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Abstract

Diagnosis and clinical management of Rheumatoid Arthritis (RA) have impsmreficantly over

the last three decadelsowever,not all patients respond successfully to treatment and currently a
cure for RA remains elusiv€hronic inflammation is a key feature of RA and if left untreated or
improperly managed,an lead tairreverdble joint damageUnderstanding the immune
dysregulation which occurs in RA is central to improving existing approaches for managing RA.
Extensive research directed towards immunophenotyping and functional analysis of immune cell
subsets in RA haw®ntributed to our current understanding of R#ut the impact of these findings
have been restricted by existing technologythis study, deep immunophenotyping was performed
usingmass cytometry which is a novel multiparameter, haiimensional single cell édnology to
comprehensively interrogate immune cell subsets present in peripheral blood and synovial fluid
from patients with RA using a 37 protein marker panel.

This study set out to investigaterd main aimsthe firstof which was teevaluate whethemass

cytometry was a suitable technology that could be adopted for large patient cohort
immunophenotyping studies which prior to the commencement of this sthdgnot been

reported. Significant effort was invested fprotocol validation and optimisatioand inaddition,

with support from UCB Pharma, an automated bioinformatics pipeline was developed to analyse the
data without the limitations of traditional gating approaches. The secondvaasito assess whether
mass cytometry could detect immune cellgudations which associated with disease stage

immune signaturesvhich are specific to thiocal joint microenvironmenin RA

10 palladium isotope taggedarcoded batchegvere preparedandan internalbatch controlwas

includedto compareconsistency of staininddata preprocessingteps were applietb obtain a

single cell populatioand discovery hypothesis driven analysis was perforthemlgh R Studio

using a published pipeline called Diffcyt which assessed immune cell popukatioss different
conditions and between samples.

Diffcyt analysisevealed thatdecreasegercentage changan innate cell populationsare evident

early on in RA compared to healthy donddifferential expression analysis revealed that both

innateand T cell subsets in RA peripheral blood have an activated phenotype characterised by CD27,
CD38, CD28 andlLADRsuggestinghe beginning of a hyper chronic inflammatory environment.

In addition, analysis of immune cell populations in synovial fluithéun corroborated reports of
pathologically expanded memory CD4ellpopulatiors present in RA synovial flumbmpared to
peripheral blood. Furthermore, a specific CD8 NK cell immunophenotype was detected in RA
synovial fluid suggesting a potential ratecrosstalk between innate and adaptive immunity.

This research has demonstrated that mass cytometry can be used to comprehensively interrogate
the immune landscape in large patient cohaatsd using the methodology described here
successfully identifies cell populations that support findings predyaeported by other
researchergiving confidence in the data obtaineég mass cytometry. It is hoped th#te

methodology for analysing higiimensional cytometry data will providetemplate for future

analysis of either this dataset or new datasets and that the cell populations identified here will
inform further investigation in RA.
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Chapter lintroduction

1.1 Rheumatoid Arthritis

Rheumatoid Arthritis (RA) is a chronic, debilitating inflammatory disease which primarily targets the
small joints in the hands and feet and has a preponderance towards females at a ratid.oftg1

age of oset for RA is usually between the-80 years, however, this does not preclude earlier or
later onset outside of this range

The presence of autoantibodies provides the single most compelling evidence tiaaRA
autoimmune disease with two classes of autoantibodies identified in individuals with RA,;
Rheumatoid Factors (RF) and asitrullinated peptide autoantibodies (ACPAS) which target the Fc
(fragment crystallizable region) portion of IgG (immunoglab@) antibodies.

In 1940, Waaler was the first to report the occurrence of RF in RA setaaler obtained serum

from patients with RA, and observed that RA serum inhibited haemolysis of sheep red cells and
caused the cells to agglutinateThe activating component in the serum was later identified as RF
which targets the Fc portion of immunoglobulihg-urther work subsequently showed that RF are
produced by B cells and form immune complexes typically IgM anddgpes that bind Fc

fragments of IgG. RF are present in8¥o of patients with RA, however, RF has been identified in
other diseass including systemic lupus erythematosus (SLE) and mixed connective tissue disease in
addition to chronic infection and old age, suggesting that RF are not specifictd-B#hermore, RF
ispresent in healthy individualanda titre of %50 Units/mL is considered specific to RA

Although high RF titres are associated with a poor prognosis in RA, their lack of specificity has left
researchers in RA looking for other autoantibodies that may be implicated in RA pathokgiAs

are present in 3-90% of patients and have a-8%% specificity to RA ACPAs occur by amino acids
undergoing the post translational modification process of citrullinafioAn argiime residue is

replaced by citrulline which is catalysed by the peptidylarginine deiminase (PADI) efizfimes

date, certain citrullinated proteins have been identified as autigers that can form ACPAs
including structural proteins such as type | and Il collagen, fibrin and fibrirfogen

Autoantibodies are important in their diagnostic and prognosticigand are central to the
classification criteria for identifying RA in patiehté&\CPA specificities and titres in longitudinal
analysis of patients have been detected up to 10 years before symptoms of RA begin to appear and
have shown a significant increase in titre 6 months before the onset stiBgesting that the
pathogenesis directly affects titre levélsPatients who have high titres of autoantibodies have

poorer prognostic outcomes in particular structural damage and joint erosSiddswever, serology

can change during the course of disease for some ptigsuggesting that serology alone cannot be
relied upon to predict the course of RA progressith.

Furthermore, the focus of RA research has returned to the synovium (also known as synovial tissue),
the primary site of joint pathology in RA. The synovium is a soft tissue Viiiatp covers the spaces
across the diarthrodial joints, tendon sheaths and bur€a&he synovium consists of two/ks: the

upper layer known as the intimal lining and the lower layer known as the subintimal lining. In health,
the synovium is a largely acellular structure with-2 &ell layer thick intimal lining consisting of two

cell subtypes: macrophaglike synovocytes and fibroblaslike synoviocytes (FLS) In addition, a

small volume of synovial fluid is present to lubtethe joint. In RA, the synovial lining becomes
inflamed and an infiltration of immune cells can be detected. Recent work has focused on how the
synovium is implicated in RA revealing distinct immune signatures that suggest different pathotypes
exist in R34
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The aim of this chapter is to provide an overview of RA in terms of epidemiology, diagnosis,
treatment and understanding the conceptual frameworks that surround the onset of RA and the
Wwa i 3S a Qrogressioklagfly, twel recent advancements in single cell technologies,
particularly in cytometry, have provided a renewed opportunity to interrogate rpdtameter
protein expression on immune cell populations. The final section of this chapteoeu$ bn mass
cytometry and its applications for immunophenotyping in RA.

1.2 Epidemiology

Most of the epidemiological studies in RA have been conducted in Europe and North America with
prevalence estimated to be between 0.8% in Caucasian individuatsWhilst it is thought that

this percentage remains consistent assathe population worldwide, it should be applied to other
populations with a degree of cautidf In certain populations, the prevalence of RA is much higher
such as in the Pima Indians (5.3%) and Chippewa Indians (6.8%) and the incidence rate is lower in
China and Japan (0.203% respectively) suggesting genetics play a role in the prevabéfos.
Interestingly, some studies have reported that the incidence rate in United States has declined
which can be attributed to improved treatmett?’.

1.3 Clinical manifestation and diagnosis of RA

To date, there is no accurate and consigtdiagnostic test or biomarker which can be used to
diagnoseRA. Instead classification criteria are used by rheumatologists which include clinical
manifestations and serology assays (ACPA and/or RF positive) that inform diagrybkiscyte
sedimentation rate (ESR) and C reactive protein (CRP) are calculated as markers of general
inflammation.RA is regarded as a heterogeneous disease and patients differ in terms of duration of
disease, joints affected, treatment response and pragfic outcomes. Therefore, the classification
ONRGSNAI Aa (G2 0S dzZASR Ay O2yedzyOiAzy gAdK (KS
currently used to guide the diagnosis of RA; the 1987 American College of Rheumatologists (ACR)
and the 20D European League Against Rheumatism (EULAR) which are outlirsaldi-1 18, RA

is currently characterised by soft synovial tissue swelling known as clinical synovitis accompanied by
morning stiffness which lastsnger than 15 minute®. Jants are usually affected in a symmetrical
manner, but it is also possible to observe inflammation in an asymmetrical pattern. Although RA is a
heterogeneous disease, there are distinct features that are specific to RA. This includes the joints
that are involved which are the metacarpophalangeal and proximal interphalangeal joints but not

the distal interphalangeal joints which is commonly associated with osteoarthtifidoreover, RA is

a disease that can be distinguished from other arthritic pathologies due to the irreversiblegdama
caused to the bone and the loss of function as a réult

Tablel-1| Comparison of the 1987 ACR and 2010 EULAR criteria for diagnosihtf.RA
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- 1987 ACR Criteria 2010 EULAR Criteria

Criteria Description Score Description Score

Morning stiffness In and around joints forat least1 hour 1 Clinical synovitis/swellingin at least 1 Notgiven
joint not explained by another disease

Jointinvolvement Physician observed soft tissue swelling 1 1 large joint 0
or fluidin 3 of 14 possible joints 2-10 large joints 1
1-3 small joints (with/out large joints) 2
4-10 small joints (with/out large joints) 3
> 10 joints (atleast 1 small) 5
Arthritis of hand joints At least1 swollen hand orwristarea 1 Not measured Not
measured
Symmetricarthritis Simultaneous bilateral movement 1 Notmeasured Not
measured
Rheumatoid nodules Subcutaneous nodules over bony 1 Not measured Not
protrusions, extensor surfaces, orin measured
juxta articularregions observed by
physician
Serology Positive RF serum test 1 Negative RF and negative ACPA 0
Low positiveRF or ACPA 2
High positive RF or ACPA 3
Radiographicchanges Erosions or unequivocal bony 1 Not measured Not
decalcification in oradjacent to the measured
involved joints but not alike
osteoarthritis
Acute phasereactants CRP and ESR Not Normal CRP and ESR 0
measured Abnormal CRP or ESR 1
Duration of symptoms First4 criteriamust be present forat Not < 6 weeks 0
least6 weeks measured = 6 weeks 1
Criteria score required =4/7 =6/10

Whilst the synovial joint is the primary site of pathology, RA is regarded as a systemic disease with
cardiovascular disease being the most cited cause of death in patfehtaderstanding which

patients are susceptible to developing cardiovascular disease or whether cardiovascular disease
precedes onset of RA is not fully understadthough current research suggests that genetic and
serological factors play a roté Additional comorbidities associated with RA include type Il diabetes
mellitus, obesity and respiratory disea®eMany studies have used the collagen induced arthritis
(CIA) mouse modéo understand RA but it is often argued that this model is not fully representative
of RA due to mice not developing systemic complications as identified in patients with RA

Mental health particularly depression and fatigue has been reported by patients through health
assessment questionnairés The cause of fatige and depression can largely be attributed to the
chronic pain that is associated with RAFurthermore, for some patients the loss of independence
or work due to joint damage or associated comorbidities can affect mentalbeaig?.

The classification criteria are important for guiding thieician when diagnosing RA. However,

research and knowledge about RA have increased significantly since the ACR 1987 and EULAR 2010
guidelines were compiletl The classification criteria is driven by seropositive serology although a
proportion of patients are seronegative which is currently not ideldiin the classification criteria

24 1t has been observed that seronegative patients fare less well in their prognosis compared to
seropositive patient$*. The classification criteria to some extent is tentative in order to prevent a
misdiagnosis, given the treatment for Rins to suppress immunological pathways. As more

research emerges, it is likely that the classification criteria will be updated in order to improve

disease management and thus patient quality of life.

1.4 Risk factors contribute to the development of RA
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1.4.1 Gendic predisposition to RA

It is not fully understood what causes RA although many risk factors have been identified over the
years that have been shown to increase susceptibility of developing RA. However, evidence shows
that RA has a significagenetic component which is estimated to be 60% inheritdbléuman

Leukocyte Antigeg DR isotypgHLADR is the most strongly associated gene with predspon to

RA first observed by Stastny in 1¥78HLADRs a polymorphic gene; the third hypervariable region
DRB1 is known to be important for T cell antigen recognition and the allele®RBA01 and HL-A
DRB*04 are strongly associated with the risk of developing.R&e shared epitope (SE) hypothesis
refers to five amino acids that form a functional unit in the DRB1 region. However, this hypothesis
has evolved since to suggest that whilst the thaseino acids at positions 724, RAA (arginine,

alanine, alanine) remain fixed, the amino acids at positions 70 and 71 can vary thus modulating the
risk of developing RA depending on the sequetiéd DR4 is however polymorphic in the gerlera
population, and present in other autoimmune diseases; it is therefore clear that these
polymorphisms alone are not enough to break peripheral tolerance and initiate the development of
RA.

In addition to theHLADRgene, genome wide association studie3\(&S) with fine mapping have
identified more than a 100 loci as having an association with RA, although a much weaker
correlation in comparison telLADR?°. Peptidyl arginine deiminase RADI4is a member of the

family of enzymes that catalyse the pdstnslational modification rea@n of arginine to citrulline
which results in ACPAs. In a Japanese cohort, single nucleotide polymorphisms formed a haplotype
and further functional studies determined that this haplotype affected stability of the mRNA causing
increased production of citillinated peptides®. Howeverjn 2004 Barton et al. reported th&ADI4
could not be identified in the United Kingdom using a Caucasian cohort however, in 2005,
researchers in Japan reconfirmed the presencBAbl4n a different Japanese cohort suggesting

that it is at least assodiad in Japanese RA patierfs’. PTPN22which encodes a hematopoietic
specific tyrosine phosphase, is a risk allele present in approximately 17% of Caucasian individuals
in the general population rising to 28% in Caucasian RA paffeiitsvas originally identified in type

| diabetes®® but has since been associated with juvenile idiopathic arthritis, psoriatic arthritis,
psoriasis and multiple sclerosis thus implicating it as a strong candidate for autoimmune disease
associatior?*. The gene®RlandNFlAassociate \ith seronegative RA and the gen®BF3CD28

and TNFAIPare attributed to seropositive RA suggesting genes can drive differences in serology
35,36

1.4.2 Epigenetics

Genetic cues alone cannot explain the aetiology of RA and environmental triggers are thought to
combine with agenetic predisposition and lead to the onset of RA. Epigenetics is the process by
which heritable phenotypic changes can occur without affecting the DNA sequence. There are many
types of epigenetic mechanisms, DNA methylation being the most common, tymbakerved using

RA peripheral blood comparing to healthy or disease controls. Numerous cell types are known to
have aberrant methylation patterns including B cells, T cells and monocytes. Various genes have
been identified as either hypermethylated suabCTLA4 or hypomethylated such &soxP3n T

regulatory cells from RA patient§®

microRNAs (miRNAs) have been identified to influence gene regulation by either repressing
translation or degrading mRNA. miRllld6a and miRNAS5 are thebest characterised in terms of
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RA with elevated levels of both having been observed in peripheral blood and synoviaf¥slie
remains unclear whether aberrant miRNA expression is a result of RA or whether dysregulation leads
to the onset of RA pathogenesis, however, this along with epigenetic modulation could be harnessed
as botha biomarker and a therapeutic intervention.

1.4.3 Smoking

Susceptibility to RA cannot be entirely explained by genetic factors and it is thought that 40% of risk
factors can be attributed to environmental influence of which smoking is one of the leading causes
Individuals who have a long history of smoking 20 pack cigarettes a day are at a greater risk of
developing RA compared to those who do not smk®uration, in terms of number of years an
individual had smoked had agher association with risk of RA than number of cigarettes sméked

In addition, individuals who smoke are shown to have #dkf increase in the shared epitope and

are typically RF positive compared to remokers. Moreover, smoking is thought to increase the

risk of ACPA# these patients who have the shared epitdfieSmoking is thought to be associated
with poor increases pulmonary infectioagad disrupt the microbiota composition.

Smoking has long been associated with early mortality in the general population and smoking is
associated with a poorer prognostic outcome in RA. Patients who cease smoking show remarkable
improvement in their lipil profile and cardiovascular health and lower disease acfitity

Intriguingly it has been observed that the ntwbacco component of cigarettes has been associated
with the risk of R and not the tobacco component suggesting that other particulates within
cigarettes are responsible. Interestingly, studies have looked at particulate exposure Hnelaigd
environments with findings from a study in Sweden showed that men who haddgmsed to

silica were at a twofold increased risk of developing RA compared to men who had not been
exposed®. Furthermore, a threefold increased risk to RA was observed in men whose occupation
involved stone crushing or rock drillifity However, smoking could not be discounted as a
confounding factor in this study as some of the individuals were current smokers or had smoked in
the past. In a separate study conducted in Malaysia, a-gengonment inteaction between HLA
DRB1 SE and textile dust exposure increased risk of RA inpa€ifve and ACRAegative women

who had never smoketf. The authors of this study go on to speculate that textile dust could have a
general immune activating role compared to both silical amoking due to presence in ACPA
negative patients as weff.

