

al., 1997). Other strategies for inhibition of RELA activity include targeting RELA
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transactivation (Takada et al., 2004), post-translational modification (Park et al., 2015), and

cofactors (Choi et al., 2008).

Alternatively, RELA activity can be inhibited by enhancing the stability of IKB proteins, which
are degraded through the 26S proteasome following IkB phosphorylation and
poly-ubiquitination (Chen et al., 1995). Bortezomib is a reversible and selective inhibitor of
the proteasome that has been shown to inhibit RELA and completely suppress proliferation,
in addition to causing cell death in diverse cancer cell lines (Kane et al., 2003; Chen et al.,
2011). Bortezomib has also been shown to potentiate the effects of cell death by the
topoisomerase | inhibitor irinotecan in pancreatic and colorectal cancer cell lines (Shah et al.,
2001; Cusack et al., 2001), as well as improve gemcitabine-mediated cytotoxicity and
tumour growth inhibition of MIA PaCa2 pancreatic cancer xenografts (Bold et al., 2001).
However, bortezomib therapy has only proved to be efficacious and well-tolerated in
haematological cancers in the clinic (Richardson et al., 2003), but has limited efficacy and
severe toxicity in solid tumours, as demonstrated by phase Il clinical trials in malignant
melanoma (Amiri et al., 2004; Croghan et al., 2010) and metastatic breast cancer (Yang et

al., 2006).

In 1994, the non-steroidal anti-inflammatory drug (NSAID) aspirin was shown to inhibit
NF-kB signalling (Kopp and Ghosh, 1994) and there is compelling evidence that aspirin
functions by inhibiting IKKB (Yin et al., 1998). However, it is unclear whether aspirin’s effect
on NF-kB or in tumour reduction functions in part through inhibition of the enzyme
cyclooxygenase 2 (COX2), since aspirin irreversibly acetylates COX2 (Vane, 1971) and
COX2 is upregulated in multiple cancers (Williams et al., 1999). Interestingly, COX2 is
believed to be an NF-kB target, causing COX2 inhibition to downregulate COX2 synthesis
via NF-kB inhibition (Shishodia et al., 2004). Regardless of the mechanism, aspirin inhibits
constitutive RELA activity in pancreatic cell lines and prevents pancreatic tumour formation
in mice injected with PANC1 cells (Sclabas et al., 2005). An independent study similarly

found that nitric oxide-releasing aspirin reduces PDAC tumour weight, incidence and spread
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in KRAS®'?® mouse models (Rao et al., 2012). A phase Il UK trial (Add-Aspirin) seeking to
recruit 11,000 participants aims to test the effects of aspirin on the treatment of early-stage

breast, colorectal, gastro-oesophageal, and prostate cancer (Coyle et al., 2016).

Other routes currently under investigation in the clinic include targeting the RELA regulators
IL-1R and IRAK4 (Khurana et al., 2020). The IL-1R inhibitor anakinra is an FDA-approved
drug that has shown promising preclinical results in PDAC models, causing reduction of
RELA activity and significantly reducing tumour burden in vivo when combined with
gemcitabine, compared to gemcitabine treatment alone (Zhuang et al., 2016). Anakira is in a
clinical trial (NCT02550327) by the Baylor Research Institute to test the effect of combination
with nab-paclitaxel, gemcitabine, and cisplatin in patients with resectable or potentially
resectable PDAC. Meanwhile, IRAK4 is expressed in most (60 %) PDAC tumours and
strongly correlates with RELA expression by immunohistochemical analysis, with IRAK4
believed to drive RELA activation and promote chemoresistance in PDAC cells (Zhang et al.,
2017a), as well as promote tumour fibrosis and PDAC cell survival when highly expressed in
cancer-associated fibroblasts (Zhang et al., 2018a). The specific IRAK4 inhibitor CA-4948 is
currently being tested in patients with relapsed or refractory haematological malignancies as
a single agent (Younes et al., 2019). Several of the aforementioned studies have described a
reduction of chemoresistance associated with inhibition of NF-kB signalling. This concept
was also explored in PDAC cell lines by antibody blocking of IL-1R, which reduced high
basal NF-kB activity and decreased resistance of PDAC cell lines to etoposide treatment

(Arlt et al., 2002) (Arlt et al., 2003).

In contrast to other agents targeting NF-kB signalling, the NF-kB inhibitor curcumin is
considerably well tolerated at high doses and has minimal toxicity (Lao et al., 2006).
Curcumin is a naturally occurring compound and the active component of turmeric (Curcuma
longa), which was discovered in the 1800s (Gupta et al., 2012). In 1995, a study by Singh
and Aggarwal revealed that curcumin inhibits NF-kB activity (Singh and Aggarwal, 1995) and

a follow up study by the Aggarwal lab showed that curcumin functions by inhibiting IKK
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proteins (Bharti et al., 2003). Subsequently, it was demonstrated that curcumin inhibits the
proliferation of pancreatic cell lines, promotes gemcitabine-induced cell death through the
inhibition of RELA activity, and reduces PDAC tumour volume in vivo (Kunnumakkara et al.,
2007). Furthermore, 8 g/day curcumin, as a single agent or in combination with gemcitabine,
has proved to have beneficial effects in a subset of PDAC patients (Dhillon et al., 2008;
Kanai et al., 2011). Consequently, curcumin remains a viable route for safely targeting RELA
signalling in PDAC, although further exploration in the clinic has not been carried out in the

last decade.

Overall, systemic inhibition of NF-kB signalling has encountered numerous pitfalls and has
generally failed to progress in the clinic, primarily due to complex, unpredictable and often
toxic effects, as well as issues with prolonged immune suppression (Karin, 2009). Therefore,
research is underway to develop delivery systems to target NF-kB signalling in a
tissue-specific manner, such as through the use of cell-penetrating nanocarriers (Kanazawa
et al., 2015). A more comprehensive understanding of distinctions in RELA signalling
between tissues may also reveal new routes for targeting RELA. Furthermore, issues with
RELA inhibition may be overcome by modulating, rather than completely ablating, RELA

activity or by controlling RELA dynamics to control certain transcripts.

1.4 Summary and PhD Aims

In this chapter | have summarised the basic configuration of the canonical NF-kB signalling
pathway, which functions in immune signalling, cell survival, and proliferation (Collart et al.,
1990; Antwerp et al., 1996; Zhang et al., 2004). The NF-kB factor RELA forms a heterodimer
with p50 and is held inactive in the cytoplasm by IkBa in basal conditions (Baeuerle and
Baltimore, 1988b; Kunsch et al., 1992). However, the potent cytokine TNFa stimulates
activation of the IKK complex, which phosphorylates and causes degradation of IkBa (Chen

et al.,, 1995). Upon destruction of IkBa, importin proteins mediate translocation of free
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RELA:p50 to the nucleus, where RELA:p50 binds to kB sequences in DNA (Chen et al.,

1998; Fagerlund et al., 2005).

Studies have assayed RELA localisation, using live imaging and fluorescent tagging of
RELA, as a measure of RELA activity. In all cell types, RELA rapidly translocates to the
nucleus following high dose TNFa stimulation, with peak RELA nuclear localisation occurring
30-60 min after TNFa treatment (Tay et al., 2010; Sero et al., 2015). In several cell types,
RELA oscillates between the nucleus and the cytoplasm with damped peaks or, in some
cases, with successive peaks of equal amplitude (Nelson et al., 2004; Sung et al., 2009).
Alternatively, RELA can be unresponsive to TNFa or respond with a single pulse of nuclear
localisation (Bagnall et al., 2015). In addition to inflammatory stimuli, RELA dynamics are
encoded by mechanical cues - including cell shape, myosin activity, and matrix stiffness
(Georgouli et al., 2019; Sero et al., 2015) - as well as the cell cycle (Ankers et al., 2016).
Moreover, RELA induces transcription of NFKBIA (the gene encoding IkBa), which is
believed to cause oscillations in RELA activity (Sun et al., 1993; Hoffmann et al., 2002).
Importantly, RELA dynamics appear to dictate the specificity and timing of transcriptional
output, which may enable context-dependent RELA activation of specific target genes

(Ashall et al., 2009; Lane et al., 2017).

Finally, this chapter detailed the reported hyperactivity of RELA in PDAC patients and the
putative functions RELA has in PDAC oncogenesis. RELA is upregulated in > 50 % of PDAC
tumours and is associated with poor survival (Wang et al., 1999; Weichert et al., 2007).
RELA activation appears to primarily result from positive feedback with inflammation in the
PDAC tumour microenvironment (Melisi et al., 2009), in addition to regulation by mechanical
signalling (Kiefel et al., 2010) and microRNAs (Meng et al., 2020). PDAC survival is often
diagnosed at a late stage and has a 5-year survival rate of < 4 % in the UK (Vincent et al.,
2011). Targeting RELA in PDAC appears to be an attractive route for reducing tumour
burden and chemoresistance (Bold et al., 2001; Kanai et al., 2011; Rao et al., 2012), but

there exist clinical limitations in targeting NF-kB signalling due to toxic side effects (Karin,
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2009). A better comprehension of RELA signalling and identification of novel mechanisms
regulating RELA hyperactivity may expose new vulnerabilities in NF-kB signalling that can

be exploited therapeutically.

The overall objectives of this PhD project are to improve understanding of RELA
translocation dynamics in PDAC on the single cell level, to understand factors influencing
these dynamics, and to elucidate the role that RELA plays in PDAC cells. These are

dissected into four key aims addressed in this thesis:

Aim 1: To characterise endogenous single cell RELA dynamics in PDAC cells in response to

TNFa and oncolytic virus infection.

