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Abstract

This thesis uses exploratory forms of analysis to investigate three inflammatory,
autoimmune rheumatic diseases; polymyalgia rheumatica (PMR), giant cell arteritis (GCA)

and rheumatoid arthritis (RA).

PMR and GCA are closely related diseases. Whilst glucocorticoids (GCs) effectively manage
the inflammation and some related symptoms (i.e., pain and stiffness) in these diseases,
they also cause adverse effects and subsets of patients still suffer from fatigue. In this thesis,
we performed metabolomics on serum from patients with PMR and GCA to assess the effect
of disease. In PMR, we went on to evaluate associations with GC treatment and patient
symptoms. Compared to controls, this identified several metabolite alterations (e.g., glycerol
and lactate) in PMR and GCA patients. Correspondingly, metabolite changes also correlated
with inflammation, pain and stiffness (e.g., ketone bodies). Furthermore, PMR patients
reporting high and low fatigue had different metabolomic signatures, both before and after

treatment. Notably, low glutamine associated with high fatigue at both time points.

In RA, we investigated the role of stromal cells in disease. Firstly, we examined the changing
role of the endothelium, investigating a curated list of functionally important molecules.
From publicly available bulk RNA-sequencing, we observed a heterogeneous expression
pattern, which varied depending on pathotype. Whilst multiplex imaging revealed the
majority of these molecules increased with disease duration. We then used transcriptomic

analysis to explore the role of fibroblasts (from non-inflamed, resolving arthritis, very early



RA and late-stage RA) on healthy endothelial cells and macrophages. Whilst we observed
few transcriptomic changes in endothelial cells according to the diagnosis of fibroblast in co-
culture, there were many transcriptomic changes in macrophages. These included
alterations in IFN and TNF-a signalling. Notably, co-culture with either cell type induced
transcriptional changes in the fibroblasts. Indeed, co-culture with macrophages revealed
different differentially expressed genes in the fibroblasts, with changes in TGF-f signalling

and genes associated with migratory phenotype.

Thus, within this thesis we have identified a number differentially regulated molecules in

GCA, PMR and RA. However, due to the exploratory nature in all of these analyses, and

limitations in samples sizes, validation of these findings is required.
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1 Introduction
1.1 Overview
Autoimmune rheumatic diseases (ARDs) effect up to 5% of the population (1), and cases are
rising (2). This thesis broadly covers three, inflammatory, ARDs; polymyalgia rheumatica
(PMR), giant cell arteritis (GCA) and rheumatoid arthritis (RA). Characteristic symptoms of
these diseases include pain, stiffness and swelling of the affected area due uncontrolled
leukocyte recruitment, alongside systemic symptoms such as fatigue, fever and weight loss
(3-5). There are effective treatments for these diseases (e.g. glucocorticoids, and in the case
of RA, biologics), but they often cause significant side effects or do not improve all
symptoms (e.g. fatigue), and crucially cannot cure the disease (4, 6). Thus, there is an urgent
clinical need to fully elucidate the pathogenic mechanisms of these diseases and to find
potential biomarkers and novel therapeutic targets. Regarding PMR and GCA, analysis of the
circulating metabolome is utilised to understand how disease and treatment affect
metabolism, in order to find novel targets for diagnosis and assessing responses to therapy.
Whilst in RA, the thesis focuses on underpinning pathogenic mechanisms, in particular the
role that endothelial and stromal cells (i.e. macrophages and fibroblasts) play in the initiation

and propagation of inflammation (7-10).

1.2 Acute inflammation
Inflammation is initiated when tissue-resident sentinel cells (e.g. fibroblasts, dendritic cells

or macrophages) respond to signs of infection or damage (pathogen/damage - associated
molecular pattern molecules; PAMPs/DAMPs) by producing pro-inflammatory signals, such

as tumour necrosis factor a (TNF-a), interferon y (IFNy), histamine and interleukin-6 (IL-6)



(11). These molecules activate the endothelium to express leukocyte trafficking molecules
(e.g. selectins, integrin ligands, chemokines and chemoattractants) that interact with and

hence capture circulating leukocytes (12, 13). Leukocytes are then able to extravasate in the

multi-step leukocyte adhesion cascade (14) as summarised in Figure 1.1.

Prompt and efficient resolution of inflammation is crucial to heal tissue and return it to
homeostasis (15). It is an active process, closely linked to the initiation of inflammation (16).
It involves multiple mechanisms including: (i) limiting or ceasing leukocyte extravasation; (ii)
preventing oedema formation; (iii) switching off pathways that propagate leukocyte survival;
(iv) inducing leukocyte apoptosis/netosis and subsequent efferocytosis to remove them; (v)
returning non-apoptotic cells to the blood or lymph vasculature; (vi) the phenotypic switch
of M1 to M2 macrophages; and (vii) the initiation of healing (17). Insufficient resolution
coupled with uncontrolled recruitment, results in the chronic inflammation observed in

inflammatory diseases, for example GCA, PMR and RA.
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Figure 1.1: The leukocyte adhesion cascade. Infection or tissue damage causes the localised release
of danger signals, including cytokines, which (1) activate the endothelium causing the expression of
capture receptors (P- or E-selectins), adhesion molecules (IgSF members - ICAM-1; VCAM-1) and
presentation of chemokines or lipids on their surface. (2) Marginated leukocytes are captured, roll
along the endothelial surface until (3) they receive an activation signal (typically chemokine
mediated) resulting in inside-out signalling and integrin activation (a.Bz-integrin; asPi-integrin). This
allows for stabilisation of the adhesive interactions (o, 2-ICAM-1 and a4f:-VCAM-1 interactions) and
cytoskeletal rearrangement in the leukocyte allowing (4) them to crawl over the endothelium,
migrate across the endothelium (a.B2-integrin; ICAM-1; JAMs; CD31; VE-cadherin; CD99; ESAM) and
into the sub endothelial space, (5) where they encounter the basement membrane and stromal
compartment. This process is tightly regulated by the haemodynamic forces of the flowing blood and
the stromal derived signals experienced by the endothelium. Some of the major molecules involved
in this process are represented in the schematic, with molecules coloured according to cell type
expressing them; leukocytes, blue; endothelial cells (ECs), red and expressed by both leukocytes and
ECs, green. ESAM, endothelial cell-selective adhesion molecule; ICAM-1, Intracellular adhesion
protein 1; IL-8, interleukin-8; JAM, junctional adhesion molecule; PECAM-1, platelet endothelial cell
adhesion molecule 1; PSGL1, P-selectin glycoprotein ligand-1; VE-cadherin, vascular endothelial
cadherin; VCAM-1, vascular adhesion protein 1. Created with BioRender.com. Figure adapted from
(18).



1.3 Autoimmune rheumatic diseases
Autoimmune diseases are triggered when the immune system becomes dysfunctional and

begins attacking self-molecules (19). Those that principally affect the joints and muscles are
classified under the umbrella term of autoimmune rheumatic diseases (ARDs) (20). These
include RA, PMR, the systemic vasculitides (e.g. GCA), Lupus, Sjogren’s syndrome and other
forms of arthritis (Spondyloarthropathies, infectious and juvenile idiopathic arthritis) (20).
ARDs share a number of the same symptoms and clinical presentation, particularly in the
earliest stages of disease; e.g. fatigue, fever, weight loss, polyarthralgia and headaches (20).
This overlap, combined with the large amount of heterogeneity within each disease makes
diagnosis difficult (20). In fact, at 12 months follow up, up to 50% of patients suffering
“connective tissue disorders” did not have a definitive diagnosis (20, 21). ARDs also have
comparable causes, i.e., genetics (e.g. mutations in the HLA allele (22, 23)) or environmental
factors (e.g. smoking (24-27) or infections (28-30)). Likewise, the systemic nature of these
diseases often results in the same co-morbidities. These include cardiovascular disease (50%
more common in RA patients than the general population (31)), kidney, lung and

gastrointestinal diseases, depression, infections, and cancer (32).

Despite the known similarities and overlap of these diseases there are large disparities in our
current knowledge and understanding of ARDs. This may be in part due to patient/clinical
need (i.e., the more common or debilitating a disease, that cannot be well treated, the more
it is investigated), combined with accessibility to clinical samples or availability of
appropriate animal models. For example, RA is one of the most common autoimmune

diseases (33), and whilst there are a number of treatments available they are not always



efficacious (RA is reportedly inadequately controlled in > 25% of patients (34)). Therefore,
there is an urgent critical need to find new treatment targets and strategies. Fortunately,
multiple animal models (e.g. K/BxN, Adjuvant-induced arthritis and TNF-transgenic models)
are available to help investigate this multifaceted disease (35). On the other hand, for rarer
diseases such as PMR and GCA, where glucocorticoids (GCs) can effectively manage the
inflammation, there is a less demanding clinical need to investigate underlying pathological
causes. Furthermore, whilst there are some animal models for GCA (36), there are none of
PMR making it challenging to underpin the mechanisms of disease. Therefore, despite the
complexity of RA, a relatively large amount is known regarding its pathogenesis, particularly
when compared to other ARDs such as GCA and PMR. Similarly to how research into
inflammatory diseases often follows that of the cancer field, research into the less common

and harder to investigate ARDs often follows that of RA or lupus.

Due to these factors, the key unanswered questions for these diseases are different. In PMR
and GCA a broader approach is required, which also assesses the consequences of effective,
but non-ideal, GC treatment. Therefore, in this study the serum of PMR and GCA was
assessed via metabolomics to get the first overview of the metabolomic changes that occur
with disease and GC treatment. Whilst in RA, a lot more is known already of the systemic
metabolomic changes (37, 38). Indeed, the changes previously observed in RA suggest there
are likely systemic changes in all ARDs. It would be advantageous to find which of those are
similar across, or specific to, particular ARDs. This would allow a better understanding of
what properties are shared amongst ARDs, and/or better initial diagnosis (i.e. disease

specific biomarkers). In the more advanced field of RA research, the underpinning cellular



mechanism of disease is arguably a more pressing question. Thus, due to the well-known
role of stromal cells in RA (10, 39), but the current limited therapeutic options targeting
these (particularly fibroblasts), there is an urgent need to investigate the role of the stroma
further. Consequently, this study focuses on stromal cells and their crosstalk in RA during the

course of disease.

1.4 Polymyalgia rheumatica and giant cell arteritis

1.4.1 Overview of the diseases
Polymyalgia rheumatica (PMR) is the most common disease in people over 50 with a lifetime

risk of 2% (33, 40, and 41). It is characterised by musculoskeletal extracapsular inflammation
(42, 43), which results in pain and stiffness of the neck, shoulders and pelvic girdles (44, 45)
alongside systemic symptoms such as fatigue (46). It is closely related to GCA, a rarer (effects
1in 100,000 individuals), but more severe disease, that occurs in around 20% of PMR
patients and would likely develop in all PMR patients if they were left untreated (44, 47).
GCA is the most common form of large vessel vasculitis (LVV) (48), caused by inflammation
of the medium to large blood vessels, with a prediction to the temporal artery (49, 50). The
inflammation leads to occlusion of the artery lumens and potential ischemic damage of the
surrounding organs (49). This causes the characteristic GCA symptoms; scalp tenderness,

head pain, jaw pain, fever, fatigue, and, in 25% of patients, vision loss or stroke (51, 52).

Glucocorticoids (GCs) remain the gold-standard treatment for both diseases (53) and are
highly effective at treating the inflammation within these diseases. Due to the severity of

GCA, current European Alliance of Associations for Rheumatology (EULAR) recommendation



is to immediately prescribe high dose (40-60mg/day) GCs (Figure 1.2A) (54). Once controlled,
(within 2-3 months) the dose should be lowered to 15-30mg/day and after a year lowered
again to <5mg/day for GCA (54) (Figure 1.2A). For PMR, the combined recommendation of
EULAR and the American college for Rheumatology (ACR) is to prescribe a comparatively low
dose of GCs (12.5-25mg/day), and monitor patient response at 2-4 weeks, then taper or

increase steroid treatment as required (Figure 1.2B) (55).

While low dose GC use can be a safe and effective treatment strategy (56), higher doses and
long term use may have severe effects (53, 57). This is highlighted in GCA, where 86% of
patients have reported having at least one adverse effect, and 58% had 2 or more (53, 57).
These adverse-effects include: hypercortisolism (aka Cushing syndrome; puffy cheeks and
easy bruising), bone fractures, diabetes mellitus, gastrointestinal bleeding, hypertension,
infection and posterior subcapsular cataracts (57). In order to prevent or minimise these
effects, GC use should be limited and tapering is recommend as soon as remission is
achieved (54). Due of the lower dose of GC use in PMR, side effects are seen in fewer, but
still in a substantial number (50%), of patients (53). Due to the severe GC-related effects
experienced by the vast number of patients, further understanding of these diseases, and

identification of biomarkers or more specific drug targets is required.

Most significantly, in both diseases, patients suffer from pain, stiffness and fatigue. Whilst
the pain and stiffness are likely caused by the inflammation and can be effectively managed
by GC treatment (53, 58, 59), fatigue persists in a subset of patients which significantly

impacts their quality of life (58, 60). Furthermore, fatigue scores have been proposed to



correlate with different imaging phenotypes (42), suggesting an underlying biological cause
of the symptom. However, the mechanism behind this, remains poorly understood.
Accordingly, there is an urgent clinical to need to further understand the molecular
signatures underpinning these diseases; how and whether these are altered following GC

treatment, and which of these are driving fatigue.
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Figure 1.2: Schematic of the EULAR recommendation for the treatment of giant cell arteritis (GCA) and polymyalgia rheumatica (PMR)). Schematics

adapted from (A) 2018 EULAR recommended algorithm for the treatment of GCA (54) and (B) 2015 EULAR/ACR recommendation for treatment of
PMR (55). GC, glucocorticoids; MTX, Methotrexate; TCZ, tocilizumab.
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1.4.2 Aetiology and mechanisms of diseases
The aetiology and immunopathology of GCA and PMR is not well understood (61, 62),

however, they are known to share common risk factors. The greatest risk factor is being
elderly; indeed diagnosis criteria includes being over 50 (63, 64). Incidence also with age,
peaking in those aged 71-80 (63, 64). This suggests that age-related changes to the immune
system, tissues, and neurohumoral regulation may be involved (65, 66). Both diseases are
~2-3 times more likely to affect women than men and occur more frequently in Northern
European descended populations, due to both genetic and environmental factors (24, 67-
69). Genetic risk factors include polymorphisms in the genes encoding cytokines (e.g. IL-6,
TNF-a) and adhesion molecules (e.g. ICAM1) (67) which are associated with both diseases.
The most significant mutation is the HLA-DRB1*04 allele, but this appears to be specific to
GCA (68, 69). Regarding environmental factors, a low BMI prior to onset of disease, and
smoking (in women) may be a predictor (24). Infection might also contribute, with known
links to mycoplasma pneumoniae, parvovirus B19, and the parainfluenza virus infections (28,
29). However, so far these are purely correlative and any definite cause-effect relationship is
yet to be determined (28, 29). Due to the similarities in these disease and definite overlap
(50% GCA patients have PMR (70)), they are frequently considered subsets, or a spectrum, of

the same disease (67).

GCA is an inflammatory disease of the large to medium arteries, although the exact
mechanisms of pathogenesis are yet to be fully elucidated. As shown in Figure 1.3, large and
medium arteries consist of 3 layers; the intima (containing endothelial cells), the media

(containing vascular smooth muscle cells; VSMCs) and the adventitia (containing dendritic
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cells and a network of blood vessels (vasa vasorum)). In GCA, an unknown trigger activates
the dendritic cells of the adventitia which results in chemokine production and recruitment
of T cells and macrophages (71). In particular, CD4* are the most common T cells that
infiltrate the arterial wall layers and then intermingle with the highly activated macrophages
(aka histiocytes), which often gives rise to multinucleated giant cells (hence the disease
name) (71). The VSMCs, endothelial cells (ECs) and fibroblasts within the artery then poorly

repair it, causing medial thinning and a hyperplastic intima that occludes the lumen (71).

Figure 1.3: Structure of medium and large artery walls. The human artery is multi-layered,
consisting of the intima, media and adventitia, each separated by elastic lamina. In health, the intima
is formed of endothelial cells, the media consists primarily of smooth muscle cells, and the adventitia
is formed from dendritic cells, fibroblasts and a network of blood vessels (the vasa vasorum) (49).
Image created in BioRender.com.

Building on the findings in other ARDs (72), such as RA, it is becoming apparent that
immunostromal interactions are likely to play a pivotal role in GCA pathogenesis (49). This is
highly plausible due to the preference of GCA for particular arteries (49). Wall-embedded
vascular dendritic cell (DCs) are present in multiple arteries, but some are untouched by
GCA, whilst others are evidently targets (i.e. predilection to the temporal artery) (49). This

points towards the involvement of other tissue specific cell types (49). Moreover, notch-
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notch ligand interaction is important in GCA pathogenesis and connects T cells, VSMCs and
ECs within GCA (49). CD4* T cells in GCA patients are known to up-regulate expression of the
Notchl receptor by 20-fold, alongside increasing expression of the notch ligand, Jagged 2
(49, 73). VSMCs and ECs also express notch ligands, and in the case of VSMCs notch
receptors (49). In health, these are needed for the development of organ systems and
vascular structures (49). However, regarding disease, their presence suggests VSMCs can
both send and receive signals, which may allow them to communicate with T cells and hence
play a role in orchestrating GCA (49). Most importantly, blockade of notch-notch signalling in
a humanised mouse model of GCA had immunosuppressive effects, decreasing the number
of infiltrated T cells (73). This suggests a crucial role of VSMCs signalling via Notch to allow T

cell survival (49, 73).

Due to a lack of appropriate animal models and accessible clinical material even less is
known regarding PMR pathology. Even though the disease is characterised by
musculoskeletal extracapsular inflammation (42, 43), a lot of the same cell types and
molecules of GCA pathogenesis are likely to be involved. Early immunohistochemistry (IHC)
staining of PMR synovial biopsies revealed the presence of DCs and macrophages, alongside
a large number of infiltrated T cells (58). This suggests DCs and tissue-resident macrophages,
respond to an unknown stimuli and recruit T cells and monocytes from the blood (74).
Interestingly, and further supporting the link between GCA-PMR, it has been shown that
adventitial DCs from PMR patients are activated (express CCL19 and CCL21) and implanting

PMR arteries with GCA arteries in severe combined immunodeficiency (SCID) mice caused
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the PMR arteries to retain and activate T cells from GCA lesions (75). This indicates that

activation of DCs initiates GCA, and highlights a link between the diseases (75).

The current limited understating of these diseases, combined with the adverse effects of the
current mainstay treatment (GCs) highlights the need to identify new biomarkers, treatment
targets and improve current understating. Furthermore, considering both diseases occur

predominately in the elderly, prevalence is likely to increase with our ageing population (76)

thus making research into this even more imperative.

1.4.3 Searching for biomarkers and the use of metabolomics
Omics approaches allow the unbiased analysis of samples to identify novel markers of

disease development; progression; response to treatment; or that may underpin specific
symptoms. Whilst large studies have been carried out to assess any genetic associations in
PMR and GCA patients (77, 78), very few have looked at the effects on the metabolome.

Moreover, none have examined the combined effects of PMR or GCA and GC treatment.

1.4.3.1 Metabolomics and disease
The systemic symptoms (e.g. fatigue) observed in both PMR and GCA, are likely to be caused

by global changes in metabolism and so may be discerned by measuring circulating
metabolite levels (79). For example, lactate and lipids (80) and histidine and guanidoacetic
acid (81) correlated with increased inflammation (C-reactive protein (CRP) or Disease activity
score-28-Erythrocyte sedimentation rate (DAS28-ESR) scores) and disease activity in patients
with rheumatoid arthritis (RA) (80, 81). Furthermore, fatigue scores also correlated with a

decrease in specific metabolites linked to in the urea cycle and fatty acid metabolism in
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treatment naive RA patients (82). Regarding vasculitis, nuclear magnetic resonance (NMR)
revealed increased serum glutamate and N-acetyl glycoprotein in Takayasu's arteritis (TAK)
and increased urine myo-inositol: citrate ratio in anti-neutrophil cytoplasmic antibody
(ANCA) vasculitis were associated with increased disease activity (83-85). Collectively these
data strongly indicate the utility of metabolites as biomarkers of disease activity, patient
symptoms and response to therapy. However, upon searching the current literature, only
one study (published as an abstract) has so far examined the effect of PMR on the circulating
metabolome (86) and none are currently published in the field of GCA. Interestingly, PMR
and RA patients display a similar circulating metabolome, as a result Cedola et al combined
the two patient populations prior to analysis. Lower choline, histidine and sarcosine and
higher lactate, glucose, glutamine, formate and acetate levels were found in the PMR+RA
group when compared to age and sex matched controls, and these correlated with baseline
clinical scores (86). Clearly there is an urgent need to consolidate these data in PMR and GCA
to better understand the molecular mechanisms underpinning pathology, particularly

regarding fatigue, and whether these are altered in response to therapy.

1.4.3.2 Metabolomics and glucocorticoids
Whilst glucocorticoids (GCs) are the gold standard treatment for PMR and GCA (41, 53), they

do not always modulate fatigue (58, 87). Furthermore, they can have severe side effects (57,
88, 89), which can be linked to their systemic effects on the metabolome (53, 86, 90, 91).
Perturbations of gluconeogenesis and catabolism observed in rats treated with GC
corresponded to their weight loss and abnormal bone metabolism (91). Indeed, GC

treatment significantly increased lysophospholipids (a known risk factor for cardiovascular
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disease) in female RA patients compared to patients given non-GC treatments. Long term
(>6 months) GC treatment may also have beneficial effects with reduced asymmetric
dimethyl arginine (ADMA), and metabolite associated with endothelial dysfunction in RA
(92). In the mixed population of PMR and RA patients, one-month of treatment (91% on GCs,
51% GCs + 1 disease modifying anti-rheumatic drug (DMARD)) reduced hydroxyacetone and
3-hydroxybutyrate levels (both ketones) (86). This suggests treatment (and likely GCs) can
alter the metabolome of PMR and RA patients, and in particular ketone body synthesis (86).
Collectively these studies indicate that metabolomics can assess a patient’s response to GC
treatment. However, it remains unclear: (i) how the metabolic profile is altered specifically in
patients PMR and GCA; (ii) how these correspond to patient symptoms; and (iii) whether
these profiles can be used to identify an individual patient’s response to therapy early in

their clinical management.

1.4.3.3 Metabolomics and the use of nuclear magnetic resonance
Metabolomics is the comprehensive analysis of all metabolites in a system (the

metabolome). Metabolites are a group of low molecular weight molecules used in
metabolism and include amino acids, lipids and nucleic acids (93, 94). As these are
downstream of the genome and proteome, they closely reflect the state of an organism at
any point in time (95). By studying the metabolome of a system we can identify changes that
underlie disease; identify new therapeutic targets; and find novel biomarkers for diagnosing
or assessing responses to therapy (79, 96). One classic example of using metabolites for the

diagnosis of disease is the glucose test for diabetes (97).

16



Nuclear magnetic resonance (NMR) and mass spectrometry (MS) are the primary methods
used in metabolomics (94). NMR analyses the molecular structure of a material by observing
and measuring the interaction of nuclear spins when the material is placed into a magnetic
field (98). It is typically used to detect hydrogen atoms (*H-NMR), therefore all molecules
containing an H atom will produce a spectrum, i.e. nearly all metabolites (99, 100). Although
NMR is inherently less sensitive than MS, it is highly reproducible, involves relatively easy
sample preparation and doesn’t require sample separation, thus allowing the re-analysis of
samples (99, 101). Most significantly, unlike an untargeted MS approach (100, 102), NMR
determines the absolute concentrations of a wide range of metabolites simultaneously
making the technique ideal for an initial untargeted analysis approach (99). Therefore, for
the work in this thesis, NMR was utilised to measure serum metabolite concentrations in
order to get an overview of changes with disease and glucocorticoid treatment and how

these correlated with patient reported outcomes.

1.5 Rheumatoid arthritis

1.5.1 Overview and treatment
Rheumatoid arthritis (RA) is an inflammatory autoimmune disease of the synovial joints,

affecting around 1% of the worldwide population (33). Similar to other inflammatory
diseases (e.g., GCA and PMR), RA is more common in women than men (~2-3 fold). While it
can develop at any stage of life, incidence increases with age, reaching a prevalence of 2% in

people over 60 (103, 104).
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In healthy conditions, the synovial membrane provides fluid which lubricates and nourishes
the joint and is comprised primarily of two cell types (fibroblasts and macrophages),
alongside the vascular network and nerve supply (105, 106). However, during RA, a breach in
self-tolerance causes immune cells to attack self-molecules (e.g., citrullinated proteins)
(107). This stimulates an immune response and the synovium is consequently invaded by T
and B cells, which accumulate within the synovial membrane (105). As the disease
progresses, the synoviocytes (fibroblasts and macrophages) proliferate and pannus forms
(105). The hyperplastic tissue then begins destroying articular cartilage and eroding bone
(105), as summarised in Figure 1.4. These processes cause the characteristic symptoms of
RA: pain, swelling, warmth and stiffness of the joint, as well as systemic symptoms; fatigue,

fever and weight loss.
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Figure 1.4: Diagram of the healthy joint compared to an inflamed joint in a patient with

Rheumatoid arthritis

rheumatoid arthritis. In health, the joint consists of a thin synovial membrane with few synoviocytes.

In rheumatoid arthritis, multiple immune cell types infiltrate and accumulate in the synovial

membrane. The synoviocytes proliferate forming a hyperplastic synovial lining. A pannus forms and

begins eroding the neighbouring bone. Diagram taken and adapted from (105).
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Left untreated, RA can lead to progressive joint destruction causing disability, poor life
quality and increased mortality (108). Fortunately, there are a number of effective
treatments, ranging from nonsteroidal anti-inflammatory drugs (NSAIDs) to specific
biological therapies (105). However, the complex nature and heterogeneity of the disease,
combined with ensuring safety and cost-efficacy makes finding the appropriate treatment
strategy difficult (109). The current treatment recommendation from EULAR (109) (Figure
1.5) is to initially prescribe patients glucocorticoids (GCs) which immediately reduce
inflammation. However, due to the known side effects of GCs (discussed in 1.4.1) they
should be limited to short term and low dose use. Therefore, these are combined with a
conventional synthetic disease-modifying anti rheumatic drug (csDMARD) of which
methotrexate is the most common (108, 109). Patients must then to be monitored closely
(every 1-3 months) and other csDMARDs, biological DMARDs [i.e., anti-TNF-a (e.g.
adalimumab) and IL-6R inhibitors] or Janus kinase (JAK) inhibitors are then added to or
switched into the patients treatment strategy until improvement is seen at 3 months, or
target achieved in 6 months [assessed according to the ACR-EULAR definition] (109). This
“trial and error” approach to treatment is far from ideal, both with respect to patient care

and cost of treatment. For example, in clinical trials, only 50-70% of patients responded to

anti-TNF-a therapy (110), but anti-TNF-a treatment costs the NHS ~£10,000 per person, per

year (111). Thus, there is an urgent clinical need to find (i) novel biomarkers that identify
patient subsets to enable precision medicine and the treatment of processes underpinning
the disease, and (ii) to fully elucidate the disease mechanism to identify new, and more

effective, treatment targets.
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Figure 1.5: EULAR recommend RA management algorithm. ACPA, anti-citrullinated protein
antibody; ACR, American College of Rheumatology; bDMARDs, biological DMARDs; bsDMARD,
biosimilar DMARDs; csDMARDs, conventional synthetic DMARDs; DMARDs, disease-modifying
antirheumatic drugs; EMA, European Medicines Agency; EULAR, European League Against
Rheumatism; FDA, Food and Drug Administration; IL-6R, interleukin 6 receptor; JAK, Janus kinase;

MTX, methotrexate; RA, rheumatoid arthritis; RF, rheumatoid factor; TNF, tumour necrosis factor;

tsDMARDs, targeted synthetic DMARDs. Taken from (109).
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1.5.2 Aetiology and heterogeneity
The aetiology of RA is not fully understood, but genetics, environmental factors and the

microbiome are known to play a role (26). For example, RA is more common in women than
men, due to genetic (X-linked) and hormonal factors (104). The most significant genetic risk
factor is the expression of the HLA-DRB1*04 epitope (carried by 80% of patients), alongside
other mutations in the HLA genes and across the major histocompatibility complex (MHC)
(26). It is well known that environmental factors, such as smoking and infection [e.g.
Porphyromonas gingivalis (30)], also contribute to disease development, severity and
progression. For example, rheumatoid factor (RF) positive men who smoked were twice as
likely to develop RA, than those who did not (25-27). Increasing evidence also suggests the
microbiome plays a crucial role in RA pathogenesis (112, 113). RA patients have around 40%
less lung microbiome diversity compared to healthy controls (10, 114) and specific changes
to gut and oral mucosa correlate with a higher autoantibody titre (low Haemophilus spp.
levels) and more active disease (increased Lactobacillus salivarius) (10, 115). It is clear that
the aetiology of RA is complex and multifaceted; and consequently, contributes to large
heterogeneity (described below) observed in RA patients and the differences seen in their

response to treatment (109, 116-118).

Whilst RA primarily affects the synovium, the presence of autoantibodies in the patient sera
and synovial fluid suggests it is a systemic autoimmune disease (119). Many forms of auto-
antibody have been found in RA patients, but the clinical and pathological significance is only
known for two major types; rheumatoid factor (RF) and anti-citrullinated protein antibodies

(ACPAs) (119). These circulating antibodies can be found up to 10 years prior to clinical
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disease onset, and the presence of both antibodies is a useful predictor for the likelihood of
developing the disease (120, 121). RF autoantibodies target the Fc region of IgG antibodies
(122). Interestingly, only around 40% of RA patients are RF* at clinical onset, but up to 80%
will eventually become positive (122). The other common antibody is against citrullinated
proteins. Citrullination occurs via enzymatic conversion of peptidylarginine to
peptidylcitrulline by peptidylarginine deiminase (PAD) in post-translational modification
(123, 124) to a range of proteins (fibrin, vimentin, fibronectin etc.) found throughout the
body (123), and is required for terminal differentiation of the epidermis, and apoptosis
(125). RA patients with antibodies against these citrullinated proteins (67%) exhibit a much
more aggressive phenotype (increased bone and joint destruction) than their ACPA-negative
counterparts and have different genetic associations, particularly within the HLA region (123,
126, and 127). The presence of either of these antibodies is associated with higher disease
severity and can dictate patient’s response to therapy (128). For example, methotrexate and
rituximab are less effective in ACPA- patients, but rituximab treatment may even be used as
a preventative measure for ACPA+ individuals with no signs of synovitis (127). It is therefore
essential to bear this in mind when unpicking the mechanisms of disease and in deciding the

best treatment strategies.