It has been noted that data regarding the role of smoking in RA can be conflicted suggesting that
whilst smoking is thought to be implicated in RA, it cannot be concluded that smoking is solely
responsible ér increasing the risk of RA Further work elucidating the mechanistic process
between particulate exposure and the increased risk of RA woulddengal to confirm clinical
observations. For now, it is clear however, that smoking combined with genetic and other
environmental factorganenhance the risk of RA.

1.4.4 Gender

Females are at a threefold increasgskof developing RA. This in part is @tivby hormones, in
particular oestrogen which is thought to have the ability to immunomodulate the immune system
although thishas been disputed by other researchers within the fi€ldVomen who have not given
birth are at a greater risk of developing RA compared to womlkea have given birtlalthough this

is not definitely proverf.
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1.4.5 The microbiome

The gut and oral microbiome have been implicated in RA pathogenesis and appear different when
compared to norRA individual&’. It is thought that the beginning stages of RA are proinflammatory
andthat microbiota may influence this environment by interacting with immune cells and further
promoting immune dysregulatiott. Evidence identifying IgA immune complexes in the circulation
and synovial fluid of patients pnoote the hypothesis that RA may be of mucosal origin or at the
very least mucosal sites contribute to RA patholergfo date, two main species of bacteria have
been associated with microbiota dysbiosis in patients with RA. The first of thesevistellacopri

which is increased in new onset RA patients compared to patieith established RA. In addition,

the oral microbiome has been associated with RA pathogenesis. Patients with RA who had
periodontal disease revealed oral microbiome dysbiosis which when treated alleviated RA symptoms
%3, Porphyromonas gingivallsas provided a mechanistic link between the oral microbiome and
citrullination of peptides ultimately leading to autoantibody production and synovial inflammation.
Further evidence suggests thHabrphyromonas gingivalgan also manipulate the TLR2 pathway
compromising its ability to clear bacteria.

1.4.6 Lifestyle

Some lifestyle factors have shown to increase the risk of developing RA. Obesity has shown a modest
association with predisposition to RA with an odds ratio of 1.45 in individuals with a body mass index
over30kg/m>® [ 26 SNJ a20A2S8S02y2YA0 aidl ddza +FyR YI ydz €
predisposition to RA. Conversely, moderate consumption of alcohol has been associated with
lowering the risk of develdpg RA®. Furthermore, moderate consumption of alcohol is associated

with lowering disease severity in RA

As can be observed, there are mankifiactors that have been associated with increasing
susceptibility to RA reflecting the heterogeneity of the disease. It is unlikely that an individual with
RA would be predisposed to all the risk factors neither is it likely that one risk factor is solely
responsible for RA. The lack of mechanisticliesshowing how these factors cause disease make it
difficult to prevent RA. However, understanding the aetiopathogenesis of RA and the associated risk
factors remains an active research interest.

1.5 Immune dysregulation in active RA

The transition from a preclinical state to clinical synovitis comprises of numerous immunological
pathways that become dysregulaté?l It is apparent that the presence of autoantibodies alone do
y2i NB&adzZ G Ay w! | yR (KSNBT2 NBbeehinbeh oagit®@Steli 2 F
identify the mechanism by which the pathology manifé$tdt has been hypothesised that the
secondhit comprises of a combination of vascular, netegulatory, microtrauma or transient
infection-dependent pathways®. This change in the vasculature allows for immune complexes to
bind to Fc receptors withirhie synovium and an immune cascade to ensue including synovial innate
cells to release vasoactive mediators and increase antibody activity within thé§oidditionally,
inflammatory events within the joint can be exacerbated by complement activatiodjkell

receptor engagement and osteasitogenesig®. This coupled with the production of

proinflammatory chemokines and cytokines result in clinical synovitis. Clinical synovitis during the
pre-RA phase is initially not obvious however, as symptoms of RA clinically manifest, it is apparent
that normal synweial lining layer thickness is altered frorBZells thickness to 102 cells depth
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mainly consisting of macrophages and fibrobliéet synoviocytes’. However, the complexity of the
immune dysregulation that occurs in RA is becoming better characterised with increasesg &
biological material including synovial tissue biopsies allowing for a more robust interrogation of the
immune infiltrate®®. The following sections aim to summarise the contribution of cellular and

cytokine biology which contribute to RA pathogenesis and is well characterised in patients who have
active RA.

1.5.1 Cytokines in RA

It is evident that cytokines actively contribute to RA pathogenesis and play an important role in
inflammation, articular destruction and comorbidities associated witt' RAf these, TNF inhibition
has been regarded as one of the biggest treatment succésdRa. The importance of TNF in RA
was demonstrated in 1989, by elegant in vitro cell culture experiments in which disaggregated RA
synovial mononuclear cell cultures, along witkH |ULI-6, GMCSF and 48 were spontaneously and
chronically produced ovex 5 day culture perioff. Intriguingly, when TNF production was inhibited
in vitro, it was discovered that spontaneous production ef fraein andIL-1BmRNA expression
also reduced®. The importance of TNF inhibition has been further identified to reduce the
expression of GMCSFIL-6 and IE8 %152 TNF is regarded as one of the most successful treatment
blockades in RA and is also used to treat other chronic inflammatory arthritis morgdincluding
juvenile arthritis, psoriatic arthritis and ankylosing spondyloarthfitis

The discovery and effectiveness of TNF blockade has led to additional cytokines within the TNF
superfamily béng identified including B lymphocyte stimulator (BLyS) and a proliferatiduncing
ligand (APRIE. BLyS promotes the survival and differentiation of B cells and is produced by
numerous cell types including stromal cells, B cells, activated T cells, stimulated neutrophils,
monocytes, macrophages and plasmacytoid dendritic éelWhilst BLyS can act alone its
bioavailability is limited however, together with APRIL, they can maintain the activation of B cells
and thus promote autoimmune disea&e Increased levels of BLyS have been observed in serum,
synovial fluid and saliva in RA and have been associated with severity of disease which improves
upon inhibition with Belimumab, a drug which inhibits B#y/S

The RANKIRgceptor activator of nuclear factér.  f )ARANKyo&eoprotegrin pathway that is
connected between bone resorption and bone formatibnRANKL is a membef the TNF
superfamily and combined with M SF can form osteoclasts. Expression of RANKL is regulated by
TNF and modulated by osteoprotegfin In a clinical trial study conducted in Japan, it was observed
that denosumab whils inhibits RANKL, was capable of suppressing bone erosion and bone loss in
patients with RA with or without concomitant osteoporo&is

In addition to TNF, inhibition of-B.is regarded as a successful therapeutic target and tocilizumab is
widely used in the clinic to treat patients with RA, in particular those patients who have not
responded well to NIF treatment®. In the early 1990s, in vitro cell culture experiments revealed
that IL.-6 might be involved in osteoporosis, cartilage destruction and synovial inflammation

assodated with RA and animal models showed tha6 linhibition was effective in preventing RA
70,71

IL-6 activates cells via a signalling mechanism that requires two receptor compone®is, dhd
glycoprotein 130 which together form a hexameric complex which induces signal transdictien

6 can signal through two different pathways, classical signalling, or-signalling. Classical

signalling occurs by-B binding to its membran®ound receptor ic wh g K S NSgnalling NI y &
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binds to circulating solubledt wh ¢ KA OK (i 2ahplex kigh gl/copeoteds 136. IL6R A &
expressed on only a feeell types including hepatocytes, monocyte, macrophages neutrophils and
some T cell subseté Activation of the receptor complex occurs by phosphorylation of JAK 1 and 2
and tyrosine kinase 2 which can be therapeutically targeted however, in RA the receptgeigda

as the concentration is less variable across patients thus simplifying dose ré§imes

A multitude of predominantly proinflammatory cytokines have been discovered tleat@pable of
joint destruction. These include-IL(and members of 4L superfamily including 41", 1L-1 , 1L-18
and 11:33), 17, 11:12, 11:17, 1118, 11:21, 11:23 and IE32 74, Thee are antiinflammatory cytokines
that have been associated with RA pathology includiag I11-:10, 1-:13 and IE35 but their role in RA
is less prominent in comparison to proinflammatory cytokiffes

1.5.2 Bcells

Adaptive and innate immune cells are both implicated in RA pathogenesis. The most studied
immune cell populations are B and T cells due to their association with autoantibody production.

B cells are important in RA due to their ability to produce phygichldly important proteins

including RF, ACPAs and proinflammatory cytokines (THFI4L2, 11-:23 and IE1) and their ability

to activate T cells through estimulatory molecule$®. Under normal conditions, autoreactive B cells
areeliminated by immune checkpoint mechanisms which are stationed throughout the B cell
development stages predominantly during the early immature to immature B cells in the bone
marrow (central tolerance), or before B cells become mature naive B cells petiphery

(peripheral tolerance}®’® Despite thesémmune checkpoints, it is estimated that 20% of the
antibodies produced by mature naive B cells entering the periphery are autoreactive and shown to
be even higher in RA patients’® It was also observed that some clones of mature naive B cells
displayed reactivity to citilinated peptides and immunoglobulins in RA suggesting aberrant
processes within the tolerance mechanisms thought to be attributed to the genetic predisposing
gene PTPN22 which may exert its influence on the B cell activation threéfibldutoreactive B

cells are ao capable of pathologically contributing to immune dysfunction, inflammation and bone
damagée®.

B cells also contribute to the formation of ectopic lymphble structures (ELS) which are observed

to develop in the synovial membrane in approximately 25% of patients wifd./EAS show a high
degree of cellular organization which resemble structures similar to those observed in lymph nodes
and are composed of distinct T and B cell areas which show a diffused or aggregated composition
and a network of follicularehdritic cell$2. Evidence suggests that ELS are capable of inducing B cell
somatic hypermutation and class switch recombination in the local synovial environment by the
presene of the enzyme activatiecimduced cytidine deaminase and ACPA positive plasmé&ftells

This evidence further suggests that B cells are able to deviate from the norm and bypass trafficking
to the lymph nodes to differefdte into antibody secreting cells thus expediting the production of
autoantibodies locally. The proximity of B and T cells in ELS suggest that they can communicate with
one another closely meaning that these B cells can present autoantigen to T celitsg [#aT cell
activation, proliferation and proinflammatory cytokine production indicating that these structures
can selfperpetuate autoimmunity?.

1.5.3 T cells
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Evidence that T cells are central to RA pathogenesis first emerged in thevil®8@sincreased

numbers of activated T ceNgere observed in the peripheral blood, synovial membrane and synovial
fluid 8384 It is evident that CD4+ T cells play a key role in RA pathogenesis highlighted by the fact that
the RA genetic risk HLBR loci preferentiaff map to enhancers and promoters which are active in
CD4+ T cell subsets. There are numerous subsets of CD4+ T cell subsets distinguished by their
differential capacity to produce cytokinés At the simplest level, CD4+ T cells can be divided into

two subsets known as T helper 1 (Th1) and T helper 2 (Th2). Th1l cells are important in the defence
against intracellular pathogens asdcrete IFN, TNF and {2 whereas Th2 cells mediate against
parasitic infections such as helminths and secret¢ #nd 15 8. Akthough this is a simplistic
classification, it is apparent that THike CD4+ T cells are more abundant in RA than Th2 CD4+ T cells
as evidenced by the detection of a significant increase in ¢teENs in RA synovial fluid that was not
observed in periphea blood®®. Furthermore, the same study also noted tha#ltells did not

change between the synovial fluid and peripheral blood which further supported the skewing
towards a Th1 phenotype within RA Effector functions of Th1 CD4+ T cells in RA are thought to be
involved in macrophage activation and B cell isotype switching.

The Thl and Th2 paradigm has evolved with additional subsets of CD4s-haeelbeen

characterised. H17 is a proinflammatory cytokine which was identified as a product of activated T

cells leading to the coining of Th17 céllsTh17 were shown to be distinct from the Th1/2 paradigm

as identified by the lineagspecific transcription factors ROIRCD4+ T cells secretiligl7 were

detected in the RA synovium in 1999 although at the time, the term Th17 cells had not been coined

a2 o6l a GSNXYSR | a 0SAy 3% ILINBEGUIONS Bellsacén sthhal@tey SQ ¢ Km  O8
epithelial, endothelial and fibroblast cells to produce proinflammaigytokines including {8, 11-8

and GMCSF and also play a role in recruiting neutrophils as evidenced in RA synowial fluid

Regulatory T cells (Tregs) are specidliS®4+ T cells which are capable of modulating the immune
response to environmental pathogens and suppressing inappropriate immune responses to self
antigens. Tregs were first characterised by Sakaguchi et al. as CD4+ CD25+ and further distinguished
by thetranscription FoxP¥. Evidence of Treg involvement in RA initially came from studies in mice
where depletion of CD4+CD25+ T cells showed a more severe affraitis conversely when
CD4+CD25+ T cells were adoptively transferred into the joint of mice, this decelerated disease
progressiorf2.Tregs numbers in RA peripheral blood is inconsistent with some reports stating that
Tregs are elevated and other reports suggesting that they are diminished although in RA synovial
fluid there is a general consensus that Tregs are eleVitdde role of Tregs in RA is still under
investigation and whether increasing their numbers in the joint would alleviate inflammation and
promote selftolerance has yet to be definitively shown in clinical trials.

In recent years, single cell immunophenotyping of T cells have revealed novel subsets of CD4 T cells
which pathologically contribute to RA will be discussed later on.

1.5.4 Monocytes and macrophages

At present, it is widely accepted that there are three subsd# human monocytes present in

peripheral circulation known as classical (CD14+gDhérmediate (CD14+CD16+) and fion

classical (CD1@D16+%4. Within RA, it is the intermediate subset which is observed to be at a higher
frequency when compared to health and correlated with reduced response to methotr&x&te

It was previously thought that all circulating monocytes gave rise to tissue macropHalyebght of
elegant fatemapping lineage studies performed in mouse embryos, the relationship between
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monocytes and macrophages is more complex than initially thotigfithese studies have shown
that tissueresident macrophages are seeded from embryonic precurseisgrise to tissue specific
macrophages where in adulthood macrophages can undergaesgdfval although it is uncertain
whether this happens in the synoviuth Macrophages are phagocytic cells which are capable of
antigen presentation, T cell activation and cytokine production. Broadly, human macrophages can be
divided into two subsets known as ct&sally activated (M1) and alternatively activated (M2)
macrophages although it is known that macrophages are dynamic and capable of responding to
environmental stimuli meaning that they can fluctuate between M1 and M2 sfitéd1

macrophage differentiation is driven by proinflammatoryaiyines GMCSF, TNF and IFahd are
present in the synovial sublining layer which positively correlate with disease attivisyctivated

M1 macrophages are prolific producers of effector cywelsi including TNF,-ILand IE6 contributing
to the chronic inflammatory environment within the joint and the ability to recruit more cells into
the synovium'®., M2 macrophage differentiation is driven bydland It13 and is thought to have

an anttinflammatory function characterised by its production ofl.and TG¥. There is no clear
evidence to suggest that there is a presence of MM@rmacrophage phenotype in the joint
however, abundant levels of TNF andLlare found in the joint whereas-IlO is relatively

diminished in the joint®.

1.5.5 Innate and nonimmune cell populations in RA pathology

In addition to the above immune cell subsets which are implicated in RA, considerable evidence is
emergingthat innate immune cell populations are implicated in RA pathogenesis including dendritic
cells (DCs), neutrophils and natural killer (NK cEfsThe concept of innate immunity is evolving

and it is becoming increasingly evident that the binary distinction of adaptive and innate immune
cell populations is a reductionist approat® Innate immune cell populations are longared than
previously thought®, capable of memor}’®and also capable of immunoregulatory functions as

well as proinflammatory function¥”. In RA, innate cell populations are known to contribute to the
excess inflammation and are capable of producing proinflammatory cytokines however, they have
not been as extensively studied as their adaptive immunity counterparts, although shiartheir
pathologic contribute is increasing. In the subsequent chapters, the role of innate cell populations in
RA will be elaborated upon in the context of their contribution to RA pathology.

FLSare not immune cells however, interact closely with@tlimmune cell populations. In RA, FLS
and macrophagdike synoviocytes are the two cell subsets that are present in the synovial intimal
lining 1%8. The synovial intimal lining sits on a delicate network of connective tissue which contains
fibroblasts along with blood vessels and macrophdg§egst is evident that within the rheumatoid
joint, the number of FLS increases considerably contributing to the formation of the pannus, which is
anabnormal layer of fibrovascular tissue within the synovial lintAgRA FLS are able to expand

the joint in response to the proinflammatory cytokines produced by immune cells and infrequent
apoptosist®. FLS are capable of undergoing epigenetic reprogramming particularly by DNA
methylation and it is thought that this process contributes to their pathological function f%RA
Fibroblasts will be reviewed in more detail further on in sectibr@s2and 1.8.30f this chapter and

in subsequent chapters their phenotypic subsets will be further embellished upon.