Aim 2: To identify whether features of RELA single cell dynamics are associated with cell

survival.

Aim 3: To identify whether cell shape, actin and tubulin features correlate with heterogeneity

in single cell RELA localisation with TNFa in PDAC cells.

Aim 4: To identify changes in the transcriptome in PDAC cells induced by TNFa-mediated

RELA nuclear translocation.
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Chapter 2: Materials and Methods

Cell lines and cell culture

Cell lines were maintained at 37 °C and 5 % CO, in Dulbecco’s Modified Eagle Medium
(DMEM; Gibco) supplemented with 10 % heat-inactivated Fetal Bovine Serum (Sigma) and 1

% Penicillin/Streptomycin (Gibco).

MIA PaCa-2, PANC-1, Capan-1, SW-1990, Panc05.04 and hTERT-RPE1 were obtained

from ATCC. A375 cells were provided by the Harrington lab (ICR).

Cell lines were confirmed as mycoplasma-negative by PCR (e-Myco Mycoplasma PCR

Detection Kit; iNtRON Biotechnology).

CRISPR-CAS9 endogenous tagging

RELA and PCNA were tagged endogenously at each C-terminus using
CRISPR-CAS9-mediated gene editing in MIA PaCa2 and PANC1 cells. RELA was tagged
with enhanced GFP (Zhang et al., 1996) and PCNA was tagged with mScarlet-I (Bindels et
al., 2017), abbreviated throughout this thesis as RELA-GFP and PCNA-Scarlet respectively.
RELA-GFP was first introduced into wildtype cell lines then PCNA-mScarlet was added to

validated RELA-GFP clones.

Homology constructs were generated by extracting the region around the stop codon of each
gene by PCR. The product was used as a template to amplify the left homology arm (LHA)
and right homology arm (RHA) by PCR. PCRs were carried out using High-Fidelity Q5 DNA
Polymerase (NEB) according to the manufacturer’s protocol. The RHA contains a mutation
corresponding to the gRNA protospacer adjacent motif (PAM) to prevent repeat targeting by
the Cas9 nuclease. Primers used to amplify the homology arms included overlaps for 1) a

DNA cassette encoding a linker protein, the fluorescent protein, and antibiotic resistance
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(kindly donated by Francis Barr); 2) the pBluescript Il SK (-) vector (Agilent) following EcoRV
digestion. The final homology construct was generated from the four DNA oligos by Gibson

assembly using the NEB Gibson Assembly Master Mix and according to the NEB protocol.

gRNA oligos were designed using CRISPR.mit.edu. Forward and reverse oligos were
phosphorylated, annealed and ligated into a Bbsl-digested pX330 U6 Chimeric hSpCas9

plasmid, gifted from Feng Zhang (Cong et al., 2013).

Custom oligos were synthesised by Sigma-Aldrich. A list of the custom oligos used to extract
the genomic region around the RELA C-terminus and gRNA oligos are summarised in Table

2.1. Oligos were synthesised by Sigma-Aldrich.

Cells were ftransfected with homology and gRNA constructs using Lipofectamine 2000
(ThermoFisher) according to the manufacturer’s protocol. Cells were expanded and selected
for antibiotic resistance for three weeks. FP-positive cells were selected using FACS and
sorted into single cells per well in 96-well plates and clones were expanded and tested for
FP presence by amplifying and sequencing the C-terminus of the RELA and PCNA genes

from genomic DNA, in order to confirm the presence of the linker and eGFP or mScarlet

DNA.
Table 2.1: Oligos for CRISPR-CAS9 genome editing
Target Oligo Sequence
RELA C-Terminus gDNA extraction forward TGGGTCAGATGGGGTAAGAG
RELA C-Terminus gDNA extraction reverse CCAGCTTGGCAACAGATTTA
RELA Homology construct (eGFP & neomycin ACGGTATCGATAAGCTTGATT
resistance) LHA forward GGGTCAGATGGGGTAAGAG
RELA Homology construct (eGFP & neomycin CGCCACCACCGCTCCCACC
resistance) LHA reverse GGAGCTGATCTGACTCAGCA
RELA Homology construct (eGFP & neomycin TTCTTGACGAGTTCTTCTGAG
resistance) RHA forward GAGGTGACGCCTGCCCTCC
RELA Homology construct (eGFP & neomycin CCGGGCTGCAGGAATTCGAT
resistance) RHA reverse CAAGGAAGTCCCAGACCAAA
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RELA gRNA forward TGAGTCAGATCAGCTCCTAA
RELA gRNA reverse TTAGGAGCTGATCTGACTCA
PCNA C-Terminus gDNA extraction forward GCCCTGGAGCCTTGATATTC
A
PCNA C-Terminus gDNA extraction reverse TCTCACTTGTTCCTTGAGCTC
A
PCNA Homology construct (mScarlet-1 & blasticidin | ACGGTATCGATAAGCTTGATG
resistance) LHA forward AGTTTGCAGAGCTGAAATTA
PCNA Homology construct (mScarlet-1 & blasticidin | CGCCACCACCGCTCCCACCA
resistance) LHA reverse GATCCTTCTTCATCCTCGA
PCNA Homology construct (mScarlet-l & blasticidin | GTTATGTGTGGGAGGGCTAA
resistance) RHA forward GCATTCTTAAAATTCAAGAA
PCNA Homology construct (mScarlet-I & blasticidin | CCGGGCTGCAGGAATTCGAT
resistance) RHA reverse TCTCACTTGTTCCTTGAGCT
PCNA gRNA forward CACCGCGAGGATGAAGAAGG
ATCTT
PCNA gRNA reverse AAGATCCTTCTTCATCCTCGC
GGTG

Lentiviral cell line generation

HEK-293T cells were transduced using Effectene (Qiagen) with the lentiviral plasmid
pTRIPZ-IkB-SR (mouse), kindly gifted from Tencho Tenev (Pascal Meier Lab), with the
packaging plasmid psPAX2 (Addgene) and envelope expressing plasmid pMD2.G

(Addgene).

After 48 hr, supernatant from transduced HEK-293T cells was filtered using 0.45 ym syringe

filters then immediately added to target cells.

After 72 hr, target cells were selected with puromycin for 2-4 weeks then single cell sorted
using FACS into 96 well plates. Clones were expanded and tested for retention of
RELA-GFP in the cytoplasm in the presence of 10 ng/ml TNFa when pre-treated with

doxycycline (dox) for 24 hr and normal nuclear translocation of RELA-GFP without dox
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treatment. In all experiments involving IkB-SR, cells were treated with dox at a final

concentration of 0.1 pg/ml.

TNFa treatment

Cells were treated with human recombinant TNFa diluted in complete medium at a final

concentration of 0.1 ng/ml, or 1 ng/ml and 10 ng/ml when specified. TNFa sourced from Sino

Biological was diluted in water and used to treat the panel of PDAC lines for Bayesian

analysis (Figure 4.3 and Figure 4.4). Due to lack of availability, TNFa was sourced from R&D

Systems and diluted in 0.1 % BSA/PBS for all other experiments.

Drug treatments

The reagents in Table 2.2 were used at the listed concentrations unless specified.

Table 2.2: Drugs

Name Company Product code Concentration
Paclitaxel Sigma T7402 50 nM
Vinblastine Sigma V1377 25nM
Nocodazole Sigma M1404 400 nM
Demecolcine Sigma D7385 100 nM
Cytochalasin D Sigma C8273 2 UM
CK666 Sigma SMLO0006 200 uM
H1152 Tocris 2414 20 uM
Blebbistatin Sigma 203390 20 uM
PF573228 Tocris S7654 1uM
Defactinib Selleckchem S7654 10 uM
SMIFH2 Abcam Ab218296 25 uM
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Talazoparib Selleckchem S7048 0.1,1,10 nM
(BMN-673)

Olaparib Selleckchem S1060 0.1,1,10 nM

Veliparib Selleckchem S1004 0.1,1,10 nM

Reovirus infection

Reovirus Dearing type 3 (RT3D) stocks diluted in PBS were provided by Oncolytics Biotech
at 3x10° tissue culture infectious dose 50 (TCID50/ml). Cells were infected with RT3D at
MOI 10 unless specified. The original screen for synthetic lethal interactions between
chemotherapeutic drugs and RT3D was carried out by Joan Kyula and Victoria Roulstone

(Harrington lab, ICR).

Immunofluorescence staining

Cells were fixed with warm formaldehyde dissolved in PBS at a final concentration of 4 % for
15 min at 37 °C then washed three times with PBS. At RT (room temperature), cells were
permeabilised for 10 min in 0.2 % TritonX-100 (Sigma Aldrich) dissolved in PBS and blocked
for 1 hrin 2 % BSA/PBS. Cells were stained with 1 pg/ml Hoechst (Sigma Aldrich) in PBS for

15 min at RT, washed three times and left in PBS/azide before imaging.

Cells were incubated with primary antibodies (Table 2.3) for 2 hr at RT or overnight at 4 °C,
washed three times with PBS, and incubated with secondary antibodies (Table 2.4) for 90
min at RT. Where relevant, Alexa 568 Phalloidin (Invitrogen; A12380; 1:1000) was added

simultaneously with secondary antibody incubation.