Immunohistochemistry of RA tissue, combined with transcriptional data, has also revealed
subtypes of synovitis according to type and degree of lymphocyte infiltration, described as:
lympho-myeloid, diffuse myeloid and pauci-immune fibroid (10, 129-131). Myeloid-lymphoid
(also known as follicular) phenotypes are dominated primarily by B cells and ectopic/tertiary

lymphoid-like structures (ELS/TLSs) (10, 129-131). In the diffuse myeloid pathotype, the
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infiltrate is scattered and consists primarily of myeloid cells, with few B-cells or plasma cells
and undetectable ELSs/TLSs (129). Importantly, these two are not mutually exclusive and can
occur at varying degrees across the tissue of individuals (129). On the other hand, the pauci-
immune fibroid phenotype has very few infiltrating cells (130). Notably, this pathotype
disease and early (<12 months symptom duration) untreated arthritis, hence it is not simply
the result of a “burned-out” or successfully treated synovium (129). Significantly, these
pathotypes have also been found useful in predicting patient response to treatment. For
example, only 29% of patients with a pauci-immune pathotype achieved clinical response to
the TNF-a inhibitor certolizumab-pegol compared to 83% of patients with leukocyte
infiltration (both follicular and diffuse) (117). These tissue pathotypes are likely driven by
differences in leukocyte recruitment, a process highly controlled by the endothelium, which
turn is influenced by its microenvironment. Thus, alterations in endothelial or stromal cell
phenotype may be driving these distinct pathotypes. One clear example of this is the high
level of peripheral node addressin (PNAd) expression [commonly associated with the high
endothelial vessels (HEVs) of lymphoid organs] observed in and around large TLSs in the RA
synovium (132). The idea of pathogenic changes to the endothelial and stromal cell

phenotype and how this contributes to disease is discussed in the following section, 1.5.3.

In summary, the multiple risk factors of RA, combined with the clear patient’s subsets
defined by differences in tissue and blood (circulating antibodies), highlight RA as an
incredibly complicated and heterogeneous disease. Considering this is crucial when
unpicking the mechanisms of disease, and determining appropriate treatment strategies

(130).
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1.5.3 Cellular basis of disease
RA pathogenesis is complex and associated with the abnormal behaviour of multiple cell

types which interact in a multitude of ways. For the purposes of this thesis, the focus will be
on the role played by endothelial cells, macrophages and fibroblasts, and their interactions.
In health, these cells are responsible for the production connective tissue, vessels, nerves
and extracellular matrix, which together supports the parenchyma of the organ (39).
However, in RA they undergo changes which aid the initiation and propagation of disease
(10, 39). Furthermore, subtypes of these cell types have been found to have different
functions and consequently different interactions. In this thesis the focus will be on ECs and
fibroblast: EC and fibroblast: macrophage interactions. The major known pathogenic
interactions of these cells and their subtypes is described in more detail below and

summarised in Figure 1.6.
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Figure 1.6: Schematic summary of key stromal cell subtypes and their interactions in the
rheumatoid arthritis synovium. The synovium consists of three stromal cells types; fibroblasts,
macrophage (Md) and endothelial cells. In rheumatoid arthritis (RA), these cells types consist of
subsets with differing functions. Fibroblasts can be classed as: CD34-THY1- (blue), CD34-THY1+ (red)
or CD34+ (green). CD34-THY1- are found in the lining layer, produce MMP1 and MMP13 and are
involved in cartilage destruction. CD34-THY1+, found in the sublining and exhibit inflammation
“memory”. CD34+, found in lining and sublining, are immunoregulatory and cause fibroblast
accumulation and invasion. Mg can be broadly categorised as having pro-inflammatory (MerTK-,
purple), and anti-inflammatory (MerTK+ orange) phenotypes (133, 134). Endothelial cells (although
not depicted here) also exist in subpopulations via differential expression of adhesion molecules
(135-140). These three cell types are known to interact, and in some cases, the specific subtype:
subtype interaction is known. (A) In health, fibroblasts exhibit an immunosuppressive effect limiting
endothelial recruitment of leukocytes, however, in very early RA this is lost. Later in disease, they
gain a stimulatory phenotype; activating endothelial cells to recruit lymphocytes (9). Whilst it not
known which subtypes cause this, this is likely not to be lining layer fibroblasts (8). (B) Endothelial
cells drive the formation of sublining fibroblasts via Notch3 signalling (141). (C) Fibroblasts exhibit
immunomodulatory effects on M@, contributing to their pro-inflammatory phenotype (133, 134,
142, and 143). (D) Pro-inflammatory Md increase fibroblast invasiveness (133, 134, and 144). (E)
Anti-inflammatory Mo induce a repair response in fibroblasts (e.g., increasing expression of collagen
type 1A and transforming Growth Factor Beta Induced) (133). Created with BioRender.com, adapted
from (39).
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1.5.3.1 Fibroblasts

Fibroblasts in health
Fibroblasts are the most abundant cell of the joint and their primary role is to maintain

cartilage integrity and lubricate the joint (39, 145). Increasing evidence suggests synovial
fibroblasts are also involved with, and in fact orchestrate, processes of inflammation (39,
146). They can be described as immune sentinel cells due to their expression of toll-like
receptors (TLRs) 2, 3 and 4 and PAMP recognition receptors (e.g., non-obese diabetic (NOD)-
like receptor) (147). Furthermore, they have been demonstrated to exhibit memory which
can be maintained in culture (148). Fibroblasts isolated from the non-inflamed joint, but not
those isolated from the dermis, were able to mount an augmented response (producing IL-6,
and NF-kB signalling molecules) when re-stimulated with either TNF-a or IL-1a (stimulated
for 24 hours, rested for 24 hours, and re-stimulated) (148). This suggests joint fibroblasts are
primed to respond to inflammatory stimuli (148), at least partially explaining their

pathogenic role in RA.

Fibroblasts in RA
In RA, synovial fibroblasts (SF) drive disease via two mechanisms. Firstly, they become

activated and adopt a pro-inflammatory phenotype which actively drives persistent
inflammation (39, 149). Furthermore, via production of matrix metalloproteinases (MMPs),
they also contribute to the damage and destruction of the joint; degrading cartilage and

bone (150, 151).

The idea of the pathogenic switch in RA has been around for many years and, as early as

1966, abnormalities in rheumatoid synovial cells were reported (152). Furthermore, this
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pathogenic phenotype is maintained in culture (39, 153). Isolated and cultured RA fibroblasts
express multiples markers of activation including; THY1 (CD90), podoplanin (PDPN), VCAM1,
CD44 and fibroblast activation protein a (FAPa) (39, 153). Notably, a number of epigenetic
changes in SF have also been identified, the most prevalent of which is DNA methylation
(154, 155). Indeed, alterations in the DNA methylation state was able to separate non-
inflamed, resolving arthritis, established RA (7-50 yrs. symptom duration, on DMARDs) and
very early RA (< 12-week symptom duration) patients (154). This showed for the first

changes occur in methylation at the very stages of disease (154).

This phenotypic switch may be caused, at least in part, by priming of fibroblasts from the
inflammatory milieu of the inflamed joint (e.g. TNF-a) (156). For instance, the
aforementioned augmented response observed in both inflamed and non-inflamed synovial
fibroblasts (148). Likewise, fibroblasts isolated from RA patients undergoing joint
replacement which were chronically stimulated with TNF-a for 3 days, then with IFNy or
IFNP for 3 hours, acquired a series of genetic and epigenetic changes, compared to those not
chronically stimulated with TNF-a (156). This included chromatin priming, nuclear factor
kappa light chain enhancer of activated B cells (NF-kB) activation, and increased mRNA and
protein levels of signal transducer and activation of transcription 1 (STAT1) and its
downstream effectors (156). Furthermore, up to 3 days after the removal of TNF-a stimuli
this heightened response was maintained (156). This indicates that, due to the inflammatory
milieu within the joint (in particular TNF-a), fibroblasts can be primed and this imprint is

maintained even in the absence of any stimuli.
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Due to this priming effect, fibroblasts may be regarded as “passive responders” to their
inflammatory microenvironment (157). However, during the course of disease this genetic
and epigenetic imprinting causes them to become active drivers of inflammation, i.e.
“imprinted aggressors” (157). This change in phenotype is highlighted by fibroblasts role in
the progression of disease multiple joints (158). In vivo experiments have demonstrated that
RA fibroblasts implanted into SCID mice migrated to the cartilage via the vasculature
(independent of where they were applied) and resulted in destruction of the target cartilage
(158). Likewise, when exploring fibroblast: EC interactions (more in section 1.5.3.2), it was
demonstrated that fibroblasts undergo 2 pathogenic switches; (1) a loss of the
immunosuppressive function, and (2) acquisition of a stimulatory phenotype (9). Thus, whilst
fibroblasts might initially only be responding to a pro-inflammatory environment, they

become key drivers in the pathogenesis and progression of RA.

SF are known to exist as subsets (8, 141, 159) and are often classified according to their
location in the lining or sublining layer of the synovium (39, 160, 161). Some of the first
single-cell RNA-seq (scRNA-seq) data (combined with bulk RNA-seq and immunofluorescent
staining) of RA and osteoarthritis (OA) patients defined three major fibroblast subsets; CD34"
THY-, CD34* and CD34THY1* (160). The CD34 THY1 fibroblasts were specific to the lining
layer and expressed high gene and protein levels of matrix metalloproteinases 1 and 3
(MMP1 and 3), known to mediate tissue damage in the joint (39, 160). The CD34* population
were located in both the lining and sublining had high expression of IL-6, CXCL12 and CCL2,
and secreted large amounts of these when stimulated with TNF-a in vitro (39, 160).

Correspondingly, these fibroblasts also recruited a larger number of monocytes in the
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transwell assay compared to the other fibroblast subsets (39, 160). The CD34 THY1*
fibroblasts were found in the sublining, close to blood vessels (39, 160). In RA, these were
located in large perivascular zone close to accumulated leukocytes, but in OA appeared as a
thin layer with few cells (39, 160). These CD34 THY1* were described as pathogenic, as they
expressed high levels of FAP, PDPN and VCAM1 (known markers of fibroblast activation) (39,
160). Further supporting this, swollen joints had fewer CD34 THY1 and more CD34 THY1*
and CD34" fibroblasts (160). Moreover, the CD34 THY1* fibroblasts, also positive for PDPN
and CDH11, were expanded threefold in patients with RA compared to OA (160). Thus, it is
evident that there are subsets of fibroblasts responsible for driving RA, and furthermore
different subsets drive different aspects of disease. This is further supported by recent in
vivo studies where adoptive transfer of FAPa*THY1* (sub-lining) fibroblasts into serum
transfer induced arthritic (STIA) mice caused a significant increase in leukocyte infiltration
with minimal bone erosion, whilst the opposite was observed with the adoptive transfer of
FAPa*THY1 (lining) fibroblasts (8). This demonstrates that sub-lining fibroblasts drive

inflammation, whilst lining layer fibroblasts are responsible for tissue damage (8).

A recent study has demonstrated that different pathotypes of RA (i.e., lymphoid, myeloid
and fibroid) are associated with different fibroblast subsets (162). Deconvolution of bulk-
RNA seq data from 87 treatment-naive patients with early RA (<1 year symptom duration)
was performed using publicly available scRNA-seq data and identified 4 fibroblast clusters
associated with the lining (Proteoglycan 4; PRG4*) and sublining (CXCL12*, Periostin (POSTN)
*and CXCL14%) (162). Of these, PRG4* SF were highest in myeloid, whilst CXCL12* and

POSTN* were increased in the fibroid phenotype and no significant differences was observed
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in CXCL14+ SF across the pathotypes (162). These SF subtypes were then correlated with a
variety of clinical parameters (e.g. CRP, DAS, swollen and tender joint count (SJC and TIC)) to
assess associations with disease activity (162). PRG4* SF correlated positively with disease in
fibroid, but negatively for myeloid, whilst POSTN* SF correlated positively in lymphoid (162).
CXCL14* SF had a negative association with disease severity across all pathotypes (162).
Taken together, these results suggest that fibroblast subsets drive different aspects of
disease. This may result in different forms of “communication” with neighbouring cells
(macrophages and endothelial cells), and indeed might play a role in driving the subsets

observed in these cell types.

1.5.3.2 Endothelial cells

Endothelial cells in health
The blood vascular network performs many crucial roles; including, but not limited to;

maintaining and regulating blood flow, controlling vessel permeability and the quiescence of
circulating leukocytes. Most significantly in the context of this work they act as a gatekeeper
to control leukocyte recruitment and infiltration into tissue (163). In order to perform these
wide variety of functions, endothelial cells (ECs) are very heterogeneous with differences
largely dependent on function, anatomical location and vessel type (i.e., artery, vein or
capillary) (164). Indeed, hierarchical clustering of transcriptional data from 53 cultured ECs
found they clustered based on site of origin and split into 2 main branches; large vessels vs
microvascular (165). More recently, single cell transcriptome analysis of murine healthy
tissue showed that whilst ECs had similar transcriptomes dependent on vessel type (arteries,
capillaries, veins and lymphatics), tissue was the cause of EC heterogeneity (166). This

demonstrates that ECs act as reporters for their local microenvironment.
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Building on this idea, fibroblasts and other stromal cells are able to define tissue specific
“address codes”, via their interactions with ECs (10, 167). The effect of stromal cells on the
EC phenotype has been demonstrated multiple times via in vitro co-culture assays (9, 168).
For example, microarray analysis of human vein umbilical ECs (HUVECs) cultured with dermal
or synovial fibroblasts, revealed ECs clustered strongly dependent to the fibroblasts site of
origin (168). Crucially, in health, stromal cells exert a pro-resolving effect on ECs and help
maintain homeostasis. For example, in a flow based adhesion assay, fibroblasts isolated from
the skin, non-inflamed (NI) or resolving arthritis (Res), down-regulated EC responses to
cytokines such that less lymphocyte recruitment was observed (9, 168). Similar observations
have been seen with other stromal cells from healthy donors, for instance podocytes from
the kidney and adipocytes in stem cell or mature state, limited lymphocyte recruitment
(169). Likewise, mesenchymal stem cells from bone marrow, umbilical cord or trabecular
bone of healthy donors restricted neutrophil recruitment in an IL-6 dependent manner
(169). These immunoprotective functions of stromal cells highlights the importance of
stromal-endothelial crosstalk and via this, the ability of stromal cells to regulate leukocyte
recruitment. Significantly, however, pathogenic changes in stromal cells (e.g., fibroblasts in

RA) results in pathogenic interactions with the ECs and can have severe consequences.

Endothelial cells in RA
The endothelium is known to play an active role in perpetuating inflammation within all

chronic inflammatory diseases (170). In RA, they do this principally via (i) increased adhesion

molecule expression leading to increased leukocyte recruitment; (ii) angiogenesis to allow
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the growing pannus to form; and (ii) increased permeability leading to oedema formation
and swelling of the joint (170, 171). Of particular interest within this thesis is the role they
play regarding leukocyte recruitment to the joint, as well as their interactions with

surrounding fibroblasts.

Whilst the precise mechanism remains unclear, at some point in the initial stages of disease,
the endothelium is activated to express high levels of adhesion molecules (135, 136). IHC of
the chronically inflamed established RA synovium, revealed that ICAM-1 and Clever-1 (a.k.a.
Stabilin-1) are ubiquitously expressed, but selectins and VCAM-1 and ICAM-3 appeared only
on a subset of ECs, suggesting the presence of endothelial subpopulations (136-138).
Likewise, in patients with untreated inflammatory arthritis (disease duration ~16 months; 9
RA, 3 PsA and 1 ankylosing spondylitis), expression of E-selectin and ICAM1 (both soluble
and membrane-bound) were inversely correlated, indicating that these molecules play
differing roles in leukocyte trafficking and disease pathogenesis (182). Further supporting
the idea of subpopulations, PNAd, typically seen on the HEVs of lymphoid organs (139), was
also found on subsets of ECs in both RA and psoriatic arthritis (PsA) sections (136, 140), and
as mentioned in 1.5.2 is associated with the formation of TLSs (132). This may, at least
partially, account for the different pathotypes observed, in particular follicular vs diffuses
(129). Surprisingly, vascular adhesion protein (VAP1), typically found on mucosal EC, was also
highly expressed across the RA endothelium (136). Furthermore, using a Stamper-Woodruff
assay (which measures lymphocyte binding to tissue sections) it was demonstrated that VAP-
1 was crucial for the binding of gut-derived lymphocytes and immunoblasts to RA synovial

sections (136). This suggests that the synovial endothelium acquires the ability to traffic gut-
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homing T cells by “hijacking” the stromal address codes of other tissues, supporting the idea
of mucosal microbiome involvement in RA pathogenesis (10, 18, 112, 113, 136).
Interestingly, studies in CIA (collagen induced arthritis) mice have shown that trafficking of
gut-derived T cells, in particular Tregs, suppressed disease and production of the gut-derived
neuropeptide, cortistatin, suppressed synovial expression of IL-17 (10, 172, 173).
Furthermore, preventing trafficking of Tewand Tw17 back to the gut (via blockade of B7
integrin) in K/BxN mice lead to exacerbated arthritis (10, 174). Taken together, this suggests
gut-derived T cells play a regulatory role during joint inflammation which is altered in the

pathogenesis of RA.

Crucially, isolation of joint replacement RA synovial microvascular ECs (SMECs) has revealed
that ECs are imprinted with a disease-specific phenotype that is maintained in culture (175).
In response to 24-hour TNF-a stimulation, SMECs expressed less VCAM-1, similar levels of
ICAM-1, and 30% more E-selectin compared to human umbilical vein endothelial cells
(HUVECs) or adipose-derived microvascular EC (ADMECs) (175). Most importantly, TNF-a
stimulated SMECs captured significantly more T cells and neutrophils than HUVECs in flow-
based adhesion assays (175). This demonstrates that at the late stages of RA the
microvasculature is imprinted with a pathogenic phenotype that is highly sensitive to TNF-a
stimulation (175). This pathogenic endothelium enables the selective recruitment of
leukocytes and suggests they play a crucial role in maintaining chronic inflammation within

the joint (175)
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In addition, decreasing expression of EC adhesion molecules also highlights their pathogenic
role (171, 176-180). For example, preliminary data from phase I/l trials showed that
blocking of ICAM-1 was able to prevent T cell trafficking and reduced disease activity in some
patients (171, 177, and 178). Similarly, TNF-a inhibitors, commonly used to treat RA, have
been shown to decrease serum levels of ICAM-1 and E-selectin (176), suggesting these
decrease endothelial activation and hence reduce leukocyte migration (171). Furthermore,
anti-TNF treatment has been associated with improved endothelial function (the ability to
dilate and restrict in response to stimuli) (180). In animal models, blocking of E-selectin, but
not P-selectin, in rat adjuvant-induced arthritis (AIA) inhibited T cell migration (179). Whilst
blocking of VCAM-1 in CIA mice reduced disease severity, most likely by preventing B cell
recruitment [as the population of immature B cells in peripheral blood increased the most
(3.8 fold) compared to other leukocyte populations following blockade treatment] (181).
Thus, decreasing endothelial adhesion molecules (either via blockade or decreasing
expression), in both animal models and humans, results in reduced disease activity and

underscores the importance of the endothelium in RA pathogenesis.

Interestingly, differences in expression of EC adhesion molecules within the early stages of
RA have also been observed. For example, expression of the Duffy antigen was significantly
higher in seen in early (< 1-year symptom duration) RA patients compared to non-RA (183).
However, this subsequently decreased with disease duration, and patients with longstanding
(18 years) RA had significantly lower expression of the Duffy antigen than the non-RA

controls (183). This differential expression across disease duration may be due to effects of
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treatment, however, the increased expression of Duffy antigen early in RA indicates a role in

the initial events of pathogenesis (183).

In summary, the endothelial phenotype is altered with disease and thus contributes to the
perpetuation of inflammation within RA. Most significantly, these changes can occur very
early in disease pathogenesis. Understanding precisely what, how, and why these changes
occur is crucial for unpicking the mechanisms of disease. Moreover, part of the puzzle may
lie in endothelial communication with neighbouring fibroblasts, a topic discussed in more

depth below.

Endothelial-fibroblast crosstalk in RA
As mentioned in 1.5.3.1, in RA, fibroblasts undergo two distinct phenotypic changes; the loss

of their immunosuppressive function and later acquisition of a stimulatory phenotype (9).
This was demonstrated analysing fibroblast communication with ECs in an in vitro flow based
adhesion assay (9). Under TNF-a-IFNy stimulated conditions, ECs cultured with fibroblasts
from patients with very early RA (<12 weeks symptom duration; VeRA), recruited
significantly more lymphocytes than when in co-culture with NI or Res fibroblasts;
comparable to no fibroblasts being present (9). Importantly, both the immunosuppressive
function of Res SF and loss of immunosuppressive function in VeRA SF was dependent on IL-
6 and TGF-B (9). This was supported by transcriptional changes; gPCR revealed expression of
Suppressor of Cytokine Signalling 3 (SOCS3; a negative regulator of IL-6) was significantly

lower in ECs cultured with VeRA or JRep, compared to Res fibroblasts (9).
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On the other hand, fibroblasts from patients with RA undergoing joint replacement (JRep)
were able to stimulate the endothelium in the absence of any exogenous cytokines and
consequently increased recruitment of both lymphocytes and neutrophils (9, 168, 184-186).
That JRep fibroblasts alter the EC phenotype is further supported by a range of
transcriptional and functional data (168, 184). For instance, hierarchal clustering of
microarray data, demonstrated that ECs cultured with JRep synovial fibroblasts were distinct
from ECs in mono-culture or cultured with dermal fibroblasts (from the same RA patients)
(168). Similarly, gPCR of ECs co-cultured with JRep fibroblasts showed expression of Duffy
Antigen Receptor for Chemokines (DARC) and CXCL5 is upregulated in ECs co-cultured with
JRep fibroblasts, compared to mono-cultures or culture with patient matched dermal
fibroblasts (184). Further functional experiments demonstrated that DARC is essential for
the recruitment of neutrophils in a CXCL5 dependent manner, which combined with the high
expression of Duffy antigen observed in early RA (183), suggests DARC mediated neutrophil
recruitment is elevated in early RA (183, 184). This pro-inflammatory action was caused
primarily via trafficking of the fibroblast derived chemokines, CXCL5 and CXCL12, to the
surface of the endothelium where they can support leukocyte binding via P-selectin

(neutrophils) (184, 185) or asP1-VCAM-1 interactions (lymphocytes) (18, 168).

Taken together, these results demonstrate there is a changing role of fibroblasts during the
course of RA. Moreover, fibroblasts are able to exert their pathogenic effects by altering the
endothelial phenotype. Further investigations into how and why this occurs are required in

order to unpick the mechanisms of disease, and find potential therapeutic interventions.
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In relation to the fibroblast subsets (described in 1.5.3.1), the adoptive transfer of
FAPa*THY1* (sub-lining), but not the FAPa*THY1 (lining), layer fibroblasts was able to
increase leukocyte recruitment (8). This suggests only the FAPa*THY1* subset of fibroblasts
would be able to “talk” to the endothelium and thus fuel the recruitment of leukocytes (8).
However, if this is truly case, or whether these fibroblasts are stimulating macrophages

which in turn stimulate the endothelium is yet to be elucidated.

Crucially, fibroblast: EC crosstalk is also bidirectional. Building on the above knowledge of
fibroblast subsets driving different aspects of disease, single cell analysis of RA patient tissue
revealed a transcriptional gradient emanating from the endothelium outwards (141).
Creation of fibroblast organoids with and without ECs then demonstrated that ECs were
required for the formation of sublining fibroblasts; driven by Notch3 signalling (141).
Moreover, absence of NOTCH3 (either knock out mice or antagonist antibody treatment)
significantly reduced disease activity and paw swelling in STIA mice compared to control
animals (141). This suggests both EC to fibroblast and fibroblast to EC cross-talk is required in
the pathogenesis of RA. Further investigation into these two cell types and their interactions

is urgently needed.

1.5.3.3 Macrophages

Macrophages in health
Macrophages are innate immune cells of myeloid lineage, responsible for maintaining tissue

homeostasis; crucial in both the initiation and resolution of inflammation (187). They are
known to have at least two origins; (1) tissue-resident macrophages (TRMs), derived from

the yolk sac and persist in tissue via self-renewal (188, 189) and (2) monocyte derived
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macrophages (MDMs) that are present due to monocytes infiltrating the tissue and
differentiating into macrophages (188, 189). During homeostasis, the TRMs remove or
respond to pathogens and toxins, clear any apoptotic cells, proteins or phospholipids and via
crosstalk with other stromal cells maintain tissue homeostasis (188). In response to infection
or damage, monocytes in the circulation are recruited to the tissue (188-190), and
differentiate into macrophages (MDMs). These MDMs have an overtly pro-inflammatory
phenotype expressing cytokines such as IL-1p and TNF-a, whilst TRMs are anti-inflammatory,
expressing cytokines such as IL-4 and IL-10 (189, 190). During acute inflammation the
proportion of TRMs to MDMs changes as MDMs are recruited and proliferate, whilst TRMs
decrease due to cell death and suppression of proliferation (191). In resolution, the
populations revert back to those seen in homeostasis as TRMs self-renew and MDMs

undergo apoptosis or conversion into tissue-resident macrophages (191).

Macrophages are also commonly described as having an M1 (classically) or M2
(alternatively) activated phenotype, summarised in Figure 1.7 (192-194). M1-like (classically
activated) macrophages are induced by exposure to IFN-y combined with either
lipopolysaccharide (LPS) or TNF-a resulting in a Th1 response (i.e. type 1 inflammation, killing
intracellular pathogens and tumour resistance) (194). On the other hand, M2 macrophages
have a Th2 response with more immunoregulatory and pro-tumoral properties (194). These
can be further separated into; M2a, induced by IL-4 and IL-13; M2b, induced by immune
complexes and TLR or IL-1R ligands, and M2c, induced by IL-10, each with slightly differing

immunoregulatory functions ((194)).
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Figure 1.7: Polarisation of M1 and M2 like macrophages. Polarisation of macrophages from MO
(brown) into an M1 (blue/purple) or M2 (orange) like phenotype. Examples of characteristic stimuli,
transcription factors, cell surface markers and mediators each type produce is also shown. (G)M-CSF
= (Granulocyte-) Macrophage-Colony stimulating factor; IFNy = Interferon gamma; IL = Interleukin;
iNOS = Inducible nitric oxide synthase; IRF = Interferon regulatory factor; LPS = Lipopolysaccharide;
LXRa = Liver X receptor alpha; MHCII = Major histocompatibility complex Il; MR = mannose receptor;
NF-kB = Nuclear factor kappa B; PPARy = Peroxisome proliferator-activated receptor gamma; STAT =
Signal transducer and activator of transcription; TGF-B = Transforming growth factor beta; TLR = Toll-
like receptor ; TNF-a = Tumour necrosis factor alpha; VEGFA = Vascular endothelial growth factor A.
Figure created with BioRender.com and adapted from multiple sources (194-199).
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Macrophages in RA
Macrophages, and moreover an altered macrophages phenotype or change in the

proportion of subsets, plays a major role in the pathogenesis of RA (200). In fact, during RA
disease progression, macrophages become one of the most abundant cells (30-40%) of the
joint due to a major influx of monocytes, evasion of apoptosis and increased proliferation
(200-202). Accordingly, changes in the CD68" cell population of the sublining directly
correlate with the DAS28 score and can be used to predict the efficacy of treatment in
patients (203). Likewise, macrophage count has been demonstrated to correlate with

articular destruction in RA patients (182).

As highlighted in the previous section, macrophages are an incredibly heterogeneous (204)
and multiple subsets of macrophages have been described (205, 206). Early studies looking
at septic arthritis (SA), RA, OA and healthy joints identified three populations of
macrophage; 25F9+, CD163+ and the S100A8/9 alarmin+, which changed in distribution
according to the state of inflammation (205, 206). 25F9* macrophages were associated with
non-inflamed sections of synovium in OA and SA patients (205, 206), and due to their high
expression of IL-1Ra (the IL-1R antagonist) were thought to have anti-inflammatory role
(206, 207). CD163+ macrophages were found primarily in healthy joints and deemed to have
protective phenotype against inflammation due to the presence of phagosomes and
expression of MHC-II, IL-1R antagonist and osteprotegerin (OPG; an inhibitor of bone
degradation) (207). On the other hand, the SI00A8/9+ macrophages were observed in RA
and the inflamed areas of SA joints, but much less in OA (205, 207, and 208). Notably

S100A8/9 alarmins (aka MRP8 and MRP14), are known biomarkers of inflammation (174),
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suggesting these are a distinctly pro-inflammatory subset (205, 208, 209). They may also be
described as having M1-like phenotype, as they produce pro-inflammatory cytokines and
chemokines including; TNF, IL-1B, IL-6, IL-15, granulocyte macrophage colony-stimulating
factor (GM-CSF), TGF-B and, particularly in early stages of disease, CXCL4 and CXCL7 (for the
recruitment of neutrophils and monocytes) (207). Furthermore, these macrophages are
susceptible to anti-TNF treatment (208), which removes them via rapid efflux (210). On the
other hand, the RM3/1* macrophages were unaffected by TNF treatment, supporting the

idea that these are anti- or at non-inflammatory macrophages.