Finally osteoclasts are cells which play a key role in maintaining skeletal homeostsgiposting
steadystate bone remodelling in the bone marrd¥. Osteoclastare multinucleated cells derived
from a myeloid lineage and are capable of differentiation in response to environmental cues and
stimulation from MCSF, RANKL and osteoprotedfinin RA pathology, osteoclasts are capable of
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causing bone erosion through a combination of specific enzymes and an ATPase proton pump that
enables dgradation of bone matrix and solubilize calcitith During RA pathology, osteoclasts are
found in the pannus of the synovial intimal lining and link joint inflammation and structural damage
by resorbing mineralised tissue adjacent to the joint resulting in tissue destrutifon

1.6 Treatment inRA

At present, methotrexate remains the cornerstone of RA treatniéhtMethotrexate is most
effective when prescribed at the earliest opportunity of disease however, compliance to
methotrexate can diminish over time as patients experience adverse side effécts

Both treatment options and treatment strategy in RA have evolved considerably over the last 30
years. Initially disease modifying anti rheumatic drugs (DMARDS) were considered to halt the
progression of RA®. Examples of DMARDxIude sulfasalazine, hydroxychloroquine, azathioprine
and cyclosporin®®. However, it became apparent that whilst DMARDs reduced symptoms and
disease activity for some patients, it did not reverse joint damagje

The advent of biagics has revolutionised treatment options in RA. Biologics are designed to target
specific arms of the immune system. Cellular components of the immune system are targeted and
the most effective have been treatment directed towards B cells and T cedlse Tieatments are
known as rituximab (B cells) and abatacept (T cEfisCytokine therapy include TNF (tumour
necrosis factor) and 4& (interleuking 6) inhibitors. 5 classes of TNF inhibitors exist: etanercept,
infliximab, adalimumab, certolizumab pegol and golimurtdbThese different classes of TNF
inhibitors target different epitopes of the TNF protein6lis another cytokine that has been

targeted for treatment in RA and tocilizumab-@linhibitor) has been shown to be effective for

many patient$®. Small molecule inhibitors are a recent addition to biologic therapy. Baricitinib and
tofacitinib target the Janus kinase (JAK) pathway but target different JAK molecules; baricitinib
blocksJAK1 and JAK2 and tofacitinib blocks JAK1, JAK2 and“JAK3

1.6.1 Remission in RA

Treatto-target is the current treatment strategy which looks at selecting treatment which will result
in low disease activity thus slowing disease progression and lead to remi¥sidulisease activity is
not lowered, change to treatment should be made that will lead to low disease activity .

Remission is currently the gold standard for assessing treatment success as preaenént does

y2i OdzZNB w! @ wSYA&dairzy Aa RS FatiguRnflaminatibryand? 6 8 Sy O ¢
AYYdzy2t 23A0 I OGK Gtkaidig remiSsion is cBrrentlyi éxpemslvedand not many

patients can achieve this status without lifalptreatment. In 2010, a report by the National

Rheumatoid Arthritis Society calculated the cost of treatment in RA to be £689 million in the United
Kingdom (UKY® Remission contires to be an active area of research in the management of RA.
Encouragingly, more patients achieve remission status with the availability of targeted biologics but
drug-free remission is significantly harder to achié¥®e

For many patients, the prospect of lifelong treatment is undesirable and becomes an unsustainable
approach when considering the cost of tteeent, clinic time dedicated to reviewing patients and
potential toxicity to the patient from continuous treatment. These reasons alone support the need
for understanding drudree remission which has been observed irR1B3% of patient3?,

Unfortunately, 50% of those patients who achieve dftage remission relapse and begin tare

after the cessation of treatmentt®. Identifying a biomarker which walitlistinguishpatients who do
flare from those that danot flare after treatment withdrawal would prove to be invaluable and

further refine the remission criteridn 2019, Baker et al. set out to identify biomarkers which
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distinguished patients likely tifare from those who i@l not after cessation of treatmenf™. Pdients
were deemedto be in remission by assessing their DAS28 and CRP which if less than 2.4 allowed
them to qualify for remissiof?™. In the CD4+ T cell population, two gene transcripts which were
statistically significant identified patients who were likely to flare and one gene transcript was
statistically signifiant for patients who did not flare. The cytokine2Z was associated with

increased risk of flare after DMARD cessatfdnClinical factors also defined patients who were at a
reduced risk of flare if they fulfilled the ACR/EULAR remission criteria at baseline, had a longer
interval since their last change in DMARrapy and had a longer disease durattéh Although

the studyconsisted of a small cohort, and these results would need to be confirmed in larger
cohorts, it strengthens the argument for inclusion of cifoge remission in remission guidelin&s

1.7 Conceptual frameworks aim to define stages of disease progression
within RA

1.7.1 Preclinical and early RA phase

Within RA research, biologics have offered more precise treatment to ensure that not only the

symptoms of RA are managed but the underlying chronic inflammation is targeted. In RA, the

concept of early RA has received active research interest. Early RAoatapture RA preferably

before the condition manifests in the joint. Early RA was first put forward as a hypothesis at the
0S3IAYYAYI 2F (KS mohppna o6FaSR 2y G(GKS SEA&aGSYyOS 27
2 LILJ2 NJF*8Zyhk Wikd6w of opportunity is the concept where treatmenpigimal resulting in

f2y3 GSNXY 06SYySTAla (R Bef@¢tBeidhtept ofMBIERAYASpE | WO dzNE
forward, patients were historically treated by using the least effective and toxic drugs first and when

joint erosion became visible, it was considered justifiable to administer DMXR B¢ the time, RA

was thought to be a mild disease with slow progression but data from MRI now informs us that joint

erosion can occur within weeks of symptom on&t Duration of symptoms is regarded as the best

response to therapy and evidence demonstrated that patients presenting with less than 1 year

disease duration showed 53% patients responded to DMARD treatment which diminished as the

duration of symptoms increaséed®.

Furthermae, conceptual frameworks exist to capture the progression of RA as it is no longer
O2yAaARSNBR (2 0SS | dzyA¥2NXY RAASI &S odzi Y2NB | 1Ay
in both diagnosis and prognogfé'2 Currently there are six phasesfAdefired in RA progression.

Phases A and B refer to genetic and environmental risk factors for RA respectively, phase C refers to

the systemic autoimmunity associated with RA, phase D refers to symptoms without clinical arthritis

and phases E and F refer to uffielientiated arthritis and RA respective?. These phases assist in

identifying patients who are at the highest clinical risk of developing RA however| patiahts

experience each phase. Treatment is observed to be most effective when given at the earliest

2L NI dzyAde YR (y26y & Cinsiderablesgeseaidetiort Bag beenlLJLJ2 NI dzy
directed towards the concept of early RA and what constitutes early RA as traditionally this was

viewed adnitial phase after arthritis became clinically detectabi® Recent studies have offered to

challenge this presumption by suggesting that disease mechatisowne altered in the preclinical

peripheral and by the time clinical arthritis is diagnosed, this is not the beginning of disease but

rather the culmination of a plethora of wedistablished pathological event®. Ultrasound imaging

in preclinical RA has shown that patients can display levels eflsubal inflammation in the atisk

individual'®°. Identifying biomarkers that could detect early RA and thus distinguish patients from

29



undifferentiatedRA has been actively researched with several markers being reported including a
type | interferon gene signature which distinguished DMARDe patients who would go onto
develop persistent inflammatory arthriti§<***, In patients with early inflammatory arthritis the
geneST6GALNACANn enzyme involved in glycosylation, could be a potential biomarker for
undifferentiated arthrtis compared to healthy controf$®. In addition, SIGLEC1 was also considered
to be a useful marker of disease activity in iffetentiated arthritis*3™.

The lack of a robust clinical biomarker to identify early RA makes it difficult to preciselifyiden

time frame for early RA. However, researchers have made efforts to identify immune profiles which
would differentiate early RA from other arthritides. Research published in 2005 looked at cytokine
profiles of T cell and stromal cell origin in sym@b¥iuid taken from 36 patients with early

inflammatory arthritis and nofinflammatory synovial fluid were used as contrbfs Within the first

12 weeks of symptoms onset, patients who subsequently went onto developing RA had a distinct
and consistent synovial fluid cytokine proftf The cytokines that were associated with early RA
were 11:1, 11-:2, 11-4, 11-:13, I1-15 and IE17 which were found to be expressed bgells, stromal cells

and macrophage¥®. This cytokine profile was specific to gaRA synovial fluid and not observed in
any other arthritides. Another study looked at CD4+ T cell subsets across the inflammatory arthritis
continuum to see whether changes within the subsets could predict progression from one stage to
the next!*%. Naive CD4+ T cells predicted disease flare and disease progression along the whole
inflammatory arthitis continuum suggesting that naive CD4+ T cells can be used to distinguish
individuals who are at highisk of developing RE®. Lastly, a review aiming to define cytokine

profiles across the stages of RA suggests that during thelimieal phase of RA-1l7/1L-23, I1-8, Il-

4, 11-5 and type | interferon cytokines are more prominent and mayl@r why not all patients

respond well to TNF and-@.inhibitors as these cytokines become more prominent during early RA
137

1.7.2 Refractory RA

The prospect of numerous treatment options and in particular bioldggssundeniably improved

the clinical management of RA. Disappointingly, not all patients with RA respond successfully to

treatment and it is common for patients to cycle through multiple rounds of different biologics, with

the expectation that they can a@ve remissiort®®. These patients are at the opposite end of the
spectrum to those with pr®f A YA Ol f YR SIEN¥feé& w!3>X YR NS GSN¥YS
ONBI RS&ald RSTFAYAGAZ2Y WAYRA Ocdnfriction it undbsttibgfaiidh O O& 2 1
a2a0SYAO AW RAMmbrem¥finad Aefinfioh currently suggests following methotrexate

inefficacy, failure of two mechanistically different inhibitors however, at this stage remains

speculative and open to further refinement in the presence of empirical t&t4° What precisely

constitutes refractory RA or more specifically how to identify patients widikely to develop

refractory RA is not well understood, although it is estimated that approximat&l§6 of patients

who are refractory38-139.148143

Whilst the definition for defining refractory RA remains dynamiis & concept that is gaining

traction in the clinical setting to identify better treatment strategies as it currently remains an unmet

clinical need“3. For example, small molecule inhibitors such as JAK inhibitors have shown to be

effective in a subset of patients who were refractory to previous multiple bioldéicAnother small
AYKAOAGZ2NE 9QP20NHzIAYAD 6KAOK AYKAOAGA . NHzizyQa
improve response rate in patients with refractory RA demonstratirag not all small molecule
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inhibitors are successfut treating refractory RAs a result of its heterogeneity between patients
144

As little is known about refractory RA, simple questions such as whether it is driven by
predominantly innate or adaptive immune cells is yeb&oelucidated or whether it is driven by non
immunological pathways such as stromal c&fislt is argued however, that if refractory RA was
driven by stromal cell pathology, a more consistent presentation would be observertas
refractory RA is heterogeneoti. Finally, treatments that have historically not worked well in RA
such as H1 blockade and 23-1L-17 inhibitors may be successful in treating refractory'RA

1.8 The multtomics era and revolution of single cell technologies

The revolution in single cell technologies has provided an unprecedented platform for

comprehensive profiling at the cellular and molecular level of translational research. Taiisti@v

KFd 0SSy AYyF2NXNIffe O2AySR (GKS WYdzZ (XeptiA Oa SNI Q
interrogation of the genomic, epigenomic, metabolomic, transcriptomic and proteomic tissue

landscapé“®. Multi-omic technology has been refined over time restin robust, higheesolution

technologies which are capable of incorporating multiple parameters which can scale up the number

of analytes to be analysed in a single &&l|

One single cell technology which has wittal the test of time and become a routinely used
technigue in cell biology and immunology research is flow cytometry which measures protein
expression on single cells in solution. Antibodies which specifically recognise extracellular or
intracellular protins which are measured by a flow cytometer which utilizes lasers as light sources
to produce both scattered and fluorescent light signals that are read by detectors such photodiodes
or photomultiplier tubes*’. These fluorescent signals are converted into electronic signals that
measure and electronically record the fluorescence signals for the duration of acquisition which can
subsequently be written into a standardised format$) data filé*’. Flow cytometry is primarily

used for immunophenotyping immune and nanmune cells but can also be used for molecular
assays measuring various cell functionsudirlg apoptosis, phagocytosis, phosphorylation, cell cycle
analysis and this possibility continues to increase. Cell sorting is another main feature of flow
cytometry which requires a specific cell sorting flow cytometer to selectively isolate a specific
population of cells using a characterised immunophenotype. These cells are subsequently used in
downstream in vitro experiments to determine the functional role of the specific cell population. All
of these features of flow cytometry have made the technigeesatile for numerous research
guestions concerning both pathology and health.

1.8.1 Challenges of compensation in flow cytometry

Flow cytometry is widely regarded as a pioneering multiparameter single cell technology, however, a
major limitation is spillogr from one fluorescent channel into another channel. This fluorescence
spillover can be corrected by applying a calculation which adjusts for spillover known as
YO 2 Y LIS y*& If dopgensation is not adjusted for, this can lead to inaccurate interpoetaif
GKS RFEGF 1y2¢6y Fa | WFIfasS LRAAGADGSQ AT | Ff dz2NE
FY20KSNJ OKIyySt 2N WFrfasS yS3araAaodSQ sKSy | Ffo
interpretation that the protein is not present ae cell. Compensation can be calculated manually
however, this approach is infrequently used as it is considered inaccurate. Automated compensation
software to correct fluorescent spillover is present on most flow cytometers or incorporated in
cytometry analysis softwares such as FlowJo where a compensation grid is calculated and the
31



fluorescent channels for each marker plotted against one another to visualise the effect of
fluorescence on the population of cells to be analysed.

Designing a flow cytometmxperiment requires significant time especially in the event of a new
panel design which incorporates proteins which are not routinely studied by the researcher. Careful
consideration should be applied from the beginning including the understanding cf/theneter

the cells will be acquired on including the number of fluorescent channels that are present, the
fluorescent dyes available for conjugating the antibodies and the number of proteins that are to be
included in the panel design. Furthermore, basedwhether proteins are extra/intracellular will
require an understanding of whether cells need to be permeabilised and/or fixed will impact on
compensation and requires optimisation prior to sample acquisition. Compensation can fluctuate
between each sapie and for each acquisition run meaning that controls need to be included each
time. Controls for compensation include a negative and positive control for the protein marker and
fluorescence minus one controls which include all the fluorescence coloatrsdimprise the panel
excluding one fluorophore to observe the staining signal when it is aB$enit Incorporatiny these
experimental controls becomes logistically challenging when the biological sample is limited.
Moreover, successful compensation of a panel consistingR6f protein markers can be challenging
even for an experienced cytometrist. Thus deep immuremdtyping by flow cytometry is

challenging and despite the muftiarameter capability, it is practically challenging to create protein
marker panels in excess of 20 markers without encountering technical challenges. This limitation has
restricted the scop®ef current flow cytometry immunophenotyping data in RA in terms of specific
cell populations being interrogated which overlooks the heterogeneity of RA or limited in terms of
the number of protein markers that can be included in one patfelThe advent of mass cytometry
has provided an opportunity for deep immunophenotyping which overcomes the significant
challenges presented by compensation in flow cytométty>2

1.8.2 Mass cytometry in discovery analysis

Mass cytometry has provided an opportunity for both myplirameter highdimensional
immunophenotyping and retaining high resolution making it a desirable technology to deep profile
every single cell from a representative population of cells. Principally mass cytometry is similar to
flow cytometry slowing for immunophenotyping single cells in saspn'*’. However, the

important difference is that flow cytometry is a technology that measures protein expression by
fluorescence and mass cytometry dispenses with fluorescence and instead aesilzodilabelled

with elemental (metal isotopes from the lanthanide series also known as rare earth metals) reporter
ions via covalent conjugation with chelating polym&fsSamples are subsequently stained with
these lanthaniddabelled antibodies and are introduced as single cell suspensions where they are
nebulised into droplets which pass through an inductively coupled mass spectrometer which
vaporizes, atomises, and izes the sample which means that the cells are no longer viable and
after acquisition on a mass cytometer cannot be retrieved for further downstream analysis. The ion
cloud created passes through quadrupoles which deflect biologically abundaméss iorspecies
such as carbon, nitrogen and oxygen therefore selectively allowingrhigs ion lanthanide

reporter masses to be recorded by tiroé-flight mass spectrometry and measure the abundance of
all reporter masses included in the paf&l These reporter masses can be visualised during
acquisition to ensure that channels where a signal is expected can be detected. This recording of
isotopic masses allows for bound antibody to be quantified which can be used in subsequent
analysis to inform th expression of the markers of interest. At present, 37 protein markers can be
interrogated in one panel by mass cytometry and it is anticipated this can be increased to 50
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markers with intentions to explore new lanthanides and ultimately create paneidass of 100
markers.

The use of metal isotopes to measure each antibody significantly reduces the challenges introduced
by fluorescent spillover in flow cytometry however, careful consideration should be given to panel
design to minimise the contaminaticof isotopic oxidation which can result in adjacent channels
recording an unspecific signal. By strategically placing markers, such that proteins which have a
stable expression e.g. lineage markers can be conjugated with isotopes occurring for the samne me
as contamination into adjacent channels will be easier to correct. This is a stiaigiard solution

and considerably less problematic to solve compared to fluorescence compensation.