Table 2.3: Primary antibodies for immunofluorescence

Target Company Code Working dilution
NF-kB p65 (RELA) | Abcam 16502 1:500
a-Tubulin Bio-Rad MCA78G 1:1000
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pFAK (Tyr397) Invitrogen 44-624G 1:250

Table 2.4: Secondary antibodies for immunofluorescence

Product Company Code Working dilution
Alexa 488/568/647 | Invitrogen A11029, A11004, 1:500

goat anti-mouse IgG A21235

(H+L)

Alexa 488/568/647 | Invitrogen A11034, A11036, 1:500

goat anti-rabbit IgG A21246

(H+L)

Alexa 647 goat Invitrogen A21247 1:500

anti-rat 1I9G (H+L)

Confocal spinning disk microscopy

Images were taken using the PerkinElmer Opera confocal microscope or the Zeiss Axio
Observer Z1 Marianas Microscope with a CSUX1 confocal spinning disk unit built by 3i

(Intelligent Imaging Innovations, Denver, CO).

The PerkinElmer microscope was used with a 20 x air objective. For fixed cell imaging, a
minimum of 21 fields of view were captured per well. For live cell imaging, MIA PaCa2
RELA-GFP PCNA-Scarlet and PANC1 RELA-GFP PCNA-Scarlet cells were seeded at a
density of 1,000 cells per well in a 384-well plate one day prior to imaging. Images were
taken of 4 fields per well at 10 min intervals using the Opera QEHS imaging system with an

environmental control chamber set to 80 % humidity, 5 % CO, and 37 °C.

Images taken on the 3i confocal microscope were captured using 3i Slidebook (Version 6)
software with a 20 x air objective. The microscope is maintained at 37 °C with > 60 %

humidity, and a flow regulator was used to set CO, to 5 % for live imaging experiments.
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Image analysis

Images from the PerkinElmer Opera microscope were analysed using custom image
analysis scripts with PerkinElmer’s Columbus 2.6.0 software platform. Scripts detected and
segmented individual nuclei using Hoechst and the cytoplasm using Tubulin, or RELA when
Tubulin is not included in the staining set. Cells touching the image border are filtered out
and neighbour contact (% cell border touching another cell) for each remaining cell is
calculated. The nuclear region is reduced by 1 px from the nuclear outer border from
Hoechst segmentation and the ring region is set as the area 2 px to 6 px outside of the
nuclear outer border. Intensities of all stains are calculated in all segmented regions on a
single-cell level. A total of 32 geometric, cytoskeletal and Hoechst features were measured
in addition to measurements of RELA/RELA-GFP. RELA Ratio is calculated by dividing the
mean nuclear intensity of RELA/RELA-GFP by the mean ring region intensity of
RELA/RELA-GFP. Texture features were calculated using SER methods with region
normalisation. Bright and Spot textures were smoothed to a kernel of 4 px to detect large
patches (bundles) of actin/tubulin. Ridge texture was non-smoothed to detect sharp ridges
(filaments) of actin/tubulin. Elongatedness was calculated as ((2 * Cell Length)?/ Cell Area).
Actin Filament Area was measured using Columbus’s ‘Find Spots’ function applied to the
actin channel. Neighbour contact was calculated using an inbuilt Columbus algorithm
calculating the percentage of a cell’'s border in contact with other cell borders. Grouped
neighbour contact measurements were generated from non-normalised data rounded to the

nearest multiple of ten.

For analysis of live cell imaging from the PerkinElmer Opera microscope, nuclear and ring
region measurements of RELA and PCNA over time were carried out using Nuclitrack
software (Cooper et al., 2017), with 50-60 cells tracked per treatment, cell line and biological
repeat (n = 2 biological repeats). Nuclitrack tracking was carried out by myself with
assistance from Andrea Brundin (Imperial College London). Cells were imaged 2 hr prior to

TNFa treatment, to capture basal RELA localisation, and 48 hr following 0.01 ng/ml, 0.1
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ng/ml or 10 ng/ml TNFa. Cells were tracked for only 10 hr following TNFa treatment while
the total 48 hr imaging period was used to ascertain cell fate (survival or death). Intensity
measurements in the second biological repeat were normalised to the first based on control
well measurements (absence of TNFa) to account for changes in intensity over time due to
photobleaching and laser power changes. Each biological repeat consisted of eight technical
(well) replicates per cell line and treatment. For each cell line, tracks from all treatments and
biological repeats were collated and trimmed to 120 min prior to until 600 min following TNFa
treatment then clustered using Time Course Inspector (Dobrzynski et al., 2020) in R, with
Ward D2 linkage and the Manhattan dissimilarity measure. RELA ratio peaks were detected
in Excel as RELA ratios fitting either of two criteria: 1) > 0.02 above both the mean RELA
ratio of the previous two time points and the mean RELA ratio of the following three
timepoints; 2) > 1 and the maximum RELA ratio in the surrounding 40 min window, and >
0.01 above the mean RELA ratio of the previous two time points and the mean RELA ratio of
the following two timepoints. The ‘first peak’ is the peak that occurs at the earliest timepoint

following TNFa addition.

All imaging for cells infected with reovirus (Chapter 6) was carried out on the 3i microscope.

Unsegmented nuclei were segmented and tracked using Nuclitrack for live imaging data.

For all other data, nuclei were segmented in FIJI (Schindelin et al., 2012) using the StarDist
Plugin (Schmidt et al., 2018). Nuclei in the TNFa washout experiment (Figure 3.9) were
tracked using TrackMate with StarDist-segmented nuclei. Quantification of intensity and cell

shape features were carried out in CellProfiler (Carpenter et al., 2006).

Data from tracks analysed in CellProfiler (Figure 3.9 and all live imaging in Chapter 6) were
processed in R. Data were converted to wide format and missing RELA ratio measurements
in tracks were imputed using the imputeTS package and smoothed using savitzky-golay
filtering with the sgolayfilt function in the ‘signal’ package. The peak RELA ratio was

identified by the maximum RELA ratio per track. The first and second derivatives were
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calculated using the sgolayfilt function. First derivative values around the peak RELA ratio
were used to calculate the maximum rate of RELA ratio change (max 1% derivative = max
rate,,, min 1% derivative = max rate,,). The duration of RELA nuclear localisation by track

was identified by the maximum of the second derivative.

Cell spreading assay

MIA PaCa2 RELA-GFP PCNA-Scarlet and PANC1 RELA-GFP PCNA-Scarlet cells were
seeded at a density of 1,000 cells per well in 384-well plates in DMEM with 100 nM
SiR-Actin and 10 uM Verapamil (Spirochrome). Cells were treated with BSA/PBS (control) or
0.1 ng/ml TNFa diluted in DMEM, then immediately imaged for 12 hr at 10 min intervals. The
intensity and cell morphology measurements were calculated for five cells per treatment/cell
line on a single cell level using Columbus software (PerkinElmer). For reference values in
adhered cells, the well average RELA ratio over time aligned to the time of 0.1 ng/ml TNFa

addition was calculated using Columbus for at least 5 wells per cell line and treatment.

TNFa washout assay

40,000 MIA PaCa2 RELA-GFP PCNA-Scarlet cells were seeded in 2 ml phenol red-free
DMEM in a glass-bottom dish (MatTek; P35G-1.5-14-C) coated with fibronectin (Sigma;
f0895) diluted 1:100 in PBS from stock. The following day, cells were imaged on the 3i
confocal spinning disk microscope with 20 fields of view at 10 min intervals for 1 hr prior to
TNFa addition. Cell medium was aspirated and replaced with 0.1 ng/ml TNFa for 60 min,
then aspirated and replaced with fresh DMEM using a perfusion system (designed by Kai

Betteridge, ICR). Cells were imaged for a further 47 hours following TNFa removal.

Co-immunoprecipitation

MIA PaCa2 cells were cultured in 15 cm dishes to 80 % confluence then treated with TNFa

at a final concentration of 0.01 ng/ml, 0.1 ng/ml or 10 ng/ml, or with a BSA/PBS control.
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Co-immunoprecipitation (Co-IP) was carried out using GFP-Trap Agarose beads
(Chromotek; gta-10) or with binding control agarose beads (Chromotek; bab-20) using RIPA
lysis buffer and according to the manufacturer’s protocol. Original sample, flow-through and
elution from the agarose beads were checked by western blotting with an anti-RELA
antibody (abcam; 16502). Samples were analysed by mass spectrometry (methods in the

‘Proteomics’ section below).

IkB-SR with TNFa treatment for proteomics and RNA-seq analysis

MIA PaCa2 and PANC1 cells stably expressing doxycycline (dox)-inducible lentiviral IkB-SR
were seeded in t25s (for RNA-seq) or t75s (for proteomics) to attain 30 % confluence the
following day. At 30 % confluence, cells were treated with 1 ug/ml dox or DMSO. After 48 hr
dox, cells were treated with TNFa at a final concentration of 0.01 ng/ml, 0.1 ng/ml or 10

ng/ml, or with a BSA/PBS control for 1 hr or 5 hr.

Proteomics

Sample preparation for proteomic analysis through to database searching and quantification
were carried out by Theo Roumeliotis (ICR, Prof Jyoti Choudhary), who kindly provided the

protocols.