The growing field of scRNA-Seq further supports the idea of macrophage subsets. Recent
data has shown Macrophages from the RA and OA synovium clustered into 4 groups, and
subsequent bulk RNA-Seq assessed whether genes associated with each cluster were higher
in RA or OA (134). From this, a heparin binding EGF-like growth factor (HBEGF)* cluster and
an “IFN/STAT” cluster, positive for IFN-stimulated genes (e.g., IFI6 and IFI44L) had genes
enriched more in RA than OA (134). On the other hand, a MerTK* cluster was identified, and
these cells expressed genes more associated with OA than RA (134). This is consistent with
other single cell data of Macrophages where the MerTK*CD206* population appeared in
lower numbers in treatment naive or resistant RA patients, with a lower population
associated with a higher risk of flare (133). Furthermore, in response to lipopolysaccharides
(LPS) this MerTK*CD206* population produced resolvin D1 (an inflammatory-resolving lipid
mediator), whilst the MerTK'CD206" population produced pro-inflammatory cytokines (133).

This again highlights macrophages populations in RA are primarily pro-inflammatory, but
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with treatment and/or resolution of disease the populations shift back to a more anti-/non-

inflammatory phenotype.

Similarly, murine models have indicated altered macrophage proportions in disease and
furthermore that these drive disease in different ways (207, 211). Macrophages can
originate from either the bone marrow (MDMs; F4/80"CD11b*) or embryo (TRMs;
F4/80*CD11b"), and are regarded as having pro or anti-inflammatory properties, respectively
(189). In CIA mice, the population of the pro-inflammatory MDMs increased at the peak of
inflammation then decreased in resolution, whilst the anti-inflammatory TRMs did the
opposite (189, 190). Furthermore, they demonstrated that the RA synovium had a lower
percentage of EMR1* (equivalent to F4/80*) macrophages when compared to OA (190).
Additionally, the EMR1"8"CD11b'°% macrophages population from RA patients had increased
expression of CD163, suggesting an M2-like phenotype. Conversely, the EMR1'°*CD11b""
population had increased expression of CD80 indicative of an M1 phenotype (190).
Regarding subtypes driving different forms of pathogenesis, macrophage derived from Ly6C*
or Ly6C monocytes have different roles in RA mouse models (207). Via depletion and
selective rescue, it was demonstrated that Ly6C cause inflammation in the STIA (212). On
the other hand, AlA in CCR2 deficient mice (which is crucial for Ly6C* monocyte trafficking)
almost completely abolished the number of macrophages, suggesting Ly6C* macrophages
are crucial for AIA (211). In patients, radioisotope labelling of CD14* (similar to Ly6C")
monocytes found these were trafficked to the synovium during inflammation (213),

however, trafficking of CD14" monocytes remains to be confirmed (207).
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Taken together, these findings demonstrate that RA pathogenesis is associated not only with
an increase in absolute number of macrophages, but also changes in the proportion of
macrophage subsets. Due to the very distinct functions of these macrophage populations, it
is essential to differentiate between them when discussing the effect of macrophages, as

opposed to regarding them as one, pathogenic, cell type.

Macrophage-fibroblast crosstalk in RA
As the two predominant cells of the synovium, fibroblast-macrophage crosstalk has been

studied for many years within the context of RA (133, 134, 142-144, 214). Early in vitro
studies examined the effect of macrophages on fibroblast induced cartilage destruction
(144). This revealed that macrophages (U937 cell-line), via their release of TNF-a and IL-1(,
were required for OA or RA fibroblasts to degrade cartilage (144). Later studies assessed the
inflammatory effects of co-culture conditions (142, 143). Using macrophage and fibroblast
murine cell lines (RAW264.7 and CL.7 respectively), it was demonstrated that ICAM-1 and
oxygen radicals from fibroblasts stimulated macrophages to produce macrophage
inflammatory protein 1 a (MIP-1a) (142). Furthermore, experiments by Donlin et a/
examined the effect of RA fibroblasts (from patients undergoing joint replacement) co-
cultured with M-CSF differentiated monocytes (143). In response to TNF-a, the synovial
fibroblasts suppressed the IFN-B response in macrophages, including chemokines involved in
classical macrophage activation (CXCL9 and CXCL10) (143). Incubation of the macrophages
with fibroblast supernatants alone indicated the effect was driven by soluble factor(s) (143).
Furthermore, these factor(s) decreased IFN- and TNF-a induced production and

phosphorylation of STAT1 and 2 (143). Transcriptional analysis revealed the fibroblasts
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regulated around one third of the TNF-a stimulated genes in macrophages, including genes

required for macrophage survival and differentiation to an activated phenotype (e.g. M-CSF,
IL-4, IL-13) (143). Taken together these co-culture experiments suggest there is bidirectional
crosstalk between macrophages and fibroblasts; macrophages are required for fibroblasts to

degrade cartilage, whilst fibroblasts have immunomodulatory effects on the macrophages.

Combining the knowledge from these co-cultures, and the macrophage subsets identified
from single cell RNA-sequencing, the crosstalk of macrophage subsets and fibroblasts has
also been examined (133, 143). Co-culture of fibroblasts with monocyte derived
macrophages, in TNF-a stimulated conditions, indicated that fibroblasts drove the formation
of the HBEGF* inflammatory macrophage subset (134). On the other hand, co-culture of the
HBEGF* macrophages subset with fibroblasts, increased fibroblast expression of multiple
genes, including granulocyte colony-stimulating factor (G-CSF) and IL-33 (134). Subsequent
pathway analysis and functional inhibition identified epidermal growth factor receptor
(EGFR) as an upstream regulator in these co-cultures (134). Furthermore in a Matrigel
invasion assay, incubation with HBEGF* macrophages caused increased invasiveness of
fibroblasts which was diminished upon EGFR inhibition (134). This demonstrates (similarly to
the earlier studies described in the above paragraph), a bidirectional crosstalk; the HBEGF*
macrophages are shaped by the presence of fibroblasts in the joint, whilst at same time
these macrophages promote the invasiveness of the fibroblasts in an EGFR dependent
manner (134). Another single cell study investigated how macrophage subsets can alter the
fibroblast subsets they are cultured with (133). Mono-cultured RA SF clustered into 4 subsets

according to the expression of: (1) ECM proteins, (2) cell adhesion molecules, (3) receptors
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of TGF-B and resolvin, or (4) glycolytic enzyme and proliferation markers (133). However,
when co-cultured with MerTK'CD206™ macrophage populations, a fifth fibroblast population
emerged characterised by high expression of mediators for cartilage and bone destruction
(e.g., MMP1/3 and RANKL), pro-inflammatory cytokines (e.g. IL-6) and chemokines (e.g.
CXCL8) (133). On the other hand, co-culture with MerTK*CD206* macrophages (particularly
those from sustained RA remission) induced the repair response of the fibroblasts by
increasing expression of collagen and TGF-B response genes (133). This again demonstrates
that pro-inflammatory (MerTK'CD206°) macrophages induce a destructive phenotype in
fibroblasts (133). Moreover, non-inflammatory (MerTK*CD206*) macrophages do not, and

instead communicate with fibroblasts to aid the remission of disease (133).

Taken together, these results suggest pro-inflammatory macrophage: SF crosstalk
contributes to pathogenesis of RA. However, there is still little known about how, or even if,
this crosstalk changes during the course of disease. Consequently, this aspect of
macrophage: fibroblast crosstalk was investigated in the thesis of Dr Jason Turner (214).
Initial quantitative real-time polymerase chain reaction (qQRT-PCR) experiments performed
on unstimulated macrophages (M-CSF differentiated blood monocytes) co-cultured with
fibroblast from resolving arthritis, very early RA (VeRA) and joint replacement RA (JRep)
showed no significant difference in TNF-a, IL-10 or STAT1 gene expression (214). However,
following the work of Donlin et al (discussed above) further co-cultures experiments were
performed, assessing gene expression upon 16 hours of TNF-a stimulation (214). Consistent
with these previous findings, upon culture with fibroblasts, there was decreased

macrophage expression of CXCL9, CXCL10, IFIT1 (Interferon Induced Protein with
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Tetratricopeptide Repeats 1) and MX1 (Interferon-induced GTP-binding protein) (143, 214).
However, contrary to Donlin et al, a decrease was also observed in IL-13 and NKG7 (Natural
Killer Cell Granule Protein 7), and no modulation was seen in the interferon genes (143, 214).
Despite the variability of these results, these data, combined with that of others, suggests
there is a change in macrophage and fibroblast gene expression upon co-culture. Whether
and how this is interaction is altered during disease remains to be determined.

1.5.4 Technologies used to investigate stromal cells in RA

1.5.4.1 Staining of tissue sections
As highlighted in the sections on RA and PMR pathogenesis, staining of tissue sections is an

incredibly useful tool for analysing the protein expression on cells and consequently aids in
understanding the mechanisms of disease. For example, within RA this led to the
identification of the different tissue pathotypes, and revealed the patterns of adhesion
molecule expression on the chronically inflamed (e.g., RA) compared to normal synovial
endothelium (1.5.3.2). Furthermore, imaging can be used to identify novel biomarkers or
distinguish patient subsets for targeted treatments. This is already commonly used in the
cancer field (215), and will most likely become routine in RA [e.g., stratifying patients

treatment according to tissue pathotypes (117)].

IHC and immunofluorescence (IF) staining are most commonly used to analyse tissue

sections and can be performed on paraffin-embedded or frozen sections. IHC is perfect for
giving an overview of tissue architecture and morphology and can image multiple antigens
(multiplexing) to identify different cell populations. However, IHC cannot easily distinguish

antigens that co-localise within a cell and so for this (and often other forms of multiplexing),
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IF is preferred. Standard IF staining allows the visualisation of up to 5 fluorescent markers
per section due to limits in the excitation/emission spectra (216). The CellDIVE multiplex
imaging platform overcomes this limitation by bleaching the slide in between rounds of
staining with 4 fluorescent dyes (one of which is always DAPI) (217). The stain, bleach, re-
stain process can be repeated multiple times and enables the imaging of up to 60 markers
per section (217). This is useful, as it enables the assessment of markers simultaneously
across the tissue and also uses the minimal amount of tissue. Notably, however, there are
drawbacks to this technique. In particular, continuously coverslipping and decoverslipping of
the sections can lead to considerable loss of tissue sections (discussed more in 4.1.1.1),
especially when using sensitive tissues such as synovial biopsies. Here, this relatively novel
technique is used to assess the expression of endothelial cell markers in very early RA,
resolving and RA patients undergoing joint replacement to assess if there are changes in

expression of these, between RA and resolving patients and across the course of disease.

1.5.4.2 RNA sequencing
RNA sequencing (RNA-Seq) provides an in-depth, untargeted analysis of cells transcriptome.

The transcriptome consists of two types of RNA; protein coding and non-coding. Historically,
the protein coding mRNAs were of more interest as they were thought to provide an indirect
measurement of protein expression within the cell. However, there are also many types of
non-coding RNAs (ncRNAs), including micro RNAs, piwi-interacting RNAs, and long-
noncoding RNAs, which are able to regulate gene expression and interest in these classes of
RNA is quickly gaining traction (218). Compared to previous techniques, such as Sanger
sequencing and microarray-based methods, RNA-Seq offers wider coverage and greater

resolution (218, 219). Even in relation to more recent technologies (e.g. single cell-
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sequencing and spatial transcriptomics) which provide higher sequencing precision (i.e.
looking at very few or single cells), these techniques do not yet match the depth (i.e. ability

to detect lowly expressed genes) obtained in RNA-Seq analysis (219).

Generally, an RNA-Seq experiment consists of RNA isolation and selection of species of
interest (e.g. via ribosomal depletion, poly-A selection); conversion to complementary DNA
(cDNA); preparation of the cDNA library; and finally sequencing on a next generation
sequencing (NGS) platform (218). There are primarily two forms of NGS; ensemble-based,
which sequences multiple copies of one DNA fragment, or single molecule, which sequences
one DNA molecule. By far the most commonly used, is lllumina’s ensemble-based,
sequencing-by-synthesis approach (218). For this, the DNA molecules are immobilised then
clonally amplified with fluorescently labelled reversible-terminator nucleotides (218). This
has very low (<1%) sequencing error, however due to the use of PCR may introduce
amplification biases that needs correcting in downstream analysis (218). On the other hand,
single-molecule sequencing platforms, such as PacBio, lack this PCR step so have no
amplification bias, but it also have a relatively high (~5%) error rate (218). The resulting

reads are then aligned to the genome and quantified.

In this study, RNA sequencing has been used to assess the cross-talk of endothelial cells:
fibroblasts, and macrophages: fibroblasts. This method was chosen due to the high
sequencing depth (compared to scRNA-seq), unbiased approach and large number of
transcripts quantified (compared to gPCR/microarrays) which allows the broad assessment

of transcriptomic changes. There are issues with using only this technique, as it only
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quantifies the mRNA levels, but protein levels or epigenetic changes (e.g., phosphorylation)
cannot be determined. However, it is ideal as an initial screening tool to determine if there

are any large or small transcriptomic differences that warrant further investigation.
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2 Materials and methods
2.1 Ethics
All human samples were obtained with written, informed consent and in compliance with

the Declaration of Helsinki.

Serum for NMR analysis were provided by Dr Sarah Mackie, Professor Ann Morgan and Dr
Louise Sorensen from the University of Leeds, under the UK GCA Consortium 05/Q1108/28,
Leeds West Research Ethics Committee (REC), Clinical trial identifier: NCT04102930;
ADDRESS-PMR 13/L0/1094, National Research Ethics Service (NRES) Committee London —
Camberwell St Giles, Characterisation of genes/proteins in autoimmune/inflammatory
diseases 04/Q1206/107 Leeds East Research Ethics Committee; TABUL 09/H0505/132.,

Berkshire Research Ethics Committee; Clinical trial identifier NCTO0974883.

Biopsy and joint replacement samples were used during this study. Outgrowth fibroblasts
were kindly provided by Professor Andrew Filer and Holly Adams (University of Birmingham),
whilst tissue sections were kindly provided by Professor Andrew Filer, Dr Saba Nayar and Dr
Triin Major (University of Birmingham). Synovial tissue biopsy samples were obtained from
treatment-naive patients with inflammatory arthritis of <12-week symptom duration, who at
follow up had resolving arthritis (Res) or fulfilled RA classification criteria (very early RA,
VeRA). Biopsies were also obtained from patients with arthralgia, but signs of inflammation
(Norm) and treatment naive RA patients with >12 week symptom duration (EstRA). The
biopsy samples were collected with approval from the NRES Committee West Midlands —

The Black Country (REC 12/WM/0258). Additionally, synovial tissue samples were collected
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from patients with established, treated RA undergoing joint replacement at the Royal

Orthopaedics Hospital (REC 07/H1204/191).

Sections of tonsil tissue were kindly provided by Saba Nayar (University of Birmingham), REC

10-018.

Human vein endothelial cells (HUVECs) were isolated from umbilical cords donated by
participants undergoing an elective caesarean section obtained from Sandwell and West
Birmingham Hospitals NHS Foundation Trust and approved by NRES Committee North East —

Tyne and Wear South (REC 15/NE/0285).

Monocytes were isolated from the blood of a healthy donor, REC 12/EE/0122.

2.2 Nuclear magnetic resonance sample collection, preparation and
analysis

2.2.1 Participants
Samples were provided, and work done in collaboration with Dr Sarah Mackie, Professor

Anne Morgan, Dr Louise Sorensen, Emma Harris and Hannah Mathieson from the University

of Leeds and Professor Raashid Lugmani at the University of Oxford.

Forty patients with untreated PMR were recruited into the ADDRESS-PMR (The Diagnostic
Accuracy of Ultrasound in Suspected PMR) study. They completed visual analogue scores
(VAS) for pain and stiffness and FACIT-F (Functional Assessment of Chronic lliness Therapy —

Fatigue) scores for fatigue (220) and measurement of inflammatory markers, including CRP,
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in the NHS routine diagnostic laboratory. For fatigue analysis to align with the pain and
stiffness VAS, FACIT-F scores were reversed (i.e., 52 minus the FACIT-F score) so that those
with high fatigue had higher scores, and those with lower levels of fatigue had lower scores.
Patients were treated with prednisolone according to clinical guidelines for PMR and
attended follow-up at 4- and 26-weeks following treatment (visits 2 and 3) at which time
points PMR was confirmed clinically. At each of these time points sera was stored for later

analysis.

One hundred and thirty seven patients with suspected GCA recruited into the multi-centre
TABUL (The Temporal Artery Biopsy -v- Ultrasound in diagnosis of Giant Cell Arteritis) study
(221) were included in the current study if biological samples had been collected within 7
days of high dose prednisolone treatment. It was later confirmed that 84 had GCA

(confirmed GCA) and 53 had alternative diagnoses (confirmed non-GCA).

Thirty-nine age-matched controls with no intercurrent illness or underlying autoimmune or
inflammatory disease were recruited from members of staff at the University of Leeds or at a

cataract pre-assessment clinic.

All participant characteristics are given in results 3.2, Table 3.1.

2.2.2 Sample collection and preparation
Samples were collected and processed as previously described (80, 222). Blood was collected

from participants in vacutainer tubes containing clotting accelerator. It was left at room
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temperature (RT) for 30 minutes and centrifuged at 2500g for 15 minutes. The serum was
extracted and stored at -80°C, until being shipped on dry ice to the University of Birmingham

for sample preparation by Dr Stephen Young.

The serum samples were thawed at 4°C then centrifuged at 15,000g at 4°C for 5 minutes. To
remove proteins, 200ul from the middle of the sample was added to a washed nanosep filter
(washed 6 times as described by Tiziani et al (222)) and centrifuged at 10,000g at 4°C for 15
minutes. The filtrate was diluted in a 3:4 ratio with NMR buffer consisting of 1.6mM
Difluorotrimethylsilylmethylphosphonic acid, 400mM phosphate, 40% D>0, 0.4% azide and
2mM 3-(Trimethylsilyl)-1-propanesulfonic acid-d6 (dds-d6)sodium salt and adjusted to pH 7

using hydrogen chloride and then frozen at -80°C until analysis.

2.2.3 Nuclear magnetic resonance spectroscopy
Samples were run by Dr Stephen Young at the University of Birmingham biomolecular NMR

facility. Samples were defrosted and transferred to 1.7mm NMR tubes (Bruker Biospin,
Coventry, UK) using an Anachem Autosampler. One-dimensional *H spectra were acquired at
300K using a standard 1D-1H-Nuclear Overhauser Effect Spectroscopy (NOESY) pulse
sequence with water saturation using pre-sat in a Bruker AVANCE 1l 600 MHz NMR
spectrometer (Bruker Corp., USA) equipped with a 1.7 mm cryoprobe. Spectral width was set
to 12 ppm (parts per million) and the scans were repeated 128 times. Samples series were
loaded into 96-tube racks and held at 6°C in the Samplelet sample handing device until

processed.
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2.2.4 Nuclear magnetic resonance spectroscopy analysis
Spectra were read and processed with Metabolab software (Version 2018.x; Birmingham,

UK) (223), and phased, aligned and binned as previously described (80, 224, 225). Each
spectrum was phased according to the DSS-d6 peak, then aligned and corrected for baseline
offset (80, 224). The spectra were truncated to a range of 0.6 - 8.6 ppm and the water peak
removed (80). Spectra were divided into chemical shift “bins” of 0.005 ppm and the spectral
area of each bin integrated, then scaled with probabilistic quotient normalization (PQN) to
account for differences in sample dilutions (225) and normalised with a generalised log
transform (A = 4e%) to equalize the weightings of smaller and larger peaks. Data were then
compiled into a matrix where each row represented an individual sample before statistical
analysis (80). Metabolites were identified by matching the spectra of known metabolites in
serum to the spectrum of the sample using Chenomx (Version 8.1; Chenomx Inc., Edmonton,
Canada) (226). The concentration of each metabolite was determined according to the

concentration of the reference signal, in this case 0.5mM of DSS-d6, using Chenomx (226).

Data were initially subject to principal component analysis (PCA) to assess the variability and
identify any outliers. Supervised analyses were then performed to assess variation in the
data with regards to a Y variable (e.g. case vs control or CRP) using orthogonal partial least

squares discriminant analysis (OPLS-DA) or partial least squares regression analysis (PLS-R).

OPLS-DA was used to compare between groups of interest (i.e. case vs control, or PMR
patients at different treatment points). This assessed the fold change between the groups of

interest and gave each metabolite a variable importance for prediction (VIP) score, which
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indicated how much that metabolite contributes to the model (higher number = higher

contribution), a cut-off of 0.9 was used those metabolites taken forward in the models.

PLS-R, is a form of regression analysis that identifies which metabolites predict a given
variable. Here, we used measured levels of C-reactive protein (CRP), pain, stiffness and
fatigue. Similarly to the OPLS-DA models, the metabolites were given a VIP score to indicate

their contribution to the model, and 0.9 was used as a cut-off again.

In both the OPLS-DA and PLS-R model, qualities were assessed using R? (goodness of fit), Q?
(goodness of prediction) and cross-validated analysis of variance (CV-ANOVA) to determine
significance levels. An R? > 0.25, with the difference between R2and Q%<0.2, and P < 0.05
was deemed to be a well modelled and significant, the higher the R?the better the fit. All
statistical analysis was performed in SIMCA-P, version 16 (227) (Umetrics, Sweden); with the
exception of metabolites of interest, where Kruskal-wallis with Dunn’s post-test was

performed on the metabolite concentrations in GraphPad version 8.0.

2.2.5 Pathway analysis
Metabolites with a variable importance score (VIP) score of >0.9 in the PLS-R for CRP, pain,

stiffness and fatigue were selected for pathway analysis in MetaboAnalyst (228, 229).
Importance and relevance of pathways were indicated by the impact factor (X axis) and —log

(P value) (Y axis).
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2.3 Immunofluorescence staining
To explore the expression of endothelial cell molecules of interest across Res, VeRA and JRep

patients, multiplex imaging of markers was run using the CellDIVE imaging platform. The
markers of interest were first validated using conventional immunofluorescence (2.3.1)
before performing the multiplex stain at the University of Oxford (2.3.2). Reasoning for use
of the CellDIVE is given in 1.5.4.1 and the markers chosen and validation of antibodies

discussed in 4.2.1.

All tissues were kindly provided and prepared by Professor Andrew Filer, Dr Saba Nayar and
Dr Triin Major, and sectioned by Dr Triin Mayor, the human biomaterials resource centre

(HBRC) or myself.

2.3.1 Conventional immunofluorescent staining
To initially validate antibodies, conventional staining was carried out as previously described

(141). Formalin-fixed paraffin-embedded (FFPE) sections were deparaffinised by washing 3
times for 5 minutes in Histoclear (National diagnostics, Nottingham, UK), and rehydrated by
washing in 100%, 90%, 80% and 70% ethanol for 3 minutes each followed by 3, 3-minute
washes in distilled water. Antigen retrieval was performed in 10mM sodium citrate (Merck,
Dorset), 0.05% Tween®20 (Fisher Scientific, Loughborough) buffer at pH6 for VAP-1, PNAd, P
selectin, p53 and Multimerin2 (MMRN2) or 10mM Tris, 1ImM EDTA
(Ethylenediaminetetraacetic acid) (both Merck) 0.05% Tween®20 buffer pH9 for VCAM-1,
CD31, Delta-like canonical notch signalling 4 (DLL4), Lyvel, E selectin and C-Type Lectin
Domain Containing 14A (CLEC14A). For all expect P and E selectin, slides were placed in

retrieval buffer and put at 96°C for 1 hour. For P and E selectin, slides were placed in the
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buffer and were microwaved twice on high (setting 10/10) for 3 minutes and cooled for 5
minutes, then microwaved on medium-low (setting 4/10) for 1 minute and left to cool till at
RT. Slides were then rehydrated in phosphate-buffered saline (PBS) for 5 minutes and
blocked in 10% normal horse serum (Vector Laboratories, Cambridge, UK) for 10 minutes at

RT.

Primary antibodies were added for 1 hour at RT. Sections were washed for 5 minutes in PBS
and when unconjugated antibodies used, an appropriate secondary against the primary
antibody was added. Secondary antibodies included streptavidin Alexa Flour 647, goat anti-
rabbit Alexa Flour 546, goat anti-rat Alexa Flour 555, goat anti-mouse IgG1 Alexa Flour 546
(all used at 1:400), goat anti-rabbit 488 (1:200) (all from Thermofisher, Massachusetts, USA).
Slides were mounted with ProLong Diamond with DAPI (ThermoFisher) and dried overnight
at RT. Slides were then imaged immediately or stored at -20°C before imaging. Imaging was
carried out in the University of Birmingham Medical School Imaging Suite and images

obtained on the Zeiss LSM 780, Zeiss LSM 880 or Leica DM6000.

Multiple antibodies were initially tested (Table 2.1) and the final antibodies chosen for use
on Cell DIVE are shown in black, and unused in grey. Expect for PNAd and CLEC14A, all were
conjugated to an appropriate fluorophore with biotium Mix-n-Stain antibody labelling kits
(San Francisco, USA) and labelled according to the manufacturer’s instructions prior to
confirmation of positive staining before being used in the CellDIVE staining. Positive staining
was verified by determining if expression was similar to that described in the literature or by

others (i.e. staining around the blood vessels, and/or lining layer dependent on the marker).
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In order to potentially do single cell segmentation, vimentin (clone EPR3776, abcam), which
is expressed in mesenchymal cells (including ECs, macrophages, fibroblasts and leukocytes

(230)), was added to the panel. Full panel details are given in Table 2.2.

59



Table 2.1: Antibodies tested for validation

Target

Lectin from
Ulex

VE-Cadherin
CD31

Lyvel
P selectin

E selectin

VCAM1

VAP1
PNAd
p53
DLL4
MMRN2
CLEC14A

Species

Ulex Europaeus
Rabbit /Ulex
Europaeus
Mouse

Mouse

Mouse

Rabbit

Mouse

Mouse
Mouse
Mouse
Mouse
Rabbit
Mouse
Mouse
Rabbit
Mouse

Rabbit
Goat
Goat
Rat
Rabbit
Rat
Rabbit
Sheep

Isotype

NA
IgG

IgGZa
IgG1
IgG
I1gG
IgG1

IgG1
lgG1
IgG1
18G2a
1gG
Ig61
lgG2a
I1gG
|gG1

IgG
1gG
I1gG
IgM
IgG
18G2a
IgG
1gG

Conjugate

Streptavidin
AF555

AF647
AF488
Unconjugated
Unconjugated
AF488

Unconjugated
Unconjugated
Unconjugated
Unconjugated
Unconjugated
Unconjugated
Unconjugated
Unconjugated
AF488

Unconjugated
Unconjugated
Unconjugated
AF647

Unconjugated
Unconjugated
Unconjugated
Unconjugated

Clone

NA
NA

BV9

WMS58
C31.3
EPR21857
Psel.KO.2.7

Psel.KO2.5
AK-6
CTB201
1E3
EPR2146(2)
BIGG-E4
D-7
Polyclonal
6G9

EPR5047
Polyclonal
Polyclonal
MECA-79
E26

# 207822
Polyclonal
Polyclonal

Catalogue
number
L8262
bs-10025R-
A555
348514
303110
NBP2-15202
ab219556
NB100-
65392AF488
ab118522
MA5-16567
sc-8419
sc-19672
ab182135
BBA16
sc-137054
ab185698
NBP1-
47491AF488
ab134047
BBA19
EB07582
120808
ab32389
MAB1389
ab121639
AF4968

Manufacturer

Merck
Bioss

BioLegend
BioLegend
Novus
Abcam
Novus

Abcam
Thermofisher
Santa Cruz
Santa Cruz
Abcam

R&D

Santa Cruz
Abcam
Novus

Abcam
R&D
Everest
BioLegend
Abcam
R&D
Abcam
R&D

pH

6and9
6and9

6and9
6and9

O O OV OV oo o O O

o OV W

o o O

Concentration
(ug/ml)

20

20

10
10
2
1.6
10

10
10

4

4
0.25
10

4
12.3
10

8

10
6.6
10
3.97
5

1

2

DLL4, Delta-like protein 4; CLEC14A, C-type lectin domain containing 14A; Lyvel, Lymphatic vessel endothelial hyaluronic acid receptor 1; MMRN2,
Multimerin 2; VAP-1, Vascular adhesion protein 1; VCAM1, Vascular cell adhesion protein 1
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Table 2.2: Antibodies used in the CellDIVE panel

Stain round Target

1 VAP1
P selectin
PNAd
2 Lyvel
Mmrn2
VCAM1
3 CD31
E selectin

p53

4 Vimentin
Clec14A
DLL4

Species

Goat
Rabbit
Rat
Rabbit
Rabbit
Rabbit
Mouse
Rabbit
Rabbit
Rabbit
Sheep
Rat

Isotype

IgG
IgG
IgM
IgG
IgG
IgG
IgG
IgG
IgG
IgG
IgG
IgG2a

Clone Catalogue
number
Polyclonal EB07582
EPR2146(2) ab182135
MECA-79 120808
EPR21857 ab219556
Polyclonal ab121639
EPR5047 ab134047
C31.3 NBP2-15202
Polyclonal ab185698
E26 ab32389
EPR3776 ab185030
Polyclonal AF4968
#207822 MAB1389

Manufacturer

Everest
Abcam
BioLegend
Abcam
Abcam
Abcam
Novus
Abcam
Abcam
Abcam
R&D
R&D

Conjugate or secondary used

Donkey anti-goat AF488 (abcam)
Donkey anti-rabbit AF555 (Invitrogen)
AF647

CF450

CF555

AF647

Donkey anti-mouse AF488 (Invitrogen)
CF555

CF647

AF488

Donkey anti-sheep AF555 (abcam)
CF647

Concentration
used (ug/ml)
6.7

0.254

10

3.81

2

8

2

13.46

10.2

10

2

8.26

DLL4, Delta-like protein 4; CLEC14A, C-type lectin domain containing 14A; Lyvel, Lymphatic vessel endothelial hyaluronic acid receptor 1; MMRN2,
Multimerin 2; VAP-1, Vascular adhesion protein 1; VCAM1, Vascular cell adhesion protein 1

Table 2.3: Isotype controls used in CellDIVE panel

Target Manufacturer Clone Catalogue number
Goat IgG Bioss Polyclonal bs-0294P

Rabbit IgG Bioss Polyclonal bs-0295P

Mouse IgG Bioss Polyclonal bs-0296P

Rat IgG2a Invitrogen eBR2a 16-4321-82

Rat IgM BioLegend RTK2118 400801

Rabbit — AF488 Bioss Polyclonal bs-0295P-A488
Rabbit —AF555  Bioss Polyclonal bs-0295P-A555
Rabbit — AF647  Bioss Polyclonal bs-0295P-A647
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2.3.2 CellDIVE multiplex staining
Multiplex imaging was performed as previously described (231) using the CellIDIVE™

(previously GE Research, now Leica Microsystems, Cambridge, UK) platform at The Kennedy,
University of Oxford. It involved rounds of staining with 3 markers of interest, plus DAPI, to
allow the imaging and quantification of multiple markers. To do this, sections were initially
stained only with DAPI, and the background fluorescence imaged. Slides were then stained
with the first round of antibodies and imaged, then bleached and imaged (as a background
round), before being stained with the next round of markers. The process was repeated until
the final round of staining. At each imaging round, sections were aligned to the previous

round according to the DAPI stain.