The amount of publications reporting data from mass cytometryihagasingly grown as
accessibility to the technology widens. It should be mentioned that although the number of
publications have increased, these are often from research groups working in collaboration with
other groups/departments to generate and anadythe highdimensional data. It is important to
acknowledge the differences and hence the suitability of mass cytometry in expericenfsared
to flow cytometry. These include maximum of 500 events per second can be acquisedthass
cytometrycompared b several thousand events per second in flow cytomé&ttyThe running of a
mass cytometry experimeis considerably more expensive than flow cytomyetvith Fluidigm
currently being the only vendor supplying reagents and instrumentafforLasly, mass cytometry
is a commitment as it requires specific facilities adapted to suit the purpose of the technology
including gas/liquid argon which delivers the sample to the plas@ighration of the mass
cytometer daily takes between B hours priorto acquisitionand dedicated personnel to maintain
and operate the machineri?®.

To date, much of the immunophenotyping analysis in RA has been performed by flow cytometr
Opportunity for inrdepth immune profiling with improved precisiomgie-cell technologies has

allowed for old questions to be revisited with better insight. Mass cytometry has provided the
opportunity for researchers to either probe specific cell populations more intently or to look at a
heterogeneous population of celgithin a given biological sample. Currently, RA research has fully
embraced mass cytometry as an opportunity to answer some of the unmet clinical needs which exist
with particular aim towards understanding if theage specific immunophenotymor immune
signaturesthat correlates with treatment response or disease stage. These questions are broad and
are further tailored to the cohort and samples collected.

The use of mass cytometry to understand RA has received considerable attention and publications
over the last 5 years have steadily increased which have revealed novel subpopulations of immune
cells which are expanded in RA compared to health and inflammatory arthritis which is not RA. The
expanded immune cell populations identified are further detailedhapters 5 and 6 however, a

brief overview will be provided here to put the hypotheses and aims of this study into context.
Pathological expansion of peripheral helper T cells (characterised BB XCRbdiscovered

by the Accelerating Medicindzartnership (AMP) group where they identified a population of T cells
functionally characterised as B helper T cells which are not functionally exhausted despite igh PD
expression but instead displayed features of chronic activafi6t®. Another subset of CD4 T cells
characterised as CD2and HLADR+ have also been reported to be aberrantly expanded in RA
peripheral blood by mixed effects associated single cell modelling and also had featuresngf ch
activation'®. Analysis of 51 samples of synovial tissue from patients with RA or osteoarthritis
detected specific cell populations that were associated with driving joint inflammation in RA
including an expansion of THY 1+ HRRA' sublining fibroblasts which demonstrated thgttomal
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cell populationsand subsetgan be detected by mass cytometfy. 17 unique cell populations were
additionally identified by transcriptomics which includéel B+pro-inflammatory monocytes,
autoimmuneassociated B cells and CD8 T cell subsets with increased cytolytic fufictidrese cell
populations will be discussed in more detail in terms of their phenotype and functional
characteristics however, it does demonstrate the value ofsr@gometry in revealing
subpopulations that contribute to RA pathogenesis.

Mass cytometry remains however, a technology in its infancy and is not routinely used unlike flow
cytometry. This could be viewed as a disadvantage but it is already apparentiearonception of

this study, that accessibility to mass cytometry is improving and an advantage of this is that
protocols can be optimised and refined to enable best practice across all research groups and
improve replicability of data. The findings aledvowever, are preliminary in terms of their impact. It

is notclearfor example to what extent peripheral helper T cells are pathologically implicated in RA
and how existing treatments affect this population if at all. Large patient cohorts are not tyrren
acquired by mass cytometry and this can be attributed to both the logistical practicality and the
complex data analysis required following acquisition. In particular, mass cytometry data analysis has
advanced considerably in the last 5 years and exjsdipproaches such as manual gating and two
dimensional clustering visualisation pldé!®3have been surpassed by approaches which can both
cluster and statistically quantify cell populations across defined condittdii®’. It is here that this

study will aim to bridge the gap between manual and automated gating by usingpthed

bioinformatics approaches for data analysisnterrogate the immune cell populations in RA
peripheral blood and synovial fluid. It also aims to be one of the first studies to acquire a patient
cohort of over 150 samples by mass cytometry using a clinically translatable protocol. It is hoped
that the work presented here will instil confidence for future researchers to pursue large
immunophenotyping studies with an automated bioinformatics analysis pipeline which can expedite
findings from bench to clinic.

1.8.3 Synovial pathotypes aim t@nhance RA classifation and treatment
approach

The above studies have extended the discussion about the pathological involvement of cell
populations in RA. The single cell technology revolution has enabled us to identify specific subsets
within large cell populations su@s macrophages, neutrophils, fibroblasts and T and B cells and in
addition, specific phenotypes are associated with functional status of the cells. The AMP group and
collaborators have made extensive progress in identifying pathologically expanded popsiiat RA
however, in addition to these findings, the stratification of synovial tissue pathotypes has also
developed significantl§f’. The three pathotypes that have been consistently identified are

lymphoid, myeloid and pauéinmune. Paueimmune refers to very minimal/absent infiltrating

immune cells but presence of a fibroblast plogype 167168

Based on this stratification, furth@vidence hashown that these findings correspond with stages
of RA. In a cohort of 144 treatment naive early RA patients, it was demonstrated that three
pathotypes exist prior tareatment intervention or further clinical progression which include:
lympho-myeloid which is dominated by the presence of B cells as well as myeloid cells,-diffuse
myeloid which is characterised by the presence of myeloid lineage cells but poor Beselqe and
pauciimmune which demonstrates a lack of immune cells but rich in stromal'€&Hs. Lymphoid
rich patients also showed high expression of myeloid genes when analysed by Nanostring
G§SOKy2ft 23853 f SI RAWES (2N E&IGantigs didMis stratificafibddszhat
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multiple clinical parameter analyses can be performed to determine whether there is a correlation
between immune pathotype and clinicalitcome Analysis showed that elevated expression of
myeloid and lymphoid genes strongly correlatedhaitorsening outcomes including osteoclastic
radiographic joint progression, disease activity, acute phase reactant and autoantibody positivity
whereas paueimmune pathology showed less severe disease activity and radiographic progression
170 Conversely, in a cohort of 37 RA patients, synovial biopsies were obtainegdtiemts preand

post TNF blockade treatment using certolizumab pegol where it was observed that those with a
lymphoidmyeloid pathotype at baseline, achieved better clinical response compared to those with a
pauciimmune pathotype suggesting that thesatpotypes are a continuous rather than a discrete
distribution 72173

Dennis et al., in 2014 set out to observe whether synovial pathotypes could be identified by specific
biomarkers which would also correlate with treatment respoh€eUsing a ambination of synovial
tissue histopathology, transcriptional profiling and serology they found increased levels of soluble
ICAML in the serum which associated with a synovial myeloid cell pathotype and predicted good
response to adalimumab, whereas theechokine CXCL13 associated with a synovial lymphoid
pathotype and predicted good response to tocilizum&b

Therefore, it is evident that single cell technologies have been richly utilised within the RA field and
it is anticipated that over time, this will only increase. Both transcriptomic and cytometric
approaches have reveal specific immune cell subsets which have a pathologic role in RA. The
complex nature of the data means that appropriate analysis approaches need to be applied to
achieve the most meaningful analysis from high throughput technology. Although the fielel bas
returned to the synovium, blood is easier to obtain and can be more extensively explored with mass
cytometry. Furthermore, the immunophenotyping panel in this study is deliberately broad, to
capture numerous immune cell populatiottsunderstand notonly the subsets within the

populations but also assess the relationship between different cell populations.

1.9 Study hypotheses and aims

1.9.1 Technical hypotheses

1. Mass cytometry is a novel single cell technology yielding reliable, reproducible data for 37
protein markers in a large patient cohort immunophenotyping study.

Aim 1 To validate antibody clones to be used in mass cytometry by flow cytometry to ensure the
staining quality is comparable.

Aim 2:To validate metal lanthanide conjugated by staining beads to ensure that the metal
conjugation has covalently attached and that a signal can be read in the appropriate channel on a
mass cytometer. 37 protein markensll be titrated to ensure optimal staining by mass cytometry.

Aim 3:To ensure that reliable data is obtained by mass cytometry, patient samples will be processed
using the same fixation method immediately upon collection and will simultaneously bedeatco

and stained by the 3@antibody marker panel to ensure staining consistency. Inclusion of a batch
control will ensure any staining inconsistencies across the batches can be detected.

2. Novel automated bioinformatics pipelines produce comparable data to mual gating and
expedite multiparametric, highdimensional single cell protein analysis.
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Aim I To apply an automated bioinformatics script for data clegnto obtain a single cell
population of cells across all samples included in analysis.

Aim 2:Identify a robust mass cytometry data analysis pipeline which can statistically quantify the
cell populations between conditions and can be used for discovery analysis. Clustering algorithms
will be validated for consistent cell populations being ideetifacross conditions for comparative
analysis.

Aim 3:This study will aim to identify the two CD4+ T cell populations which have recently been
reported to be pathologically expanded in RA by mass cytometry. Ensuring replicability of data by
mass cytomety will increase confidence and lend more weight to investigating specific cell
populations further.

1.9.2 Hypothesis to interrogate the immune landscape in RA peripheral blood and
synovial fluid

3. Immune dysregulation occurs in early RA and specific immune agtiysations in
peripheral blood can distinguish this phenomenon from health.

Aim: To compare immune cell populations in peripheral blood from patients clinically defined as
WSINIeQ w! (2 KSFHfGKe R2y2NE (2 RSisheMYRAMM AT (K
health.

N

4. Innate immune cell populations in peripheral whole blood predominantly drive immune
dysregulation in early RA in comparison to health.

Aim 1 To establish whether innate immune cell populations become dysregulated and drive the
inflammation observed in early RA or whether this is still largely dominated by adaptive immune cell
subsets.

Aim 2:To determine whether neutrophil populations are altered in early RA compared to health.

5. Biological microenvironment shapes the immunophetype of cell populations revealing
specific functional adaptation or response to stimuli within the microenvironment.

Aim: To compare cells in the joint microenvironment, synovial fluid obtained from patients with RA
will be collected in conjunction with atched peripheral blood to compare the influence of
microenvironment on immune cell populations including whether T cells are chronically activated in
the synovial fluid microenvironment.

The structure of this dissertation will focus on systematically diestrating the validation and
optimisation of using mass cytometry. This will include a step wise description of the methodology in
chapter 2, where the main aim is to provide a replicable protocol for future u3dis includes

cohort selection and critéa, designing a protein panel for mass cytometry and preparing and
acquiring data on the mass cytometer, Chapter 3 focusses on the validation of the antibodies used
for mass cytometry validated using flow cytometry (an established technangt)nass cytmetry

to ensure that downstream analyses and conclusions drawn are roBhstpter 4 will discuss the
bioinformatics pipeline used to analyse the data acquired from mass cytometry and thus
demonstrde a novel approach to this research. Chapter 5 will lablhe immune profiles in whole
blood across the different stages of RA using the bioinformatics pipeline described in chapter 4.
Chapter 6 aims to explore the immune profiles between synovial fluidrdrade blood obtained
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from 3 patients with RA to compa the biological microenvironment. Furthermore, synovial fluid
offers the opportunity to observenmune cell populations iRAat its primary site of pathology
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Chapter 2Materials & Methods

2.1 Patient cohort

The intention of this projeatriginally set outo comprehensively immunophenotype synovial
biopsy tissue obtained from patients with RA. Currently the field of mass cytommasripeen
exploited in this way bgther research groups. However, it becameistigallychallenging to obtain
synovial biopsy tissuat Chapel Allerton Hospitdturthermore, if tissue had begossibleto obtain,
this would have required extensiwalidation in terms of processing the tissue to obtain optimum
cellular yield andralidation in processing tissue for mass cytometry. Whilst other groups have
successfully developed protocdts synovial biopsy digestidior single cell suspensipand
subsequently usednass cytometryfo immunophenotype these cellbetter techniques existThe
Helios Mass cytometer requireglls to be in suspensi@and thus disaggregating cells franissue
biopsy disrupts the architecture and questiathesterminingorigin of cells (resident vs. infiltrating)
remain unanswered.

The Hyperion imaging mass cytometer would be a betiel for tissue and whilst utilised in cancer
biomarker screeninfrom tumour biopsiesimaging mass cytometngmains to be utilisechiRA
synovial tissue researctunfortunately, at the time of this research, the Hyperion imaging platform
was not available at UCBwdeed,as the field of tissue research expands, technology continues to
improve and providenore options Examples of thigmclude the CODEX (GDetection by inDEXing)
technology provided by Akoya Biosciences, which is a multiplexing imaging technology that was
2NRAIAYLFEt@ RSOSE2LISR Ay DI NNE b Phetedfilagy bkBsa S| NOK =
antibodies conjugated to @onucleotides which allows for deep immunophenotypaignore than

40 markers in a single tissue sample RNAsequencing and in situ hybridisation have also been
extensively reported by groupthough these techniques do not focus on proteiigemains clear
however, that the questions to be answered mustdmmsideredn accordance with the available
resourcesand logisticsDisaggregation of tissue imdesirableand the field is moving from basic
histology to an automated, precision platform.

Therefore blood samples were collected from patients witA.Blood samples are easier to scale up
over a short timgeriod and less invasive th&opsy sampledt is alsgossible to obtain healthy
control samples to control for findings whichan be challenging when working with tiss&ood
samples are still pertinent to RA reseaashthey represent the systeménvironment of the disease.
Where possible synovial fluid was collected from large joint aspiratisrssway of understanding

the joint microenvironmentHowever,presently in clinics at Chapel Allerton Hospij@ilts are
infrequently aspirated in clinidue tobetter treatments availableesulting in reduced swelling and
inflammation.

2.1.1 Ethical approval for patient biological samde

Ethical approval was obtained prior to the commencement of patient recruitment and biological
sample collection fothis project. Ethical approval was obtained from Leeds Teaching Hospitals Trust
Research and Development for the study RADAR (Rheumatoid Arthritis Disease Research), sponsor
identification number RR09/9134. Patiersind healthy donorsvere also consentecbtRADAR BMC
(biologics monitoring clinic) which is a sstiody of RADAR. All participants in this study read the

patient information sheet and written informed consent was given prior to sample collection.
Samples were collected from Chapel Allerton Hadpiteedsnd processednd storedat the
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Wellcome Trust Brenner Building@tk S { G ® WI Y S & Q Ethialldwadifdrthe a A GS> [ SS
OGN yaLRNIFGA2Y 2F al YLX S&a 0SG¢SSyitallaricova®ed ! £ £ SNI 2
processing andtorage of biological material i { G ® WI . YHg &tlilcs hls® ancdmpassied

transportation, processing, storaged data collection of samples at UCB Pharma, Sltmrgh

research andlevelopment purposeSamples were stored &tCB for longer than twaveeks and

were stored according tthe Human Tissue Act regulatiofiraining for Human Tissue Act regulation

were undertaken at Leeds and UCB according-tminse guidelines.

2.1.2 Patient recruitment criteria

Patients were recruited to this study from tvetifferent Rheumatology clinics at Chapel Allerton
Hospital, Leedand a summary of the cohort is shownFlow chart 21.

A power calculation was not performed before patient recruitmérite justification for this

approach is that prior to embarking on this work, publications using mass cytometry reported results
using a maximum dén patient samples or less. This can be directly attributed to the novelty of the
technology in which validation and protocol developméaites considerable time and therefore a
patient cohort in excess df0 patientswould be considered a riskherefore, this work both
acknowledged the limitations of current findings in the literature and exceeded the number of
samples processed amuhalysed by mass cytometry which inclugedients that would represent

the broad spectrum of RA including treatment, treatment timepoints and disease stagess not
possible to calculate a power calculation a priori to the study due to the uncertairtgw many
patients could be recruited within the 9 months, which was the recruitment time frame for this
study.

Inclusion criteria fopatientsrecruitedfor this study were recruited from the RADAR BMC and had

been diagnosed with RA for over 12 monthgre over the age of 18 years @dd had received

either DMARDSs or biologic treatment and none of these patients were treatment rtiese

patientsare referred to as having established.RAble2-1 summarises this patient cohot&ingle

time point peripheral blood samples were obtained from 55 patieBisgle time point means that

only one sample was collected from the patient at one time point with no followanppe. This

single time point was not identical for each patieRbr some patients, it was only possible to obtain

aal YLX S I  tinte pdthd BadefnttichepSiftmeans that a patient is not currently

receiving treatment. This does not mean tlthae patient has never received treatment; it means

GKFG GKS LI GASYG Aa OdzZNNByilf e deparvbdeBEaefimed | Wol aFk
between the previous treatment and the new treatment which the patient will commemicieh

was definedas 4@eksP ¢ KA & Wgl a K 2 dallo@ingfif theipSevidusidruang LJ2 NIi | y {
associated compounds to be removed from thielogicalsystembefore commencing new

treatment. The baselingdme pointshould ideally be obtained for each patigntunderstand the

immune system of that individuathich is thought to represent the immune system as close to its

Wyl ddzNF £ Q adlFdS fGK2dAK GKA&a Aa y20 a&dddRhOodte aN
lastingeffects of which are not fully understoow/here possible single time points were taken at
baselinebut it was not logistically possible to obtaims time pointfor all patients.Therefore for

some of the patientsthe sample was collected at eithitiree months orsixmonths after they have
received the new treatment. The RADAR BMC clinic oversees patients who are switching from one
biologic to another biologic. In addition, there are patients who are receiving biologics for the first

time as well as patients wheould be currently defined asaving refractory RAn addition to the

patient cohort 23 peripheral blood samples from healthy individuals were recruited for this study at
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a singletime point These healthy individuals did not have a diagnosis of RA as defined by the
current classificaon system and were not on treatment for another condition that overlapped with
those used in this RA cohort.