Sample preparation for proteomic analysis

Cell pellets were lysed in 150 pL lysis buffer of 100 mM triethylammonium bicarbonate
(TEAB), 1 % sodium deoxycholate (SDC), 50 mM NaCl, 10 % isopropanol and Halt protease
and phosphatase inhibitor cocktail (100X) (Thermo, #78442) on ice, with 15 second pulsed
probe sonication followed by heating at 90 °C for 5 min and another 5 second sonication.
Protein concentration was measured with the Quick Start™ Bradford protein assay (BioRad)
according to the manufacturer’s instructions. Protein aliquots of 100 or 60 pg were reduced
with 5 mM tris-2-carboxyethyl phosphine (TCEP) for 1 h at 60 °C and alkylated with 10 mM

iodoacetamide (IAA) for 30 min in dark. Proteins were digested overnight with trypsin at a
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final concentration 75 ng/uL (Pierce). Peptides were labelled with the TMT-11plex or
TMTpro-16plex reagents (Thermo) according to the manufacturer’s instructions. SDC was
removed by acidification with 1 % formic acid and centrifugation, and supernatant was
SpeedVac dried. For the immunoprecipitation (IP) samples, 100 yL of 100 mM TEAB were
added to the beads followed by reduction and alkylation as above and overnight digestion
with trypsin at a final concentration 50 ng/uL. Supernatant was dried with a centrifugal
vacuum concentrator and stored at -20 °C until the mass spectrometry (MS) analysis
(label-free analysis) or peptides were labelled with the TMT-11plex reagents, combined,
dried and C18 cleaned-up using the Pierce™ High pH Reversed-Phase Peptide

Fractionation Kit before the MS analysis.

High-pH Reversed-Phase peptide fractionation and phosphopeptide enrichment

For the total proteome and phosphoproteome analysis, peptides were fractionated with
high-pH Reversed-Phase (RP) chromatography using the XBridge C18 column (2.1 x 150
mm, 3.5 ym, Waters) on a Dionex UltiMate 3000 HPLC system. Mobile phase A was 0.1 %
v/v.ammonium hydroxide and mobile phase B was acetonitrile, 0.1 % v/v ammonium
hydroxide. The TMT labelled peptides were fractionated at 0.2 mL/min with the following
gradient: 5 min at 5 % B, for 35 min gradient to 35 % B, gradient to 80 % B in 5 min, isocratic
for 5 min and re-equilibration to 5 % B. Fractions were collected every 42 sec, combined in

28 fractions and SpeedVac dried.

Phosphopeptide enrichment of up to 20 peptide fractions was performed with the
High-Select™ Fe-NTA Phosphopeptide Enrichment Kit (Thermo) using a modified protocol in
a well plate array format. A volume of 50 pL resin/buffer was transferred on top of 10 pL filter
tips that were fitted on a 96-well plate using a suitable tip rack. The resin was washed three
times with 40 uL wash/binding solution and centrifugation at 500 g for 1 min. Peptides were
reconstituted in 30 uL wash/binding solution and were loaded onto the tip-columns with the

resin. After 30 min, the flow-through from three washes with wash/binding solution were
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collected in a clean 96-well plate with centrifugation at 500 g for 1 min each time.
Phosphopeptides were eluted twice with 40 pL elution buffer in a clean 96-well plate with
centrifugation at 500 g for 1 min, transferred in glass vials (Waters, P/N 186005669CV) and

SpeedVac dried.

LC-MS analysis

LC-MS analysis was performed on a Dionex UltiMate 3000 UHPLC system coupled with the
Orbitrap Lumos Mass Spectrometer (Thermo Scientific). Peptides were loaded onto the
Acclaim PepMap 100, 100 ym x 2 cm C18, 5 ym, trapping column at flow rate 10 pyL/min.
Samples were analysed with the EASY-Spray C18 capillary column (75 ym x 50 cm, 2 um)
at 50 °C. Mobile phase A was 0.1 % formic acid and mobile phase B was 80 % acetonitrile,
0.1 % formic acid. The separation method was: for 90 min gradient 5 % - 38 % B, for 10 min
up to 95 % B, for 5 min isocratic at 95 % B, re-equilibration to 5 % B in 5 min, for 10 min

isocratic at 5 % B at flow rate 300 nL/min.

The precursor ions between 375-1,500 m/z were selected with mass resolution of 120 Kk,
AGC 4x10° and IT 50 ms for CID fragmentation with isolation width 0.7 Th in the top speed
mode (3sec). The collision energy was set at 35 % with AGC 1x10*. MS3 quantification was
obtained with HCD fragmentation of the top 5 most abundant CID fragments isolated with
Synchronous Precursor Selection (SPS). Quadrupole isolation width was set at 0.7 Th,
collision energy was applied at 55 % or 65 % and the AGC setting was 1x10° or 5x10*. The
HCD MS3 spectra were acquired for the mass range 100-500 with 50 k resolution. Targeted
precursors were dynamically excluded for further isolation and activation for 45 seconds.
Phosphopeptides and label-free IP samples were analysed at the MS2 level with HCD-38 %

at 50K Orbitrap or Rapid lontrap detection respectively.

Database search and quantification

Raw mass spectrometry data were analysed in Proteome Discoverer 2.4 (Thermo Scientific)

with the SequestHT search engine for peptide identification and quantification. The precursor
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and fragment ion mass tolerances were 20 ppm and 0.02 Da (Orbitrap)/0.5 Da (lontrap)
respectively. Spectra were searched for fully tryptic peptides with maximum of 2
miss-cleavages. TMT6plex or TMTpro at N-terminus/K and Carbamidomethyl at C were
selected as static modifications. Oxidation of M, Deamidation of N/Q and Phosphorylation of
S/TIY (for phospho-enriched samples only) were selected as dynamic modifications. Spectra
were searched against reviewed UniProt human protein entries, peptide confidence was
estimated with the Percolator node and peptides were filtered at g-value < 0.01 based on
decoy database search. The reporter ion quantifier node included a TMT quantification
method with an integration window tolerance of 15 ppm. Only peptides with average reporter
signal-to-noise > 3 were used and phosphorylation localization probabilities were estimated

with the IMP-ptmRS node.

Data were analysed using Perseus (MaxQuant) software (Tyanova et al., 2016) using the

pipeline recommended for cancer research analysis (Tyanova and Cox, 2018).

RNA-seq

Samples were processed and reads aligned by the Tumour Profiling Unit at the ICR.
Statistical analysis was carried out using the DEseq2 package (Love et al.,, 2014) in R.
Normalised counts from DEseq were log, transformed. The log, value for the DMSO control
(without dox) for the corresponding cell line (MIA PaCa2 or PANC1) and timepoint (1 hror 5
hr) was negated from transformed counts. Counts were then z-scored by cell line or across
all samples as indicated. Genes with < 10 counts across all samples were removed prior to
statistical analysis and genes with 0 counts for any sample were omitted from results. Advice

for statistical analysis of RNA-seq data was kindly provided by Gareth Muirhead (ICR).

Statistical analysis

All statistical analysis was carried out using R software. Statistical tests were carried out
using the ‘Rstatix’ package and Principal Component Analysis (PCA) was carried out using
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the inbuilt ‘prcomp’ function using z-score data. Graphs were generated in R using the

‘ggplot’ package (Wickham, 2016) unless specified.

To analyse cell-to-cell differences in the 35 geometric, cytoskeletal and Hoechst features
within and between PDAC and RPE1 cell lines (Chapter 4.2.1), single cell and well (mean)
data were collated from all cell lines and treatments from three biological repeats. Features
were normalised to the mean across all treatments and cell lines for each biological repeat.
Features were reduced for Bayesian analysis by clustering normalised single cell
measurements into ten clusters using the ‘ComplexHeatmap’ package in R (Gu et al., 2016),
clustering by the Spearman’s Rank coefficient with average linkage. Bayesian network
models and arc strengths were generated in R using normalised single cell data for the ten
reduced features via the ‘bnlearn’ R package (rsmax2 method) (Scutari, 2010). This
algorithm depicts unidirectional arcs, so reverse relationships can exist but are not as

statistically likely as the directional relationships indicated.

Z-scores in Figure 4.2 were calculated per technical replicate using the mean and standard
deviation for control measurements for each feature across all lines for each biological
repeat (n = 3). Mean z-scores per feature and cell line were calculated by averaging

z-scores for technical replicates across all biological repeats.

In Figure 4.5, MIA PaCa2 and PANC1 RELA-GFP cells fixed after 1 hr 0.1 ng/ml TNFa were
allocated to RELA translocation clusters based on RELA ratio, using the mean RELA ratio
+/- (0.6 * standard deviation) for live tracked cells at 60 min for each RELA translocation
cluster (M1-M4 and P1-P4) to define RELA ratio limits per cluster. Fixed cells were stained
for actin and tubulin and z-scores for the ten independent cytoskeletal and cell shape
features used in Bayesian analysis were calculated by cell line. t-SNE analysis was carried
out in R (“Rtsne” package) using z-score data. Statistical differences between RELA

translocation clusters for each cell feature by cell line were identified by ANOVA.
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Chapter 3: Live RELA translocation dynamics in PDAC

cells

3.1 Introduction

3.1.1 Effects of TNFa dose and duration on RELA translocation responses

Section 1.2.2 discussed the different profiles of RELA translocation dynamics in response to
TNFa. Briefly, several cell types display oscillatory RELA dynamics with constant TNFa
stimulation, but single cells can be unresponsive or present a single transient pulse of RELA
nuclear localisation (Nelson et al., 2004; Sung et al., 2009; Tay et al., 2010). Here, | focus on
the effects of altering TNFa dose and stimulus duration on the amplitude and heterogeneity

of RELA nuclear translocation.