2.3.2.1 Slide clearing, rehydration and antigen retrieval
Firstly, slide clearing and rehydration was performed in the Sakura Tissue-Tek DRS 2000

autostainer. This consisted of two, 5-minute washes in xylene, followed by 5 minute washes
in decreasing concentrations of ethanol (100%, 95%, 70% and 50%), then in PBS. Tissues
were then permeabilized for 10 minutes in 0.3% Triton X100 — PBS and washed in PBS for 5

minutes.

Antigen retrieval was then performed in the NxGen Decloacker (Biocare, Pacheco CA, USA).
Slides were first placed in citrate-antigen retrieval buffer (ARS1, Vector Laboratories) inside
the decloaker and once the temperature reached 70°C, timed for 20 minutes. During this
time, pressure and temperature continued to rise until reaching 110°C where it was held for
4 minutes, before decreasing. Following the 20-minute incubation slides were transferred to

the Tris-Antigen retrieval buffer (ARS2, Vector Laboratories) and incubated in the decloaker
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for a further 20 minutes. The Tris-Antigen retrieval buffer containing the slides was then
removed from the decloaker and slides left for a further 10 minutes at RT. Slides were then
washed 3 times for 5 minutes with gentle agitation in PBS, before blocking overnight at 4°C
in with 10% donkey serum (Biorad, Watford, UK), 3% Bovine Serum Albumin (BSA; Sigma-

Aldrich, Poole, UK) in PBS.

2.3.2.2 Background imaging
Following the overnight block, slides were washed 3 times for 5 minutes in PBS with gentle

agitation. Slides were coverslipped (Leica, Milton Keynes, UK) with mounting media (10%
PBS, 4% w/v propyl gallate (Sigma) and 1% w/v DABCO in glycerol (Sigma)) and imaged on
the IN Cell 2500HS at The Kennedy Institute, University of Oxford. Scanplans of the sections
were then obtained by selecting the regions of interest (ROI) in RHEDeye using DAPI.
Following this, background imaging was run, with DAPI set at an appropriate exposure and
FITC, Cy3 and Cy5 channels at the default exposures of 100ms, 200ms and 500ms
respectively. Sections were then decoverslipped by placing in PBS and Fc blocked (1:200 in

PBS; Miltenyi, Woking, UK) for 1 hour at RT before proceeding to the staining.

2.3.2.3 Staining and imaging of sections
Sections were stained with the antibodies at the concentrations and in the rounds shown in

Table 2.2. Isotypes were used at the same concentration as the antibody, details given in

Table 2.3.

When primary-secondary staining was required, samples were incubated overnight with the

primary antibody at 4°C. Secondary staining or conjugated antibodies were incubated for 1
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hour at RT. Between primary-secondary and following staining, slides were washed 3 times

for 5 minutes in PBS with gentle agitation.

Prior to next round of staining, sections were bleached by placing the slides in dye

inactivation solution (0.5M NaHCOs3, 30% H,0;in H,0) for 15 minutes, 3 times, placing slides
in PBS for a minute between each round. Slides were then washed 3 times for 5 minutes in
PBS before cover slipping and imaging with default exposures (FITC 100ms, Cy3 200ms, and

Cy5 500ms).

2.3.2.4 Analysis of imaged sections
Images were analysed in QuPath (232), as depicted in Figure 2.1. Vessels were detected by

training the classifier to identify CD31 expression. Quantification of all other markers was
then assessed via simple thresholding. Whilst a different threshold was set for each marker
and image (thresholds given in), this was always based on the histogram of the marker
within that image. Vessel expression of each marker, and marker co-expression then

determined by applying all the classifiers, to give % of vessel cells expressing the markers.
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Table 2.4: Threshold values used for each marker of interest in QuPath analysis of CellDIVE imaged
sections

CLEC14A DDL4 MMRN2 P53 PSEL VAP1 VCAM1
BX115 | 4000 1700 800 4000 1000 600 600
BX178 11000 3000 800 1800 1000 5000 2400
BX194 5000 2000 800 2500 200 2700 4000
BX202 5000 2000 1000 2500 300 1000 1000
BX248 8000 2700 60 2000 300 500 4000
BX290 8000 2100 900 1000 500 3500 2500
BX064 9800 2100 800 4000 500 1800 2000
JRPO99 | 4000 1200 800 1000 500 2500 600
JRP118 | 7000 900 1000 2200 300 1800 1500
JRP122 | 7000 2000 800 1200 300 2500 2000
JRP132 | 7000 2000 800 1200 300 3500 1800
JRP139a | 5000 2500 1200 1400 300 1800 3000
JRP130 | 7000 2000 1500 600 300 1800 800
JRP136 | 7000 3000 800 2000 150 1800 1600

DLL4, Delta-like protein 4; CLEC14A, C-type lectin domain containing 14A; MMRN2, Multimerin 2; VAP-
1, Vascular adhesion protein 1; VCAM1, Vascular cell adhesion protein 1

65



1. CellDIVE imaging performed in rounds then 2. Selected section for analysis (folds etc. 3. Cell detection run with DAPI 4. Trained to select CD31 expression at vessels

removed)

analysed in QuPath

BEACN

BIRMINGHAM EARLY ARTHRITIS COHORT

Sections from Res,

Image
VeRA and JRep
"~ background
oo =N
e . — 7
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\,  CellbIvE AT ==
» imaging Stain
LT sections
Inactivate + .
fluorescence
Image

stain

6. Combined classifier for every marker +
trained CD31 and exported values into excel

...to make CD31 classifier

Figure 2.1: Schematic of image analysis performed in QuPath. Formalin fixed paraffin embedded (FFPE) sections of synovial sections were
deparaffinised, rehydrated and antigen retrieval was performed. Sections were blocked with donkey serum and bovine serum albumin prior to
addition of antibody against: CD31, vimentin, delta-like 4 (DLL4), Multimerin 2 (MMRN2), C-type lectin domain containing 14A (CLEC14A), p53,
vascular cell adhesion protein 1 (VCAM1), P selectin, vascular adhesion protein 1 (VAP1), E-selectin (ESEL), lymphatic vessel endothelial hyaluronan
receptor 1 (Lyvel) and peripheral node addressin (PNAd). Image analysis was performed in QuPath (232). Firstly, the section was drawn around, then
cell detection performed. For the CD31 stain at vessels was trained, in order to not pick up any CD31+ staining on leukocytes. All other makers were

then classified using a threshold. The classifiers markers were combined and the final values for number of positive cells for each marker exported

into excel. Scale bar at 200um.
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2.4 Culture of patient derived human fibroblasts

2.4.1 Culture media
Fibroblasts were grown in Complete Fibroblast Media (CFM): Roswell Park Memorial

Institute (RPMI) 1640 medium (Sigma) supplemented with 10% foetal calf serum (Biosera,
Nuaillé, France), 1% sodium orthopyruvate, 1% minimal essential medium non-essential
amino acids, 2mM L-glutamine, 100U/ml penicillin and 100ug/ml streptomycin (all from

Sigma).

2.4.2 Recovery of fibroblasts from liquid nitrogen and cell culture
Culture of fibroblasts used in endothelial: fibroblast cultures was performed by myself, and

for the macrophage: fibroblast cultures by Dr Jason Turner. Cryopreserved vials of human
synovial fibroblasts (HSF) at passage 3 or 4 were kindly supplied by Professor Andrew Filer
and Holly Adams (Rheumatology Research Group, University of Birmingham, UK). Patient
details of fibroblasts used are outlined in results chapters 5.2 and 6.2 in Table 5.1 and Table
6.1. The HSF were quickly defrosted by placing them directly into a 37°C water bath and
resuspended in pre-warmed CFM, then centrifuged at 250g for 6 minutes. The pellet was
resuspended in CFM and fibroblasts incubated at 37°C and 5% CO; in a T75 flask until nearly
confluent. To feed the cells, two thirds of the medium was replaced with fresh CFM once a

week (to make 33% conditioned media), until reaching 80-90% confluency.

2.4.3 Detachment of fibroblasts from tissue culture flasks
Once cells reached 80-90% confluency, they were passaged to expand the population or

used in the co-culture assay. When passaging, fibroblasts were usually 1:3, but faster
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growing cells split 1:4 and slower growing cells split 1:2. Between 4 and 6, fibroblasts were

used in the co-cultures.

Firstly, the old media was removed. When splitting this media was retained to make 33%
conditioned media for use after splitting. The cells were then washed with PBS (Oxoid,
Thermo Scientific, Basingstoke, UK) to remove any remaining media. Cells were then
trypsinised by adding enough trypsin-EDTA (Sigma; 10X diluted to 2X in PBS) to cover the
flask, 5ml for a T75, and incubating at 37°C for 5 minutes. Detachment was confirmed with
phase contrast microscopy and CFM, at a ratio of 8:5 with trypsin, added to stop the
reaction. Cells were centrifuged for 6 minutes at 300g and supernatant discarded. For
passaging, the pellet was resuspended in 33% conditioned CFM (1:3 ratio of conditioned and
fresh media) and plated into T75 flasks then incubated 37°C and 5% CO; until 80-90%

confluent. For seeding, please refer to section 2.6.1.

2.5 Isolation and culture of human umbilical vein endothelial cells

2.5.1 Culture media
Human umbilical cord vein endothelial cells (HUVECs) were grown in HUVEC medium:

Medium 199 (ThermoFisher, Loughborough, UK) supplemented with 20% foetal calf serum,
100U/ml penicillin and 100ug/ml streptomycin, 10 ng/ml human epidermal growth factor, 1
ug/ml hydrocortisone, (all from Sigma) and 2.5 pg /ml amphotericin B (Life Technologies,

Paisley, UK).
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2.5.2 Isolation and culture of HUVECs
Umbilical cords were collected by research midwives from the Birmingham Women's Health

Care NHS Trust and Sandwell and West Birmingham NHS Trust. HUVECs were isolated from
the cords as previously described (233-235). Firstly, the cord was inspected and any clamp
marks or sites of injection cut off and the vein cannulated at one end. To clear the vein of
blood, PBS (Sigma) perfused through until it ran clear, then a syringe full of air passed
through to remove any remaining PBS. The other end of the cord cannulated and the vein
filled with 1mg/ml collagenase type 1a from Clostridium histolyticum (Sigma; diluted in PBS),
and incubated at 37°C and 5% CO; for 15 minutes. Whilst incubating, T25 flasks (Corning,
Amsterdam, The Netherlands) were gelatin coated; 2% gelatin in water (Sigma), diluted to
1% in PBS (Sigma), was added to the flask for ~10 minutes and removed before adding
HUVECs. Size of the cord determined how many T25 flasks were obtained, 4-6 inches of cord
was required per flask. Following the 15-minute incubation, the cord was gently massaged
for 1 minute to ensure HUVEC detachment. The collagenase cell suspension was flushed
through with PBS and collected into a falcon, then centrifuged at 250g for 5 minutes. The
supernatant was removed and pellet resuspended in 4ml of HUVEC media per flask, then
plated into the gelatin coated T25 flask and cultured at 37°C, at 5% CO,. The medium was
changed the following day and then every two days until HUVEC were fully confluent. Cells

were confluent 4-6 days after isolation and always used at passage 1.

2.6 Co-culture of fibroblasts and endothelial cells

2.6.1 Seeding fibroblasts on transwell filters
Fibroblasts and HUVECs were co-cultured either side of the porous transwell filer as

previously described (9, 233) and shown in results section 5.2.1, Figure 5.1. Fibroblasts were
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detached from tissue culture flasks as described in section 2.4.3. They were then seeded on
the outer surface of a 6-well 0.4um-pore transwell filter (BD Pharmingen, Cowley, UK) at a
density of 0.5x10° cells/filter. Cells were then incubated at 37°C, 5% CO> for 45 minutes to
allow them to adhere to the filter. The filters were then inverted and placed into a 6-well
tissue culture plate (VWR) and cultured in 5ml CFM (3ml below and 2ml above the filter) per

well for 24 hours at 37°C and 5% CO..

2.6.2 Seeding endothelial cells on transwell filters
After 24 hours, media in all wells containing fibroblasts was changed. For each donor one

filter was kept as mono-culture, and one as co-culture (shown in section 5.2.1, Figure 5.1).
Those that were co-cultured with ECs, had HUVECs seeded on inner side of the filter at a
density of 0.5x10°. For seeding, the HUVECs were detached from the tissue culture flask as
described below. To chelate any Ca and Mg on the cell surface, cells were bathed for 30
seconds in enough EDTA (0.02%; Sigma) to the cover the cells. Cells were then trypsinised by
adding pre-warmed (37°C) trypsin (2.5mg/ml; Sigma): EDTA at a ratio of 2:1, with sufficient
volume to cover the cells. Cells were then incubated at 37°C and 5% CO; until rounding was
observed via bright field microscopy. The flask was tapped to dislodge the cells and the
reaction stopped by adding CFM at a ratio of 8:3 (CFM: trypsin-EDTA). The cell suspension
was centrifuged at 250g for 5 minutes, supernatant removed and the pellet resuspended in
CFM at a concentration of 0.25x10° cells/ml and 2ml added to the top of each filter (3 wells

for co-cultured with fibroblasts, and 1 well mono-cultured).
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2.6.3 Treating fibroblast: endothelial cell co-cultures
Twenty-four hours after seeding the HUVEC, the cells were cytokine stimulated by replacing

all media in the well with CFM supplemented with 100units/ml| TNF-a (R&D Systems) and
10ng/ml IFN-y (PeproTech, London, UK). Cells were cultured in cytokine supplemented

media for another 24 hours at 37°C and 5% CO..

2.6.4 Sample collection for RNA isolation of fibroblast: endothelial cell co-

cultures
Following 24-hour stimulation, cells were trypsinised and cell pellets collected, similar to the

methods described in 2.6.2. Firstly, cells were bathed in EDTA for 30 seconds, with enough to
cover the filter (2ml beneath and 1ml above the filter). Then trypsin: EDTA was added
(enough to cover the filter) and HUVECs left to trypsinise for 1 minute at 37°C at 5% CO.. The
reaction was stopped with CFM and HUVECs collected from the upper side of the filter and
wells. The upper side of the well was washed with EDTA, Trypsin: EDTA was then added back
to the top of the wells and fibroblasts left to trypsinised for a further 4 minutes. CFM then
added to the bottom of the wells and the lower side of the filters washed with CFM to
collect the fibroblasts. Cell suspensions were then centrifuged at 250g for 5 minutes, then
resuspended in PBS and centrifuged at 300g for 5 minutes. The supernatant was carefully

aspirated of and cell pellets snap-frozen in liquid nitrogen then stored at -80°C until use.

2.6.5 RNA isolation of fibroblast: endothelial cell co-cultures
The snap-frozen cells pellets were thawed on ice and RNA isolated according to the

manufacturer’s instructions using RNeasy mini kit with QlAshredder’s to homogenise the

sample and DNase treatment to remove DNA contamination (all QIAGEN, Manchester, UK).
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A brief summary of the protocol is given below and unless stated all regents were supplied in
the aforementioned kits. Pellets were resuspended in 350ul RLT lysis buffer with B-
Mercaptoethanol (Sigma) then transferred to a QlAshreder and centrifuged at 17,000g for 2
minutes. An equal volume (350ul) of 70% ethanol (not supplied in the kit) was added to the
lysed sample. The full volume was transferred to an RNeasy spin column, and samples
centrifuged at 13,000g for 30 seconds. The flow-through was discarded, 350ul of RW1 added
to the column and spun at 13,000g for 30 seconds. The flow-through was discarded then
80ul of the DNase solution (1:8 DNase 1 to RRD buffer) was added directly to column
membrane and incubated at RT for 15 minutes before adding 350ul of RW1 and centrifuging
at 13,000g for 30 seconds. The flow-through was discarded and 500ul of buffer RPE added,
then centrifuged at 13,000g for 30 seconds. The flow-through was discarded, 500ul of buffer
RPE added again and centrifuged at 13,000g for 2 minutes. The RNeasy spin column was
then transferred to a new 2ml collection tube and the column spun at 17,000g for 1 minute
to prevent any carryover of RPE or previous flow-through. The RNeasy spin column was then
transferred to a 1.5ml collection tube and 15ul of RNAse-free water added to the column
membrane, then incubated for 2 minutes at RT before spinning at 13,000g for 1 minute to

elute the RNA.

Following isolation, samples were placed on ice and the concentrations, and purity ratios
(260/280nm and 260/230nm) were measured with the Nanodrop 2000 (ThermoFisher
Scientific, UK) and are given in results Appendix Table 3. A 260nm to 280nm ratio of ~2.0
suggests pure RNA and the 260nm to 230nm ratio indicates the presence of organic

compounds, with a ratio of ~2.0-2.2 considered acceptable (236).
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2.6.6 Culture media collection for Ultra High-Performance Liquid

Chromatograph-Mass-Spectrometry
Conditioned culture media was collected following 24 hours co-culture (unstimulated

supernatants) and following 24 hours TNF-a-IFNy stimulation (stimulated supernatants). The
supernatants were centrifuged at 10,000g for 10 minutes at 3°C to pellet any cell debris, the
supernatants were aliquoted in to separate and new 1.5mL Eppendorf tube and then stored

at -80°C until extraction.

2.7 Isolation of monocytes
Monocytes were isolated for the use in fibroblast: macrophage co-cultures (2.8), prepared

by Dr Jason Turner (214). Peripheral blood from a healthy donor was collected in K;EDTA
coated tubes (Sarstedt, Nimbrecht, Germany). The experiment was carried out in 3 batches
and the same donor used each time in order to minimise variability. The blood was diluted
1:1 in Hanks balanced Salt solution (HBSS, without Ca or Mg, Life Technologies) and 20m|
blood/HBSS mix layered onto 20ml Ficoll-Paque PLUS (GE Healthcare) then centrifuged for
20 minutes at 500g with no brake or acceleration to sediment at the plasma: Ficoll interface.
The PBMC buffy coat layer was carefully pipetted off and cells washed 3 times in HBSS by

centrifuging at 250g for 5 minutes.

Monocytes were then isolated from PBMCs via negative magnetic bead selection using a

pan-human monocyte labelling magnetic kit, according to the manufacturer’s instructions

(MilltenyiBiotec). Firstly, PBMCs were labelled with the kit, which involved resuspending 10’
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cells in 30l MACs buffer (0.5% BSA and 2mM EDTA in PBS). Subsequently, per 107 cells, 10ul
FcR blocking reagent was added followed by 10ul Biotin-Antibody cocktail. This was mixed
and incubated for 5 minutes at 4°C. Then 30ul of MACs buffer and 20ul anti-biotin
Microbeads were added per 107 cells and incubated for 10 minutes at 4°C. An LS column
(MiltenyiBiotec) was washed 3 times with MACs buffer before passing through the labelled
cell suspension. The flow through of unlabelled enriched monocytes was collected and
passed through a second, washed LS column. Purity and subset bias checks were performed
using flow cytometry to assess CD14 (-PE) and CD16 (-FITC) (BD Biosciences, clones M¢$pP9
and 3G8, respectively) cell-surface expression with the Dako Cyan-ADP. Data provided in Dr

Turner’s thesis ((214); section 3.3.2).

2.8 Co-culture of fibroblasts and M-CSF stimulated monocytes
Samples were prepared by Dr Jason Turner (214) and closely following the protocol of Donlin

et al (143), described in section 3.2.8 of Dr Turners thesis and briefly here. Monocytes were
isolated as described in section 2.7 and seeded into a 24 well plate at a density of 0.5x10°
monocytes/well. Cells were then cultured at 37°C, 5% CO;, for 2 days in complete fibroblast
media (described in 2.4.1) supplemented with 10ng/ml macrophage colony stimulating
factor (M-CSF) to induce macrophage differentiation as described by Donlin et al (143).
Notably, this is a shorter induction of monocyte to macrophage differentiation then
described by others (237), therefore these may not be regarded as fully differentiated

macrophages, but for simplicity will be referred to as macrophages hereon in.
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2.8.1 Seeding fibroblasts

Fibroblasts were seeded similarly to that described in 2.6.1, onto the upper chamber of 24-
well, 0.4um pore transwell filters. Cells were seeded at a density of 0.2x10° cells per filter,
with 200ul complete fibroblast media above and 600ul below the filter. Cells were then

incubated and cultured at 37°C and 5% CO; for 2 days.

2.8.2 Treating fibroblast: M-CSF stimulated monocyte co-cultures
Following 2 days of culture, both cell types were washed twice with PBS and the transwells

containing fibroblasts were added to the 24 well plate containing the M-CSF (PeproTech)
stimulated monocytes. CFM supplemented with 20ng/ml TNF-a (PeproTech) was then added
to each well, 200ul above and 600l below each filter. The cells were then incubated at 37°C

and 5% CO; for 16 hours.

2.8.3 Sample collection and RNA isolation
After 16 hours stimulation the cell types were separated and washed with PBS. Fibroblasts

were detached from the filters using 600ul trypsin-EDTA for 15 minutes, before inhibiting
the reaction with an equal volume of CFM. The macrophages were detached from the plates
by adding fresh PBS to the wells, putting the plate on ice and using a cell scraper to scrap off

the cells. Cells were the then pelleted by centrifuging at 250g for 5 minutes.

RNA was then isolated from the cell pellets using the PicoPure® isolation kit (ThermoFisher)
according to manufacturer’s guidelines and described briefly here. The cells were washed
twice by resuspending in 500ul MACs buffer and centrifuging in at 3,000g for 5 minutes. The
supernatant was aspirated off and the pellet resuspended in 100ul extraction buffer then

incubated at 42°C for 30 minutes. Cells were then centrifuged at 3,000g for 2 minutes and
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the supernatant, containing the extracted RNA, was carefully transferred to new microfuge
tube. Purification columns were then prepared by adding 250ul of conditioning buffer to
each column and incubating for 5 minutes at RT, before centrifuging at 16,000g for 1 minute.
Ethanol (70%) was added to the extracted RNA at 1:1 ratio and transferred to the column
then spun at 100g for 2 minutes, followed by 16,000g for 30 seconds. The flow-through was
discarded and columns left open to air-dry for 5 minutes, before adding 100ul wash buffer 1
and centrifuging at 8000g for 1minute. Then 40pul of DNase treatment (20ul RRD buffer +
10ul DNase) was added to each column and left to incubate for 15 minutes, followed by 40ul
of wash buffer, and column centrifuged at 8000g for 15seconds. Then 100ul of wash buffer 2
was added to column and centrifuged at 8000g 1 minute. Another 100ul added again and
spun at 16,000g for 2 minutes. Flow through was discarded then centrifuged at 16,000g for
1 minute to dry the membrane. Columns were transferred to the picopure micotubes and
11ul elution buffer added to the membrane then incubated for 1 minute before spinning at

16,000g for 1 minute. RNA was stored at -80°C until use.

2.9 RNA sequencing and statistical analysis

2.9.1 Quality control
Prior to sequencing, the RNA integrity number (RIN) of the samples was measured either in

house with RNA 6000 Pico Bioanalyzer according to manufacturer’s instructions or processed
by the Genomics Birmingham (University of Birmingham, UK) using the High Sensitivity RNA
ScreenTape® (both Agilent Technologies, Stockport, UK). These scores range from 1-10, with
10 having the highest integrity (238) and a RIN of 6.4-7.9 generally considered as a cut-off

(239). For the fibroblast: EC co-cultures, all RINs were >9, Appendix Table 3. For the
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fibroblast: macrophage co-cultures, RINs ranged from 1.8 to 9.6, with an average score of 9,
and 10 samples <6.4. Values shown in Appendix Table 8. Despite the low RIN of some
samples, all were sequenced, but RIN scores were considered in the analysis (i.e., for

outliers) (239).

2.9.2 Sequencing
RNA isolated from both cell types of the fibroblast: EC co-cultures (2.6) was sent to Novartis

(Basel, Switzerland) and the total RNA was sequenced by Fasteris (Plan-les-Ouates,

Switzerland) with the NovaSeq6000 (Illumina, Cambridge, UK).

RNA isolated from all cells of the fibroblast-macrophage samples (2.8) were processed by
University of Birmingham Genomics Service (Birmingham, UK) using the QuantSeq 3 mRNA-
Seq Library Prep Kit FWD for lllumina and included Spike-In RNA Variants (SIRVs) set 3/
External RNA Controls Consortium (ERCC) RNA spike-in (all from Lexogen, Vienna, Austria)

with the NextSeq500 (lllumina).

2.9.3 RNA sequencing analysis
All sequence data was provided in. fastq format. Figure 2.2 gives an overview of the analysis

pipelines involving: trimming of sequences; aligning them the genome; and generating a
counts table of the aligned genes. This was then used to identify the differentially expressed
genes and carry out subsequent pathway analysis. The pipelines differ slightly between
experiments due to the different types of sequencing performed. Pre-processing up to
generating a counts table was performed in Unix command line and all latter analysis in R

studio (240), with tidyverse (241). Scripts used for analysis can be found here
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https://github.com/JuliaManning/Endothelial-fibroblast co-cultures for the endothelial:

fibroblast data at and https://github.com/JuliaManning/Macrophage-fibroblast co-cultures

for the macrophage: fibroblast co-cultures. Initial quality of all samples was assessed with
FASTQC (242) and this, as well as results from the alignment and FeatureCounts, were

summarised and visualized with MultiQC (243).
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Figure 2.2: Schematic workflow of the RNA-sequencing analysis. Sequencing data in fasta files was aligned to the human genome with STAR aligner
using the genome fasta file, and annotation (GTF) file downloaded from ensembl website. In the case of the (A) endothelial-fibroblast co-cultures, the
sequencing was paired-end reads (hence R2 fasta files). The (B) macrophage-fibroblast data required trimming to remove adapters and poorer quality
ends of reads, however, endothelial cell-fibroblast data was of relatively high quality and had little to no adapter contamination so did not require
trimming. Following alignment, a counts table was generated with FeatureCounts, and HTSeq for the macrophage data. This table was then used for
differential gene expression analysis with DESeq2.
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2.9.3.1 Trimming
Macrophage-fibroblast samples files were supplied as runs per lane, with 4 fastq files per

sample. These were first merged and FASTQC performed. Sequences were then trimmed to
remove adapter contamination, polyA read through and low-quality ends using bbduk (244).
The fibroblast-endothelial samples were not trimmed as the FASTQC reports showed no

overrepresented sequences; therefore no trimming was required.

2.9.3.2 Alignment to the genome
Sequences were aligned to the genome with STAR aligner (245). To do this, firstly genome

indexes were generated from the ‘Homo_sapiens.GRCh38.dna Subread.primary_assembly’
human genome file and the corresponding gene transfer format (GTF) annotation file,
‘Homo_sapiens.GRCh38.101’, downloaded from ensembl website (246), release 102. The
genome indexes were then used to align sequences to the genome. The macrophage-
fibroblast data were aligned with standard settings, whilst the pair-end reads for the
fibroblast-endothelial data were aligned as the forward and reverse reads. MultiQC was run
on outputs from the alignment (i.e. the percentage of mapped reads). Uniquely mapped
alignments of >80% indicate good library preparation and data processing (247).
FeatureCounts from the Subread package (248) was then used to generate a counts table of
genes for the fibroblast: endothelial cell samples. Due to poor sequence quality in the
fibroblast: macrophage samples, Mohammed Elasrag from the University of Birmingham
Genomics Services (Birmingham, UK) assisted in pre-processing. He utilised HTSeq generate

a counts table of genes for these samples (249).
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2.9.3.3 Analysis of gene expression and pathways

Initial principal component analysis plots, boxplots are histograms were generated with built
in R tools (250). Subsequent transformations, normalisation and differential gene expression
were performed with DESeq2 (251). For visualisation (e.g., PCA and heatmaps), counts were
transformed with variance stabilising transformation (VST) (252-254). To visualise the p
value histograms, genes where there are less than 3 samples with normalized counts greater
than or equal to 10 were filtered out, otherwise no genes were filtered as DESeq2 performs
independent filtering based on the normalised gene counts (251). PCAs, pairsplots and
biplots were generated with PCAtools (255). Heatmaps of the top variably expressed genes
or genes of interest were produced with ComplexHeatmap (256). For the volcano plots, the
log2Fold changes were shrunk with the ‘ashr’ (257) and volcano plots generated with
EnhancedVolcano (258). For the endothelial cell data, batch correction was performed in

limma (14) and ComBat-Seq (15) from the sva package (16, 17).

2.9.3.4 Pathway analysis
ClusterProfiler (16, 17) was used to identify significantly enriched Kyoto encyclopaedia of

genes and genomes (KEGG) pathways (18). Pathview (19) was then used to visualise up and
down regulated genes in the pathways of interest. G Profiler (20) was used for functional
gene ontology of differential expressed genes. Gene set enrichment analysis (GSEA) was
performed with the broad institute GSEA software and Molecular signature database
(MSigDB) (21, 22) using the hallmark gene sets (23). Ingenuity pathway analysis (IPA;

QIAGEN Inc., https://digitalinsights.giagen.com/IPA (259)) was performed on the

macrophage: fibroblast co-cultures.
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2.10 Ultra-High Performance Liquid Chromatograph-Mass-Spectrometry

of fibroblast: endothelial co-culture supernatants
Ultra-High Performance Liquid Chromatography — Mass Spectrometry (UHPLC-MS) was

performed by Professor Warwick Dunn at the University of Birmingham Phenome Centre, on
supernatants collected from fibroblast: endothelial cell co-cultures prepared by Dr Helen
McGettrick (described in 2.6.6). Methods, as described by Professor Warwick Dunn, are as

follows.