It was possible toecruit an additional cohort of patients from RADAR BMC where a badatiee
pointand a follow ugime pointat either3 or6 months and where possible both follow time
points were recruitedTable2-2).

Thirty-two patients with early RA were recruitdtbm the early RA clinic and haéén newly
diagnosedless than 12 monthgnd not received treatment.

Twopreclinical RAndividuals were recruiteérom the preclinical RA screening clinic. These
individualsdid not havediagnosed RA dravesymptoms of RA but they have been screenedeas
on risk factors including ACPA/ RF titre

As synovial biopsies were not logistically possible to obtain, synovial fluid was the closest option to
observing the immune system in the joint microenvironment. Due to improved treatment and better
treatment outcomes, swelling in larger joingzarticularly in RA are nooutinely observed in the

Chapel AllertorHospitalarthrocentesisclinic. This is an excellent outcome for both clinicians and
patientsand a testimony to the high level of care amdatment provided by the Rheumatologists at
LeedsAlthough occurrence was infrequenthere possible, synovial fluid was collected from

patients with inflammatory arthritisvhich would form anodest sizeatrosssectional cohort. In

total, 11 synovial flid samples were obtained from the clinic and of the$@aired samples with
peripheralwhole blood were collectetb comparesynovial fluid mononuclear cells (SFMa®)
peripheral blood microenvironments from the same patiefable2-3 shows the pathology from

which the synovial fluid (and paired samples) were obtained from.

The experimental design is represented histvide-rangingcohort, spanninglisease durationtjime
points, treatmentand in addition the clinical parameters associated with each patigris cohort
wasconsideredo best represent and answer the hypotheses within this progatnowledging the
heterogeneity of RA.
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Patients with RA n= 89

89 patients who had clinically

diagnosed RA

Inclusion —those with a clinically defined diagnosis

Pre-RA
n=2

Ear

n=32

ly RA

Established RA

of RA oridentified at risk in the pre-clinical RA clinic.
Exclusion— patients not diagnosed with RA or who

n=55

have been diagnosed inflammatory arthritis.

Inclusion—timepoints were collected for

Baseline

n=24

3 months
n=22

patients with established RA. Established RA
refers to patients who have been diagnosed and
treated with RA.

6 months
n=13

Exclusion— it was not possible to collect the 3
timepoints for all 55 patients.

Synovial fluid

Inclusion - Synovial fluid was collected from patients who were assessed
for arthrocentesis. Patients with inflammatory arthritis were included in

this study to compare with RA. Synovial fluid was obtained from knee/s.
Exclusion— where synovial fluid was less than 500uL or if synovial fluid
contained blood.

synovia

Paired blood and

[fluid n=4

PsAn=1

RA n=3

Inflammatory
synovial fluid n=7

Gout
n=1

PsA
n=2

RA
n=2

Oligo
RA
n=1

SpA
n=1

Flow chart 21| Inclusion and exclusion criteria for patient cohort

A Inclusion and exclusion criteria for peripheral blood collected from patients with RB sinolws inclusion and exclusion
criteria for both paired blood and synovial fliidhort or unpaired synovial fluid from inflammatory arthritis.
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Table2-1] Number of healthy and patientperipheral blood samplesbtained at a single time
point

Cohort Number
(n)

Healthy n=23

PreRheumatoid n=

Arthritis

EarlyRheumatoid n=32

Arthritis

Established n=55

Rheumatoid Arthritis

Table2-2| Number of established Rheumatoid Arthritis longitudinal peripheral blood samples

Cohort Time Number
point (n)
Established RA | Baseline | n=24
longitudinal 3 b =5
cohort months | n=

6 months | n=13

Table2-3] Number of paired peripheral blood and synovial fluid samples and single synovial fluid
samplesobtained from inflammatory arthritis

Cohort Disease Number (n)
Paired Psoriatic n=1
peripheral blood| Arthritis
and synovial RA =
fluid n=
Inflammatory Gout n=1
arthritis (only Oiiao RA 1
synovial flui) 90 n=
Psoriatic n=2
Arthritis
RA n=2
Spondyloarthritis| n=1

2.1.3 Collection and biobanking of whole blood samples for mass cytometry
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Samples were collecte?#4 hours after collectiomnd processed using a method developed by UCB
Pharma, Slough to maintain consistent processing across glllssnthis procedure was performed

in a category Il tissue culture hood using sterile, aseptic techniques. In a 50mL falcon tube 5mL of
16% paraformaldehyde (PFA) was added to 40mL of PBS supplemented with 1mM EDTA
(Ethylenediaminetetraacetic acithus ceating a 1.6% PFA solutidsmL of blood was then added

to the 1.6% PFA solution and mixed thoroughly by inversion and left to stand for 5 minutes at room
temperature Samples were then centrifuged at 400g for 7 minutes at room temperature (RT) and

the supernatant discarded to leave a solid red blood pellet. This was resuspended in PBS/ImM EDTA
and thoroughly mixed and centrifuged at 500g for 7 minutes at RT. The supernatant was removed by
using a 25mL stripette and the final small volume removed by a 1peltt tip to leave a semi solid

blood pellet that was resuspended in 10% DMSO (dimethyl sulfoxide)/90% PBS/ImM EDTA. 1mL of
blood was aliquoted into cryovials for cryogenic preservatio8@tC in a CoolCell© freezing box.

After cells were frozen for 2durs they were transferred into a storage box and kepi8&XC.

2.1.4 Collection and preparation of synovial fluid samples for mass cytometry

Where possible, matched synovial fluid with peripheral blood or just synovial fluid was collected
from patients undergimg arthrocentesis. The fluid was centrifuged at 400g for 5 minutes and the
synovial fluid was filtered through a i filter to remove norcellular material. The pelleted
synovial fluid cells were fixed in 1.6% PFA as described in s2cti@n

2.2 Materials

Table2-4| General guipmentand plastic ware

Equipment Company

Flow CytometeMass cytometriex S Beckman Coulter
Mass CytometeMass cytometry2 Fluidigm

Laminar FlowClasslITissue culture hood Nuaire

Swing bucket centrifuge Eppendorf

37 Chead bath SHEL LAB

37 U5% CQcell cultureincubator

Automated cell counter Sysmex
Haemocytometer ThermoFisherScientific
0.510pL, 1620puL, 26200uL, 20€L000pL pipettes Eppendorf

CA Yy LI LIS (i GcBannel pipeite 300zB00 L Thermo FisheBcientific
Serological pipett&1 Pipet fillers Thermo FisheScientific
Nanodrop Thermo Fisher Scientific
CoolCelfreezer box Biocision

Scotsman Laboratory Ice machine Progen Scientific

Human Tissue Aetpproved -80 C freezer storage

+4°CRefrigerator
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-20°C freezer -

Plastic ware Company

5mL, 10mL and 25mL stripettes Fisher Scientific

5mL polystyrene FACS tubes Fisher Scientific

5mL polypropylene FACS tubes Fisher Scientific

5mL polystyrene filter cap FACS tubes Fisher Scientific

15mL falcon tube FisherScientific

50mL falcon tube Fisher Scientific

12 well cell culture plates Corning, Fisher Scientific
10, 20, 200, 100Q€L pipette tips Rainin

Pasteur pipettes VWR

1.5mL Superlock Microcentrifuge tube Starlab

1.5mL Eppendorf Fisher Scientific
0.5mL Eppendorf Fisher Scientific
1.5mL Cryogenic tubes Corning

Freezer boxes Camlab

70mM cell strainer FisherScientific

b dzy Ot a A ON®eRFPates, x dc | ThermoFisherScientific
Polypropylene, High Volum@sed in this work

for Mass cytometrybarcoding)

2.3 Reagents

Table2-5|General reagents, company and catalogue number

Reagent Company Catalogue number

MaxparCell acquisition Fludigm 201240
solutionbuffer

CellL 5 Intercalatorlrt 125 Fluidigm 201192A
uM

Deionized water - -

EQt Four Element Calibration | Fluidigm 201078
Beads
GibcoPhosphate buffered ThermoFisher Scientific 10010-023

Saline Solution, pH 7.4

DMSO Sigma D26506100ML




EDTA ThermoFisheBcientific 15575020

Fetal bovine serunFBS) ThermoFisher Scientific 10100147
L-glutamine 200mM ThermoFisher Scientific 25030081
Lymphoprep Stemcell Technologies 07861
autoMACS Running Buffer MACS Miltenyi Biotec 130091-221
MACS Separation buffer

Maxpar Cell Staining buffer Fluidigm 201068
Maxpar Water Fluidigm 201069
Methanol Merck 1793371L
OneComp ThermoFisher Scientific 01-1111:41

S6SIRan/ 2YLISy 4

t ASNOSu wmc2 C4g ThermoFisher Scientific 28908
(w/v), Methanolree

PenicillinStreptomycin Merck P4333100ML
Fixation/Permeabilisation BD Biosciences 554714
Solution kit

RPMI 1640 media ThermoFisher Scientific 11875093
Trypan blue SigmaAldrich 93595
Viability fixable stain 780 BD Horizon 565388

2.3.1 Immunophenotyping panel for mass cytometry

Table2-6| Metal lanthanides abbreviationfor mass cytometry

Periodic table &breviation for lanthanide | Lanthanidemetal isotope
metal isotope

170Er Erbium170
145Nd Neodymium145
146Nd Neodymium146
209Bi Bismuth209
166Er Erbium166
160Gd Gadolinium160
148Nd Neodymium148
142Nd Neodymium142
149Sm Samariuml49
167Er Erbium167
158Gd Gadolinium158




172Yb Ytterbium172
162Dy Dysprosiuml62
89Y Yitrium-89
169Tm Thulium169
171Yb Ytterbium171
173Yb Ytterbium173
176Yb Ytterbium176
168Er Erbium168
151Eu Europiuml151
163Dy Dysprosiuml63
147Sm Samariuml47
175Lu Lutetium175
161Dy Dysprosium161
156Gd Gadolinium156
165Ho Holmium165
153Eu Europium153
174Yb Ytterbium174
154Sm Samariuml54
155Gd Gadolinium155
144Nd Neodymium144
152Sm Samariuml52
159Th Terbium159
150Nd Neodymium150
141Pr Praseodymiuri4l
143Nd Neodymium143
164Dy Dysprosiurml64

Table2-7| Mass cytometry immunophenotyping panefor this study

Antibody Clone Host, Metal Company Catalogue Dilution
Isotype conjugation number

CD3 UCHT1 Mouse 170Er Biolegend 300443 1:100
Labmz

CD4 RPAT4 Mouse 145Nd Biolegend 300541 1:100
Labmz

CD8 RPAT8 Mouse 146Nd Biolegend 301053 1:100
L3abmz

CD11b ICRF44 1gG1 209Bi Fluidigm 3209003B 0.5:100




CDl11lc 3.9 Mouse 166Er Biolegend 301639 1:100
L3IDmz

CD14 61D3 Mouse 160Gd Thermo Fisher 14-014980 1:100
LabmZ Scientific

CD16 3G8 Mouse 148Nd Biolegend 302051 1:100
L3IDmz

CD19 HIB19 Mouse 142Nd Biolegend 302247 1:100
L3IDmz

CD25 M-A251 Mouse 149Sm Biolegend 356102 2:100
LaDmzx

CD27 0323 Mouse 167Er Biolegend 302839 1:100
LaDmzx

CD28 CD28.2 Mouse 158Gd Biolegend 302902 1:100
LaDmzx

CD38 HIT2 Mouse 172Yb Biolegend 303535 1:100
LaDmZ

CD40 HB14 Mouse 162Dy Biolegend 313002 1:100
LaDmzx

CD45 HI30 Mouse 89Y Fluidigm 304045 0.5:100
LaDmzx

CD45RA HI100 Mouse 169Tm Biolegend 304143 1:100
L3IDHO

CD45R0O UCHL1 Mouse 171Yb Biolegend 304239 1:100
L3IDHI

CD56 CMSSB Mouse 173Yb Thermo Fisher 14-0567-82 1:100
L3IbDwmz

CD80 MEM-233 Mouse, 176Yb Biorad MCA2071 1:100
IgG1

CD86 FUN1 Mouse 168Er BD Biosciences | 555655 1:100
BALBI/c
IgG> ¢

CD123 6H6 Mouse 151Eu Biolegend 306027 1:100
L3iDmz

CD127 A019D5 Mouse 163Dy Biolegend 351337 1:100
L3iDmz

CD138 MI15 Mouse 147Sm BD 551902 1:100
BALBI/c
lgGxz ¢

CD152CTLA4) L3D10 Mouse 175Lu Biolegend 349902 1:100
L3iDmz

CD161 DX12 Mouse, 161Dy BD 556079 1:100
C3H/Bi
lgGx ¢

CD203c NP4D6 Mouse 156Gd Biolegend 324602 1:100
L3IDmz

FGwL h AER37 (CRAL) Mouse 165Ho Biolegend 334602 1:100
L3IDHO
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Granzyme B GB11 Mouse, 153Eu Biorad MCA2120 1:100
IgG1
HLADR L243 Mouse 174Yb Biolegend 307651 1:100
L3ADHI ]
IgD 1A6-2 Mouse 154Sm Biolegend 348202 1:100
LADHI ]
NKp44 P448 Mouse 155Gd Biolegend 325102 1:100
LabmZ
NKp46 9-E2 Mouse 144Nd BD Biosciences | 557911 1:100
BALB/c
IgGx ¢
PD1 EH12.2H7 Mouse 152Sm Biolegend 329941 1:100
LaDmX
PDL1 MIH1 Mouse 159Tb Thermo Fisher 14-598382 1:100
LaDmX
Perforin dG9 Mouse 150Nd Biolegend 308102 1:100
L3IDHO:
TNFR2 3G7A02 Rat 1gG2a, | 141Pr Biolegend 358402 1:100
¢
Va7.2 3C10 Mouse 143Nd Biolegend 351702 1:100
LaDmX
odTCR Bl Mouse 164Dy Biolegend 331202 1:100
LabmZ
2.3.2 Immunophenotyping panel for flow cytometry
Table2-8] Mass cytometry immunophenotyping pandbr this study
Antibody Clone Host, Fluorescence Company Catalogue Dilution
Isotype | conjugation number
CD3 UCHT1 Mouse | Brilliant Violet 421 BD Horizon 562426 1:100
BALB/c
lgGZ
CDh4 RPAT4 Mouse | APC/Cy7 Biolegend 300517 1:100
lgGZ
CD8 RPAT8 Mouse | Alexa Fluor 700 BD Pharmingen 561453 1:100
lgGZ
CD11b D12 Mouse | PE BD Biosciences 347557 1:100
BALB/c
190G
CDl11c 3.9 Mouse | FITC Biolegend 301603 1:100
L3aDwm
CD14 M5E2 Mouse | Alexa Fluor 700 BD Pharmingen 557923 1:100
19GaZ
CD16 3G8 Mouse | Pacific blue Biolegend 980106 1:100
L3aDwm
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CD19 HIB19 Mouse | Brilliant Violet 421 BD Horizon 562440 1:100
L3IDm

CD25 M-A251 Mouse | PE BD Pharmingen 555432 1:100
BALB/c
19GZ

CD27 0323 Mouse | PE Biolegend 302807 1:100
L3IDm

CD28 CD28.2 Mouse | PE Biolegend 3029 1:100
L3IDm

CD38 HIT2 Mouse | PE Biolegend 303505 1:100
L3aDwm

CD40 HB11 Mouse | PE Biolegend 313005 1:100
L3aDwm

CD45 HI30 Mouse | PECy7 BD Pharmingen 557748 1:100
L3aDwm

CD45RA HI100 Mouse | PC5.5 Biolegend 304110 1:100
19G2b,
¢

CD45R0O UCHL1 Mouse | PE Biolegend 304205 1:100
1gG2a,
¢

CD56 CMSSB Mouse | APC Thermo Fisher 17-0567-42 1:100
L3Dwm Scientific

CD80 MEM-233 Mouse, | APC Thermo Fisher A15707 1:100
IgG1 Scientific

CD86 FUN1 Mouse | Brilliant Violet 510 BD Horizon 563461 1:100
BALBI/c
1gGx

CD123 6H6 Mouse | FITC Biolegend 306013 1:100
L3IDwm

CD127 R34.34 Mouse, | PE Novus Biologicals DDX0700A.00 1:100
IgG1

CD138 MI15 Mouse | PE Biolegend 356503 1:100
L3IDwm

CD152CTLA4) | L3D10 Mouse | PE Biolegend 349905 1:100
L3IDwm

CDh161 DX12 Mouse, | PE BD Pharmingen 556081 1:100
C3H/Bi
1gGx

CD203c NP4D6 Mouse | Alexa 647 Biolegend 324625 1:100
L3IDwm

FGwlLh AER37 (CRAL) Mouse | FITC Biolegend 334607 1:100
1gG2b,
<

Granzyme B GB11 Mouse, | PE ThermoFisher GRB04 1:100
IgG1 Scientific

HLADR Immu-357 Mouse, | FITC Beckman Coulter IM1638U 1:100
IgG1
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IgD 1A6-2 Mouse | PE Biolegend 348203 1:100
19GaZ