Due to the importance and pleiotropic nature of its activity, RELA needs to function correctly
in the face of noise in extrinsic signals, such as transient bursts of cytokine production by
macrophages (Baer et al., 1998) or genotoxic stress (Piret and Piette, 1996). This is
necessary in order for RELA to upregulate the appropriate output, such as inflammation or
cell death. How cells process fluctuating inputs through modulation of RELA activity has
been extensively studied in the last two decades. Research has explored whether RELA has
a switch-like or continuous response, with each category bearing distinct merits. ‘All or
nothing’ RELA responses describe when signal strength does not affect the intensity of
RELA activation but could affect the likelihood of a cell activating. The binary presence of
factors required for RELA activation could achieve this response, which may be the case in
multiple myeloma tumours with constitutive RELA activation due to mutations in NFKB1,
NFKB2, TRAF3 or NIK (Annunziata et al., 2007; Keats et al., 2007). This would elicit a more

robust RELA response in the presence of signal variability, at the cost of limiting information
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processing to discrete output (Selimkhanov et al., 2014; Kellogg and Tay, 2015). Another
scenario involves continuous RELA responses, in which the stimulus dosage or duration
correlates with RELA activity, achievable by cell-to-cell variability in intrinsic factors like IKK
or IkBa expression. This latter model would be more likely to enable RELA induction of a
spectrum of cell fates within the same cell population (Lane et al., 2017; Spencer et al.,

2009).

The first experiments to test how RELA responds to various TNFa concentrations and
duration were carried out by Alexander Hoffman, Shannon Werner, David Baltimore, and
colleagues, using EMSA to assay NF-kB DNA binding activity. At the population level, NF-kB
activity duration was constant across TNFa stimulation durations (5, 15, 30 or 60 min),
suggesting that RELA has a bimodal response to TNFa stimulation (Hoffmann et al., 2002).
Moreover, while continuous TNFa stimulation provided oscillations at the population level, a
single TNFa pulse led to a single pulse in NF-kB activity. Hoffman et al.’s 2002 model of
NF-kB activation described switch-like NF-kB activation in response to short-duration
stimulation, while stimulation longer than 1 hr results in an NF-kB response proportional to
stimulation duration. Translation of NF-kB responses into transcriptional output was
observed in a subset of genes (e.g. the chemokine IP-10) expressed soon after continuous
TNFa stimulation or after a 15 min TNFa pulse. Meanwhile, other genes were only induced

after prolonged NF-kB activity, including the chemokine RANTES.

A follow-up study by Werner et al. tested shorter duration TNFa pulses (1, 2, 5, and 15 min)
and concurred that TNFa pulse duration does not affect the profiles of IKK and NF-«kB
activities by both computational simulation and experiments (Werner et al., 2008). Similarly,
a 1 min TNFa pulse could induce expression of specific target genes, including IkBa, IkBe,
IP10 and MCP1, which had expression independent of TNFa duration and concentration.
Thus, initial research into NF-kB activity on the population level provided evidence that

NF-kB responses are robust to extrinsic noise.
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Importantly, Hoffman et al. (2002) and Werner et al. (2008) primarily describe the importance
of negative feedback by IkBa, IkBe and A20 in regulating NF-kB activation, which | discuss in
section 5.1.5. Notably, IkBa is crucial to both oscillatory NF-kB dynamics and cessation of

NF-kB following activation.

Mike White’s group pioneered the analysis of single-cell heterogeneity in RELA responses
(Nelson et al., 2004; Ashall et al., 2009). SK-N-AS neuroblastoma cells expressing
RELA-dsRed, subjected to continuous TNFa stimulation, display oscillatory RELA dynamics
out of sync on the single-cell level. However, 5 min TNFa pulses synchronise RELA
translocation between cells, with stimulation frequency affecting RELA translocation
amplitude. The closest amplitude of RELA nuclear translocation to continuous TNFa
stimulation was achieved with 200 min intervals (low frequency), which resulted in
successive peaks attaining the same peak amplitude. Meanwhile, stimulation with 60 min or
100 min pulses (high frequency) resulted in damped oscillations, suggesting a need for a
system reset between 100 and 200 min post-TNFa. However, Ashall et al found that shorter
TNFa pulse intervals resulted in the most similar gene expression patterns to continuous

TNFa stimulation.

Studies by Markus Covert’s group furthered understanding of how TNFa dose affects RELA
responsiveness, using live image analysis of RelA-/- mouse 3T3 fibroblasts expressing
lentiviral RelA-dsRed under control of the endogenous promoter, simulating endogenous
RelA expression, in the presence of a range of TNFa doses (0.01-10 ng/ml) (Tay et al.,
2010). TNFa dose dramatically affected the proportion of cells responding with RelA nuclear
translocation, with 3 % of cells responsive at 0.01 ng/ml TNFa and 50 % responsive at 0.1
ng/ml TNFa. Like Hoffman et al. (2002) and Werner et al. (2008), Tay et al. reported digital
RelA activation, since total NF-kB activity on the single cell level, assayed by the area under
the first peak, remained constant across TNFa concentrations. Furthermore, RelA activity
could not be wholly due to pre-existing variation in TNFa sensitivity, since stimulating the

same population of cells with two 20 min long TNFa pulses resulted in only 11 % of cells
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responding to both pulses. TNFa dose also affected RelA response time, with the lowest
TNFa doses resulting in a time to peak RelA activation of 50 min compared to 20 min at the
highest TNFa doses, as well as higher variation in nuclear RelA localisation at lower TNFa
doses. In terms of gene expression, Tay et al. identified distinct subsets of genes dependent
on TNFa dose and duration: ‘early genes’ (e.g. IkBa and A20) are expressed rapidly (~1 hr)
after TNFa stimulation and are dose and duration independent, while late genes (e.g.
RANTES and CCL2) build up in expression over time and require persistent and high TNFa

doses.

Kellogg and Tay also published a study in 2015, using MEFs and the same system as Tay et
al. (2010), that discussed the effect of TNFa dose and oscillatory input specifically on
‘entrainment’ of NF-kB activity, which describes when activity becomes synchronised across
cells and oscillation phase differences become constant. While persistent TNFa input at both
high and low doses led to between-cell and within-cell variability with a natural period of
around 90 min, oscillating TNFa signal with 120 min intervals entrained RelA nuclear
translocation in MEFs, with higher amplitude of RelA nuclear oscillation and additionally
higher transcription output. However, 60 min interval TNFa signals failed to evoke an
entrained response and were associated with lower gene expression. Therefore, the authors
propose that entrainment of NF-kB activity and maximisation of NF-kB transcriptional output
requires careful matching of the input signal to the natural NF-kB frequencies present in the
population. However, the range around the optimal period (90 min) appears non-normally

distributed (Kellogg and Tay, 2015).

The effect of forced oscillatory signals on RELA oscillations has also been studied using
endogenously tagged p65 by Zambrano et al., who used GFP knock-in MEFS cultured with
a range of TNFa doses in a microfluidic device (Zambrano et al., 2016). Endogenous
GFP-RelA in MEFs was identified as not naturally entrained, as constant 10 ng/ml TNFa
stimulation resulted in asynchronous, heterogeneous, and damped oscillations. With 90 min

TNFa pulsing, RelA dynamics became synchronous at higher doses. Nonetheless,
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Zambrano et al. distinguish their results from Kellogg and Tay’s 2005 study as they interpret
the observed synchronisation in MEFS not to be entrainment. Based on live imaging and
mathematical modelling, MEF’s rapidly lost synchrony following TNFa stimulus removal,
while entrained cells would have retained the memory of synchrony and gradually dephase

once period forcing ceased.

In contrast with prior studies, Zhang et al. (2017) provided evidence that RELA nuclear
translocation is not straightforwardly a switch-like or graded response but more likely a
combination. Zhang et al. exposed the rhabdomyosarcoma cell line KYM1, stably expressing
FP-RELA, to a single TNFa pulse for 30 seconds, 1 min or 5 min, with different TNFa
concentrations. TNFa exposure conditions resulted in differences in RELA activation in
terms of AUC and maximum fold-change. Notably, low concentrations and short pulses
failed to evoke RELA nuclear translocation, while longer TNFa duration and higher doses
have significantly lower non-responsive rates. For instance, a 30 second 0.01 ng/ml TNFa
pulse induced a RELA response in 22 % of cells while a 30 second 50 ng/ml TNFa pulse
activated 96 % of cells. Therefore, there appears to be a minimum TNFa threshold required
for RELA activation, above which the RELA response is proportional to the TNFa input
(Zhang et al., 2017b). Interestingly, Zhang et al. did not report oscillations in their data, with
TNFa stimulation inducing a single RELA nuclear translocation pulse, based on average

tracks, during the 300 min imaging session.

Altogether, whether TNFa dose and duration affect the peak amplitude or entrainment of
RELA nuclear localisation is complex and requires further study. Generally, studies agree
that a higher TNFa dose increases the fraction of responsive cells (Tay et al., 2010; Zhang et
al., 2017b). However, early work suggests that unentrained total NF-kB activity is constant
regardless of TNFa duration or concentration (Hoffmann et al., 2002; Werner et al., 2005),
which is achieved on the single cell level by higher TNFa doses inducing a higher amplitude
but shorter duration of RELA nuclear localisation compared to low TNFa doses (Tay et al.,

2010). Meanwhile, later research suggests that TNFa dose and concentration affect more
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parameters of RELA activation (Zhang et al., 2017b). Nonetheless, expression of early
genes consistently appears to be TNFa concentration and duration independent, while
expression of late genes is elevated by higher TNFa doses and persistent stimulation
(Hoffmann et al., 2002; Ashall et al., 2009; Tay et al.,, 2010). Building evidence further
indicates that RELA dynamics have inherent cell-to-cell and temporal variability within a cell
resulting from intrinsic noise, such as from variation in IkBa/e and A20 activity relative to

NF-kB activity, in addition to extrinsic noise.