2.10.1 Sample preparation
100uL of each sample was transferred to a 1.5mL Eppendorf tube and was dried applying a

vacuum centrifugal evaporator (Thermo Scientific Savant SPD111V speedvac concentrator
coupled to a Savant RVT5105 vapour trap). A pooled QC sample was prepared by combining
100 uL of each sample in a 15mL Falcon tube. Multiple 100uL aliquots of the pooled QC
sample were prepared for analysis in an identical process as described for the biological
samples. All dried samples were stored at -80°C prior to analysis. A solvent blank sample was

prepared on the day of analysis (80/20 methanol/water).

2.10.2 Ultra-High Performance Liquid Chromatograph-Mass-Spectrometry
Samples were analysed applying Ultra Performance Liquid Chromatography

(Ultimate3000RS; Thermo Scientific, Hemel Hempstead, UK) interfaced to an electrospray
mass spectrometry (Q Exactive, Thermo Scientific, Hemel Hempstead, UK). Samples were
reconstituted in 100uL 80/20 methanol/water and analysed. QC samples were analysed ten
times at the start of the batch (for system equilibration and MS/MS data acquisition),

followed by injection after every 5th sample and finally two QC samples were analysed at
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the end of the analytical batch. Biological samples were analysed in a random order (using
Microsoft Excel RAND function). The mass spectrometer was tuned and calibrated applying
standard procedures and solutions as defined by Thermo Scientific. UHPLC separations were
performed applying a Hypersil Gold C18 reversed phase column (100 x 2.1 mm, 1.9 mm) at a
flow rate of 400 mL.min-1, temperature of 40°C and with two solvents: solvent A (HPLC
grade water +0.1% formic acid) and solvent B (HPLC grade methanol +0.1% formic acid). A
gradient elution was performed as follows: hold 100% A 0-1.5 min, 100% A-100% B 1.5—6
min curve 3, hold 100% B 6—12 min, 100% B—100% A 12—13 min curve 3, hold 100% A 13-15
min. Injection volume was 5uL. UHPLC eluent was introduced directly in to the electrospray
mass spectrometer with source conditions as follows: spray voltage -4.0 kV (ESI-) and +4.5 kV
(ESI+), sheath gas 30 arbitrary units, aux gas 15 arbitrary units, capillary voltage 35V, tube
lens voltage -100 V (ESI-) and +90 V (ESI+), capillary temperature 280°C, ESI heater
temperature 300°C. Data were acquired in ion mode switching in the m/z range 100—-1000 at
a mass resolution of 35 000 (FWHM defined at m/z 200), with a scan speed of 0.4 s and an

AGC setting of 1 x 106.

2.10.3 Raw data processing and metabolite annotation
LC-MS raw data profiles were first converted into an mzML centroid format within

ProteoWizard MSConvert software. Each mzML based three-dimensional data matrix

(intensity x m/z x time — one per sample) was then converted (or deconvolved) into a vector
of peak responses, where a peak response is defined as the sum of intensities over a window
of specified mass and time range (e.g., m/z =102.1 £ 0.01 and time = 130 + 10 s). MzML files

were processed applying XCMS as described previously (260). All metabolites reporting a
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relative standard deviation (RSD) > 30% and which were detected in <70% of QC samples
from injection nine onwards were removed. Metabolites were annotated applying the in-
house software BEAMS (https://more.bham.ac.uk/beams/) and where feasible by
comparison of HCD MS/MS mass spectra acquired for QC samples to the mass spectral
library mzCloud (https://www.mzcloud.org/). All metabolites were annotated according to

level 2 or 3 as defined by the Metabolomics Standards Initiative (261).

2.10.4 Univariate and multivariate data analysis
All data analyses were performed in MetaboAnalyst (229). For univariate analysis all data

were normalised to total peak area for each sample and log transformed. The resulting data

matrix was analysed by applying one-way ANOVA without correction for multiple testing. For

multivariate analysis all data were normalised to total peak area for each sample and was log

transformed and Pareto scaled. Principal Components Analysis, Partial Least Squares-

Discriminant Analysis and Random Forest. Metabolites defined as important following

univariate and multivariate analysis were grouped in to classes related to chemical structure

or metabolic function similarity.
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3 Metabolomic profiling of serum from patients with polymyalgia
rheumatica and giant cell arteritis

3.1 Introduction
Polymyalgia rheumatica (PMR) and giant cell arteritis (GCA) are closely-related, poorly

understood diseases characterised by inflammation of extracapsular musculoskeletal sites
(42, 43), and the arterial wall (41), respectively. Glucocorticoids (GCs) effectively manage
inflammation and remain the gold standard treatment for both diseases, in spite of their
adverse effects (4). Whilst GCs often treat the pain and stiffness associated with the
diseases, some patients continue to experience fatigue which significantly impacts their
quality of life (5, 6). This likely due to the complex, interacting impact of inflammatory

disease and GC therapy, however, the mechanisms for this are unknown.

Metabolomics is an emerging technology to detect the physiological changes of diseases and
treatments (79). This technology has identified various alterations in metabolites correlating
with disease activity in rheumatoid arthritis (RA) (80, 81), Takayasu’s arteritis (TAK) (83) and
anti-neutrophil cytoplasmic antibody (ANCA)-associated vasculitis (85). Furthermore,
metabolomics has been suggested as a possible tool for the early detection of adverse GC-
related effects (262), and has detected GC associated changes in a preliminary study of

combined RA and PMR patients (86).

This chapter aims to identify metabolite signatures from patient serum, in order to explore
changes that occur in PMR and GCA patients with disease. Furthermore, in PMR, examine

the effect of GCs and any metabolomic correlates with patient symptoms.
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3.2 Results

3.2.1 Experiment design and patient groups
The patient characteristics of all study participants are given in Table 3.1, and schematic of

recruited patients shown in Figure 3.1A and B. As part of the ADDRESS-PMR study, 40 PMR
patients were recruited and serum samples collected at 3 time points; baseline, 4 weeks and
26 weeks following GC treatment. Thirty-nine non-inflammatory, age-matched and sex-
matched controls were also recruited. As part of the TABUL study, anyone with suspected
GCA was immediately prescribed high dose GCs, and a serum sample taken within 7 days of

GC use. Later 84 were confirmed to have GCA and 53 non-GCA.

In order to explore the metabolic profile of PMR and GCA patients, nuclear magnetic
resonance (NMR) spectra were obtained from the serum of these patients. The data were
then analysed in two ways: (1) using binned NMR spectra which gives a highly sensitive form
of analysis, and (2) on only the identified metabolite concentrations, which gives more
functionally useful outputs (Figure 3.1C).

Table 3.1: Characteristics of study participants

Non- PMR Confirmed Confirmed
inflammatory  (n=40) GCA non-GCA
controls (n=84) (n=53)
(n=39)
Age, median (IQR) years 71 (60-80) 75 (68-80) 73 (67-77) 67 (59-74)
Female, n (%) 27 (69) 24 (60) 59 (70) 38 (72)
Diabetes, n (%) 4 (10) 6 (15) 12 (14) 5(9)
Current smoker (%) 6 (15) 1(3) 10(12) 8 (15)
Previous smoker (%) 19 (49) 17 (43) 42 (50) 22 (42)
CRP, median (IQR), mg/L - 33.5(22-45) 46.6 (26.2- 18.6 (7.9-42.1)
104.8)
TAB positive, n (%) - - 31 (36) -

CRP = C-reactive protein; IQR = Interquartile range; GCA = Giant cell arteritis; PMR = Polymyalgia
rheumatica; TAB = Temporal artery biopsy; VAS = Visual analogue score

86



A B

Serum collected from PMR patients at 3 time points and controls Serum collected from patients suspected to have GCA

Immediately i
prescribed high 84 patients
E : . dose GCs confirmed
to have GCA
o
Visit 1 Visit 2 Visit 3 39.age and \
gender . 5?3
40 patients 4 weeks 26 weeks matched 1_37 patients pe_ltlents
diagnosed with GC with GC controls with suspected did not
with PMR treatment treatment GCA have GCA

Not on steroids

¥ |. 1

“ .—.,.::'-—,i,; l " ﬂiﬁ
I © - @ (I

_—

|
Chenomx software used to determine ro— m"*f"‘l — Spectrum segmented into “bins”
metabolite concentrations NMR spectrum of =
serum .
52:PLS-R" ; 4, PLS-R
OPLS-DA o . vnf ) OPLS-DA < B
i gttt 2 3F . Ak
e M: ?: 5 - . O | . j',‘lf“,r'—' '."“‘"l'-‘"—' = M Mw:" = ..?:
: * s N Identify f ) | ® R
A d e _ important ol _ 6t e T
11 0 1020 30 40 % . P A A S e A St i Sed3a2a .c‘ 23458 of i I
. metabolites . . tl IR EETE]
OPLS-DA and PLS-R analysis S-line plot to Identify
identifies metabolites with high regions of the spectrum Data bins assessed by
VIP scores which allow segregation OPLS-DA and PLS-R

Figure 3.1: Schematic of the patients recruited and the process for nuclear magnetic resonance
spectra analysis. (A) Serum was collected from 40 PMR patients at three time points; baseline (blue),
4 weeks with GC (glucocorticoid) treatment (red), and 26 weeks with GC treatment (yellow), as part
of the ADDRESS-PMR study. Serum was also collected from 39 age and gender matched controls not
on steroids (green). (B) 137 with suspected GCA who were immediately prescribed high dose GCs
and serum collected within 7 days on steroids. It was later confirmed that 84 patients had GCA and
53 did not. (C) The H nuclear magnetic resonance (NMR) spectra were obtained from these serum
samples and analysed via two methods. (1) The NMR spectra was segmented into “bins” and the
data bins assessed via orthogonal partial least squares discriminant analysis (OPLS-DA) and partial
least squares regression (PLS-R) and the S-line plots generated to identify differences in the spectra
between the groups. (2) Metabolite concentrations were identified from the spectra using Chenomx
software and these concentrations used in OPLS-DA and PLS-R models to identify which metabolites
contributed to differences between groups or associated with known variables (e.g. CRP), according
the variable importance for prediction (VIP) score.
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3.2.2 Circulating metabolome changes with polymyalgia rheumatica and is

sensitive to glucocorticoid treatment
Firstly, the baseline metabolome of treatment-naive PMR patients was compared to the

matched controls using OPLS-DA of NMR spectra (Figure 3.2A) and metabolite
concentrations (Figure 3.3A), which gave a clear separation (R?> =0.93 and 0.74 respectively).
Subsequently, OPLS-DA was used to compare PMR patient serum spectra (Figure 3.2C-H) and
metabolite concentrations (Figure 3.3B) at 3 time points: (i) baseline prior to steroid therapy,
and at (ii) 4 weeks and (iii) 26 weeks of GC treatment. We observed a significant difference
between the 3 groups (Figure 3.2C-H and Figure 3.3B) where, using metabolite
concentrations (Figure 3.3B), separation between treatment-naive and treated patients was
largely dependent on latent variable t [1], whilst latent variable t[2] revealed further
separation between the GC treatment duration (4 or 26 weeks). Finally, there was a
persistent separation between PMR at 26 weeks and controls (Figure 3.2 I and J, and Figure

3.30).

Metabolites that contributed to separation of groups in the OPLS-DAs (Figure 3.3) were
identified. The fold changes and variable importance of prediction (VIP) scores of these are
given in Table 3.2, and concentrations of selected metabolite were plotted (Figure 3.4). VIP
scores indicate how important the metabolite is for the model, the higher the VIP the better,
here we use a VIP 1 as a cut-off. Of these, the concentration of glycerol (Figure 3.4A) was
higher, and methanol (Figure 3.4B) was lower in PMR patients compared to controls.
Pyruvate, lactate and ornithine concentrations were slightly (but not significantly) higher in
PMR patients compared to controls, but then was significantly increased once treated with

GCs (Figure 3.4C and D). On the other hand, acetone was increased in PMR patients
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following 4 weeks GC treatment, but decreased after longer (26 weeks) use (Figure 3.4E).
Taken together, these results demonstrate the serum metabolome is altered by disease
(PMR), then further altered by GC treatment, but does not return to the same state as in

health despite 26 weeks of GC treatment.

3.2.3 Separation of metabolome in patients with suspected GCA according to
final diagnosis
The NMR spectra and metabolite concentrations from the sera of patients with a confirmed

diagnosis of GCA in the TABUL study, were then compared to two other groups: Firstly, the
age-matched controls without infections, autoimmune and inflammatory disease, which was
also used in the PMR comparison, above (Figure 3.5A, B and E). Secondly, compared to
TABUL patients with suspected, but subsequently confirmed non-GCA (Figure 3.5C, D and F).
OPLS-DA revealed a separation between patients with GCA and age-matched controls (R?=
0.94 (spectra) or 0.78 (concentrations); Figure 3.5A and E). Within the TABUL study,
however, there was a much smaller separation between the confirmed patients with GCA
and the confirmed non-GCA patients (R?=0.28 (spectra) or 0.15 (concentrations); Figure 3.5C
and F). Many of the non-GCA patients had an elevated CRP due to other inflammatory
conditions (Table 3.1) and we speculated that metabolites might be correlating with
inflammation rather than mechanisms specific to GCA. Removing the inflammation-
associated metabolites according to their variable importance for prediction (VIP) scores
marginally increased the separation between the confirmed GCA and confirmed non-GCA

cases (Figure 3.5G).
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Figure 3.2: NMR spectra reveal distinct metabolite profiles in polymyalgia rheumatica patients and
are sensitive to glucocorticoid treatment. One-dimensional *H-nuclear magnetic resonance (NMR)
spectra were obtained from the serum of 39 age and sex-matched controls with no inflammation
(green) and 40 patients with polymyalgia rheumatica (PMR) at 3 visits: (i) baseline pre-steroids with
active inflammation (blue), at (ii) 4 weeks (red) and (iii) 26 weeks (yellow) of glucocorticoid (GC)
treatment. Spectra were subjected to orthogonal partial least squares discriminant analysis (OPLS-
DA) and from this obtained an OPLS-DA (A,C,E,G,l) and S-line plot (B,D,F,H, J) The metabolomic
profile was assessed by comparing PMR baselines with (A, B) healthy controls, R*=0.93, Q*=0.84,
P=1.03e%, (C,D) 4 week GC treatment, R?=0.51, Q?=0.51, P=0.0 or (E,F) 26 week GC treatment,
R?=0.94, Q*=0.66, P=2.90e!!. Spectra from patients with 26 weeks of GC treatment were also
compared to (G, H) 4 week GC treatment R?=0.85, Q?=0.43, P= 2.90e% or (I, J) healthy controls,
R?=0.98, Q%=0.95, P=0. (A, C, E, G, 1). Axis values indicate the proportion of variance captured by the
latent variables. (B, D, F, H, J) Red colour indicates the highest value of the correlation coefficient and
the strongly discriminatory variables have a high intensity and reliability. P values were determined
using cross-validated ANOVA.
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Figure 3.3: Metabolite concentrations reveal distinct metabolite profiles exist in polymyalgia
rheumatica patients and are sensitive to glucocorticoid treatment. One-dimensional 1H-nuclear
magnetic resonance (NMR) spectra were obtained from the serum of 39 age and sex-matched
controls with no infection or underlying autoimmune and inflammatory disease (non-inflammatory
control; green) and 40 patients with polymyalgia rheumatica (PMR) at 3 visits: (i) baseline pre-
steroids with active inflammation (blue), at (ii) 4 weeks (red) and (iii) 26 weeks (yellow) of
glucocorticoid (GC) treatment. Metabolite concentrations were determined from the spectra with
Chenomx and analysed in SIMCA. Samples were subjected to orthogonal partial least squares
discriminant analysis (OPLS-DA), then metabolites with a variable importance score of >1 were taken
forward and subjected to OPLS-DA. (A) Comparison of metabolite profile in PMR vs controls, R?=0.74,
Q%=0.64, P=2.22e%, (B) Effect of GC treatment on the metabolomic profile of PMR patients, R2=0.40,
Q%=0.25, P=5.24e°. (C) Comparison of metabolite profile in GC treated PMR patients to non-
inflammatory controls, R%=0.66, Q?=0.54, P=1.55e™%, Axis expressed as the proportion of variance
captured by the latent variables (t and to). P values were determined using cross-validated ANOVA.
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Table 3.2 Metabolites contributing to the difference between groups as determined with
orthogonal partial least squares — discriminant analysis

Metabolite PMR PMR PMR baseline/ PMR 4 weeks/  Control/ PMR GCA/ control GCA/
baseline/ baseline/ 4 26 weeks 26 weeks 26 weeks suspected GCA
control weeks

FC VIP FC VIP FC VIP FC VIP FC VIP FC VIP FC VIP
1,3-Dimethylurate 5183 1.005 0.353 0.717 0.474 0.821 - - - - - - - -

2-Hydroxybutyrate - 1.273 0.608 - - 2.004 1.506 - -
2- - - - - - - 2.258 1939 1413 1.188 - - - -
Hydroxyisobutyrate

2-Oxoisocaproate - - - - - - 1.29 1.132 - -
3-Hydroxybutyrate 2.07 0.961 - - - - - - - - - -

4-Pyridoxate - - - - - - 1.596 0.988 - - - -

Acetaminophen 4.436 1.37 - - - - - - 3.896 1.098 4.295

Acetoin 0.397 1.248 - - - - 4651 2.092 - - - - - -
Acetone 1.283 0.833 0.747 1.04 0.582 1.663 - - 1.99 0.879

Alanine 1.223 1.234 1.233 1.233

Anserine - - - - - - - - 1.963 - - -

Asparagine 0.713 0.939 - - - - - - - - - - -
Aspartate 2471 1.155 - - - - - - 1.981 0982 2401 0.915 - -
Choline - - - - - - - - - - 1.455 0.85 - -
Citrate - - 1364 1.072 1.327 0.93 - - - - - - - -
Creatine - - - - - - 0.67 0.927

Creatine phosphate - - - - - - - - - - 0.624 0.89 - -
Ethanol - - - - - - - - 0.217 1.437 2366 0.723 - -
Ethylene glycol - - 0.335 1.05 2.395 1 - -
Formate - - - - - - 0.868 1.105 0.852 0.987 0.669 1.029

Fucose - - - - - - - - - - 4.58 0.932 - -
Glucose - - - - - - - - 1.263 0.983 - -
Glutamate 1.776  1.385 - - - - - - 2428 1.206 1.883 0.964 - -
Glutamine - - - - 0.856  0.861 1.16  0.846

Glycerol 2.758 1.469 0.582 1.231 0.605 1.07 1.669 0.838 3.325 1.301
Guanidoacetate - - 0.503  0.987 - - 1.895 1.567 - - - -

Histidine 0.809 0.936 - - - - - - - - -
Hydroxyacetone 2.713  0.658 - - - - - - 3.005 0.879 2.132 1.391 - -
Inosine - - - - - - - - 0.661 0.81 - - - -
Lactate 1.136 0924 1236 1.049 1157 1.136 1.314 1359 1.592 1.569

Leucine 0.885 1.473
Lysine - - 1.029 0929 1.119 0.848 1.088 0.442 1.279 1.21 1.077 0956 0.999 1.146
Methanol 0.689 1.818 2.173 1.827 3.896 0.888 - - 1.493 0.886 - -
Methionine - = 1.235 0.865 1.391 1.049
Methylmalonate - - - - 1.248 0971 1.582 1.365 - -
Methylsuccinate 0.661 1.158 1.785 1.189 1.293 0.859

myo-Inositol - - 1.527 1.513 1.095 - - 1.236 0.795 - -
N6-Acetyllysine - - - - - - 4.575 0.907 - - - - - -
N-Acetylglutamate - - - - - - - - - - 1.725 0.792
O-Acetylcarnitine 2.882 1.023 o = o o 3.726  1.583 1.68 0.746 o o
Ornithine 1.157 0.714 1.207 1.199 - - 1.288 0.941 - - - -
Pantothenate - - 1.185 0.769

Phenylalanine 1.179 1.251 1.216 0.999

Pyroglutamate 0.515 0.914 - - - - 1.509 1.502 - - 0.704 0.727 - -
Pyruvate - - 1.426 1386 1.295 1.398 - - 1.471 1.24 1.959 1.453 - -
Sarcosine 1.873 0.823 1.845 1.465 - - - - - - - -
sn-Glycero-3- - - - - - - - - 3.986 0.924 - - - -
phosphocholine

Succinylacetone 1.949 0.86 - - - - - - - - - - - -
Threonine - - - - - - - - - - 1.291 0.738
Trimethylamine N- - - - - - - - - 1.437 0.828 - - - -
oxide

Tryptophan - - - - - - - - - - 11.85 0.715 - -
Tyrosine 1.187 0.849 1.183 0.904 - - - - - -

Valine 0.893 1.516
n-Methylhistidine - - 1.46  0.939 - -

FC = fold change; VIP = Variable importance for prediction. Significant fold changes (P>0.05) in black,
non-significant in grey. Metabolites not significant for any group change are not shown. FC refers to
average concentration in the first group divided by average concentration in the second. Only
metabolites with a VIP > 1 were used in each analysis, therefore not all metabolites appeared in all
comparisons, missing metabolites are indicated with a dash (-).
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Figure 3.4: Metabolites show significant change in polymyalgia rheumatica patients compared to
age and sex-matched controls and with glucocorticoid treatment. One-dimensional 1H-nuclear
magnetic resonance (NMR) spectra were obtained from the serum of 39 age and sex-matched
controls with no infection or underlying autoimmune and inflammatory disease (control; white) and
40 patients with polymyalgia rheumatica (PMR) at 3 visits: (i) baseline pre-steroids with active
inflammation (light grey), at (ii) 4 weeks (mid grey) and (iii) 26 weeks of glucocorticoid (GC)
treatment (dark grey). Metabolite concentrations were determined from the spectra using Chenomx.
The concentration of metabolites with a significant difference in three or more comparisons between
controls and PMR patients at each visit (described in Table 3.2) were plotted for (A) Glycerol, (B)
Methanol, (C) Lactate, (D) Pyruvate, (E) Ornithine, and (F) Acetone. Box and whisker of median, error
bars show interquartile range, max and min. Kruskal-wallis showed significant difference between
groups for all metabolites and *P<0.05, **p<0.01 ***P<0.001 with Dunn’s post-test.
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Figure 3.5: NMR spectra and metabolite concentrations in sera distinguishes giant cell arteritis patients from non-inflammatory controls and
suspected giant cell arteritis. One-dimensional 1H-nuclear magnetic resonance (NMR) spectra were obtained from the serum of 84 giant cell arteritis
(confirmed GCA) patients (purple), 39 age and sex-matched controls with no inflammation, control (non-inflammatory control, green) and 53 patients
with suspected, but not confirmed giant cell arteritis (confirmed non-GCA) and analysed in SIMCA). In SIMCA, spectra samples were subjected to
orthogonal partial least squares discriminant analysis (OPLS-DA to obtain OPLS-DA (A and B) or S-line plots (C and D). (A) Control and GCA, R?=0.94,
Q%=0.86, P=0and (B) Suspected GCA and GCA, R*=0.27, Q*=0.17, P=1. (A and B) Axis values indicate the proportion of variance captured by the latent
variables. (C and D) Red colour indicates the highest value of the correlation coefficient and the strongly discriminatory variables have a high intensity
and reliability. (E and F) Identified metabolites were also subjected to OPLS-DA, and metabolites with a variable importance score of >1 were re-
subjected OPLS-DA and analysed. Comparison of GCA with (E) non-inflammatory control R2=0.78, Q2=0.73, P=1.20e-31 and (F) confirmed non-GCA
R2=0.15, Q2=0.06, P=0.02. Axis values indicate the proportion of variance captured by the latent variables. (G) To identify, and subsequently remove,
metabolites predictive of the inflammatory marker CRP, samples were first subjected to partial least squares regression analysis (PLS-R). Metabolites
with variable importance score of prediction (VIP) >1 for CRP were removed and remaining metabolites subjected to orthogonal partial least squares
discriminant analysis (OPLS-DA). Metabolites with a VIP of >1 were then re-subjected OPLS-DA and analysed. Comparison of confirmed GCA and non-
GCA; R>=0.183, Q?=0.11, P=0.00047. P values determined with cross-validated ANOVA.
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3.2.4 Inflammation and patient reported outcomes are associated with

metabolomic profile
Metabolomic studies in RA have demonstrated an association between metabolomic profile

and CRP (80, 263). To assess this in the PMR and GCA patients, PLS-R was performed using
the metabolite concentrations (Figure 3.6A and B) and NMR spectral bins (Figure 3.8A and
B). This gave moderate R? and Q? values indicating an association between the metabolite
concentrations and systemic inflammation. Pathway analysis of metabolites (Figure 3.6C and
D) revealed that that the “synthesis and degradation of ketone bodies” pathway, in
particular 3-hydroxybutyrate and acetoacetate, significantly contributed to the PLS-R model
of CRP in patients with both PMR and GCA. Taken together, this suggests that concentrations
of multiple metabolites, especially ketone bodies, correlate with systemic inflammation as

reflected by CRP.

Using PLS-R, we then examined whether metabolite concentrations associated pain,
stiffness, and fatigue in PMR patients. Baseline median scores were 8 (IQR 7-9) for both pain
and stiffness VAS, and 25 (IQR 17-32) for fatigue (52 - FACIT-F score). A significant
association was found between metabolites and pain, stiffness, or fatigue with moderate
goodness of fit and prediction (Figure 3.7). Using colour to visualise the samples according
to the date of patient visit (0, 4 or 26 week’s treatment) shows that pain and stiffness
decreased with treatment (Figure 3.7A and B, and Figure 3.8C and D), whereas some
patients had persistent fatigue after 26 weeks of GC treatment (Figure 3.7C and Figure 3.8E).
Importantly, these patterns were by the metabolites (Figure 3.7A-C), with R%>0.39 for pain,
stiffness and fatigue. Similar to CRP, pathway analysis of revealed that the “synthesis and

degradation of ketone bodies” pathway significantly contributed to the pain and stiffness
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(Figure 3.7D-E). However, no relationship was seen with fatigue (Figure 3.7F). To ensure no
correlations were observed simply due to samples being from the patients at different time
points, the CRP and PROs analyses were repeated on PMR patients at baseline, 4 weeks and
26 weeks on GC treatment separately (Figure 3.9). These models all had high R?, suggesting
appropriate modelling and gave similar metabolites to the grouped analyses. These data

indicate that pain and stiffness, but not fatigue, are associated with inflammation in PMR.