NKp44 P448 Mouse | PE Biolegend 325107 1:100
L3IDm

NKp46 9E2 Mouse | PC5.5 BDBiosciences 557991 1:100
BALB/c
19gGX

PD1 EH12.2H7 Mouse | FITC Biolegend 329903 1:100
L3IDm

PDL1 MIH1 Mouse | PE BD Pharmingen 557924 1:100
BALB/c
19Gx

Perforin dG9 Mouse | PerCP/Cyanine 5.5 Biolegend 308113 1:100
1gG2b,
<

TNFR2 3G7A02 Rat PE Biolegend 358403 1:100
1gG2a,
¢

Va7.2 3C10 Mouse | PE Biolegend 351705 1:100
L3IDwm

gdTCR B1 Mouse | FITC Biolegend 331207 1:100
L3IDwm

2.3.3 Reagent kits

Table2-9| Mass cytometry atibody conjugationreagents andequipment, Fluidigm catalogue

number 201300
Product supplied withkit Volume (for 40 reactions)
R- Buffer 60mL
GBuffer 55mL
L-Buffer 14mL
W-Buffer 80mL
Maxpar Polymer® 40 tubes
Lanthanide solution Hnn>|[

Table2-10| Additional reagents required for antibody conjugation not provided with kit

Reagents Company Catalogue number
Antibody stabiliser Candor Bioscience 131125

GmbH
Cell staining buffer Fluidigm 201068
100y of each antibody | As specified As specified
ndpa ¢/ 9t Y | Thermo Fisher Scientifi¢ 77720
BondBreaker® TCEP
solution

50



Table2-11]Antibody conjugation with lanthanide metal equipment

Equipmentrequired for mass Company Catalogue

cytometry antibody conjugation number (if
applicable)

Thermo shaker PHM® GrantBio n/a

Microcentrifuge Centrifuge 5415D n/a

Eppendorf
Amicon Ultra 0.5mL 50K Millipore UFC505096
Amicon Ultra 0.5mL 3K Millipore UFC500396

Table2-12| Fluidigm,CeltL 5 u -Plex/Pd Barcoding kit

Product supplied withkit (catalogue | Volume provided (for 60 samples)
number 201060)

3 sets of 20 barcodes in PCR tubes | 10 each

Maxpar ® Fix | Buffer (5x) 15mL

Maxpar Cell Staining Buffer 500mL

Maxpar 10x Barcode Perm Buffer 50mL

Maxpar PBS 500mL

Table2-13] Plasmablastifferentiation reagents

Reagent Company Catalogue number
Leucosep tubes Greiner Bio One 227288

Total B cell isolation kit 11, human Miltenyi Biotec 130-:091-151
MACS LS columns Miltenyi Biotec 130042-401
QuadroMACS Separator Miltenyi Biotec 130090976

IL-21 Peprotech 20021

Mega CD40L soluble human recombinan Enzo Life Sciences ALX522-110-C010

2.4 Methods

2.4.1 Justificationfor antibodies selectedor mass cytometry

The antibodies that were chosdor mass cytometry were selectddr comprehensively
immunophenotypingabundant and rarer populations of cells in blood samplé® decision was
made to not stimulate the blood samples obtained from patients or healthy doruristo keep the
sampledn their original biological context to observe the cellular populatidnsddition, logistical
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factors meant that a cytokine/chemokine panel could not be devissthusemass cytometry
requires samples tbe processed fresh andot frozen Whilst many antibodies have been
conjugated successfulfgr mass cytometryit is still limited in comparison to the possibilities
availableto flow cytometry.Although all antibodies were validated befapplying to samples,
some antibodiesvere already approved by the Fluidigmmune Monitoring kit whiclprovided
confirmationfor a novel technology

2.4.2 How cytometry

2.4.2.1 Preparation of peripheral blood mononuclear cells from whole blood

Lithium heparinised coagulated whole blood was collectethfleealthy volunteers and processed

for PBMCs by density gradient centrifugation. Using sterile, aseptic techniques in a category 1 tissue
culture hood, blood was diluted at a 1:1 volume with PBS and slowly layered ataglé onto the

density gradientr8 RA dz¥Y [ @ YLIK2LINBLM FyR &ddzaSljdsSyate OSyidN
temperature with acceleration brake set at 5 and deceleration brake set at 0. After centrifugation, 3
layers can be observed with the top layer consisting of plasma, a middle layestounsf the buffy

coat containing the PBMCs and a bottom layer consisting of red blood cells and granulocytes. The
buffy coat was removed by Pasteur pipette and placed into a new tube and washed with MACS
buffer at 200g for 10 minutes to remove any coniaating platelets. Cells were then washed again

in MACS buffer and resuspended in RRBY0 media supplemented with 10% FBS and 1% penicillin
streptomycin. Cell count was obtained by using a haemocytometer and viability was assessed by
trypan blue. Total&ll number was calculated using the following equation below:

Total cell number = Cell count x*0volume of media x trypan blue dilution

2.5 CD138 plasmablast cell differentiation

2.5.1 Purified B cell isolation and labelling

This protocol was kindly provided b}CB Pharma, Sloug@OmL lithiumheparinised coagulated
whole blood was obtained fromHealthy donor. Blood was diluted 1:1 using sterile PBS. Diluted
blood wadayered ontoLeucosep tubes in a vertical manner aiming for the centre of the tube and
centrifuged at 800g foll5 minutes with acceleration set at 3 and deceleratiehat 3 The interface
layer of PBMCwas collected in a fresh 50mL falcon tuboedl thevolumemade up to 50mL by PBS.
Samples were centrifuged at 300g for 8 minutes withdleeleration and deceleration set to the
maximumspeed. Supernatant was discarded and the cell pellet was resuspen@at.iPBSLOuL

of cells weretaken andcountedusing shaemocytometeiby diluting 1:1 with trypan blueCell
suspension was centrifuged 300g for 5 minutesThe supernatant was discardadd the pellet
resuspendedn RPM1640 mediassupplementedl0% FB, 1% {glutamine and 1% Penicillin
Streptomycinand centrifuged at 300g fd& minutes. The cell pellet was resuspended@pL of

MACS bffer per 10 cells and 10L biotin cocktail per 1@ells and incubated for 5 minutes in the
refrigerator. After incubation, an addition&80uL MACS buffer per 1@ells and 20u&nti-biotin
MicroBeads per 1Ccells were added to the cell suspensions andlated for 10 minutes at*€.LS
columns were placed in a QuadroMACS separator and washed through with 3mL of MACS buffer
15mL falcon tubes were set up beneath the columns ready for sample collecttbihnl of sample
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was applied to each column and flow through collect€dlumns were additionally washed with
3mL MACS buffeand the flow through collected.

2.5.1.1 Plasmablast differentiation assay protocol

For differentiation of B cells infolasmablasts, 9/ell u-bottom plates were platedavith 200,000 B
cellsand stimulated with 10ng/mL CD40L and 50ng/m21and incubated for 5 dayat 37°C, 5%
CQiin a cell culture incubatoMVhen incubation was completedupernatant was removed and cell
pellets were resuspended in PB&d placed in a 15mL falcon tubkhe differentiated plasmaasts
were stained fowith the markers CD19, CD27, CD38 and CEil88nfirm the presence of CD138.

2.6 Mass cytometrylaboratory methods

2.6.1 Lanthanide assignment fomass cytometryantibodies

Lanthanides were assigned to antibodies by prior knowledge of the immunology of the expression of
the marker. Metals that have multiple isotopes were assigned to antibodies that were not close or
relatedin terms of expression. This is because the metal can become oxidised therefore causing the
metal to contaminate the subsequent isotope channel.

2.6.2 Antibody conjugation

Whilst most steps remain consisteatA 1 K Y ydzF I O dzZNBENRa LINPma@©2f = a2y
to optimise antibody yield as determined by UCB Pharma. The lanthanide and antibody steps were
performed simultaneously.

2.6.2.1 Antibody concentration

Concentration othe purified carrieffree antibody concentration was determined by Nanodrop
after blankirg against the buffer they are suspended in. Filter tips were used throughout this
protocol to prevent crosgontamination.

2.6.2.2 Preloadngthe polymer with lanthanide

The polymer reagent was spun down for 10 seconds in a microcentrifuge to ensure that thatreag

gra G GKS 02002Y 2F GKS (u#eS(supplied with théiFludBn dzid LISy R €
al ELI NI FyGtGAoz2zRe 1 o06StftftAay3a 1AGO YR p>[ 2F fl yiKl
O2yOSYyiGNY GA2Y wHdpYa Ay | {2 imixéd th@rdughiyBySpipetthg mnan > [ @
and incubated at 37°C in a heat block for 35 minutes.

2.6.2.3 Purifying the lanthanideloaded polymer

' FGSNI Ay Odzo HOOAZFS Nd pAa] FRRSR G2 | o5& FAEOGSNI Iy
mixture was added to this. Thigas centrifuged for 25 minutes at room temperature, flow through

RAaOI NRSR | YR NS LIS I-hffeRo tiedilterardRényifHge at 4270809 for38  /

minutes at room temperature.

2.6.2.4 Buffer exchange and partial reduction of antibody
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Next,100ug2 ¥ ad 201 | yiAo2Re ¢ |-Guffet tRaSOKRa fiktef andatehtrifuged n n n > [
F2NI mn YAydziSa Fd NR2Y GSYLISNI G§GdzZNB® ¢KS O2f dzvyy 7
TCERR buffer was added to each antibody and mixed by pipetting. This walsdted at 37°C in a

heat block for 30 minutes and paramount not to exceed this time as over reduction of the antibody

would damage the epitope.

2.6.2.5 Purifying the partially reduced antibody

The 50kDa filter containing the partially reduced antibody waseegt from the heat block and

o n n > [-buferfwad to the 50kDa filter to wash the antibody. This was centrifuged at 12,0009 for

Mn YAydziSa G NR2Y GSYLISNI(Gdz2NBEZ RAAOFNR GKS Ff 2¢
Ghbuffer to the filter and cenifuge again for 12,0009 for 10 minutes at room temperature.

2.6.2.6 Conjugate the antibody with lanthaniddéoaded polymer

The 3kDa filter containing the purified lanthanitteaded polymer from the centrifuge and the
50kDa filter containing the purified partialfgduced antibody from the centrifuge were retrieved
and the flowthrough for both was discarded. The lanthanidaded polymer was resuspended in
M N n > [-bufeand/ the contents transferred to the corresponding partially reduced antibody in
the 50kDaifter. This was mixed gently by pipetting and incubated at 37°C for 90 minutes.

2.6.2.7 Washing the metakonjugated antibody

To wash the conjugated antibody, 2000f W-0 dzZF F SNJ 6+ & | RRSR G2 (G4KS wmnn>]
mixture and centrifuged for 12,000g fomginutes and the flonthrough discarded. The wash step

gl a NBLISEFIGSR F2NJ I FdzNI K SoifleriMidn BeSinal iashSvith Wo dzi ¢ A G K
0dzZF FSNE OydzF>F[SNG Hi 22 GKS pn{15F FAEGSNI G2 RAfdziS GKS
solution was mixed thoroughly by pipetting and the walls of the filter rinsed with thibuffer. The

absorbance of the conjugated antibody was measured at 280nm againdi#féy blankusing the

Nanodrop The volume of antibody stabilization buffer was calcudteelute the antibody at

0.1mg/mL. The filter was inverted in a new collection tube and half of the calculated volume of

antibody stabiliser was added to the filter and centrifuged at 1000g for 2 minutes. This step was
repeatedwith the next half of thecalculated volume of antibody stabilization buffer and centrifuged

at 1000g for 2 minutes. Antibodies were stored at 4°C ready for titrafibe. process yields 60% of

the original concentration of the antibody.

2.6.2.8 Antibody conjugation confirmation

For eachantibody, a separate 1.5mL Eppendorf tube was prepared. In each tube, one drop of
OneComp compensation beads was added to the tube ahdof antibody added and mixed
thoroughly with the beads. Thmixture was incubated forminutes at room temperaturelNext,
1mL of Maxpacell staining buffer was addddr washingand the tube was centrifuged at 1000g for
3 minutes.The supernatant was discarded aife wash step repeatedihe pellet was then
resuspended in 1QfL CAS and acquired on thmss cytomegr.

2.6.2.9 Antibody titration

All antibodies used for mass cytometry were titrated to ascertain the optimum concentration of
antibodyrequired to differentiate between the negative and positive populatibo.assess thigmL
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of whole peripheral whole blood from one healthy donor was fixed and frozen as described in
section2.1.3 Antibodies were titrated at the following concentratsrgug/mL, 2.5.g9/mL,
1.2519/mL, 0.625%g/mL, 0.312%g/mL and0.1251g/mL and collected on the mass cytometer

2.6.3 Compensationfor mass cytometry

As described in the previous secti®r6.2.8 antibodies were added to OneComp compensation
beadsbut this time simultaneously in one tulie their titrated volume An acquisition o0, 000
events on the mass cytometarere requiredto create a compensatiomatrix which can be applied
post acquisition

2.6.4 Barcodingpatient samples formass cytometry

All patient and healthy donor samples were processed on the same day to reduce staining
variability. Fortysamples were retevedat a timefrom the-80 C freezer and thawed in a 37 bead
bath. Once the samples were thawed, 1mL of fixed blood or synovial fluid was added to 9mL of 1x
permeabilisation buffer in a corresponding labelled 15mL falcon arukleftupright for 15 minutes

at room temperature. Samples were centrifuged at 800g for 5 minutes andupernatant

removed by aspiration. Samples were then resuspended in 5mL dPBS/1mM3tib3équently,

100nL aliguots of each sample was removed and placed into a 0.5mL Eppanmmand counted

on the automated Sysmex cell counter which had been previously validated in house to count fixed
cells. The 15mL falcon tubes containing cells in 5mL dPBS/1mM EDTA were then stoted at 4
overnight. The next day, cells were adjuste@®tmillion cells and stored in dPBS/1ImM EDTA
overnight at 4C.

The following day, samples were centrifuged at 800g for 5 minutes and flow through removed by
aspiration. Samples were washed again in 5mL dPBS/1mM EDTA, centrifuged at 800g for 5 minutes
and fow through removed by aspiration. Each sample was resuspended in 1mL barcode perm buffer
and centrifuged at 8009 for 5 minutes. Flow through was removed by aspiration and each sample
was resuspended thoroughly in 100 of barcode perm buffer and samplesne added to every

other well of a deep V bottom 9%ell plate. Each barcode was resuspended imi06f 1x barcode

perm buffer and transferred to the corresponding sample. Samples and barcodes were mixed
thoroughly by multichannel pipetting and left tanicubate for 30 minutes at room temperature.

After 15 minutes of incubation, samples were thoroughly mixed by pipetting. Plates containing the
samples and barcodes were centrifuged at 800g for 5 minutes and using echrarltiel pipette, the
supernatant wagarefully aspirated to avoid disturbing the cell pellet. It was critical to remove the
supernatant in its entirety to avoid unbound barcodes contaminating other samples. Cell pellets
were washed by adding 360 of Maxpar cell staining buffer solution taah well and mixed

thoroughly by using a mutthannel pipette. This step was repeated following centrifugation. After

the second wash step with Maxpar cell staining buffer, each sample was resuspendediirn100
Maxpar cell staining buffer and combinadad 15mL falcon tube. Sample wells were rinsed an
additional two more times to ensure maximum cell recovery. Cells were centrifuged at 800g for 5
minutes and the supernatant discarded by aspiratiéach batch of 40 samples were stored at 4

in the refrigerator until all samples had been barcoded as antibody staining was to be done
simultaneously across all barcoded samples.

2.6.4.1 Preparation of internal batch control for barcoding
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Each barcoding batch contained an internal batch control which was obtainedtiesame dono
The internal batch controtonsisted oftollecting40mL of bloodThe blood was divided withOmL
of whole bloodprocessedas described isection 2.4.3 which provided the unstimulated contfbhe
remaining30mL of blood was collected and processedbtain PBMCassing the method outlined
in section 25.5.1.This served as a stimulated control for activation markers included im#ss
cytometrypanel. Isolated PBMCs westtmulated in a 15mL falcon tube ti50Ong/mL PMA and
lug/mL ionomycin for 4 hours at 3Zin a cell culture incubatoCellswere subsequentlyvashed
with PBS and centrifuged at 400g for 5 minutes. This was step was repeated and then cells were
fixed with 1.6% PFA using the protodelscrbed in 2.4.3SubsequentlylOmL of 10% DMSO/90%
PBS was added to the pellet and aliquoted across 10 tubes to ste86 & These internal batch
controls were thawed at the same time as the patient samples were prepared as described in
section 2.5.3. Athe end both theunstimulated cells and stimulated PBMCs were counted and
1.5x1G cells of each were combined to create 1 sample containing®ell3.