3.1.2 RELA dynamics and the cell cycle

In 2016, Mike’s White group published pivotal work delineating heterogeneity in
TNFa-mediated RELA translocation according to cell cycle progression, importantly
providing temporal resolution. Ankers et al. assayed RELA nuclear-to-cytoplasmic intensity
in SK-N-AS and Hela cells stimulated with TNFa, after synchronising cells using double
thymidine block and assessing cell cycle stage at the time of TNFa addition based on the
Fluorescent Ubiquitination-based Cell Cycle Indicator (FUCCI) reporter. RELA translocated
to the nucleus in cells at the G1/S boundary with a synchronous response while RELA
nuclear translocation was delayed or repressed in S phase cells. Moreover, activation with
TNFa at the G1/S boundary resulted in a statistically significant 10 % longer cell cycle length
in HelLa cells. Ankers et al. looked into whether RELA is regulated by the E2F proteins,
which are transcription factors involved in cell cycle regulation, with E2F1-3 functioning as
transcriptional activators in the G1/S transition and repressed by hypophosphorylated RB
(Chellappan et al., 1991; Wu et al., 2001). Previously, E2F1 was reported to induce
apoptosis through NF-kB inhibition (Phillips et al., 1999). Ankers et al. reported that NF-kB
induction of IkBa and IkBe are inhibited by E2F overexpression and demonstrated that
NF-kB interacts physically with E2F1/2 by Co-IP. The authors hypothesised that E2F might

control RELA nuclear occupancy through RELA-binding and inhibition of IkBa transcription,
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which they supported by in silico modelling. Therefore, RELA activation appears to be

suppressed during the S phase by E2F interaction.

Other studies have not reported the regulation of RELA live dynamics by the cell cycle but
have described regulation by cell cycle factors on aspects of RELA activation. For instance,
the tumour suppressor ADP-ribosylation factor (ARF) induces the DNA damage response
kinases ATR- and Chk1-dependent phosphorylation of the RelA transactivation domain at
threonine 505, leading to inhibition of RELA transcriptional activity and TNFa-induced cell
death (Rocha et al., 2005). In addition, the CDK inhibitor p21 stimulates RELA transcriptional
activity through modulation of the p300/CBP coactivator (Perkins et al., 1997) and the CDK
inhibitor p16 binds to and inhibits the p65-p50 heterodimer with p16 overexpression reducing

NF-kB transcriptional activity (Wolff and Naumann, 1999).

At the same time, RELA regulates cell proliferation in both cancer and non-malignant
settings. In 1999, two studies showed that NF-kB signalling might promote cell cycle
progression through Cyclin D induction. D-type cyclins interact with CDK4 and CDK6 during
G1 and bind directly to pRB, mediating CDK-dependent phosphorylation of Rb.
Consequently, D-type cyclins play a significant role in S-phase entry (Resnitzky et al., 1994,
Xiong et al., 1991). Hinz et al. showed that NF-kB activates transcription from the cyclin D
promoter through a proximal binding site and NF-kB binding is necessary for
serum-stimulated Cyclin D transcription. Moreover, inhibiting NF-kB activity using a
dominant-negative IkBa in several cell types, including mouse embryo fibroblasts and HelLa
cells, resulted in reduced and delayed Cyclin D1 protein levels in G1, delay in pRB
phosphorylation, and hindrance of S phase entry, which was overcome with ectopic cyclin D
expression (Hinz et al., 1999). In line with these results, Guttridge et al. demonstrated that
myoblast cells expressing IkB-SR have reduced proliferation rate and exit the cell cycle
faster than control cells, and NF-kB activity is required for initiation of cyclin D,

hyperphosphorylation of pRB and progression into S phase following FBS stimulation. The
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authors also identified multiple NF-kB binding sites in the cyclin D promoter (Guttridge et al.,

1999)

Studies have also shown that RELA can promote cell cycle arrest. For instance,
overexpression of RELA, but not c-Rel, in pro-B cells induced G1 cell cycle arrest and
apoptosis, which involved the DNA binding and transactivation domains of RELA. However,
the same study also reported that RELA overexpression in an immature and mature B cell
line did not induce cell cycle arrest or apoptosis, suggesting that the impact of RELA on the
cell cycle changes with B cell development (Sheehy and Schlissel, 1999). Another study
transduced fibroblasts and keratinocytes with p65 and p50 retrovectors which led to
induction of p21 transcription in ketatinocytes but not fibroblasts, despite both cell types
being susceptible to p21-induced growth inhibition (Hinata et al., 2003). Therefore, the
studies above propose a role for RELA in G1 arrest. Meanwhile, a study using CEM T
leukemic cells exposed to ionising radiation or the DNA topoisomerase Il inhibitor etoposide
identified that cells with activated NF-kB arrest in prolonged G2-M followed by cell cycle
re-entry and survival. In contrast, cells without NF-kB activation underwent more transient

G2-M arrest and cell death (Wuerzberger-Davis et al., 2005).

Thus, numerous studies have outlined a role for RELA, in addition to other NF-«kB
transcription factors (Bash et al., 1997; Schumm et al., 2006), in cell cycle progression and
vice versa. However, the relationship between NF-kB signalling with the cell cycle is
context-dependent and has not been assessed in PDAC cells. There are also insufficient
studies assaying RELA dynamics and the cell cycle using timelapse information, leading to

uncertainty over the specific parameters of RELA activation within the cell cycle framework.

3.1.3 Cell death and survival decisions downstream of TNFa

Following TNFa ligand binding to its cell surface receptor TNFRSF1A, either cell survival or
cell death signalling can be activated, as reviewed thoroughly by Annibaldi and Meier, 2018

and Legrand et al., 2019. By default, the output of TNFa in most cells is survival via RELA
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signalling, which is fundamentally activated to stimulate an inflammatory and anti-pathogen
response, while cell death is actively repressed (Wang et al., 2006; Ting and Bertrand,
2016). In terms of death modes, TNFa can induce extrinsic apoptosis and, in some cases,
necroptosis. During the TNFa response, the protein kinase RIPK1 acts as a crucial
component of the switch between TNFo-induced life or death. RELA signalling requires
RIPK1 to form part of a complex with TNFR1 (Complex |) (Ea et al., 2006) and also requires
TAK1 phosphorylation of the IKK complex (Sakurai et al., 2003), which is blocked by certain
pathogens (Orning et al., 2018). Switching to an apoptotic response to TNFa requires RIPK1
to leave Complex | and form Complex Il with FADD, CASP9 and cFLIP (Kelliher et al., 1998;
Wang et al., 2008; Dondelinger et al., 2013). cFLIP levels determine whether Complex Il is
degraded and apoptosis is blocked, or Complex Il accumulates to activate caspase 8
(CASP8) and process the effector caspase 3 (Stennicke et al., 1998). CASP8 also cleaves
BID enabling activation of BAX and BAK, which form pores within the mitochondrial outer
membrane that enable release of cytochrome ¢ and second mitochondria-derived activator
of caspase (SMAC) - the latter targets inhibitor of apoptosis proteins (IAP) for degradation (Li
et al,, 1998; Du et al.,, 2000). The subsequent and defining moment for apoptosis is
mitochondrial outer membrane permeabilisation, which commits the cell to death (Kerr et al.,

1972; Amarante-Mendes et al., 1998).

Interestingly, although TNFa-associated cell death is typically apoptosis, TNF substances
are eponymous for their initially identified role in necroptosis (Carswell et al., 1975).
Necroptosis occurs when both NF-kB signalling and CASP8 activity are blocked and
involves RIPK1 forming a complex (lll) with RIPK3, which phosphorylates MLKL thus
triggering mitochondrial pore formation (Lemaire et al.,, 1998; Cho et al., 2009; He et al.,
2009; Sun et al., 2012). Necroptosis is contingent on highly cell-specific RIPK3 expression
(Newton et al., 2004; Koo et al.,, 2015; Chen et al., 2018). A critical difference between

TNFa-mediated apoptosis and necroptosis is immune activation: apoptosis is
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immunologically silent while necroptosis promotes inflammation (Cho et al., 2009; Legrand

etal., 2019).

Importantly, TNFa addition to a monoclonal population elicits heterogeneity in cell fate on the
single cell level. However, it is unclear to what extent cell survival versus death is dependent
on pre-existing factors in the cell, e.g. TRAIL, or the result of new processes and molecule
expression. For example, Spencer et al. considered TNF-related apoptosis-inducing ligand
(TRAIL) and showed that cell-to-cell variability in cell survival dependent on pre-determined
differences in states or levels of proteins, with the rate of BID cleavage by CASP8/10 as one
of the key determinants (Spencer et al., 2009). BID cleavage was found to be dependent on
the expression of several proteins, including DR4/5 receptors, CASP8, and BID.
Furthermore, Spencer et al. showed protein states are transiently inherited from mother to
daughter cells, although sister cells diverge over time due to protein synthesis and
consequently lose correlation in cell death probability. Thus, heterogeneity cell death in
response to the TNF family member TRAIL appears to be regulated by predetermined

factors.