To investigate this further the metabolites associated with CRP (VIP>1) were removed, and
the remaining metabolites used in PLS-R analysis of fatigue, Figure 3.10A. These remaining
metabolites significantly correlated with fatigue, suggesting an inflammation-independent
distinct metabolite profile underpinning fatigue. Using all metabolites, patients were divided
into those with “high” and “low” fatigue scores at baseline and after 26 weeks GC treatment
to identify metabolites associated with fatigue. Groups were determined by selecting the
patients still suffering from fatigue (FACIT-F < 20 (264)) after 26 weeks GC treatment, of
which there were 9, then selecting the 9 patients with lowest levels of fatigue at 26 weeks,
and the 9 patients with highest and lowest fatigue at baseline (encircled in Figure 3.10B and
C). OPLS-DA revealed a separation between the “high” and “low” fatigue groups at both time
points, Figure 3.10D and E, with the metabolites that drive the separation in low and high
fatigue scores described in Table 3.3. Of particular interest was the significantly lower
glutamine concentration and higher histidine and 2-hydroxyisobutyrate concentrations at
both time points. This suggests that circulating metabolite concentrations correlate with

level of fatigue in patients with PMR.
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Figure 3.6: Metabolite concentrations in sera correlate with C-reactive protein. One-dimensional
'H-nuclear magnetic resonance (NMR) spectra were obtained from the serum of patients and
metabolite concentrations were determined from the spectra with Chenomx. Predicted values of
patient reported outcomes were determined from the metabolites using partial least squares
regression analysis (PLS-R). Metabolites with variable importance for prediction (VIP) >1 were taken
forward and predicted values from these metabolites were compared to the CRP measured on the
day the samples were taken, for (A) PMR patients before (blue) and after glucocorticoid treatment at
4 (red) and 26 weeks (yellow), P= 2.65e3, R?=0.60, Q?=0.42 and (B) GCA patients, P= 2.55e®
R2=0.61, Q*=0.38. (C-D) VIP >0.9 for individual metabolites were subsequently assessed for
importance in metabolic pathways using Metaboanalyst for (C) PMR, (D) GCA patients, axis show the
—log P values and the impact of metabolites on each pathway (0-1). Statistical analysis was
determined using cross validated ANOVA.
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Figure 3.7 Metabolite concentrations in sera correlate with patient reported outcome measures.
One-dimensional 1H-nuclear magnetic resonance (NMR) spectra were obtained from the serum of 40
patients with polymyalgia rheumatica at baseline (blue) and following glucocorticoid (GC) treatment
for 4 (red) and 26 weeks (yellow). Metabolite concentrations were determined from the spectra with
Chenomx and analysed in SIMCA. Predicted values of patient reported outcomes were determined
from the metabolites using partial least squares regression analysis (PLS-R). Metabolites with variable
importance for prediction (VIP >1) were taken forward and predicted values from these metabolites
were compared to patient reported outcome measures for (A) pain, P=5.05e-10, R2=0.41, Q2=0.31,
(B) stiffness P=4.36"%, R2=0.39, Q2=0.25 and (C) fatigue, P=8.10e"%, R2=0.41, Q2=0.19, where P
values determined with cross-validated ANOVA. (D-F) VIP >0.9 for individual metabolites were
subsequently assessed for importance in metabolic pathways using Metaboanalyst for (D) pain, (E)
stiffness and (F) fatigue, axis show the —log P values and the impact of metabolites on each pathway

(0-1).
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Figure 3.8: Metabolic profiles of sera correlate with C-reactive protein, pain, stiffness and fatigue.
One-dimensional 1H-nuclear magnetic resonance (NMR) spectra were obtained from the serum of
giant cell arteritis (GCA) and polymyalgia rheumatica (PMR) patients and used to predict the
measured C-reactive protein levels (CRP) and for PMR patients of pain, stiffness and fatigue scores
using partial least squares regression analysis (PLS-R). (A) CRP levels of GCA patients, P= 2.65e %3,
R2=0.64, Q*=0.29. (B-E) PMR patients before (blue) and after glucocorticoid treatment at 4 (red) and
26 weeks (yellow). (B) CRP, P= 2.99e*, R2=0.52, Q2=0.34. (C) Pain, P= 1.87e %, R2=0.46, Q2=0.26. (D)
Stiffness, P= 2.40e%, R2=0.42, Q2=0.2. (E) Fatigue, P= 0.017, R2=0.32, Q2=0.07. Statistical analysis

was determined using cross validated ANOVA.
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Figure 3.9 Metabolic profiles of sera correlate with C-reactive protein, pain, stiffness and fatigue. One-dimensional 1H-nuclear magnetic resonance
(NMR) spectra were obtained from the serum of polymyalgia rheumatica (PMR) patients, metabolites concentrations identified and these used to
predict the measured C-reactive protein levels (CRP) and for PMR patients of pain, stiffness and fatigue scores using partial least squares regression
analysis (PLS-R). The analysis was performed separately on the patients at 3 time points; pre-steroids (blue) and after 4 weeks (red) or 26 weeks
(yellow) glucocorticoid (GC) treatment. (A) Baseline CRP, P=5.25e™, Q?=0.57, R?=0.86, (B) 4 weeks GC, CRP, P=6.44e3, Q?=0.24, R?=0.58, (C) 26 weeks
GC, CRP, P=8.67e73, Q2=0.23, R?=0.43, (D) Baseline pain, P=2.47e* ,Q?=0.46, R?>=0.64, (E) 4 weeks GC pain, P=5.95e3, Q?=0.24, R?=0.59, (F) 26 weeks GC
pain, P=2.16e3, Q?=0.28, R?=0.49, (G) Baseline stiffness, P=3.67e3, Q2=0.34, R?=0.72, (H) 4 weeks GC stiffness, P=0.023, Q?=0.18, R?=0.55, (1) 26 weeks
GC stiffness, P=0.0011, Q?=0.31, R?=0.58, (J) Baseline fatigue, P=6.26e, Q2=0.57, R?=0.83, (K) 4 weeks GC fatigue, P=1.11e>, Q?>=0.57, R?>=0.79, (L) 26
weeks GC fatigue, P=0.0042, Q2=0.26, R*=0.60.
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Figure 3.10: Non-inflammatory metabolites correlate with fatigue and metabolites can distinguish
between patients with high and low fatigue in polymyalgia rheumatica patients. One-dimensional
1H-nuclear magnetic resonance (NMR) spectra were obtained from the serum of 40 patients with
polymyalgia rheumatica (PMR) at 3 visits; baseline (blue) and following glucocorticoid (GC treatment
for 4 (red) and 26 weeks (yellow). Metabolite concentrations were determined from the spectra with
Chenomx then analysed in SIMCA. (A) Firstly, partial least squares regression (PLS-R) identified
metabolites predictive of CRP (with a variable importance of prediction, VIP>1). These were removed
and PLS-R of fatigue performed on the remaining metabolites. Metabolites with a VIP > 1 were re-
subjected to PLS-R and predicted vs measured fatigue, P = 0, R?= 0.26, Q?=0.14. P value determined
with cross-validated ANOVA. (B-E) Using all metabolites, predicted values of fatigue were determined
with PLS-R separately on patients at (B) 26 weeks and (C) baseline. The 9 highest and lowest scoring
patients (circled) for the predicted and measured fatigue were separated into groups and subjected
to orthogonal partial least squares — discriminant analysis (OPLS-DA), for (D) PMR patients 26 weeks
into GC treatment, P = 4.18e%, R?= 0.97, Q?>=0.84 and (E) Baseline PMR patients, P = 0.03, R?=0.99,
Q’=0.81.
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Table 3.3: Fold change and variable importance of prediction scores of metabolites in polymyalgia

rheumatica patients reporting high compared to low fatigue

Metabolite

2-Hydroxyisobutyrate
3-Hydroxyisovalerate
Acetoin

Carnitine

Choline
cis-Aconitate
Creatinine

Dimethyl sulfone
Ethylene glycol
Galactarate
Galactitol

Glutamine

Histidine

Methanol
Methylsuccinate
myo-Inositol
N-Methylhydantoin
O-Phosphocholine
Pantothenate
Sarcosine

FC = fold change (high fatigue/low fatigue); VIP = variable importance for prediction. Metabolites

Baseline

FC VIP
4.065 1.178
2.564 1.164
0 1.215
2.433 1.271
1.418 0.961

1.969 1.19
0.424 0.985
0.79 1.144
1.618 1.051
0.879 0.976
1.859 0.923
2.381 1.022
1.965 1.038
0.096 0.975

26 weeks

FC VIP
1.558 1.102
0.696 0.84
1.736 1.17

0 1.436
1.514 1.131
1.611 1.009

0 1.197
0.332 1.174
2.385 1.465
0.791 1.155
1.248 1.149
1.432 1.095
1.49 1.091
1.359 1.229
0.628 1.255

with statistically significant (P>0.05) fold changes are black and non-significant in grey. Metabolites

that don’t significantly change for either group change are not shown. FC refers to the average

concentration of “high” fatigued patients divided by “low” fatigued patients. Only metabolites with a
VIP > 1 were used in each analysis, therefore not all metabolites appeared in all comparisons, missing

metabolites are indicated with a dash (-).
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3.3 Discussion
The molecular mechanisms underpinning PMR and GCA, and the effect of GC treatment in

these, remains poorly understood. Moreover, it is currently unclear why a subset of PMR
patients continue to suffer fatigue despite the control of the pain and stiffness with GC
treatment. Here, we have demonstrated that the circulating metabolomic profile of patients
with PMR and GCA is distinct from age and sex-matched controls, as seen in other chronic
inflammatory diseases (80, 83). In PMR, this disease-specific profile is altered following
initiation of GC treatment, but does not become similar to that seen in age-matched
controls; these alterations are akin to those observed in other GC-treated inflammatory
diseases (265). Pain and stiffness, but not fatigue, appeared to be coupled with inflammation
and shared similar associated metabolites (acetoacetate, 3-hydroxybutyrate and methanol).
Furthermore, metabolite profiles, particularly a low glutamine concentration, distinguished
patients reporting high and low fatigue, and associated with fatigue both before and after
treatment. We have shown for the first time that disease, GC treatment, and importantly
fatigue, correlate with significant changes in the circulating metabolic profile of PMR and
GCA patients. Our data highlights the possibility of using glutamine as a biomarker to predict
and monitor fatigue in these patient groups. Furthermore, investigations into the role of
glutamine in fatigue may pave the way to develop novel therapeutics to significantly reduce

fatigue across a range of inflammatory diseases.

3.3.1 Inflammation-associated metabolite signatures
Elevated levels of ketone bodies, glycerol, lactate, and pyruvate are often reported in

patients with inflammatory diseases (80, 86); we observed similar increases in these

metabolites in PMR and GCA. Collectively these data strongly indicate these metabolites are
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a hallmark of inflammation, rather than being a disease-specific metabolic response, and
that inflammation is associated with aberrations in the main energy pathways (80). Indeed,
the elevated ketone bodies (3-hydroxybutyrate and acetoacetate) and glycerol levels
observed here and in studies using samples with RA patients (80, 86) point toward pro-
inflammatory cytokines (e.g. TNF) driving lipolysis (266). This is further supported by the fact
PMR and GCA patients often present with weight loss alongside raised laboratory markers of
inflammation (267). Nevertheless, the metabolite 3-hydroxybutyrate is also known to block
the NLR Family Pyrin Domain Containing 3 (NLPR3)-inflammasome exerting an anti-
inflammatory effect (268). Mutations in the NPLPR1 inflammasome locus and NLPR3-
inflammasome involvement have been attributed to pathogenesis of GCA (269) and RA (270)
respectively, suggesting that pathologically elevated levels of 3-hydroxybutyrate might
contribute to disease onset and chronicity of inflammation. Both acetoacetate and 3-
hydroxybutyrate were also associated with pain and stiffness levels in our PMR cohort. Given
several reports highlighting the close relationship between pain, stiffness and inflammation
in PMR [e.g. (271)], it is unsurprising that some of these inflammation-associated
metabolites also associated with pain and stiffness. It must be noted, however, that at
baseline, patients with PMR had fasted, whilst at 4 and 26 weeks they had not. This may
have contributed to the observed association as ketosis and the generation of ketone bodies
is related to fasting (272). Furthermore, loss of appetite and reduced food intake are
common in inflammatory states and could also have affected metabolite levels. If this were
to be repeated, and in future studies, serum would be taken in a fasted state to limit the

effects of this confounder.
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By contrast, lactate and pyruvate increased with inflammation, but did not associated with
pain, stiffness, or fatigue, most likely due to GC-associated changes (described below
(3.3.2)). Despite this, there was an inflammation-associated elevation of these metabolites
(lactate and pyruvate), suggestive of abnormal energy metabolism. This may be explained by
an inflammation-induced hypoxic environment, combined with increased energy demands
of proliferating immune cells and proteolysis, resulting in a switch to aerobic glycolysis and
gluconeogenesis and leading to lactate accumulation and pyruvate synthesis (80). Indeed,
other studies have also found elevated lactate levels in PMR (273). Lactate derivatives can
inhibit the motility of T-cells resulting in their accumulation in tissue, as well as inducing
Th17 formation and reducing the cytolytic function of CD8* T-cells (274), raising the question
of whether lactate is involved in PMR and GCA pathogenesis via these mechanisms.
Therefore, the changes observed in lactate and 3-hydroxybutyrate could indicate not only
alterations in energy metabolism, but also in T-cell signalling. Thus, further investigation is

required to fully dissect the role of these metabolites in the pathogenesis of PMR and GCA.

3.3.2 Metabolite signatures following glucocorticoid treatment
Due to ethical reasons, we were unable to have a control of untreated patients where

metabolites were measured alongside treated patients. Therefore, we cannot assume that
changes observed following GC treatment would occur with time and disease progression.
Notably as well, we do not know if these are a GC specific change, or signs of reduced
inflammation. In these cohorts of PMR and GCA patients, following treatment with GCs, we
observed divergent effects on the inflammation-associated metabolites. Some metabolites

were reduced following therapy (ketone bodies and glycerol), whilst others were increased
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(lactate and pyruvate). The decreased ketone body (3-hydroxybutyrate and acetoacetate)
levels suggest a reduction in lipolysis, similar to that observed in healthy males following
continuous treatment with 7.5mg or 30mg prednisolone over 2 weeks (275). In contrast,
increased lipolysis was reported in healthy males following a single low dose (4mg) of
dexamethasone (262). Thus, acute and prolonged GC treatment appears to exert differential
effects on systemic metabolism (262, 276), which may account for reduced levels of ketone
bodies seen in PMR following 4 and 26 weeks of GC therapy. The elevated levels of lactate
and pyruvate we report here are a typical response following short-term GC treatment (262),
as they are known to cause increased hepatic gluconeogenesis and protein catabolism, in
conjunction with reduced glucose uptake (262). Furthermore, elevated lactate levels are a
feature of insulin resistance (277) and may potentially be an early biomarker of patients at
risk of steroid-induced hyperglycaemia, as elevated lactate predicts incident diabetes in the
general population (278). Similarly, pyruvate levels are well-known to increase with adiposity
and obesity (279, 280). GCs can inhibit pyruvic acid conversion to acetyl-CoA (281) and
enhance amino acid conversion to pyruvate, further contributing to pyruvate and/or lactate
accumulation in tissues — e.g. in the lymphocytes of rat lymph nodes (282). In PMR, a
previous study showed that elevated lactate and pyruvate in interstitial muscle, rose even
further with GC treatment (283). The GC-induced lactate/pyruvate elevation suggests that
lactate has not only the pro-inflammatory effects described earlier, but also anti-
inflammatory properties, perhaps dependent on concentration and location. Indeed, LPS-
induced production of IL-1B, IL-6, TNF and IL-10 in peripheral blood mononuclear cells was
decreased by lactate in vitro; however, in vivo infusion had limited effects on cytokine

production suggesting rapid adaptations of the immune system to lactate concentrations
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(284). Taken together, the evidence suggests a complex role for lactate in inflammation, with

further investigations required to determine its precise function.

Surprisingly, methanol sharply increased in patients after GC treatment indicative of
alterations to its synthesis or degradation. Methanol and its oxidised product, formaldehyde,
are often present in blood due to exogenous sources (fruit, vegetables, alcoholic beverages,
or the artificial sweetener aspartame), but can also be formed endogenously via gut bacteria
fermentation or metabolic processes involving S-adenosyl methionine (285). Unfortunately,
no data was collected on whether patients with PMR altered their diet following GC therapy.
Whatever its source, in healthy individuals, methanol concentration is tightly controlled to
keep it at low concentrations (285), with high levels being linked neurological diseases, such
as Alzheimer’s (285, 286). The substantial GC induced increase in methanol we observe here
suggests GCs cause a loss of the tight methanol regulations and as high levels have been
linked to other diseases is indicative of a possible negative role. Replication of this data is
required, but if it holds true then this may link to the observed adverse effects of GC

treatment.

3.3.3 Fatigue-associated metabolite signatures
Fatigue is a common symptom experienced by patients with chronic inflammatory diseases,

especially those treated with GC, but as yet the underlying mechanisms responsible for
fatigue have remained elusive. Studies have postulated that fatigue is due to reduced
cellular energy availability (287) or oxidative stress leading to pain and depression (288),

with some individuals more severely affected than others due to their genetic background
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(289). We have identified a fatigue-specific metabolic signature that distinguishes between
patients with PMR who have high or low fatigue levels, independent of disease duration or

GC treatment timeline.

Of particular interest is the possibility that the metabolite glutamine may act as a biomarker
for fatigue, with markedly reduced levels of glutamine observed in highly fatigued patients
both before and after treatment. However, it must be noted that glutamine levels were not
prominently perturbed in a metabolomic study of fatigue in rheumatoid arthritis (82) and
our findings in PMR require replication. As a conditionally essential amino acid, glutamine is
a key fuel source for rapidly dividing leukocytes, playing a pivotal role in the immune
response (290). Consequently, low serum glutamine concentrations have been associated
with a range of diseases including cancer (291), inflammatory bowel disease (292), and
chronic fatigue syndrome (293). Glutamine is also required as a fuel for muscles during
intense exercise (290). It is normally produced by skeletal muscle; therefore low glutamine
concentrations occur in catabolic states, such as high altitude-associated muscle wasting
(294). It is possible that as a consequence of the symptoms of PMR, patients are less mobile,
leading to a degree of sarcopenia (295). Alternatively, some patients may experience GC
treatment-induced proteolysis and muscle atrophy (296); however, it remains unclear why
only a subgroup of patients would respond this way. Further investigations to monitor the
muscle mass in fatigued vs non-fatigued PMR patients is required to determine if cachexia
may be the cause. From our data there was no correlation between those who reported
weight loss at baseline and those who were categorised as having “high” fatigue levels. An

alternative explanation may be that modifications to the citric acid cycle (choline, glutamine,
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and methylsuccinate dysregulation) alter ATP availability, supporting the notion that
reduced cellular energy caused by inflammation (287) underpins fatigue. Thus, further
investigation is required to determine if glutamine plays an important role in driving fatigue

or is a by-product of an underlying metabolic change.

Recently, low glutamine levels were described in association with human obesity and insulin
resistance, with animal studies indicating a possible beneficial effect of glutamine
supplementation (297). Similarly, glutamine supplementation improved exercise-induced
fatigue markers in human studies, albeit with limited effects on physical performance (298).
However, these studies suggest that glutamine supplementation may a therapeutic avenue
for patients with high fatigue levels. Further work is required to understand the importance
of changes in glutamine metabolism in the symptoms of fatigue, and to identify patients
with PMR who are at risk of prolonged fatigue and who might benefit from additional
intervention to manage their fatigue. Low glutamine levels in treated PMR patients might
reflect ongoing immune activation, PMR- or GC-related muscle changes, or a combination of
both factors. Regardless, glutamine might be an additional biomarker of poor prognosis in

patients with PMR.

3.3.4 Limitations
Whilst this exploratory study provides a first look at the metabolite changes within PMR and

GCA patients, there are limitations. Most significantly, the sample size is relatively small,
especially once exploring patient subsets (i.e., those with fatigue following GC treatment),

and validation of these findings would be required in separate cohorts. The data comparing
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GCA and non-GCA patients are hard to interpret since many of the non-GCA patients had
elevated CRP and/or were treated with similar doses of glucocorticoids to the GCA patient.
This may have contributed to the non-significant result observed between the two patient
groups and makes it difficult to identify disease-specific alterations. Furthermore, patient
reported outcome data was not available for the GCA cohort. Therefore, these could not be
correlated to see if the same metabolites associated with pain and inflammation, as seen in
the PMR cohort. It would also have been interesting to determine how many PMR and GCA
patients had overlapping disease and if there were any differences in these patients.
However, these data were not readily available and analysis of subsets would have reduced
the sample sizes further. Furthermore, because PMR and GCA are often regarded as
spectrums of the same disease (67), even if a patient was not diagnosed with the other
disease, there may still have been overlap. Likewise, as the diseases are not mutually

exclusive, no direct comparisons between the PMR and GCA groups were carried out.

3.3.5 Conclusions
Taken together the data suggest that metabolomic perturbations can be detected in PMR

and GCA, and that GC therapy for these diseases is associated with further metabolomic
changes. The most significant changes indicate alterations in energy metabolism, associated
with both the diseases themselves and following GC treatment. Furthermore, both 3-
hydroxybutyrate and lactate are known to participate in cell signalling. Metabolites also
associated with inflammation and symptoms, however, only pain and stiffness (and not
fatigue) appeared to be associated with inflammation. The fact that fatigue was associated

with a different time course and different metabolomic fingerprint than pain and stiffness,
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suggests a multifactorial aetiology of this symptom. Most notably, patients reporting high
and low fatigue could be distinguished by their metabolomic profile, with glutamine
identified as a new biomarker or treatment target for fatigue in PMR. These results are
promising; however, further investigations to validate these metabolites in a separate cohort
and functional experiments to determine the cellular basis of these changes are required. If
these preliminary results can be validated in a separate cohort, they might enable definition
of subsets of PMR at greater risk of fatigue or of GC-related adverse effects that might

warrant early intervention to optimise long-term outcome.
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4 Endothelial phenotypes in rheumatoid arthritis
4.1 Introduction
The endothelium is known to play a major in the pathogenesis of RA. It does this via a variety
of process including angiogenesis and increased permeability leading to oedema formation.
Arguably one it’s most pivotal roles, is that it becomes activated and expresses multiple
adhesion molecules and cytokines (135, 136, 171), which allow leukocytes to extravasate
into the joint. This increase in adhesion molecules expression has been demonstrated in
multiple studies via synovial tissue staining (136-138, 140), and measuring adhesion
molecule expression of isolated RA ECs (175). Interestingly, studies have also shown that
whilst some adhesion molecules (e.g., ICAM1 and VAP1) are ubiquitously expressed
throughout the synovium, some (e.g. VCAM1 and PNAd) can only found on subsets of
endothelial cells (136-138, 140). These subsets may potentially account for the range of
pathotypes observed in RA (i.e. fibroid, myeloid and pauci-immune) (129). However,
whether this is the case is yet to be fully explored. Furthermore, how or if the expression of
these are different in patients with arthritis that resolves compared to RA, or whether
expression patterns change during the course of disease is currently unknown. Therefore, in
this chapter, the aim was to examine if endothelial markers of interest (e.g., adhesion
molecules) are altered dependent on disease or pathotypes. This was determined using
CellDIVE multiplex imaging of tissue sections from the Birmingham Early Arthritis cohort
(BEACON), as well as the publicly available bulk RNA-sequencing dataset from the

pathobiology in early rheumatoid arthritis cohort (PEAC).
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4.2 Results

4.2.1 Target selection and panel design
As described in 1.5.4.1 and 2.3.2, by repeated rounds of staining and bleaching, CellDIVE

multiplex imaging allows the visualisation of up to 60 markers in one tissue section (217). To
investigate alterations in the endothelial phenotype, a panel of endothelial markers of
interest was compiled based on literature searches and current in-house research, which
suggested the markers had interesting or selective expression within the inflamed synovium.
This included adhesion molecules, senescence markers, and notch3 signalling and
angiogenesis molecules. The markers chosen, and the reasoning for their selection is given in
Table 4.1. Figure 4.1 also shows, where possible, previous staining (carried out by Salmi et al
(136), Vincent Gauthier and Triin Major) of these markers within the synovium of patients

with chronic arthritis (rheumatoid, psoriatic, spondyloarthropathies).
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Table 4.1: Plan for endothelial marker panel

Target

Function

Reason(s) for inclusion

Markers of the endothelium

CD31, A transmembrane glycoprotein (299, 300). Marker of endothelial cells (ECs), although it is also expressed on
PECAM-1 some leukocytes (299, 300).
Lyvel A transmembrane glycoprotein (2). Marker of lymphatic ECs, although it is also expressed on liver sinuses,

and to lesser extent Kupffer cells, Langerhans islands, cortical
neurons, and renal epithelium (300, 301).

Adhesion molecules

bodies, where, in response to pro-inflammatory mediators it
is transported to the surface of the endothelium and aids in
capture and rolling of leukocytes (308).

VAP1, An endothelial surface glycoprotein. It functions both as an Immunohistochemistry demonstrated prominent expression in
AOC3 ectoenzyme (catalysing the deamination of primary amines chronic arthritis (rheumatoid arthritis, spondylarthropathies, and
to produce hydrogen peroxide, ammonium and aldehydes) psoriatic arthritis) (136). Stamper-Woodruff (S-W) assays have shown
and adhesion molecule to facilitate leukocyte binding to the | it can mediate the binding of mucosal effector cells to the synovium
endothelium (302, 303). It is highly expressed in the tonsil (136).
and lymph nodes, particularly the high endothelial venules
(HEVs) as well as a subset of venules of the skin, brain,
kidney, liver and heart (304). Under inflammatory conditions,
it's also been found in the synovium, skin, gut and liver (136,
304-306).
VCAM1,; A glycoprotein. Expression is in increased by pro- Immunohistochemistry showed it is more highly expressed in the RA
CD106 inflammatory mediators such as TNF-a (307). Supports Tand | compared to the OA synovium (309). Expression of VCAM-1 under
B cell adhesion (308). TNF-a stimulated conditions was significantly lower in ECs isolated
from the RA synovium, compared to ECs from adipose tissue or
HUVECs (175).
P selectin; | A single chain glycoprotein. It is expressed by endothelial Immunohistochemistry showed P selectin expression was restricted
CD62P cells and platelets. In ECs, it is stored in the Weibel-palade to subpopulations of ECs in patients with chronic arthritis (136). S-W

assays demonstrated that binding of gut-derived macrophages to the
synovium was almost entirely P-selectin dependent (136).
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responds to stress (e.g., hypoxia) and can activate various
responses such as cell cycle arrest and apoptosis (312).

E selectin; | A single chain glycoprotein. It is expressed only by Immunohistochemistry showed E selectin expression was restricted

CD62E endothelial cells and required for the capture and rolling of to subpopulations of ECs in patients with chronic arthritis (136).
leukocytes (308). Expression of E-selectin under TNF-a stimulated conditions was

significantly higher in ECs isolated from the RA synovium, compared
to ECs from adipose tissue or HUVECs (175).

PNAd A sulphated and fucosylated glycoprotein. It is most Immunohistochemistry showed PNAd expression was seen in certain
commonly expressed by high endothelial venules (HEVs). Itis | venules, of some, but not all, patients with chronic arthritis (136).
crucial in the recruitment of lymphocytes into the lymphoid PNAd positive vessels have been associated with increased bone
organs of non-mucosal tissues (310). damage (311).

Senescence

p53 Tumour suppressor protein, often altered in cancers. It Overexpressed in early and longstanding rheumatoid arthritis patients

compared to patients with reactive arthritis or OA (313). Expression
appears localised to the endothelium and lining layer fibroblasts
[unpublished, shown in Figure 4.1]

Notch signalling

DLL4

A molecule involved in Notch signalling, including notch-3
signalling between Notch-3 on fibroblasts and DLL4 on
endothelial cells in RA (141).

Endothelium derived Notch-3 signalling is thought to drive fibroblasts
into either PRG4+ lining, or Thy+ sublining fibroblasts. Notch3 and its
ligands are highly expressed in the RA synovium. Blockade of this
signalling attenuated inflammation and prevented joint damage in
mouse models of RA. (141)

Angiogenesis

CLEC14A Transmembrane protein. Expressed on endothelial cells and | CLEC14A is the binding partner of CD248 via MMRN2 (315). CLEC14A
known to play a role in angiogenesis, mediation of cell-cell and CD248 bind at distinct locations on MMRN2, allowing binding to
contact, endothelial cell migration and tube formation (314). | occur simultaneously (315). CD248 is expressed by sublining layer

MMRN2 An extracellular matrix protein. Ligand for CLEC14A and CD93 | fibroblasts of RA patients (159). It contributes to synovial hyperplasia
at the same region, and CD248 a separate, distinct region and leukocyte accumulation in inflammatory arthritis (316).

(315).
AOC3, Amine Oxidase Copper Containing 3; CLEC14A; C-type lectin domain containing 14A, DLL4, Delta-like protein 4; Lyvel, Lymphatic vessel

endothelial hyaluronic acid receptor 1; MMRN2, Multimerin 2, PECAM1, platelet endothelial cell adhesion molecule 1; VAP1, Vascular adhesion protein
1; VCAM1, Vascular cell adhesion protein 1.
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Figure 4.1: Expression of markers of interest within the inflamed synovium. (A-E) Images taken
from (136) and show syonvium from patients with chronic arthritis (rheumatoid, psoriatic or
spondyloarthropathies). Acetone-fixed frozen sections were stained with the appropriate antibody
and second-stage peroxidase conjugated anti-mouse or anti—rat antibodies using diaminobenzidine
as the chromogenic substrate for (A) VAP1; vascular adhesion protein 1, (B) P-selectin, (C) E-selectin,
(D) VCAM-1; vascular cell adhesion molecule-1, and (E) PNAd; peripheral node addressin. (F and G)
Images were kindly provided of formalin fixed paraffin embedded sections of rheumatoid arthritis
patients undergoing joint replacement surgery. These were stained for (F) p53, by Vincent Gauthier
and (G) DLL4 with Notch 3, by Triin Major.
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4.2.2 Gene expression from bulk-RNA sequencing between the different

pathotypes of RA
Before staining for the markers of interest, their gene expression was assessed using the

publicly available bulk RNA-sequencing dataset from the Pathobiology of Early Arthritis
Cohort (PEAC) (118, 131). This freely accessible website allows the comparison of gene
expression in the synovium for patients classified as having; lymphoid (high number of

infiltrated lymphoid and myeloid cells particularly CD20 B cell aggregate rich), myeloid

(macrophage-rich and diffuse, low in B cells) and fibroid (pauci-immune) pathotypes (118,

131).

Of the adhesion molecules selected (Table 4.1), only VAP1 and E-selectin showed significant

differences between pathotypes (Figure 4.2). VAP1 expression was significantly different

between all three groups: highest in the fibroid and lowest in the lymphoid (Figure 4.2A). On

the other hand, E-selectin only had a significant difference between the lymphoid and
myeloid pathotypes, where of the three groups highest expression was in lymphoid, and
lowest in the fibroid (Figure 4.2B). VCAM-1 had a similar pattern of gene expression E-
selectin, albeit the changes were not statistically significant (Figure 4.2C). Surprisingly, P-
selectin and PNAd expression was similar across the pathotypes with no significant

differences observed (Figure 4.2E and F).

The senescence markers, p53 and p21, had similar patterns of expression; higher for

lymphoid and myeloid pathotypes and lower for the fibroid pathotype, with a significant

difference in expression detected between the lymphoid and fibroid pathotypes (Figure 4.3
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A and B). However, the senescence marker p16 had no significant difference in expression

pattern between the groups (Figure 4.3C).

Molecules involved in Notch signalling (Notch-3, DLL4 and Jagl) were all higher in the fibroid
and myeloid pathotypes and lowest in lymphoid, Figure 4.4. Notch 3 only had a significant
difference between lymphoid and fibroid, whilst DLL4 and JAG1 also showed a significant
difference between the lymphoid and myeloid groups. No significant differences were
observed between the myeloid and fibroid pathotypes, but Notch3 and DLL4 (Figure 4.4A
and B) had the highest expression in fibroid, whilst for JAG1 (Figure 4.4C) highest expression

was in the myeloid group.