[t Cells are then combined after
(1) oo 0o0 o Each sample was counted and plated at (4) :
N R a total of 3 million cells. 20 samples the last wash ina 1.5ml. falcon
1: : : : : were plated in a 96 well plate, in l‘“be an%eszame.d “":‘d
alternate wells to avoid contamination anthanide conjugat <
when the barcodes were subsequently antibodies and stained at 4
added. for 1 hour.
G oooe o EST Each barcode (20 in total) is
"""" oeo®0® © resuspended with 100uL Maxpar (s)
o®0®e o Perm Buffer and added individually s . e CVTOF
o®eee to each sample, mixed thoroughly ample acquisition on CyTOF.
+ and incubated for 30 minutes at
room temperature.
(3) : After incubation, plates are
o®eoe0 o centrifuged and the (6) ; .
o000 supernatant carefully Files are normalised,
: : : : : aspirated and discarded. Cells kg concatenated a.nd
o are then washed 2x with Episssssass o debarcoded using a
« Maxpar staining buffer. Fluidigm automated tool.

Figure2-1| Schematic depicting the workflow obarcoding

2.6.4.2 Antibody staining

After all samples had been barcoded and combined in their respective 15mL falcon tube, antibody
staining commencedrirstly,100uL of Maxpar cell staining buffer was required for each sample. The
dilution of each antibody wasatermined by titration.Antibodies were prepared in Maxpar cell
staining buffer and left to incubate for 1 hour at°€&4in the refrigeratorOnce the incubation was
complete, 5mL PBS/1mM EDTA was addaedsamples were centrifuged at 800g for 5 minutes.
Supernatant was discarded, and the wash step was repeated. After another wash stggh, &00
chilled methanol was added to the cell pellet and the pellet left on ice for 15 minutes. After
incubation, the pellet was centrifuged at 800g for 5 minutes andntie¢hanol carefully aspirated

and disposed appropriately following local safety procedures. The pellet was washed in 5mL
PBS/AmM EDTA and centrifuged at 800g for 5 minutes. If the sample was to be run within 24 hours it
was storedovernightin 4% PFA with/10,000 DNA Iridium Intercalator added &Ctin the

refrigerator. If the sample was to be run after 24 hours it was stored in 4%nRE80°C freezer.

2.6.4.3 Preparation of samples on the day of mass cytometry
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On the day of acquisition, the sample was thaveédoom temperature and once defrosted, 1/5000
DNA Iridium Intercalator was added and the sample incubated for 1 houlCairda refrigerator.
Following the incubation, 5mL of PBS/ImM EDTA was added to the sample andugediat 800g

for 5 minutes andhe supernatant discarded. The pellet was washed in 5mL PBS/1mM EDTA and
centrifuged at 800g for 5 minutes. The supernatant was discarded and the sample was resuspended
in 5mL PBS/1mM EDTA. 1mL of sample was removed and placed into a fresh tube. This 1mL o
sample was centrifuged at 800g for 5 minutes and the supernatant discarded. The pellet was
resuspended in ImL of CAS and the remaining 4mL of sample were stored at 4°C in a refrigerator.
The 1mL of sample was subsequently acquired omigaes

cytometer and the remaining 4mL of sample was processed in the same way until all sample was
used to completion.

2.6.5 Data acquisitionon mass cytometer

Themass cytometrynachine was turned on daily and calibrated with EQ beads. Set up, calibration
and pass checks todletween1.5-2 hours daily. Each day a new nebuliser was attached to the
sample line to ensure that the nebuliser was free of any contaminating material to prevent
blockages. Before acquisition began with samples, Maxpar water was run through the sample li
for 5 minutes, followed bz AS buffer fob minutes.

Each barcoded batch was run where possible to completion over 2 consecutive days. It was
important to run the samples over consecutive days to reduce any variability in antibody staining.
Samples wee run at a rate of 300 events per secaindeduce the formation of doubletand

collection took place over 8 hours.

2.7 Data analysis

2.7.1 Normalization andconcatenation of files

After acquisition, .fcs files were normalized to correct for any sidisalreparmies.Samplebatches
were normalizedaccording to the internal reference determined by the EQ bessitsg theFluidigm
Normalizer built into theMlass cytometrf v.6.0.626 softwarePassport P13H23082er2 User Guide
UG1302_15050]). Once files were normaikd,they were concatenatetb create one file for each
barcoded batch.

2.7.2 Debarcoding

Each file was debarcoded usifibe Debarcoder software provided by Fluidigm v6.7.10hé.
minimum Barcode Separation value was set to 0.12 as the optiounoff for distinguishing single
cells from doublets and debri¥he Mahalaobis Distance was not altered from default as it was not
necessary to perform a secondary filterremove aggegates.

2.7.3 RSudio and statistical analysis

R studio was downloaded through the R studpen platformhttps://rstudio.com/ The version of R

{G0dzRA2 dzaSR Ay GKA& a-i2daRid QF I & RYva OBSUIE pravide8dNGc MNitizy ¢
HP Elitebook Folio 1040 G3 laptapy (0 St 1 -680BUNGPW @A24612, 2496MHz, 2 Core(s), 4

Logical Processor(d)he scripts used fautomated gatingandcompensation matrixvere
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developed by Dr Emma Sutton at UTBenormalisationscript was adapted from th€ytoNorm
script’*andcan be found in full in Appendix.Mhe complete R Studio scripts used for the analysis
in this study are in the supplementary section of this document.

To visualise the cell populations across all the samples the Diffcyt script was run in RSaugites
were analysed according to the pgthesis as the computing power was limited to run all samples at
simultaneously. It was ensured that the files were simultaneously prepared through the automated
gating, compensation matrix and normalisation scripts to minimise signal staining disce=panci
when analysing through Diffcyt.

The Diffcysscript was developed by Nowicka et al as an approachrfalysing data from mass
cytometry617¢ An automated data analysis approach using the Diffcyt script was selected due to
the number of samples to analyse and applying a consistent approach for gating and clustering of
cell populations which reduces bias which may increase if done by manuaj.dgatirthermore,

small and rare cell populations can be overlooked if manual gating is initially apfliediffcyt

script is not a fully automated script therefore encouraging the user to manually check the outcomes
of each step to remove computer bias.

The Diffcyt scriptricorporates many of the features associated with single cell data angbgsile

files were selected that best answered the hypothesis being tested and placed into a folder. To begin
in Diffcyt, sample files werdown sampledo the same number of events which would be

determined by the file which had the lowest number of everts.excel file which contains

information on the sample name, sample category (e.g. healthy, early RA, refractory RA) is uploaded
into the script and a sepate file containing the phenotyping markers and whether they are lineage
and/or functional (denoted by a 1 if applicable or O if not). The first set of plots is a staining plot for
each sample against all markers to observe if there are any obvious dif&sén marker

expression. At this stage, if there are differences in expression it can be assessed whether these
differences can be attributed to batch variation affects or if these differences may be biological. If it
is thought that the differences amue to batch variation, staining profiles for samples need to be
checked in Flowjo. In this study, staining proffl@sall markers were checkeafter the application

of the normalisation algorithn€ytoNorm It was observed that the staining expression@11b

and CD16luctuated across batches which was rectified@ytoNorm

Once staining expression across all markers and samples is confirmed, a multidimensional scaling
(MDS) plotwhich visualises similarity in individuals of a dataset. Individualplateed on an

abstract Cartesian axis scatterploith marker expressiobeingthe measure of similarityThe MDS

plot performs a global analysis tdserve if there are any similarities in the samples and whether a
trend can be observed. If nothing iss#yved by the MDS plpthis does not mean that there is no
pattern or trend within thedataset,but it indicates that should there be any trends or differences,
thesemay bemore subtle

TheDiffcyt script incorporatethe unsupervised clustering algorithRlowSoM Flowselforganising
map)which can cluster millions of cells within minutes without the need for further sub setting.
Clusters obtained from FlowSoM are labelled by the user and these labelled cell papsikao
visualisecbn tSNE1 and tSNE2 Cartesian a®ewe the unsupervised clustering step is completed,
statistical testing can be performed to obtain a p value. The p value for significance can be set within
the script and for this study a p valog>).05 was significant.

The statistical testing is performed in two parBifferential testing forcell populationabundance
and differential expression across the functional markers in each cell populstesithe edge R
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statisticalpackage to fit modeland calculate moderated tests at the cluster leV&lThese

moderated tests improve power by sharing information on variability across clusters and return
values in the form of raw-palues which is adjusted to account for false discoveryrat&or
differential abundance,he data is represented as boxplots with percentage of cells denoted on the
y axis and condition on the x axi®r differential expressiothe median expression of markers are
measured on the y axis and the functional markers are measured on the x axis.

To confirm the findings from mass cytometry analy$csfileswere analysed in Flodoversion
10.7.1to confirm populationsusing biaxial gating.
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Chapter 3Antibody clone validation
3.1 Introduction

3.1.1 Optimisation and selection of antibody clones for novel technologies

Mass cytometry is a nhovel technique when compared to flow cytometry with the clear advantage of
including moremarkers in one panel. This providé®topportunity to either immunophenotype
multiple cell populations or to comprehensively immunophenotype specific cell populations of
interest. However, the flow cytometry fielasfurther advanced and established protocols exist for
immunophenotyping Despite this protocols can vary across different research groups due to the
particular sample (e.g. patient tissue/cell line), methods used to handle and process the sample, the
combination of markers to be analysed, controls included and the specificiimmeter used for
acquisition'’’. Although this list of variables is not exhaustive, it serves to highlight how
inconsistenies can affect the antibody staining, which is measured by the cytorbefere

biological variation can even be consider#dfthe antibody staining fluctuates across samples, it can
pose challenges when analysing data and drawing conclusions.

One of thedrawbacks within the flow cytometry field is protocols can differ between groups even if
similar biological samples and markers are used. This makes it difficult to compare findings let alone
replicate findingslthoughinclusion of validation data and wtrols used for flow cytometry
experiments are part of the requirements to publish in many jourk@lsin flow cytometry, the
expansion of panels and thus the inclusion of more markers has been gradual. It is only within the
last decade that the increase of more markfranels onsisting ofKLO markershas beome

possible, creating the need for robust validatidtemass cytometrys regarded as a novel

technigue thereis encouragement within the field to streamline protocols for end usgeétis
concertedefforts to communicatenew methods conveyed through publications, webinars and
online resourcesMass cytometry is a field that is gaining more traction with the possibility of
yielding new insights for many diseases, aad becomeéncreasingly accessible for many
researcherdeading to book chapters and textbooks compiling the latest approaches and protocols
within mass cytometry 9180

In this project it was important to validate all antibody clones to ensure that they bound specifically
to the epitope of interest. All antibody markers were tested by flow cytometryrderto evaluate

the specificity of the target epitope being bourmlthe antibody If antibody markers detected the
specific epitope byn established technique such #@w cytometry, this woulgrovide assurance

that the antibody markers would be successful in mass cytometry. Testing antibody markers by flow
cytometry B cost effective as testing clones initially by mass cytometry would be expensive and an
inefficient use of resource.

Sample processing for mass cytometry is similar to flow cytometry although there are some caveats
that are specific to mass cytometry. ©of the key steps in preparing samples for mass cytometry is
applying a fixative to samples. In flow cytometry, extracellular surface markers are often
immunophenotyped without the application of a fixative. However, with logistical practicalities to
takeinto consideration, (this study was geographically split between Leeds and Slough) it was not
possible to acquire these samples on the mass cytometer on the same day as collection and
processing. Therefore, whole blood and synovial fluid was immediaxelg fvith 1.6%
paraformaldehyde, washed with phosphate buffered saline, and aliquoted into cryovials to be stored
at -80°C until it was possible to acquire on the mass cytometer. This fixation process allows for many
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cell types to be preserved and minimise OSf f f23aada® ¢KA& YSOUK2R gAff 0
YSGK2RQ® a4 (GKS al YLX Sa ¢6SNB Ayaidlyidte FAESR 2y
The fix freeze method has been published by groups who have established mass cytometngiprotoc

and was further validated ihouse at UCB Pharm. | validated the technique to ensure uniform

processing across all samples for the purpose of this study. Before the fix freeze technique was

applied to the samples, peripheral blood was obtained from one healthy donor to compare antibody
staining on frestsamples compared with antibody staining on samples that have been processed by

the fix freeze method. In flow cytometry, antibody markers could not be run simultaneously due to

the limited channels so antibody markers were validated in smaller panelswhermantibody

markers included would identify the corresponding cell populations. For some of the antibody

clones, several clones were validated to determine which clone had the best specificity. Antibody

markers for flow cytometry from reputable compasiare often extensively tested in both fixed and

unfixed conditions but this should be confirmed by the end user for the specific sample type and
processing methods used. The clones shown in the results section will be the final clones that were
selected or this study and it is anticipated that findings from this study can be replicated.

Furthermore, it is hoped that the protocols can be easily translated from a laboratory setting to a

clinical setting diagnostic setting should future findings becomecdlilyi relevant.

The37 antibody markers selected for this study was to broadly immunophenotype immune cells in
peripheral blood and synovial fluid from patient with RA. The immunophenotyping panel in this
study consisted of a combination of markerstthave been well profiled in flow and mass

cytometry literature alongside known but less characterised markers. It was only possible to include
surface markers for the immunophenotyping panel as the samples were fixed with
paraformaldehyde during the prossing step. Due to logistical practicalities, it was decided that
intracellular cytokines and chemokines would not be included in immunophenotyping panels.
Primarily this was due to the cohort mainly comprising of peripheral blood. In order to capture
intracellular cytokine and chemokine activity, this would require an additional stimulation step and
access to the mass cytometer on the same day which was not possible. Intracellular staining by flow
cytometry is a technique that would require a significamtcant of validation especially if novel
chemokines/cytokines are to be included in panels. Therefore staining for chemokines and cytokines
by mass cytometry was beyond the scope of this study despite published repduding RA,

including chemokines angytokines in their mass cytometry panel destg®2183

Gating strategy and staining profiles within mass cytometry requires experience and familiarity with
single cell staining plots. Familiarity with these plots improve over time but initial training and
guidance for the reseaher are required to achieve a level of confidence when interpreting
cytometry data. Numerous papers reporting various markers have demonstrated gating strategies
by flow cytometry. These are widely available and can serve as an initial reference point for
comparing staining profiles and gating strategy although variables as outlined earlier must be taken
into consideration. However, differences in gating and staining profiles exist in mass cytometry
compared to flow cytometry. Firstly, mass cytometry doespossess the light scatter properties
which are the forward and side scatter parameters. The light scatter properties are independent to
antibody markers and can be used to profile lymphocytes, monocytes and granulocytes present in
one sample. This ig@sent in flow cytometry and although not exclusively used or relied upon, can
be an initial approach for gating strategy which cannotbsly applied to mass cytometry.

However, the light scatter properties become less relevant if samples have bedrafixeas the

case in this study. In mass cytometry, cells undergo a harsher process during acquisition whereby
they are vaporized, atomised and ionized before the staining signal is recorded, making the binding
specificity of antibody markers crucial irder to identify cell populations. In turn, the antibody
staining informs the data analysis downstream whtommonly incorporates unsupervised analysis
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throughbioinformatics and computealgorithms;thus the specificity of antibody staining is
important when interpreting results antbrming conclusions.