TNFa dose also affects the distribution of cell death in a population, as demonstrated by
Oyler-Yaniv et al. using fibroblasts co-cultured with naive or activated bone marrow-derived
macrophages (BMDMs) and infected with Herpes Simplex Virus 1 (Oyler-Yaniv et al., 2020).
Notably, Oyler-Yaniv et al. found that activated BMDMs, but not naive BMDMSs, restrict viral
spread and additionally produce high TNFa levels. Meanwhile, BMDMs lacking TNFa or WT
BMDMs with TNFa-neutralising antibodies do not restrict viral spread. The authors provide
evidence that restriction of viral spread via TNFa is dependent on TNFa-induced priming of
cells for death and that TNFa shortens the time between viral infection and cell death.
Increasing TNFa dose switches the death response from accurate, where only virus-infected
cells die, to rapid cell death at the cost of accuracy, with both virus-infected and uninfected

cells dying. The advantage of the latter scenario is that bystander cells are protected from
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viral infection. Therefore, cell death decisions downstream of TNFa on the single cell level

can optimise tissue level responses to pathogens.

3.1.4 Roles of RELA dynamics in cell survival

The role of RELA in TNFa-mediated cell fate decisions has been studied since the 1990s,
with most work supporting a pro-survival role of RELA. Initial evidence came from RelA
knockout mice, which are embryonic lethal due to hypersensitivity to TNFa and successive
mass liver destruction by apoptosis (Beg et al., 1995a). Two studies in 1996 emphasised the
protective roles of RELA from cell death (Beg and Baltimore, 1996; Wang et al., 1996). Beg
and Baltimore’s 1996 publication showed that RelA knockout mouse fibroblasts and
macrophages treated with TNFa have significantly reduced viability compared to RelA
wildtype cells, while Wang et al. showed that, in addition to TNFa, RelA protects cells
exposed to ionising radiation or the chemotherapeutic daunorubicin from apoptosis. NF-kB
activity is also implicated in multiple stages of T cell development as necessary for cell
survival. For instance, haematopoietic stem cells deficient in RELA and NFKB1, as well as
mice lacking IKKB, do not generate lymphocytes as precursors undergo cell death by TNFa
(Horwitz et al., 1997; Senftleben et al., 2001b). Moreover, all thymocytes have constitutive
NF-kB activation (Korner et al., 1991) and spontaneous apoptosis is observed in thymocytes

with NF-kB inhibition (Voll et al., 2000).

Mechanistically, RELA can inhibit cell death by inducing pro-survival genes such as cFLIP
(Kreuz et al., 2001) and Bcl-2 (Tamatani et al., 1999). cFLIP forms a complex with and
blocks caspase 8 which would prevent apoptosis and necroptosis (Chang et al., 2002; Yu et
al., 2009), while Bcl-2 binds to Bax preventing Bax from forming pores in the mitochondrial
outer membrane (Llambi et al., 2011). RELA also promotes the expression of the cellular
inhibitor of apoptosis proteins 1 and 2 (clAP1 and clAP2) (Chu et al., 1997; Wang et al.,

1998).
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More recently, a study looked at how TNFa-induced RELA activation affected TNFa-induced
necroptosis by live microscopy and mathematical modelling of death rate dynamics in L929
murine fibroblasts (Oliver Metzig et al., 2020). TNFa was found not to induce FLIP-L (long
cFLIP) expression but did induce A20 expression in a RELA-dependent manner, which
protected a subset of cells from transient TNFa exposure but not long-term TNFa. A20 was
identified to inhibit the RIPK1-RIPK3 complex, therefore blocking necroptosis. Necroptosis is
therefore dependent on TNFa duration and whether RELA dynamics are intact, as removing
RelA by CRISPR led to earlier cell death. Thus, RELA may play an essential role in

protecting cells from premature necroptosis.

On the other hand, an earlier study by Marie Oliver Metzig and supporting authors identified
a potential role for RELA in promoting cell death (Oliver Metzig et al, 2016). In colon cancer
cells in the presence of pan-caspase inhibitor Z-VAD, 5-fluorouracil (5-FU) induces
necroptosis mediated by autocrine TNFa production via RELA. This was shown by 5-FU and
Z-VAD combination increasing transcription of certain RELA target genes, including TNFa
but not IkBa, compared to each treatment alone, and genetic silencing of RELA by siRNA
blocking both autocrine TNFa production and necroptosis. Other studies have also provided
evidence for pro-cell death roles of RELA in neurons. For example, the neurotoxic effects of
the amino acid glutamate in rat primary neuronal cells are associated with NF-kB activation
and blocking of NF-kB activation using aspirin or salicylate leads to a neuroprotective effect

(Grilli et al., 1996).

Moreover, RELA may play a role in dying cells when activated in parallel. For instance, Yatim
et al. identified that RIPK3-mediated necroptosis leads to RELA activation in a RIPK1
dependent-manner. Notably, RELA transcriptional activation of IL-6 in dying cells was
necessary for CD8+ T cell activation through antigen cross-priming. Therefore, RELA activity

may have an important role in cell-death initiated tumour immunity (Yatim et al., 2015)
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In this chapter, | characterised single RELA translocation dynamics using live imaging and
automated image analysis in two human PDAC cell lines - MIA PaCa2 and PANC1 - in
response to the inflammatory cytokine TNFa. | then tested the effect of TNFa ‘washout’ on
RELA nuclear localisation, which informs on the presence of mechanisms feeding back onto
RELA activation in PDAC cells. Finally, | assessed whether TNFa-induced RELA dynamics
are cell cycle dependent and how RELA translocation profiles relate to cell survival versus

cell death on the single cell level.

3.2 Results

3.2.1 CRISPR-CAS9 FP-addition to RELA and PCNA

| used the frequently studied human PDAC lines MIA PaCa2 and PANC1 cells as models for
studying PDAC biology as they harbour mutations common in PDAC, including KRAS and
p53 mutations and homozygous deletions in CDKN2A/p16 (Deer et al., 2010). MIA PaCa2
and PANC1 cells are both epithelial in origin but have distinct cell morphology and are
therefore also useful for analysis of cell shape interaction with RELA (Chapter 4). The MIA
PaCa2 cell line is derived from the PDAC tumour of a 65 year old male, with the tumour
involving the pancreas body and tail and the cancer spreading to the periaortic area (Yunis
et al., 1977), while the PANC1 cell line is derived from a 56 year old male from a tumour
arising from the pancreas head, with metastasis in one lymph node (Lieber et al., 1975). MIA
PaCa2 cells have subpopulations of attached spindle-shaped cells and rounded detached

cells, while PANC1 cells have more classical epithelial morphology and form sheets.

To study dynamic changes in RELA localisation over time, | used CRISPR-CAS9 gene
editing to fluorescently tag endogenous RELA at the C-terminus with eGFP (abbreviated as
RELA-GFP) (Figure 3.1A). The C-terminus was selected to avoid interference with the
N-terminal Rel homology domain, which contains the transactivation domain and the

DNA-binding domain. GFP+ clones were selected using FACS, single cell sorted and
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expanded into monoclonal cell lines. The presence of edited alleles was checked by PCR
and gel electrophoresis (Figure 3.1B), followed by extraction and DNA sequencing. Selected
monoclonal lines were checked for responsiveness to 1 hr 10 ng/ml TNFa, which induced
significant RELA nuclear localisation at all seeding densities (Figure 3.1C-C’). Furthermore,
normal interaction with other NF-kB family members and IkB proteins was checked by Co-IP

using GFP-Trap with MIA PaCaz2 cells expressing endogenous RELA-GFP (Figure 3.1D-D’).
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Figure 3.1
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Figure 3.1 CRISPR-CAS9 tagging of RELA and PCNA

(A) Schematic of CRISPR gRNA and homology construct with neomycin (neo) resistance for tagging
of the RELA C-terminus with GFP. (B) Agarose gel with gDNA extracted from the RELA C-terminus of
WT and RELA-GFP tagged PDAC cells and amplified by PCR. (C) Well measurements RELA ratio
(nuc/ring region RELA-GFP intensity) and (C’) confocal microscopy images of cells seeded at varying
densities and treated with 1 hr DMSO control or 10 ng/ml TNFa (n = 3 experimental repeats). (D-D’)
Summary of proteins detected by Co-IP and mass spectrometry using GFP-Trap in MIA PaCa2
RELA-GFP cells (see Results Chapter 5). Cells were treated with TNFa (0, 0.01, 0.1 or 10 ng/ml) for 1
hr. Pull-downs were analysed using mass spectrometry. n = 1 experimental repeats for 0 and 10 ng/mi
TNFa and n = 2 experiments repeats for 0.01 and 0.1 ng/ml TNFa. (D) STRING network for
pulled-down proteins in NF-kB signalling pathway. (D’) Protein abundances at each TNFa dose
adjusted to RELA abundance. (E) Schematic of CRISPR gRNA and homology construct with
blasticidin (BSD) resistance for tagging of the RELA C-terminus with Scarlet. (F) Number of cells over
time (Incucyte analysis) for PDAC cells +/- RELA-GFP +/- PCNA-Scarlet. Produced in Graphpad

Prism.
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| also introduced mScarlet-l to the C-terminus of PCNA (Proliferating Cell Nuclear Antigen;
abbreviated as PCNA-Scarlet) — a processivity factor for DNA polymerase & that functions
during replication — which served as a nuclear marker for segmentation and as a cell cycle
marker (Kurki et al., 1986; Barr et al., 2017) (Figure 3.1E). The proliferation rate of
RELA-GFP tagged and double-tagged (addition of PCNA-Scarlet) cells was comparable to
the wildtype counterparts, indicating that the PCNA alteration did not affect PCNA function

(Figure 3.1F).