Molecules involved in angiogenesis associated, CD248 signalling were generally higher in the
fibroid compared to myeloid and lymphoid, and also slightly higher in myeloid compared to
lymphoid pathotypes (Figure 4.5). Significant differences were observed for CLEC14A (Figure
4.5A) between lymphoid and myeloid, MMRN2 (Figure 4.5B) between lymphoid and both

myeloid and fibroid pathotypes, and in ROBO4 (Figure 4.5E) between lymphoid and fibroid.
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Figure 4.2: Expression of adhesion molecules in the pathotypes of rheumatoid arthritis. Bulk RNA-

sequencing of Pathobiology of Early Arthritis Cohort (PEAC) of gene expression levels in myeloid,

lymphoid and fibroid RA pathotypes were analysed by Myles et al (118, 131). Boxplots were obtained
for adhesion molecules of interest; (A) VAP1, vascular adhesion protein 1 (B) E-selectin, (C) VCAM-1,

vascular cell adhesion molecule 1, (D) P selectin, and (E) PNAd, peripheral node addressin. Y axis
shows relative gene expression and X axis indicates RA pathotype. The FDR-adjusted P values are

given above each plot.
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Figure 4.3: Senescence markers across disease pathotypes in rheumatoid arthritis. Bulk RNA-
sequencing of Pathobiology of Early Arthritis Cohort (PEAC) of gene expression levels in myeloid,
lymphoid and fibroid RA pathotypes were analysed by Myles et a/ (118, 131). Boxplots were obtained
for senescence markers of interest; (A) p53 (B) p21, and (C) p16. Y axis shows relative gene
expression and X axis indicates RA pathotype. The FDR-adjusted P values are given above each plot.
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Figure 4.4: Notch3 signalling markers across disease pathotypes in rheumatoid arthritis. Bulk RNA-
sequencing of Pathobiology of Early Arthritis Cohort (PEAC) of gene expression levels in myeloid,
lymphoid and fibroid RA pathotypes were analysed by Myles et a/ (118, 131). Boxplots were obtained
for notch signalling markers of interest; (A) Notch3 (B) DLL4, delta-like 4, and (C) Jagl, Jagged 1. Y
axis shows relative gene expression and X axis indicates RA pathotype. The FDR-adjusted P values are
given above each plot.
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Figure 4.5: CD248 signalling molecules across pathotypes of rheumatoid arthritis. Bulk RNA-
sequencing of Pathobiology of Early Arthritis Cohort (PEAC) of gene expression levels in myeloid,
lymphoid and fibroid RA pathotypes were analysed by Myles et a/ (118, 131). Boxplots were obtained
for notch signalling markers of interest; (A) CLEC14A, C-type lectin containing family 14A (B) MMRN2,
Multimerin 2 (C) CD248 (D) CD93 and (E) ROBOA4. Y axis shows relative gene expression and X axis
indicates RA pathotype. The FDR-adjusted P values are given above each plot.
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4.2.3 Validation of antibodies and panel design
In order to stain for the markers of interest (described in Table 4.1) we first need to validate

the antibodies to ensure appropriate and specific staining. Due to use of multiple antibodies
on one tissue, after the first stain with an antibody from one species, conjugated antibodies
had to be used in order to prevent the species cross-reactivity which would occur with
primary-secondary staining and antibodies from the same species. Where available, already
conjugated antibodies were initially tested, however, most of these did not show the
expected staining (described below). This is likely because the staining of these was too
weak to be detected due to the lack of signal amplification that occurs using a two-step
primary-secondary staining (317). For these markers, a validated unconjugated antibody was
chosen then conjugated to the fluorophore of choice. Regarding the antibody concentration,
either that recommended by the supplier or a standard concentration of 10ug/ml was used

(as recommended by those running the CellDIVE in Oxford).

In order to mark the endothelium, Ulex was initially chosen and had stained the endothelium
well previously (Appendix Figure 1A) however, this was out of stock for over a year, and
another, conjugated, Ulex did not show staining of the endothelium (Appendix Figure 1B).
Likewise, an AF647 conjugated VE-cadherin clone BV9 did not show any staining around the
blood vessels (Appendix Figure 1C). Instead, CD31, another well-established marker of the
endothelium (Table 4.1), was tested. Initial staining with the AF488 conjugated CD31 (clone
WM59) did not show staining of the blood vessels (Appendix Figure 1D), but an

unconjugated CD31 (clone C31.3), did show specific staining (Figure 4.6A). To mark
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lymphatic vessels Lyvel expression with clone EPR21857 work in tonsil and synovium, Figure

4.6C andE.

Similarly, for the adhesion markers, previously conjugated antibodies were initially tested.
For P-selectin, the AF88 conjugated (clone P sel.K.0.2.7) as well as multiple unconjugated
antibodies (Psel KO2.5, abcam, AK-6, Thermofisher, CTB201 and 1 E 3, Santa Cruz) were
tested but did not show staining of any blood vessels. Likewise, initial analysis of E- selectin
expression using antibody clones BBIG-E4 and D-7 showed non-specific or no staining of the
endothelium, respectively. Eventually, after consulting with manufacturers, a microwave
method of antigen retrieval was used and subsequently the P selectin clone EPR2146 (2)
(Figure 4.7 A and C) and polyclonal E selectin (cat ab185698; Figure 4.7E and G) showed
specific staining on the endothelium in both tonsil and synovial sections. For VCAM-1, the
AF488 conjugated antibody clone 6G9 did not show the expected specific staining of the
endothelium and synovial lining layer, but the unconjugated polyclonal antibody (cat BBA19)
did (Figure 4.8A). Specific staining was also observed with the unconjugated polyclonal (cat#
EB0758) anti-VAP1 antibody (Figure 4.8C). Of all the conjugated antibodies initially tested,
only PNAd-AF647 (MECA-79) demonstrated specific staining around the endothelium in
tonsil sections (Figure 4.8E) but had no staining in RA joint replacement tissue. This may be
attributed to the selective expression of PNAd in RA patients (136, 311), therefore, the
antibody was taken forward into the panel, alongside the use of tonsil sections as positive

controls.
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For staining of senescence and notch-3 signalling molecules, antibodies clones were selected
according to previous staining by colleagues (Figure 4.1F and G). The unconjugated p53
clone, E26, showed staining around the endothelium and synovial lining layer (Figure 4.9A).
The DLL4 clone # 207822 showed endothelial staining (Figure 4.9C), similar to that in Figure

4.1G.

Following validation, the unconjugated antibodies were conjugated and expression of the
antigen confirmed again (Figure 4.11). All conjugated antibodies appeared to show good
staining, except P-selectin (Figure 4.11D). One possible explanation for the absence of
conjugated P-selectin staining may be due to the high BSA: antibody ratio, and low
concentration of the antibody. Therefore, it was decided to use primary-secondary staining
for this antibody. When designing the panel, markers of interest were put on the brighter
markers, red (i.e. AF546) or far red (i.e. AF647) and markers of the endothelium/lymphatics,
as well as VAP1 (which also showed strong staining), on green (i.e. AF488). The final panel

design is given in Table 2.2
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Figure 4.6: Markers of the endothelium antibody validation. Formalin fixed paraffin embedded
(FFPE) sections were used from (A, B, E & F) RA joint replacement synovial tissue or (C and D) tonsil
tissue. Sections were deparaffinised, rehydrated and antigen retrieval was performed at Ph9.
Sections were blocked with normal horse serum prior to addition of primary antibodies against (A)
CD31 or (C & E) Lyvel. Sections were washed and secondary added (A & B) anti-mouse 1gG AF-546 or
(C - F) anti-rabbit AF-546 IgG. Sections were counterstained with the nuclear dye 4', 6-diamidino-2-
phenylindole (DAPI). DAPI is shown in grey and the antibody of interest in red. Scale bar at 100 [ m.
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A. P selectin B. P selectin secondary only in tonsil

C. P selectin in synovium

E. E selectin in tonsil

G. E selectin in synovium H. E selectin secondary only in synovium

Figure 4.7: P and E selectin antibody validation. Formalin fixed paraffin embedded (FFPE) sections
were used from (A, B, E & F) tonsil tissue or (C, D, G & H) RA joint replacement synovial tissue.
Sections were deparaffinised, rehydrated and antigen retrieval was performed at (A-D) pH6 or (E-H)
pH9. Sections were blocked with normal horse serum prior to addition of primary antibodies target
(A & C) P selectin or (E & G) E selectin. Sections were washed, and anti-rabbit AF-546 IgG secondary
added. Sections were counterstained with the nuclear dye 4, 6-diamidino-2-phenylindole (DAPI).
DAPI is shown in grey and the antibody of interest in red. Scale bar at 100 (m.
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A.VCAM1 B. VCAM1 secondary only

C. VAP1 D. VAP1 secondary only

E. PNAd in tonsil

Figure 4.8: Adhesion molecule antibody validation. Formalin fixed paraffin embedded (FFPE)
sections were used from were used from (A-D) RA joint replacement synovial tissue or (E) tonsil
tissue. Sections were deparaffinised, rehydrated and antigen retrieval was performed at (A & B) pH9
or (C-E) pH6. Sections were blocked with normal horse serum prior to addition of primary antibodies
target (A) VCAML1, (C) VAP1 or (E) conjugated PNAd. (A-D) Sections were washed, and anti-goat AF-
546 1gG secondary added. Counterstained with the nuclear dye 4', 6-diamidino-2-phenylindole
(DAPI). DAPI is shown in grey and the antibody of interest in red. Scale bar at (A-D) 100(m or (E)
200(m.
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A.p53 B. p53 secondary only

D. DLL4 secondary only

Figure 4.9: Senescence and Notch3 signalling antibody validation. Formalin fixed paraffin embedded
(FFPE) sections were used from were used from RA joint replacement synovial tissue. Sections were
deparaffinised, rehydrated and antigen retrieval was performed at (A & B) pH6 or (C & D) pH9.
Sections were blocked with normal horse serum prior to addition of primary antibodies target; A)
p53 or (C) DLL4. Sections were washed, and a secondary added (A & B) anti-rabbit IgG AF-546 or (C &
D) anti-rat IgG AF-546. Counterstained with the nuclear dye 4, 6-diamidino-2-phenylindole (DAPI).
DAPI is shown in grey and the antibody of interest in red. Scale bar at 100 m.
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A. MMRN2 B. MMRN2 secondary only

C. CLEC14A D. CLEC14A secondary only

Figure 4.10: CLEC14A and MMRN2 antibody validation. Formalin fixed paraffin embedded (FFPE)
sections were used from were used from RA joint replacement synovial tissue. Sections were
deparaffinised, rehydrated and antigen retrieval was performed at (A & B) pH6 or (C & D) pH9.
Sections were blocked with normal horse serum prior to addition of primary antibodies target; (A)
MMRN2 or (C) CLEC14A. Sections were washed, and a secondary added (A & B) anti-rabbit IgG AF-
546 or (C & D) anti-sheep 1gG AF-546. Counterstained with the nuclear dye 4’, 6-diamidino-2-
phenylindole (DAPI). DAPI is shown in grey and the antibody of interest in red. Scale bar at 100(m.
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Figure 4.11: Antibody validation following conjugation. Formalin fixed paraffin embedded (FFPE)
sections were used from were used from RA joint replacement synovial tissue. Sections were
deparaffinised, rehydrated and antigen retrieval was performed at (A-C, F & G) pH9 or (D, E, H) pH6.
Sections were blocked with normal horse serum prior to addition of primary antibodies target; (A)
CD31, (B) Lyvel (C) E selectin, (D) P selectin (E) VAP1 (F) VCAML1 (G) DLL4 (H) p53 (1) MMRN2.
Counterstained with the nuclear dye 4, 6-diamidino-2-phenylindole (DAPI). DAPI is shown in grey
and the antibody of interest in red. Scale bar at 100um
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4.2.4 Multiplex imaging with Cell DIVE imaging platform
Tissue sections from JRep, VeRA and Res patients were stained with the final CellDIVE panel

(2.3.2; Table 2.2). A summary of the patient characteristics of patients used is given in Table
4.2 and full details in Appendix Table 1. Some patient sections were lost during processing

(described in 4.2.4.2) therefore only the patient information those finally analysed is given.

4.2.4.1 Staining worked for most markers, but E selectin, Lyvel and PNAd could not
be quantified in the synovium
In the final CellDIVE stain, staining for most markers worked in the synovium (Figure 4.12),

with limited background staining was observed in the isotype controls (Figure 4.113).
However, specific staining was not observed for E selectin, Lyvel and PNAd in synovium. E
selectin had no clear staining (Figure 4.14A), whilst Lyvel was not specific and did not
appear co-localised with CD31 vessel expression (Figure 4.14B). Whilst the PNAd staining did
not appear to stain any synovium (e.g., Figure 4.14C), positive staining was observed in the
tonsil section (Figure 4.15). Therefore, either this specific antibody does not work in

synovium, or there was no expression of PNAd in the synovial sections tested.
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Table 4.2: Summary of patient characteristics stained in multiplex image analysis
Resolving (n=4)

Age (years)

Female, n (%)

Symptom duration (weeks)
DAS28 ESR, mean (sd)

ESR (mm/hour)

CRP, median (IQR), mg/L
CCP positive, n (%)

RF positive, n (%)

sic2s

TIC28

VAS

US GS

US PD
NSAID, n (%)

46(37-56)
4 (57)
6 (1-11.5)
3 (+1.1)

18 (11-25.8)
13.59 (7.8-18.8)

1(25)
0(0)

2 (0.8-3)
1(0.8-1.5)
26 (6.8-51)

0.5 (0-1)

1.5 (1-2)

0(0)

Median (IQR) shown unless otherwise stated.
DAS28 = Disease Activity Score 28; CCP = cyclic citrullinated peptide, CRP = C-reactive protein; ESR =
erythrocyte sedimentation rate; IQR = Interquartile range; JRep = joint replacement; NSAID = non-
steroidal anti-inflammatory; RF = Rheumatoid factor; SJC28 = 28 swollen joint counts; TIC28 = 28
tender joint counts; US GS = ultrasound greyscale grade at the biopsied joint; US PD = ultrasound
power Doppler grade at the biopsied joint; VAS = visual analogue score; VeRA = Very early

rheumatoid arthritis.

VeRA (n=3)
59(55-68)
1(25)

6 (4.5-7)
6.3 (+1)

39 (24.5-50)
39 (37.5-68)
1(33)

2 (66)

11 (10.5-15.5)
12 (11.5-15.5)
50 (49.5-62.5)
3(1.5-3)

2 (1.5-2.5)
1(33)

*Of available data, missing information indicated in Appendix Table 1

JRep (n=7)
66(58-67) *

2 (67)

1066 (806-1443)

14 (9-22) *
4 (2-10) *

2 (40) *
1(50) *

2 (29)
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Figure 4.12: Representative image of CellDIVE stain. Formalin fixed paraffin embedded (FFPE) sections of synovial sections were deparaffinised,
rehydrated and antigen retrieval was performed. Sections were blocked with donkey serum and bovine serum albumin prior to addition of antibody
against: CD31, vimentin, delta-like 4 (DLL4), Multimerin 2 (MMRN2), C-type lectin domain containing 14A (CLEC14A), p53, vascular cell adhesion
protein 1 (VCAM1), P selectin and vascular adhesion protein 1 (VAP1). Scale bar at 500um in large image and 50um for zoomed in image of vessel.

134



Figure 4.113: Minimal background staining observed in isotype controls of background stain.
Formalin fixed paraffin embedded (FFPE) sections of synovial sections were deparaffinised,
rehydrated and antigen retrieval was performed. Sections were blocked with donkey serum and
bovine serum albumin prior to addition of isotype controls: Goat IgG, Rabbit I1gG, Mouse IgG, Rat
IgG2a, Rat IgM, Rabbit — AF488, Rabbit —AF555, Rabbit — AF647. Scale bar at 500um.
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Figure 4.14: No specific staining observed in the synovium for PNAd, E selectin or Lyvel with
CellDIVE imaging. Formalin fixed paraffin embedded (FFPE) sections of synovial sections were
deparaffinised, rehydrated and antigen retrieval was performed. Sections were blocked with donkey
serum and bovine serum albumin prior to addition of antibody against: (A) E-selectin (ESEL), (B)
lymphatic vessel endothelial hyaluronan receptor 1 (Lyvel) and (C) peripheral node addressin
(PNAd). Scale bar at 500pum.
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Figure 4.15: PNAd staining in the tonsil section with CellDIVE imaging staining. Formalin fixed
paraffin embedded (FFPE) sections of tonsil tissue were deparaffinised, rehydrated and antigen
retrieval was performed. Sections were blocked with donkey serum and bovine serum albumin prior
to addition of antibody against CD31 (blue) antibody against PNAd (pink). Sections were
counterstained with the nuclear dye 4', 6-diamidino-2-phenylindole (DAPI; grey). Scale bar at (A)
200um for and (B-D) 100pum.
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4.2.4.2 Tissue sections lost during processing, particularly pauci-immune
pathotypes
At the time the CellDIVE staining was carried the technique was still relatively new. Whilst

data had been generated, and the method optimised in the cancer field (231, 318), its uses
in certain tissues (e.g., synovium) was still limited. One known disadvantage of the technique
was that the multiple coverslipping and decoverslipping steps required could result in the
tissue, or parts of the tissue coming off the slide. The severity of this often appeared to be
dependent on the tissue type and this proved particularly problematic regarding synovial
tissue sections and especially biopsy sections. This is highlighted in the virtual H&E’s
(Haematoxylin and Eosin) of the tissues from the first and last rounds of staining shown in
Figure 4.16. An initial trial run was carried out using large sections from joint replacement
(JRep) samples of patients, and whilst some tissue loss was observed, it was not too severe,
and data could still be collected from the images (e.g., Figure 4.16A and B). However, when
using tissue sections from synovial biopsies (for the VeRA and Res groups), which were often
smaller sections to begin with, the tissue loss was considerable. Due to this, 3 of VeRA and 2
of the Res samples (from a total of 6) were lost completely (e.g., Figure 4.16C and D).
Notably, this included all the pauci-immune samples and 1 lymphoid sample in VeRA. The
remaining samples often had some tissue loss but were still useable (e.g., Figure 4.16E and
F). Within the JRep samples, one patient was pauci-immune. To avoid any confounding

effects of pathotype this was removed from the JRep samples.
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First staining round Final staining round
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Figure 4.16: Representative images demonstrate the tissue loss that can occur with Cell DIVE
imaging processing. Formalin fixed paraffin embedded (FFPE) synovial tissue sections from (A & B)
rheumatoid arthritis (RA) undergoing joint replacement or (C-F) biopsies from arthritis patients with
short term (<12 weeks) symptom duration were stained using and imaged with the CellDIVE
platform. Virtual haematoxylin and eosin stains were captured at (A, C, E) before initial round of
staining and (B, D, F) before the final round of staining. Scale bars at 50um.

139



4.2.4.3 Expression levels of most molecules higher in the JRep compared to VeRA
and Res groups, but differences were not significant
All the adhesion molecules (VCAM1, PSEL and VAP1; Figure 4.17A-C), had higher expression

in the JRep compared to both VeRA and Res groups. VCAM1 had the lowest expression in
Res, whilst P selectin and VAP1 were lowest in VeRA, although there was a large amount of
variability within each group. Across all groups, expression was highest for VAP1 (60-80%)
and lowest for P selectin (10-20%). Regarding co-expression of the adhesion molecules
(Figure 4.18A), in all samples a large number co-expressed VAP1+VCAM1, then VAP1+PSEL,
with very few cells co-expressing VCAM1 and PSEL, or all three (PSEL, VCAM1 + VAP1).
Notably, MMRN2 and P53 (Figure 4.17E and G) had similar patterns of expression; both were
highly expressed in the JRep (~50%) compared to VeRA or Res (~¥25%). On the other hand,
CLEC14A and DLL4 (Figure 4.17D and F), were not particularly higher or lower in any group,
with expression levels across all groups at around 80% and 40%, respectively. Interestingly,
when assessing the co-expression of CLEC14A+MMRN2 (Figure 4.18B), the pattern was
almost identical to that of MMRN2 alone, suggesting that nearly all MMRN2 expressing
CD31+ cells were also expressed CLEC14A. Significance was assessed by a one-way ANOVA

for all markers, but no differences were found to be significant
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Figure 4.17: Expression level of most markers higher in the JRep compared to VeRA and Res
samples, but no differences are significant. Tissue sections from patients with resolving arthritis
(Res; green, n = 4), very early rheumatoid arthritis (VeRA; blue, n = 3) and patients undergoing joint
replacement (JRep; red, n = 7), were stained with antibodies against (A) Vascular cell adhesion
protein 1 (VCAM1), (B) P selectin (P sel), (C) vascular adhesion protein 1 (VAP1), (D) C-type lectin
domain containing 14A (CLEC14A), (E) Multimerin 2 (MMRN?2), (F) Delta-like 4 (DLL4) and (G) p53.Y
axis is the expression of each marker as a percentage of all CD31+ vessel cells. Data are mean + SD.
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Figure 4.18: Co-expression of molecules. Tissue sections from patients with resolving arthritis (Res;
green, n = 4), very early rheumatoid arthritis (VeRA; blue, n = 3) and patients undergoing joint
replacement (JRep; red, n = 7) were stained with antibodies against vascular cell adhesion protein 1
(VCAM1), P selectin (PSEL) and vascular adhesion protein 1 (VAP1), C-type lectin domain type 14A
(CLEC14A) and Multimerin 2 (MMRNZ2). The percentage of CD31 cells co-expressing these adhesion
molecules was determined. The co-expression of the (A) adhesion molecules (VAP1, VCAM1 and P-
selectin) and the (B) CD248 signalling molecules (CLEC14A and MMRN2) was quantified. For (A) X
axis, and (B) Y axis is the co-expression of the markers as a percentage of all CD31+ vessel cells. Data
are mean £ SD.
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4.3 Discussion
The aim of this chapter was to identify expression pattern changes in endothelial cells in RA

and changes with disease pathotype and duration. From the bulk-RNA sequencing of the
PEAC dataset we found that levels of E selectin and senescence molecules was higher in the
lymphoid and myeloid compared to the fibroid pathotype. However, the opposite was true
for VAP1, CD248 and Notch signalling molecules. There were no significant differences in
endothelial staining of molecules between the VeRA, JRep and Res groups. Interestingly the
levels of protein staining were similar in the VeRA and resolving arthritis groups. However,
expression of VAP-1, VCAM1-1, P-selectin, MMRN2 and p53 appeared higher in the JRep

samples.

4.3.1 Adhesion molecules
Of the adhesion molecules in the PEAC dataset, only E selectin and VAP1 were significantly

differentially expressed according to pathotype. As E selectin is selectively expressed by ECs
(319) this equates to altered EC expression levels. E-selectin is known to mediate the capture
and rolling of leukocytes prior to extravasation (308). The results shown here suggest that
increased E selectin expression supports increased leukocyte recruitment, accounting for the
higher levels of leukocyte infiltration observed in the myeloid and lymphoid, compared to
fibroid pathotypes (118, 131). Unfortunately, in this analysis E selectin expression across the

course of disease (Res, VeRA, and JRep) was not determined.

Somewhat surprisingly and in contrast to E-selectin, VAP1 was significantly differentially
expressed between all pathotypes, but highest in fibroid and lowest in lymphoid. Previously,

VAP1 has been demonstrated to play a role lymphocyte binding to EC. Indeed, under flow
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conditions, blocking of VAP1 in TNF-a stimulated hepatic sinusoidal endothelial cells (HSEC)
significantly reduced adherent leukocytes by 50% (320). Therefore, it was unexpected that
the levels of VAP1 were significantly lower in the pathotype of RA associated with more
leukocyte infiltration. Notably, VAP1 is not only expressed on ECs, but also on smooth
muscle cells, adipocytes and pericytes (302, 321), which may have affected these results. It is
possible that VAP1 has a function on these cells which causes a more fibroid-like phenotype.
The CellDIVE analysis showed that, consistent with previous findings (136), VAP1 was
expressed on the majority of vessels cells. There was a marginally higher expression in the
JRep patients, suggesting expression may increase with disease duration. However, the
change was relatively small, therefore limited conclusions can be drawn from this given the

low n and high data variability.

Similarly to VAP1, P selectin and VCAM1 are also known to be expressed on other cell types;
VCAM1 on lining layer fibroblasts ((181), shown in Figure 4.1D) and P-selectin on platelets
(319). Therefore, high constitutive expression in other cell types may be masking any
endothelial specific differences. In particular as we observed that P selectin, consistent with
previous findings (136), is only expressed on a subset of endothelial cells. Similarly, VCAM1, is
also expressed on fibroblasts (the major constituent of the joint (322)), therefore the VCAM1
expression measured will primarily be from the fibroblasts. Therefore, the lack of significant
differences does not necessarily equate to there being no differences in EC phenotype
between pathotypes. When assessing levels of co-expression, VCAM1 and P-selectin were
often co-expressed with VAP1 and had similar levels of expression as each molecule on their

own. Likewise, it appeared no cells co-expressed VCAM1 and P-selectin, without also
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expressing VAP1. This suggests that few ECs express PSEL and/or VCAM1 without also

expressing VAP1, most likely to the ubiquitous expression of VAP1 (136).

Notably, there was no difference in PNAd expression between pathotypes. As PNAd is only
expressed on endothelial cells (136), this directly corresponds to there being no difference in
EC expression of PNAd. This is surprising given that others have previously demonstrated its
expression on subsets of ECs RA and PsA sections (136, 140), and considering PNAd is known
to be associated with TLSs formation (132). Therefore, we would have predicted differences
in pathotypes, particularly those with fewer or more TLSs. Interestingly, staining of the
synovial sections was also negative. Previous data has indicated PNAd staining in the
majority (80%) of patients (136), thus, we would have expected to have seen staining within
the final 14 patients. In addition, when validating the antibody, sections were chosen that
were known to have a large amount of immune cell infiltration and TLSs; where we were
expecting to observe PNAd expression. As staining of PNAd was never observed in the
synovium we cannot be sure that this was not an antibody specific problem, however, this is

unlikely given its positive staining in the tonsil control.

4.3.2 Angiogenesis molecules
CLEC14A, MMRN2 and ROBO4, which are well known to play a role in tumour angiogenesis

(315), were highest in fibroid>myeloid>lymphoid. This is consistent with previous microarray
analysis that found angiogenesis-associated genes were more highly expressed in fibroid
compared to other pathotypes (323). However, this is perhaps unexpected given that high

levels of angiogenesis are often associated with severe disease and increased leukocyte
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infiltration (324). On the other hand, considering that the fibroid pathotype is characterised
by a large number of stromal cells, which are known to release pro-angiogenic molecules, it
may be that increased angiogenesis is a consequence, rather than cause, of the fibroid

pathotype (324).

Within the BEACON dataset, CLEC14A appeared to be consistently highly expressed. On the
other hand, MMRN2, the endothelial matrix protein which binds CLEC14A, had a much lower
expression, but was always co-expressed with CLEC14A. In cancer, blockade of MMRN2 has
been shown to inhibit angiogenesis (315), therefore, it may be assumed that only cells co-
expressing both molecules would be angiogenic. In contrast to CLEC14A, MRNN2 expression
was increased in the JRep compared to VeRA or Res, suggesting higher levels of angiogenesis
with increased disease duration. This is consistent with the idea that as the disease

progresses more blood vessels are required for pannus formation and growth (171).

4.3.3 Notch3 signalling molecules
Similarly, to the CD248 signalling molecules, Notch3 signalling molecules were highest in the

fibroid>myeloid>lymphoid. These similarities in expression pattern may be due to similar
processes; Notch3 signalling is also known to play a role in tumour angiogenesis (325).
Equally, as Notch3 is upregulated on fibroblasts, higher expression may be expected in
fibroid pathotype (141). Notably, however, expression levels of DLL4 were very similar across
the Res, VeRA and JRep samples. This suggests that although Notch3 signalling is important
in driving the formation of the lining and sublining layers observed in RA synovium (141), this

is not something that changes during the course of disease.
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4.3.4 Senescence markers
Our results indicate that expression of p53 in ECs is higher in JRep compared VeRA and Res

patients. Importantly, cellular senescence can be induced by multiple stimuli, including
telomere shortening, ROS production and, most significantly, pro-inflammatory cytokines
(326). Thus, it may be that the excessive prolonged exposure of ECs to TNF-a would result in
higher amounts of senescence. Indeed, in vitro assays have demonstrated that prolonged
TNF-a exposure (>6 days) induced senescence in HUVECs and cells also had increased
production of NF-kB, ROS and cytokines (326, 327). Furthermore, TNF-a activated a positive
feedback loop of JAK/STAT signalling which sustained cytokine production (327). Whilst
these in vitro models were carried out relatively short term (up to 30 days) considering the
duration of RA in JRep patients (many years), it does indicate that senescence increases with
TNF-a exposure and via feedback loops within the cell. Likewise, it may be that chronic
exposure to TNF-a during disease causes increased senescence. Moreover, as senescent ECs
also increase cytokine production this may relate to, or explain why, other molecules of
interest (e.g., P-selectin or VCAM1) are also higher in JRep compared to VeRA and Res

samples.

All senescence markers were highest in lymphoid>myeloid>fibroid, with significant
differences in p53 and p16 between lymphoid and myeloid. Thus, it may be that with
senescence, there is an increase in pro-inflammatory cytokine production which results in
increased leukocyte recruitment. However, in RA senescence also occurs in fibroblasts (328,

329), and, similarly to the ECs, causing increased production of pro-inflammatory mediators
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(328). Therefore, from the bulk RNA data we cannot tell if this is caused by senescence in

ECs, fibroblasts or both.

4.3.5 Limitations

4.3.5.1 PEAC bulk RNA-sequencing analysis
One of the major limitations when assessing marker expression using the PEAC dataset was

that the data was from bulk RNA-sequencing. Whilst some markers are known to be
expressed only, or primarily, by endothelial cells (e.g., E selectin (319)) others are expressed
on other cells in the synovium. For example, lining layer fibroblasts are known to express
VCAM-1 (181) (seen in Figure 4.1D) and senescence markers (329), whilst platelets strongly
express P-selectin (319). Therefore, it is not known in any of the differences observed
between pathotypes was due to altered endothelial phenotype or that in other cell types.
Equally, if a marker has constitutively high expression in another cell type across all
pathotypes, any altered expression in the ECs particularly may be masked. This could be
overcome via deconvolution of the bulk RNA-sequencing data (e.g. (162)), but this was not

performed due to time constraints.

4.3.5.2 Cell DIVE staining
One of the major limitations from the CellDIVE imaging data was the low number of samples

for each patient group. This is especially problematic given the inherent heterogeneity of RA
((330), discussed in 1.5.2). Effects of the low n were further exacerbated by the tissue loss in
the processing of sections required from CellDIVE. Furthermore, because sections of certain
pathotypes (i.e. pauci-immune) were more prone to tissue loss than others, only the diffuse
and lymphoid sections from the VeRA and Res group were analysed. Thus, any minor

differences observed in pathotype could not be assessed. The small number of samples also
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meant that whilst most molecules had a pattern of high expression in the JRep samples, no
differences were statistically significant making it impossible to draw definitive conclusion. A
minor limitation to consider as well, was that the sections for the VeRA and Res groups were
much smaller than that of JRep. Consequently, the number of vessel cells assessed were

higher per sample in the JRep than VeRA or Res.

Due to limitations in obtaining synovial biopsies from the non-inflamed joint we also lacked a
non-inflamed control. Whilst the resolving arthritis patients do provide a form of control for
inflammation, there would have been signs of inflammation at the time of biopsy. Therefore,

we do not know the baseline levels of the markers in a non-inflamed synovium.