3.2.2 MIA PaCa2 cells respond to TNFa with sustained and non-oscillatory

RELA nuclear translocation

To observe live RELA translocation dynamics in response to inflammatory stimuli, | used
timelapse confocal microscopy with automated image analysis to track changes in
RELA-GFP localisation on a single cell level in response to treatment with TNFa. 0.01 ng/ml
TNFa is a physiological dose relevant to healthy and malignant tissue, while 0.1 ng/ml TNFa
is found in highly inflammatory PDAC microenvironments (Zhao et al., 2016). 10 ng/ml TNFa
was used in several studies assaying RELA translocation and is included for comparison,
but is substantially above physiological levels (Zhao et al., 2016). RELA localisation was
measured by segmenting nuclei and the ring region (the region around the nucleus in the
cytoplasm) using the PCNA channel, then calculating the ratio between nuclear RELA-GFP

intensity and mean ring region RELA-GFP intensity (Figure 3.2).
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Figure 3.2
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Figure 3.2 Automated image-based quantification of RELA subcellular localisation

(A) Confocal microscopy of endogenous RELA-GFP and PCNA-Scarlet in MIA PaCa2 and PANC1
cells in control or 0.1 ng/ml TNFa conditions. (B) Example of automated segmentation of nuclear and
ring regions using PCNA-Scarlet. RELA-GFP intensity is measured in both regions and a ratio is
calculated to measure RELA localisation, with higher RELA ratios representing more nuclear RELA.
RELA ratio is tracked over time on a single cell basis prior to and following TNFa treatment. Fixed
cells are segmented and analysed using Columbus (PerkinElmer), StarDist (Fiji) or Nuclitrack for live

imaging.
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At the population level, varying TNFa levels in MIA PaCa2 led to largely monophasic RELA
translocation responses (Figure 3.3A). However, | observed extensive cell-to-cell variability
in RELA translocation dynamics. Therefore, | quantified RELA ratio on the single cell level
for traces from all TNFa treatments from -120 min to +600 min relative to TNFa addition. |
then used hierarchical clustering software to identify groups of RELA translocation
responses (Dobrzynski et al., 2020). | identified four groups of RELA dynamics in MIA

PaCa2 cells (Figure 3.3B and C).
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Figure 3.3
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Figure 3.3 Categories of RELA dynamics in PDAC cells in response to TNFa

(A-C) RELA-GFP translocation responses in MIA PaCa2 cells per TNFa dose (0.01 ng/ml, 0.1 ng/ml
and 10 ng/ml) from -120 min to +600 min relative to TNFa addition. n = 50-60 tracked cells per TNFa
dose for each of two experimental repeats. (A) Average RELA-GFP translocation responses. Lines
denote the mean and grey ribbons represent the standard error of the mean (SEM). (B-C) Single cell
RELA-GFP translocation responses. Hierarchical clustering of RELA ratio tracks of MIA PaCa2
collated from all TNFa treatments (0.01 ng/ml, 0.1 ng/ml and 10 ng/ml) into four groups using Time
Course Inspector in R with the ‘Ward D2’ linkage method and ‘Manhattan’ dissimilarity measure.
Heatmap is coloured according to the RELA ratio and each row represents an individual track/cell.
Individual tracks per cluster are shown to the right. Clusters from MIA PaCa2 cells are prefixed with
‘M’. (D) Amplitude and (E) time of first RELA-GFP ratio peak in individual cells for MIA PaCa2 cells for
clusters M1-M4. Boxplots show median and interquartile range. M = median per cluster. o = standard
deviation per cluster. (F) Proportion of MIA PaCa2 tracks per TNFa treatment in each cluster M1-M4.
(G) Average RELA-GFP translocation responses in PANC1 cells per TNFa dose. n = 50-60 tracked
cells per TNFa dose. (H-I) Hierarchical clustering of RELA ratio tracks for PANC1 cells collated from
all TNFa treatments (0.01 ng/ml, 0.1 ng/ml and 10 ng/ml). Clusters from PANC1 cells are prefixed with
‘P’. (J) Amplitude and (K) time of first RELA-GFP ratio peak in individual cells for PANC1 cells per
cluster P1-P4. Boxplots show median and interquartile range. M = median per cluster. ¢ = standard

deviation per cluster. (L) The proportion of PANC1 tracks per TNFa treatment in each cluster P1-P4.
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To profile clusters quantitatively, | detected peaks in RELA ratio tracks and calculated the
amplitude and time after TNFa addition to reach the first peak. Clusters differed significantly
in median first peak RELA ratios (amplitude), ranging from 1.02 (Cluster M1) to 1.44 (Cluster
M4) (Figure 3.3D). Interestingly, 32 % of cells from Cluster M1, equivalent to 5 % of all
tracked MIA PaCa2 cells, maintained predominantly cytoplasmic RELA (peak RELA ratio <

1) following TNFa addition.

Across TNFa doses, MIA PaCa2 cells had a median time to the first peak of 40 min, which is
comparable to our findings in breast epithelial cells (Sero et al., 2015). However, | also
observed heterogeneity in terms of the rate of RELA translocation, as clusters with higher

peak RELA ratio peaked at a shorter time after TNFa addition (Figure 3.3E).

All TNFa doses evoked multiple RELA response classes with reproducible amounts of
heterogeneity. There was a trend for increasing doses of TNFa to be associated with more
rapid and more intense peak RELA ratios. M1 and M2 classes predominate at the TNFa low
doses, while 10 ng/ml responses were enriched for M4 and M3 classes. All four classes
were observed at physiological TNFa levels (0.1 ng/ml), leading to the highly heterogeneous

responses (Figure 3.3F).

3.2.3 PANC1 cells respond to TNFa with damped and non-oscillatory RELA

responses

| also assayed TNFa stimulated RELA dynamics in PANC1 cells. Overall, PANC1 cells had
lower RELA nuclear translocation than the MIA PaCa2 cells. Moreover, 0.01 ng/ml and 0.1
ng/ml TNFa induced similar responses in PANC1 cells but not in MIA PaCa2 cells (Figure
3.3G), indicating a higher threshold before inflammation triggers a RELA response in PANC1

cells.

As with MIA PaCa2 cells, | identified four classes of TNFa-induced RELA responses in

PANC1 cells: weakly responsive (Class P1); moderately responding with sustained peak
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RELA ratio (Class P2), or strong response with damped nuclear RELA localisation (Clusters
P3 and P4) (Figure 3.3H-K). 21 % of cells in Class P1, and 12 % of all PANC1 cells,
maintained cytoplasmic localisation following TNFa stimulation (peak RELA ratio < 1)
indicating around twice as many non-responsive PANC1 cells compared to MIA PaCa2 cells.
PANC1 Clusters P3 and P4 represent a type of translocation response uncommon in MIA
PaCa2 cells in which RELA nuclear localisation significantly drops after peaking. Thus, in
contrast to MIA Paca2 cells where many cells sustain high nuclear RELA localisation, RELA
activation declines following TNFa stimulation in PANC1 cells, typically resulting in
re-localisation to the cytoplasm within 10 hours. As negative feedback signalling is a widely
reported feature of RELA signalling (Hoffmann et al., 2002; Kearns et al., 2006), these data
suggest that negative feedback regulation is intact in PANC1 cells but compromised in MIA

PaCaz2 cells.

Across TNFa doses, PANC1 cells had a median time to the first peak of 50 min, indicating
moderately slower RELA nuclear translocation in PANC1 cells compared to MIA PaCa2
cells. PANC1 and MIA PaCa2 cells also differed in the proportion of cells falling into each
RELA translocation class, especially at physiological TNFa doses. In MIA PaCa2 cells,
RELA translocation dynamics exhibit continuity of responses at TNFa physiological levels
(Figure 3.3F), as they can be grouped into all classes (M1-M4). Moreover, MIA Paca2
display incremental responses to increasing TNFa dose while RELA responses in PANCA1
cells appear to be more ‘all-or-none’, whereby RELA either responds very little at
physiological doses (class P1 and P2) or is ‘all in’ for hyperphysiological doses (class P3 and

P4) (Figure 3.3L).

Strikingly, although MIA PaCa2 and PANC1 cells showed fluctuations in RELA ratio over
time, neither demonstrated the amplitude or regularity of periodic oscillations on a single cell
level observed in other cell lines (Nelson et al., 2004; Tay et al., 2010; Sero et al., 2015;
Zambrano et al., 2016). As RELA oscillations are driven by negative feedback by IkBa

(Hoffmann et al., 2002), lack of oscillations provides further evidence that IkBa function is
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perturbed in MIA PaCa2 cells. Interestingly, although some form of negative feedback

appears in PANC1 cells, the pathway parameters do not support oscillations.

3.24 RELA ratio at early timepoints correlates with RELA ratio at late

timepoints and absolute nuclear abundance

To look for patterns in RELA responses, | measured the mean RELA ratio on a single basis
in the whole tracked period (0-600 min), in the period immediately after TNFa addition (0-60
min), and in the period that most often succeeds peak nuclear RELA localisation (60-600
min) (Figure 3.4A and B). Absolute nuclear RELA intensity was also measured to identify
whether nuclear occupancy (nuclear RELA) alone correlates with the fold-change in RELA
localisation (RELA ratio). There were consistent and strong positive correlations between
peak RELA ratio amplitude, mean RELA ratio in all periods, and nuclear abundance in all
periods. Similar to previous reports in mouse fibroblasts and macrophages (Martin et al.,
2020; Tay et al., 2010), | identified a negative non-linear correlation between time to peak
RELA ratio and peak amplitude in human PDAC cells across TNFa doses, indicating that
rapidly res<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>