Limitations due time and money also meant we did not include markers of immune cells or
vessel type (e.g., artery, vein etc.). Therefore, whilst we observed some markers (e.g. P
selectin) were selectively expressed on particular vessels we cannot hypothesise why this is.
Likewise, we could not stain all of the markers of interest, for instance only p53 of the
senescence markers was stained. However, as mentioned before this was a preliminary

experiment using a novel technique to explore the endothelial phenotype.

Another key limitation to the CellDIVE work was that the stains for Lyvel and E-selectin did
not work. The lack of Lyvel stain made it impossible to know whether the CD31+ vessels
identified were lymphatic or of the blood vasculature. This is problematic as, whilst both
contribute to RA pathogenesis, they do so via different mechanisms (10) and when deciding

which molecules to investigate it was changes primarily in the blood vasculature that was of
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interest. The lack of E selectin stain was also limiting, particularly as alterations had been
observed in the PEAC cohort, but why these stains did not work in this staining round is
unknown. Unfortunately, the stains could not be repeated for quantification as the CellDIVE
technique only bleaches the fluorescent part of the antibody, but otherwise the antigen will

still be bound.

4.1.1.1 Overall limitations in examining the EC phenotype
Ideally, in order to get the best picture of the RA endothelial phenotype, endothelial cells

from the joint would be isolated and RNA sequencing and functional analysis performed.
This was attempted, however, due to the limited number of endothelial cells in the joint, and
the amount of tissue available it was not possible to obtain enough RNA. Hopefully, as
upcoming innovative techniques (e.g. single-cell sequencing or spatial transcriptomics) are
utilised more frequently, the phenotype of the RA endothelium will be explored in more

depth.

4.3.6 Conclusions
Taken together these data suggest that in rheumatoid arthritis, endothelial cells have a

heterogeneous expression pattern of functionally important molecules. Some of these are
dependent on pathotype and often increase in expression as disease progresses. Most
notably E selectin and senescence molecule expression was associated with myeloid and
lymphoid pathotypes, suggesting these may aid in increasing lymphocyte recruitment to the
joint. On the other hand, VAP1, and CD248 or Notch signalling molecules, were increased in

the fibroid pathotypes, suggesting that whilst these molecules may not be pivotal in
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increasing leukocyte recruitment, they may play a role in the pathogenesis of RA via other

mechanisms (e.g., angiogenesis).
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5 The effect of synovial fibroblasts from different stages of
rheumatoid arthritis on co-cultured endothelial cells

5.1 Introduction
As described in the previous chapter, the endothelium plays a role in the pathogenesis of

rheumatoid arthritis (RA). However, the mechanism by which it does this are not fully
understood. It is known to act as a reporter for its local microenvironment, with
transcriptomic analysis of ECs showing clustering largely dependent on vessel type and
anatomical location (164, 165). Indeed, microarray analysis has revealed that human
umbilical vein endothelial cells (HUVECs) cluster according to whether they were co-cultured
with skin or synovium fibroblasts from patients with RA undergoing joint replacement (168,

184).

Functional flow-based adhesion assays have demonstrated changes in EC phenotype
according to the diagnosis of fibroblasts in culture (9). In TNF-a-IFNy stimulated conditions,
fibroblasts from non-inflamed and resolving patients were able to affect an
immunosuppressive role, limiting the number of lymphocytes the ECs recruited (9).
Furthermore, fibroblasts from very early RA (VeRA) and joint replacement (JRep) patients
lost this immunosuppressive function (9). Moreover, in unstimulated conditions JRep
fibroblasts appeared to activate the endothelium in order to recruit lymphocytes (9).
Antibody blockade within the co-cultures suggested that changing roles in IL-6 and TGF-3
(transforming growth factor-B) signalling, caused the differences observed between Res and
VeRA (9). This is_potentially mediated by differential SOCS3 expression (9). However, the

mechanism for this and any soluble mediator(s) involved remains unknown. This aim of this
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chapter was to identify any transcriptomic and metabolomic alterations that occur in the EC-

fibroblast co-cultures and could explain this changing phenotype.

5.2 Results of transcriptomic analysis

5.2.1 The co-culture set-up
The objective was to explore any transcriptomic differences which may account for the

functional differences observed by Filer et al (9). Therefore, cultures were set up similarly to
that described in the paper. Briefly, human umbilical vein endothelial cells (HUVECs) were
cultured on the apical side of a porous membrane, with patient derived fibroblasts on the
basal side (Figure 5.1A) and cells were stimulated with 100U/ml TNF-a and 10ng/ml IFN-y for
24 hours. In total, there were 8 HUVEC donors, each run as a separate experiment and at
different times. Each HUVEC donor was cultured with fibroblasts derived from patients with;
(1) resolving arthritis (Res), (2) very early rheumatoid arthritis (VeRA), (3) with RA
undergoing joint replacement (JRep) or (4) with no fibroblasts and for each fibroblast donor,
a mono-culture control was seeded. The experiment set-up is shown in Figure 5.1B. A
summary of patient characteristics of the fibroblast donors is given in Table 5.1 and full
details in Appendix Table 2. Notably, signs of inflammation (presence of CCP, RF and ESR,

DAS and ESR) were highest in JRep > VeRA > Res.
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Figure 5.1: Schematic of the endothelial cell —fibroblast co-culture set-up. (A) Human umbilical cord
endothelial cells (HUVECs) were cultured on the upper side of a porous membrane with fibroblasts
on the lower side. (B) HUVECs were cultured with fibroblasts isolated from patients with resolving
arthritis (Res), Very early arthritis (VeRA) and those undergoing joint replacement (JRep). This
experimental set up was repeated for 8 HUVEC donors, each with different fibroblast donors; one
from each patient group.

Resolving (n=8) VeRA (n=8) JRep (n=8)
Age (years) 38 (31-47) 52 (48 —61) 59 (53 - 63)
Female, n (%) 3 (38) 4 (50) 5 (63)
Symptom duration (weeks) 5(3-6) 7(4-9) 1040 (923 — 1248)
DAS28 ESR, mean (sd) 3.4 (+1.2) 4.6 (+1.5) 5.5 (+1.5)
ESR (mm/hour) 10 (3.5 —22.8) 28 (23 -38.5) 54 (21.5 — 60)
CRP, median (IQR), mg/L 8.5 (4.5 - 10) 29 (16.5 — 39.8) 46 (29 — 64)
RF positive, n (%) 0 (0) 4 (50) 7 (88)
CCP positive, n (%) 0(0) 6 (75) -
sic28 3(2-5) 4 (3-10) 9(6-12)
TIC28 2(1-3) 3(3-9) 9(3-11)
VAS 46 (9 — 85) 49 (24 — 64) 65 (54 — 80)
US GS 1.5(1-2) 3(2-3) -
US PD 0.5(0-1) 2(1-2) -
NSAID, n (%) 5 (63) 4 (50) 2 (25)

Table 5.1: Summary of patient characteristics of fibroblast donors from fibroblast-endothelial cell
co-cultures used for RNA-sequencing

Median (IQR) shown unless otherwise stated.

DAS28 = Disease Activity Score 28; CCP = cyclic citrullinated peptide, CRP = C-reactive protein; ESR =
erythrocyte sedimentation rate; IQR = Interquartile range; JRep = joint replacement; NSAID = non-
steroidal anti-inflammatory; RF = Rheumatoid factor; SJIC28 = 28 swollen joint counts; TJIC28 = 28
tender joint counts; US GS = ultrasound greyscale grade at the biopsied joint; US PD = ultrasound
power Doppler grade at the biopsied joint; VAS = visual analogue score; VeRA = Very early
rheumatoid arthritis.
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5.2.2 Sample quality control
Cells were collected from the co-cultures and RNA isolated; the 260/280 and 260/230 ratios

and the RNA integrity numbers (RINs) are given in Appendix Table 3. The majority of the
samples had 260/280 of above 1.8, suggesting primarily pure RNA. The 260/230 ratios were
typically lower than the ideal 2-2.2 range, with an average at 1.14 indicating potential
contaminants. All RINs were above 9, indicating a high level of integrity. Therefore, despite
the low 260/230 ratios, samples were deemed acceptable to run for RNA sequencing. Once
sequenced, samples were aligned with STAR aligner and gene counts table generated with
FeatureCounts. The majority of reads (>80%) were uniquely mapped for all samples (Figure

5.2), indicative of good library preparation and data processing (247).
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Figure 5.2: Alignment scores from STAR aligner. Endothelial cells and fibroblasts were co-cultured
and treated with TNF-a+IFNy for 24 hours. RNA was isolated, bulk RNA sequencing performed.
Sequences were aligned to the GRCh38 human genome with STAR aligner. Plots of the percentage of
reads aligned were generated in MultiQC. X axis indicates samples and y axis indicates the
percentage of reads in each sample and how they are mapped. Uniquely mapped reads are dark
blue, reads mapped to multiple loci in light blue and unmapped reads in red.
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5.2.3 Pre-processing of data
To identify any outliers and give an overview of the data, an initial exploration of the top

most variable genes was carried out. Principal component analysis (PCA) and boxplots
(Figure 5.3) of all samples identified 3 outliers (EC2016_BX064 EC_Res,
EC0223_BX076_Fib_Res and BX076_Fib_Res; in the red circle) which were removed for
future analysis. As both the mono-cultured and co-cultured BX076 fibroblasts were outliers it
indicated a potential issue with this donor. The corresponding endothelial cells (ECs) in co-
culture did not appear to be an outlier so the sample was left in, but was monitored
throughout the analysis. PCA also showed a strong clustering according to cell type,
therefore for simplicity subsequent analysis was carried out on ECs and fibroblasts

separately.

PCA of the ECs showed strong clustering according to EC donor and batch, Figure 5.4A. It
must be highlighted that, due to the experimental design (each EC sample was collected at a
separate time point) it is unknown how much of this was caused batch effect and how much
by donor. A biplot showing the genes driving the principal component separation (Figure
5.4B), as well as a heatmap of the top 50 variably expressed genes (Figure 5.4C),
demonstrated that the separation was driven, at least in part, by sex-associated genes (XIST

and the Y-chromosome genes), highlighted with a red box in Figure 5.4C.

PCA of the fibroblasts showed some clustering according to the diagnosis of the patients, in

principal components (PCs) 1 and 2, Figure 5.5A and B. The separation was driven by genes

such as MMP1, CMKLR1, FDF10, CRTA1, HAPLN1, GOGN, SALL1, and EREG. However, similar
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to the endothelial cells, the fibroblasts clustered primarily according to sex associated genes,
in PC3 and PC5 (Figure 5.5C and D) and in a Heatmap of top 50 variably expressed genes

(Figure 5.5E), with the sex genes highlighted in red.

In order to remove the effect of sex in both cell types, the female specific genes, XIST (X-
inactive specific transcript) and TSIX (anti-sense RNA to XIST), and Y chromosome genes
were removed from downstream analysis. To focus the research question on the differences
between co-cultured conditions, the mono-cultured endothelial cells were removed from
the analysis. It may be noted there were effects of monoculture observed, indicated by
within donor clustering of the co-cultured cells separate from the mono-cultured (Figure
5.3A) and in differential gene expression analysis (Appendix Figure 2). Similarly, to remove
the effects of potential confounder effect of co-culture conditions, only the co-cultured
fibroblasts were initially analysed. Mono-cultured fibroblasts were later compared to see if

there were any disease specific changes in fibroblasts upon co-culture.
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Principal component analysis of endothelial cell — fibroblast co-culture samples. RNA

sequencing was performed on endothelial cells and fibroblasts co-cultures (and mono-culture

Figure 5.3

controls) treated with TNF-a+IFNy for 24 hours. Sequences were aligned to the genome STAR aligner
and a gene counts table generated with Subread FeatureCounts. Data were subject to variance

stabilising transformation (VST) and principal components identified in R. (A) Principal Components 1

and 2 were plotted, coloured by diagnosis of fibroblasts in culture, shape indicates cell type;

endothelial cells as circle and fibroblasts as triangle. Outliers are circled in red. (B) Boxplot of the VST

data, coloured according to cell type; fibroblasts in green and endothelial cells in pink. Red stars

indicate the outlier samples.
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RA, JRep = joint replacement, F = female, M = male, MCP = metacarpophalangeal.
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Figure 5.5: Fibroblasts cluster by diagnosis, sex and fibroblast donor. Bulk RNA sequencing was performed on RNA isolated from fibroblasts of
resolving (Res), very early rheumatoid arthritis (VeRA) and RA patients undergoing joint replacement (JRep), in mono-culture and in co-culture with
endothelial cells, treated with TNF-a+IFNy for 24 hours. Fibroblast gene counts were subject to variance stabilisation transformation (VST) and (A-D)
principal component analysis (PCA) performed. (A-B) PC1 and PC2 plotted, colour indicates diagnosis of donor, (A) with PC loadings. (C-D) PC3 and
PC5 plotted, colour indicates sex of fibroblast donor, (C) with PC loadings. (E) The top 50 variably expressed genes of the VST data were plotted as a
Heatmap, with hierarchical clustering on the columns and rows. Bars at the top show diagnosis and sex of the fibroblast donor and joint the
fibroblasts were taken from, as well the endothelial cell donor batch. Sex genes are highlighted in the red boxes. Res = resolving, VeRA = very early
RA, JRep = joint replacement, F = female, M = male, MCP = metacarpophalangeal.
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5.2.4 Very few significantly differentially expressed genes were detected in
endothelial cells according on the diagnosis of fibroblasts in culture

5.2.4.1 Exploration of the most variable genes in endothelial cells
To assess if there were any confounders that should be built into the model for differential

expression, analysis of the top variable genes was carried out. Pairsplots of the top 5 PCs
coloured by EC donor and sex showed that despite removal of the sex associated genes, the
endothelial cells still clustered strongly according to donor (Figure 5.6A and B) and indeed,
potentially still by sex in PC5 (Figure 5.6C-D). A heatmap of the top 50 variably expressed
genes confirmed clustering by donor, but not sex of donor, Figure 5.7. To assess the impact
of the fibroblasts in co-culture, pairsplots of the top 5PCs coloured by attributes from
fibroblasts were constructed. No clustering was observed according to the diagnosis, sex or
joint location of the fibroblasts in culture (Figure 5.8). Based on these observations, EC donor

and diagnosis was built into the DESeq2 model, but not sex or joint of fibroblast donor.
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endothelial cells (ECs) co-cultured with fibroblasts and treated with TNF-a+IFNy for 24 hours. Sex associated genes were removed from the analysis.
Gene counts from the endothelial cell (EC) sequencing data were subject to variance stabilising transformation (VST) and principal components (PCs)
identified. (A and C) Pairsplots of the top 5 PCs and (B and D) biplots showing genes contributing to PCA loadings were generated. (A-B) Samples were
coloured according to EC donor and (C-D) Samples coloured according to EC sex. F = female, M = male.
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Figure 5.7: Endothelial cells cluster according to donor. Bulk RNA sequencing was performed on RNA
isolated from endothelial cells (ECs) co-cultured with fibroblasts from patients with resolving arthritis
(Res), very early rheumatoid arthritis (VeRA) and RA patients undergoing joint replacement (JRep), or
left as mono-cultures, and treated with TNF-a+IFNy for 24 hours. Sex associated genes were

removed, and gene counts from the EC sequencing data were subject to variance stabilisation

transformation (VST). The top 50 most variable genes were plotted as a heatmap, with hierarchal

clustering on the columns and rows. Coloured bars at the top correspond to diagnosis, sex and joint
for fibroblasts, as well as EC donor and sex. Res = resolving, VeRA = very early RA, JRep = joint

replacement, F = female, M = male, MCP = metacarpophalangeal.
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Figure 5.8: Endothelial cells do not cluster according to the diagnosis, sex or joint of the fibroblasts
in co-culture. Bulk RNA sequencing was performed on RNA isolated from endothelial cells (ECs) co-
cultured with fibroblasts from patients with resolving arthritis (Res), very early rheumatoid arthritis
(VeRA) and RA patients undergoing joint replacement (JRep), or left as mono-cultures, and treated
with TNF-a+IFNy for 24 hours. Sex associated genes were removed, and gene counts from the EC
sequencing data were subject to variance stabilisation transformation (VST) and principal component
analysis (PCA). Pairsplots of the top 5 PCs generated and coloured according to the fibroblast donors

165



(A) diagnosis, (B) sex and (C) and joint location of fibroblasts. Res = resolving, VeRA = very early RA,
JRep = joint replacement, F = female, M = male, MCP = metacarpophalangeal.

5.2.4.2 Differential gene expression of endothelial cells
Differential gene expression was carried out on the RNAseq data from endothethelial cells.

Plots of the gene dispersion estimates looked appropriate, so no prior filtering was carried
out (Figure 5.10A). To assess the validity of the results, histograms of the p values were
generated to visualise their distribution. Whilst DESeq2 applies independent filtering, this
was not applied to the unadjusted p values, therefore genes with lower gene counts were

filtered out (cut-off at a normalised count =<5 in 3 samples or more) for this.

The shape of p-value histogram can give an indication of how the data are behaving and
whether the null hypothesis should be accepted, prior to multiple comparison testing (331,
332). Figure 5.9 shows examples of the different shapes that may occur and a brief
description of what these may mean is given below. Figure 5.9A shows an anti-conservative
distribution, with a large proportion of P values <0.05. In this case the null hypothesis should
be rejected as there are a high number of statistically significant differences (coloured blue).
Notably, there is also a uniform distribution of P values (coloured pink) across the bottom,
which fall under the null hypothesis. This is due to the nature of statistical testing, where
there is always a 5% chance of being <0.05, and 10% chance of being <0.1 and so on. As
some genes that fit the null hypothesis will also, by chance, have a P value of <0.05 (the pink
with P<0.05), false detection rate (FDR) correction is required to remove as many of these
falsely significant results as possible (331, 332). On the other hand, a fully uniform
distribution (Figure 5.9B) with no peak at <0.05, suggests the null hypothesis should be

accepted. At most only a small percentage are not null, and accepting the uncorrected p
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values < 0.05 would give a large number of false discoveries (331, 332). Bimodal distribution
(Figure 5.9C), has a large number of p values both close to 1 and close to 0 (331, 332). Within
RNA-sequencing this is may be caused by low or no gene counts, that when assessed for
differential expression are reported as 1 (331, 332). Therefore, filtering out of these genes
prior to differential gene expression analysis is required, before applying multiple correction
or false detection rates. Finally, there may be a conservative distribution, which suggests the
wrong test is being used, for instance the test is for normally distributed data, but the data
are non-parametric (Figure 5.9C). In RNA-Seq, it may also be the case that it is uniformly

distributed data, combined with low gene counts causing a high number of p values close to

The p value histograms of the DEGs in endothelial cells had a uniform distribution (Figure
5.10B-D) which suggests that there are no or very few significantly different genes and that
the null hypothesis should be accepted (331, 332). Volcano plots (Figure 5.10E-G) of the
differentially expressed genes (DEGs) that were statistically significant (listed in Table 5.2)
support this, with only 11 DEGs comparing “JRep vs Res”, 6 in “VeRA vs Res” and 1 in “VeRA
vs JRep”. Plotting of these DEGs as a heatmap (Figure 5.11A) did show clustering of ECs
according to Res vs JRep/VeRA, however the heatmap and the counts plots of the genes
(Figure 5.11B) indicate these may be caused by outliers, i.e. ECs co-cultured with the RA02

fibroblast.

Pathway analysis with g Profiler of the DEGs that were identified (Figure 5.12) suggests BMP

binding could be involved, due to the differential expression of cartilage oligomeric matrix
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protein (COMP) and gremlin 2 (GREM2). However, as so few genes were identified these

results must be viewed with caution.

A Anti-conservative B Uniform

Truth

Null
Alternative

count
count

P-values P-values

C Bimodal D Conservative

count
count

P-values P-values

Figure 5.9: Examples of p value histogram distributions. Shape variations of the histograms include:
(A) Anti-conservative distribution, coloured pink are the null hypotheses and in blue are the
alternative hypotheses, (B) Uniform distribution, (C) Bimodal distribution and (D) Conservative
distribution. Images taken from (331).
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Figure 5.10: There are very few significantly differentially expressed genes between endothelial
cells according to diagnosis of fibroblasts in co-culture. Bulk RNA sequencing was performed on RNA
isolated from endothelial cells (ECs) co-cultured with fibroblasts from patients with resolving arthritis
(Res), very early rheumatoid arthritis (VeRA) and RA patients undergoing joint replacement (JRep), or
left as mono-cultures, and treated with TNF-a+IFNy for 24 hours. Differential gene expression was
performed with DEseq2 on the gene counts with sex genes removed and compared according to the
diagnosis of fibroblasts in culture with ECs. (A) Dispersion estimates from DESeq2 and comparisons of
(B and E) JRep vs Res, (C and F) VeRA vs Res (D and G) VeRA vs JRep. (B-D) P value histograms, with
filtered out genes where there are less than 3 samples with normalized counts greater than or equal
to 5. (E-G) Volcano plots of the comparisons, on the x axis the “ashr” shrunk Log2foldchange and on
the y the —log10 adjusted p value. Significantly different gene expression shown in red.
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Table 5.2: List of the significantly differentially expressed genes in endothelial cells with no filtering of genes.

JRep vs Res VeRA vs Res VeRA vs JRep

Ensemble ID Gene name | Log2FC Pvalue Padj Log2FC Pvalue Padj Log2FC Pvalue Padj
ENSG00000105664 COMP 8.26 4.65E-06 0.0186 - - - - - -
ENSG00000165694 FRMD7 16.17 5.24E-06 0.0186 15.96 7.12E-06  0.0459 - - -
ENSG00000133055 MYBPH 16.37 7.24E-08 0.0005 15.57 3.47E-07 0.0034 - - -
ENSG00000248491 AC093772.1 | 17.04 5.77E-06 0.0186 - - - - - -
ENSG00000227158 AC073621.1 | 17.05 5.60E-06 0.0186 17.15 4.85E-06 0.0375 - - -
ENSG00000203435 E2F3P2 17.89 1.83E-06 0.0088 - - - - - -
ENSG00000236427 AL589986.2 | 20.29 6.74E-08 0.0005 20.96 2.31E-08 0.0003 - - -
ENSG00000223727 AC034195.1 | 21.15 1.83E-08 0.0002 21.93 5.02E-09 9.69E-05 | - - -
ENSG00000181195 PENK 22.31 2.54E-09 3.27E-05 | - - - - - -
ENSG00000180785 OR51E1 22.59 1.59E-09 3.08E-05 | - - - - - -
ENSG00000180875 GREM?2 23.17 5.74E-10 2.22E-05 | - - - - - -
ENSG00000206989 SNORDG63 - - - -29.30 5.54E-21 2.14E-16 | -25.72 4.03E-16 1.56E-11

Log 2FC = Log2 fold change; P value = unadjusted P value; P adj = adjusted P value; Res = resolving arthritis; VeRA = very early rheumatoid arthritis;
JRep = RA patients undergoing joint replacement.
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Figure 5.11: Differentially expressed genes between endothelial cells according to diagnosis of
fibroblasts in co-culture appear to be largely driven by outliers. Bulk RNA sequencing was
performed on RNA isolated from endothelial cells (ECs) co-cultured with fibroblasts from patients
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with resolving arthritis (Res), very early rheumatoid arthritis (VeRA) and RA patients undergoing joint
replacement (JRep), or left as mono-cultures, and treated with TNF-a+IFNy for 24 hours. Differential

gene expression was performed with DEseq2 on the gene counts with sex genes removed of

endothelial cells (ECs) to assess differences dependent on the diagnosis of fibroblasts in co-culture.

The differentially expressed genes discovered were plotted as (A) a heatmap of the variance
stabilising transformed counts, with hierarchal clustering on the columns and rows, and the bar

coloured at the top according to fibroblast diagnosis and endothelial cell donor, and (B) normalised

counts plots of the genes, with diagnosis of the x axis and gene counts on the y axis. Coloured
according to the diagnosis of fibroblasts in co-culture; Res = resolving (red), VeRA = very early RA

(green), JRep = joint replacement (blue).
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Figure 5.12: Bone morphogenetic protein (BMP) signalling may play role in differences between
endothelial cells dependent on co-cultured fibroblasts. Bulk RNA sequencing was performed on RNA
isolated from endothelial cells (ECs) co-cultured with fibroblasts from patients with resolving arthritis
(Res), very early rheumatoid arthritis (VeRA) and RA patients undergoing joint replacement (JRep)
and treated with TNF-a+IFNy for 24 hours. Differential gene expression was performed with DEseq2
on the gene counts of endothelial cells (ECs) with sex genes removed. The differential expressed
genes. (A) Overview of results from pathway analysis and (B) Genes associated with each pathway
from pathway analysis. Colours indicate where evidence for the gene in that pathway was obtained.
Black = KEGG, Blue = electronic annotation, Orange = Biological aspect of ancestor. BMP = Bone
morphogenetic protein. MED = multiple epiphyseal dysplasia.
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5.2.4.3 Batch corrected endothelial cell analysis
Due to the very large effect of EC donor and/or batch (as the samples for each EC donor

were prepared at separate times), limma batch correction was applied to the variance
stabilizing transformed (VST) data. In the PCA, this removed the clustering according to EC
donor (Figure 5.13A), and appeared to allow ECs to cluster, subtly, according to diagnosis
(Figure 5.13B). However, counts plots (Figure 5.13B) of the genes contributing to differences
identified in the biplot suggest the differences may be attributed to outliers (i.e.,
EC_RAO02_Res at top of PCA, Figure 5.13A and B). Similarly, a heatmap of the top 100 variably
expressed genes (Figure 5.14) showed some clustering by diagnosis, in particular of the JRep

samples. This appeared to be largely driven by differences in mitochondrial gene expression.

Although the limma batch corrected data showed some potential effects of diagnosis, this
batch correction did not change the original counts, therefore differential expression
analysis could not be performed. In order to do this, ComBat-Seq batch correction was
applied. For this, 3 replicates per batch were needed, therefore EC2016 (which had 1 missing
sample, and 1 excluded in the QC) was removed from the analysis. PCA coloured according
to batch showed no clustering batch indicating the EC donor/batch effect was removed,
Figure 5.15A, and similar to the limma batch corrected samples they separated slightly
according to the diagnosis of fibroblasts in culture (Figure 5.15B), with similar genes to the
previous batch correction contributing to the principal components (TGFBI, IGFBP5, TNFAIP6
and COL6A). However, similarly to the limma corrected data, counts plots of the batch-
corrected genes indicated that the separation may be driven by outliers, Figure 5.15C.

Likewise, a heatmap of the top 100 variably expressed genes showed some clustering
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according to diagnosis with ECs cultured with fibroblasts from JRep patients on the left
(Figure 5.16). Again, this was driven by high mitochondrial gene expression in these JRep

samples.

Differential gene expression was performed with DESeq2, and, showed the expected
dispersion estimate, Figure 5.17A. The p value histograms (with lowly expressed genes
removed) showed a conservative histogram (Figure 5.17B-D), with a large number of null p
values. However, despite the higher number of significantly different genes, none had an
absolute LogFC > 1, Figure 5.17E-G, suggesting no significantly large differences between

treatment groups.
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Figure 5.13: Limma batch corrected endothelial cell data showed some clustering according to diagnosis. Bulk RNA sequencing was performed on
RNA isolated from endothelial cells (ECs) co-cultured with fibroblasts from patients with resolving arthritis (Res), very early rheumatoid arthritis
(VeRA) and RA patients undergoing joint replacement (JRep) and treated with TNF-a+IFNy for 24 hours. Differential gene expression was performed
with DEseq2 on the gene counts of endothelial cells (ECs) with sex genes removed. Limma batch correction was performed on the variance
stabilisation transformed (VST) data from the DEseq2 object and principal component analysis (PCA) performed. (A-B) PC1 and PC2 were plotted and
coloured according to (A) EC donor and labelled according to the fibroblast donor in culture and (B) diagnosis of fibroblasts in culture, with diagnosis
as group encircled and genes contributing to PC loadings shown with arrow. Genes that appeared to contribute to the PC loading were then plotted as
(C) counts plots. Res = resolving, VeRA = very early RA, JRep = joint replacement. Res = resolving (red), VeRA = very early RA (green), JRep = joint
replacement (blue).
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Figure 5.14: Limma corrected endothelial cells do not cluster by donor. Bulk RNA sequencing was
performed on RNA isolated from endothelial cells (ECs) co-cultured with fibroblasts from patients
with resolving arthritis (Res), very early rheumatoid arthritis (VeRA) and RA patients undergoing joint
replacement (JRep) and treated with TNF-a+IFNy for 24 hours. Gene counts of the ECs, with sex
genes removed, was subject to differential expression with DESeq2 and variance stabilisation
transformation (VST). Limma batch correction was performed on the VST data from the DEseq2
object and the top 100 most variably expressed genes plotted as a heatmap, with hierarchical
clustering on the columns and rows. Coloured bar at the top indicates the sex, and diagnosis of
fibroblast donor as well as joint of origin and sex and donor of endothelial cell. Res = resolving, VeRA
= very early RA, JRep = joint replacement, F = female, M = male, MCP = metacarpophalangeal.
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Figure 5.15: ComBat-Seq batch corrected endothelial cell data showed no clustering with donor and some clustering according to diagnosis. Bulk
RNA sequencing was performed on RNA isolated from endothelial cells (ECs) donors co-cultured with fibroblasts from patients with resolving arthritis
(Res), very early rheumatoid arthritis (VeRA) and RA patients undergoing joint replacement (JRep) and treated with TNF-a+IFNy for 24 hours. ComBat-

Seq batch correction was applied to the gene counts of the ECs, with sex genes removed. Principal component analysis of the variance stabilising
transformed (VST) data was performed. (A-B) PCs 1 and 2 were plotted and coloured according to (A) EC donor and (B) diagnosis of fibroblasts in
culture, with diagnosis as group encircled and genes contributing to PC loadings shown with arrows. Genes that appeared to contribute to the PC

loading were then plotted as (C) counts plots, where the x axis is diagnosis and the y axis gene counts. Res = resolving, VeRA = very early RA, JRep =

joint replacement.
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