3.2 Results

3.2.1 Flow cytometry light scatter properties areedundantwith fix freeze
processed samples

Sample preparation famass cytometry used the fix freeze methodwhole bloodand synovial

fluid cellswhichcomprises of fixing the samples on day of collection from the clinicInv@%
paraformaldehyde andtoringat -80°C until required for acquisitiopy thawing the sample for

mass cytomety. This processing method changes the cellular profile visudln compared to a
freshly processed sample which consists of lysing red blood cells, washing with phosphate buffer
saline, staining with antibodies and acquiring events on the flow cytombtethods for this

process are fully detailed i@hapter 2The difference in cellular profiles affected by the processing
method can be observeduring the acquisitioprocesson the flow cytometer and subsequently
data analysis in the single cell analysis softwépejo shown inFigure3-1. This is particularly
noticeable when viewig the cells against the forward and light scatter properties. As mentioned
earlier, these light scatter properties are not present in mass cytometry but by flow cytometry
demonstrate the affect of processing methods on the cellular profile. This is ayvkicevn
phenomenon in the cytometry fieldnd Figure3-1 illustrates theimpact thatprocessing methods
have oncells

Fresh Fix freeze
2.0M ) ; 20 7] A
1.5M = 150 =
I Ci |ssC-A
= ‘granulocytes 1
500K = " monocytes 500,(:.
1 567
Lymphocytes
399
0 LT T T T LI LS T e DU B S 0....,....,....,....
0 500K 1.0M 1.5M 2.0M 0 500K 1.0M 1.5M 2.0M
FSC-A FSC-A

Figure3-1| Comparison of fresh and fixedhole bloodfrom the same donor against light scatter
parameters

(figure legend on next page
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Whole bloodfrom the same donor was processed by two different methaddacquired on the same dajFreshly
processed blood prepared for flow cytometry was run on the Cytoflex S where 100,000 events were collected.
Granulocytesmonocytes,and lymphocytes populatiancan be observed based on the forward and side scatter light
properties. In contrastwhen the blood sample was processed by 1.6% paraformaldehyde fixitiaen at-80°C and
subsequently thawed (fix freeze processie light scatter parametersanno longerbe relied upon tdistinctly identify
granulocytes, monocytes and lymphocytes with the cell populations resulting in a condensed lrdiiiith the profiles, a
population with high SS& (which sit above thgranulocyte population) can be observed. It is uncertain what this
population of cells are although speculative analysis suggests that these could be eosinophils but thidbas not
confirmed by comprehensive immunophenotypifide two profiles are fotlustrative purpossonly but underscores the
importance of robust immune markers to identify cell populations and to not be reliant upon light param&telgsis
done using FlowJo software version 10.7ASEA forward side scatter are&SEA side satter area

In a freshly processed blood sample acquired on the flow cytometer, using the light scatter
parameters, three broad immunological cell populations can be observed which is often a starting
point for basic flow cytometry training and serves asraroduction to gating and general

visualisation of flow cytometry data. Granulocytes typically consisting of neutrophils, have a larger
scatter profile compared to the lymphocyte and monocyte populations. The granulocyte population
is typically the largst immune cell population iwhole bloodshown as 46% followed by

lymphocytes (39.9%) and monocytes (5.67%)igure3-1. In health, these cell percentages can
subtlyvary for eactdonor, but the pattern is broadly similar, with the granulocyte population
comprising the largest immune cell population in bloBldwever, this distinction of granulocytes,
monocytes and lymphocytes are absent with the fix freeze processatodwhen looking at the

cell events against the forward and side scatter parametéhe cellular profileondenses to the

lower left corner of the axes demonstrating that the cells do not retain their shape after undergoing
fixation and freezing process.The loss of cell shape is not an issue and does not compromise the
integrity or the interpretation of the data but strengthens the need for robust and reliable
antibodies to identify cell populations.

3.2.2 CD45+ single cell gating strategy for flow cytotne

To analyse the antibody clonestveo-stepinitial gating strategy was applied which consisted of
removing the doublet cells and debris using the forward scatter area and height parameters and
gating on the CD4%ell population which is present on differentiated haematopoietic cells and
absent on erythrocytefFigure3-2). The gating profile for freshly processetiole bloodand fix
freezewhole bloodis shownm Figure3-2 to demonstrate the cell profileBom the same healthy
donor.

63



Fresh

Singlets CDA45 cells

10’

154 1®
CD45 PECy7

FSC-H Singlets 10°
1.0M -
/| — 10
500K 0
0
0 -10 3
T T T T T T
0 500K 1.0M 1.5 20M L] 500K 1.0M 1.5M 2.0M
FSC-A SSC-A
Fix freeze
Singlets CDA45 cells
1.5 =
FSC-H CD45 PECy7
1.0M =
—_—

500K =

T T T g
0 500K 1.0M 1.5M 20M 0 500K 1.0M 1.5M 2.0M

Figure3-2|Gating strategy to obtainsingle cell CD4%ell population in peripheraivhole blood

Gating strategghown for both fresh and fixed frozen processeuble bloodfrom the same donor to obtain a single cell
CD45population Analysis done using FlowJo software version 10#SIEA forward side scatter are&gSEA side scatter
area,FS@H forward side scatter heighPECyPhycoerythrinCyanine?

3.2.3 Validation of antibody clones by flow cytometry

The same healthy donor was used for all antibody marker clone validation experiments to determine
how the staining pattern appears whole bloodin health without any activation of cells. Due to the
limitation of the flow cytometer as to the number of 8tophore channels that can be analysed in

one panel it was decided to run each marker separately with CD45 only. This was the simplest way
to assess the specificity of the antibody marker removing the complication of panel designs to
accommodate fluorophars and compensation calculation. Each clone used in this study is detailed

in Chapter 2 Fresh and fix freeze methods were applied to each antibody to compare pageeof

cells staining positive for the marker and these have been adjacently positioned to compare the
staining profiles. Freshly processed and fix freeze processed blood was run separately on the flow
cytometer. Due to the effects of the fix freeze on thalls, the axes within the FlowJo analysis

software were set to a biexponential scale. As anticipated, the process of fixing and freezing
samples results in partial cell loss when compared to freshly processed samples. However, the fix
freeze method wasapplied to all samples acquired on the mass cytometer thus removing this

variation in cell percentage. Each marker was gated against CD45 to assess the staining profile. After
applying the initial clean up gating (showrFilgure3-2) the markers were assessed against CD45 to
view their staining profilesHigure3-3). For freshly praessedwhole bloodthe percentage of cells for

CD3, CD19, CD8a and IgD were 28.3%, 5.97%, 17.9% and 4.05% respectively whereas for fix freeze
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processedvhole bloodthe percentage of cells were 23.2%, 4.49%, 16% and 3.71% respectively.
Therefore, fix freezprocessing leads to a decreased percentage in positive cell staining for samples
when compared to fresh processing. However, the markers clearly define a positive population and
the cell percentages are comparable with fresh processed sample.

CD3 is ammportant marker in this study as it is used to identify the T cell population. The design of

the antibody panel has many markers that would subset out T cells making it crucial for the CD3

marker to be specific. The CD3 marker separates the T cell gimoudistinctly in a heterogeneous

population of cells in both fresh and fix freeze sample processing conditions. Similarly, CD19 is a

marker that has been selected to identify the B cell population. It was decided to use CD19 as a

generic marker for B dslrather CD20 which can also be used either in conjunction with CD19 or as

a substitute as some patients with RA are receiving the treatment Rituximab which targets CD20 on

B cells. A large proportion of studies that immunophenotype T and B cells eititatei T or B cells

from the blood prior to immunophenotyping to ensure the population of cells being assessed by
Oeli2YSGNR GSOKYyAIljdzSa FNB Ff NBFRe& I WLHZNBQ LJ2 LJdz |
included. Alternatively, another approach is tolete the lymphocyte and/or monocyte cell

populations from blood and remove the granulocyte population as these are often seen as an

expendable cell population due to their large number. However, the scope of mass cytometry allows

for a more encompassing ppach which means that the role of B and T cells amongst other cell

LJ2 LJddzf F GA2ya IAAGDSE dza | Y2NB NBFTAAGAO Wayl LIAK2(GC

CD8a is a marker can be used to identify various cell populations, but it is cdynnsex to
immunophenotype cytotoxic T cells. In addition, CD8a is also expressed on a population of natural
killer (NK) cells and MAIT cells.

IgD is used to identify various subpopulations of B cells. IgD is an immunoglobulin that is expressed
on naive Rells and the loss of surface IgD expression and expression of CD27 is associated with
identifying classical switched memory B céfls B cells expressing both IgD and CD27 are
characterized as neswitched memory B celf§*
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Figure3-3| Validation ofCD3, CD19, CD8a and lgyflow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in the anabysisiaigiure3-2. On the da plot, each dot represents a single
cell and density of a collection of single cells which equate to a population are denoted by blue, yellow, green andiratibcolo
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Antibody validatiorwas carried out on peripheral whole blood and 100,000 events w&egeired on Cytoflex S. Each marker was plotted against CD45 to ascertain the percentage of cells
staining positive in fresh and fixed frozen blood procesg Antibody validation for markers CD3, CD19, CD8a and IgD respectively. Analysis dorlewvadingoffware version 10.7.1
PECyPhycoerythrinCyanine 7AF700Alexa Fluor 70@BV421Brilliant Violet 421PEPhycoerythrin
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Figure3-4 shows the validation for CD45R0O, CD27, CD14 and CD45RA and for freshly processed
whole bloodthe percentage of cells were 73%, 20.5%, 3.34% and 22.9% respectively whereas for fix
freeze procesedwhole bloodthe percentage of cells were 71.6%, 16.5%, 2.65% and 21.1%
respectively.

CD45RO0 is a marker that is typically used to identify memory T and Brigril®3-4A shows the
granulocyte population also stains positive for CD45R0O and this staining pattern is also seen in mass
cytometry data (shown i€hapter2). CD45RAsia marker used in immunophenotyping naive B and T
cells.

CD27 is expressed on predominantly on T, NK and B cells and is a member of the tumour necrosis
factor receptor family*®>. CD27 plays a key role in T cell activation by providing a costimulatory
signal and increases T cell proliferation and differentiatfSnwhilst knowledge of CD27 has existed
since 1994, it has garnered recent attentianiamay serve as an important immune modulation
target which offers new treatment options®.

CD14 is expressed on macrophages and monocytes and is a coreceptor for the detectio
lipopolysaccharidé®’. Monocytes have received considerable attention over the last decade as
evidence suggests that they have a role in chronic inflammatory diseases including expansion of the
intermediate monocyte subset in RA®&1%0 CD14 is regarded as a broad marker of monocytes and
along with CD16, three monocyte subsets have been characterised. These subsets are defined as
classical monocytes (CDXaD16), intermediate monocytes (CDT2D16) and nonclassical

monocytes (CDLCD16 although data from mass cytometry immunophenotyping recommends
using CCR2, CD3#l,ADRand CD11c to characterise monocyte subsets accurately especially when
discriminating classical and intermediate monocyfésHowever, characterisation of monocytes is
not fully understood in particular with regards to the precise function of the intermediate and non
classical monocyte subsets. Whilst this study was not exclusively investigating monocytes, CD86,
CD11c antHLADRwere included to further define the three monocyte populations.
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Figure3-4| Validation of CD45R0O, CD27, CD14 and CD45Ri#fow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in the anabysisiagigiure3-2. On the dot plot, each dot represents a single
cell and density of a collection of single cells which equate to a population are denoted by blue, yellow, green andiratibcolo
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Antibody véidation was carried out on peripheral whole blood and 100,000 events were acquired on Cytoflex S. Each marker wasgiatte€tlath to ascertain the percentage of cells
staining positive in fresh and fixed frozen blood processiA.Atibody validatin for markers CD45R0O, CD27, CD14 and CD45RA respectively. Analysis done using FlowJo software version
10.7.1 PECyPhycoerythrinCyanine 7AF700Alexa Fluor 700RC5.5hycoerythrin-cyanine 5.5°EPhycoerythrin
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Figure3-5 shows the validation for {T cell receptorTCR, CD123, CD25 and CLCHl@l for freshly
processedvhole bloodthe percentage of cells were 3.26%, 0.64%, 1.46% and 60.1% respectively
whereas for fix freeze processadhole bloodthe percentage of cells were 1.31%, 0.43%, 1.52% and
69% respectively.

11 ¢ OStta NB Fy dzy 02y @S ysinalpopuldtion o cadz fduidin2 y 2 F ¢
0KS LISNALKSNIf o0f22R® /2y@SydAz2ylt LRLzZFGA2ya 2
NBEOSLIi2NA K2gSOSNE 1+ ¢8R fadl IS OBSLIBOGSR2 ¢ TLINE
Aa fSaa oSftf dzyRSNARAG22RX GKS& RAALI F& dzyAljdzS OKl
the need for MHC molecules and are capable of killing infected cells and microbes. In addition they

are able to pagocytose large particulates including bacteria and are capable of acting as

professional antigen presenting celfd

CD123 is anarker for dendritic cells. Dendritic cells can be further subsetted into myeloid dendritic
cells with additional markers CD11c and CD11b (both included in this study) and CD33. Plasmacytoid
dendritic cells can be defined by CD123 and CD303 amd C133Bdrthermore, dendritic cells

express HLMR and lack canonical markers of other cell subsets such as CD3 and CD19.

CD25 is a marker typically used to define T regulatory (Tregs) cells along with CD4 and transcription
factor FOXP3%1% Recently T regulatory cells have also been defined as a subpopulation identified
as CD2%"and FOXPS"and CD127 predicting treatment response in aplastic anertia

CD16 also known as'iRill is essential for antibodlependent cellular cytotoxicity and is expressed
on neutrophils, natural killer cells, macrophages (not found in peripheral blood) and moné&ytes
As mentioned earlier, CD16 is used in collaboration with CD14 to subset monocyte populations.
CD16 is a useful marker for subsetting neutrophils along with CD11b.
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Figure3-5| Validation of ! TCR, CD123, CD25 and CbyL.iow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in the anabygisiagigiure3-2. On the da plot, each dot represents a single
cell and density of a collection of single cells which equate to a population are denoted by blue, yellow, green andiratibcolo
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Antibody validation was carried out on peripheral whole blood and 100,000 events were acquired on Cytoflex S. Each naldterdaagainst CD45 to ascertain the percentage of cells
staining positive in fresh and fixed frozen blood processiFg.Atibaly validation for markers TCR, CD123, CD25 and CD16 respectively. Analysis done using FlowJo software version
10.7.1 PECyPhycoerythrinCyanine 7FITGluorescein isothiocyanateP EPhycoerythrin
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Figure3-6 shows the validation foHLADR CD138, TNFR2 and Perfaird for freshly processed

whole bloodthe percentage of cells were 10.5%, 0.62%, 3.33% and 8.49% respectively whereas for
fix freeze proessedwhole bloodthe percentage of cells were 10.7%, 0.85%, 1.85% and 8.13%
respectively.

HLADR (also known as MHCII) is mostly expressed on antigen presenting cells including B cells,
dendritic cells, NK cells and monocytes and has also been obseriedkipressed on activated
effector T cell$%2° HLADR can also be used as a measure of activation on cells. As mentioned in
Chapter JHLADRgene is central to the aetiopathogenesis of RA and has been incorporated in the
immunophenotyping panel to investigate its expression at the protein level.

CD138 is expressed on pise cells which are present as a small percentage in whole blood. Tumour
necrosis factor 2 (TNFR2) is expressed on immune cells but is restricted to myeloid cells, Tregs, glial
cells and endothelial celf§::2°2 Only the membrane bound TNF induces TNFR2 activation and not
soluble TNF. TNFR2 is thought to be resale for the survival and maturation of immune cétfs

Perforin is a pore forming cytolytic glycoproteiich is essential for immune cells to kill infected
cells. Perforin is found in the granules of NK cells and cytotoxitTC&8! lymphocytes. Perforin
forms a pore in target cell membranes which thestymnerizes and forms a channel infCa
dependent mannef®2%4 Perforin works with granzyme and together they are the main pathway
used by cytotoxic lymphocyseto eliminate virusnfected or transformed cell®*,
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Figure3-6| Validation of HLADR CD138, TNFR2 and Perfobinflow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in the anabygisiagigiure3-2. On the da plot, each dot represents a single
cell and density of a collection of single cells which equate to a population are denoted by blue, yellow, green andiratibcolo
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Antibody validation was carried out on peripheral whole blood and 100,000 eventsawguired on Cytoflex S. Each marker was plotted against CD45 to ascertain the percentage of cells

staining positive in fresh and fixed frozen blood processiA.Atibody validation for markeldLADR CD138, TNFR2 and Perforin respectively. Analysesuking FlowJo software version
10.7.1

PECyPhycoerythrinCyanine 7FITGluorescein isothiocyanatd?C5.5hycoerythrincyanine PEPhycoerythrin

76



Figure3-7 shows the validation fo€ / & WCILMA4, Va7.2 and CE2Rl for freshly processeathole
bloodthe percentage of cells were 1.34%, 1.53%, 3.08% and 16% respectively whereas for fix freeze
procesedwhole bloodthe percentage of cells were 0.47%, 0.76%, 1.37% and 18.8% respectively.

FCERIis an antibody binding site for the high affinity IgE receptor. IgE is associated with allergy and
parasitic infections. FCEER$ expressed on mast cells (peesin tissue and assent in peripheral
blood) and basophils.

T cell activation is a process consisting of two signals. The first signal consists of an antigen
presenting cell presenting an epitope through MHC | or MHC Il to the TCR on the T cell.tTio @esul
fully activated T cell, CD28 binds to CD80/CD80 costimulatory receptors. However, CTLA4 (cytotoxic
T lymphocyteassociated protein 4) can bind with higher affinity than CD28 and bind to CD80/CD86
and inhibit T cell activatioff>2°% T cell activation signallingrough CD28 is better characterised

than T cell inhibition through CTLA4. Studies have shown that CTLA4 and CD28 both bind with a
higher affinity to CD80 than CD86 although very often CD80/CD86 are written together as the exact
mechanism which determindsow binding works has not been fully elucidated. CTLA4 is regarded as
one of the immune checkpoints of the immune system that can be targeted by therapy and has
shown to be useful in treating many cancéts Abatacept which is an inhibitor of CTLA4 is

commonly prescribed in the clinic to treat KA

Va7.2 is afi chain segment on thedR which joins with thé 33 segment which is known as an
invariant TCR. These T cells are known as mucosal associated invariant T (MAIT) cells and possess
both innate and adaptive immune cell characteristics. MAIT cells are restricted by the non
polymorphic MHC class | related (MR1) molecule which is expressed by many ceftypesiT

cells are capable of combating bacterial disease by secretirgdRN TNF observed in lung

epithelial cells taken from healthy individuals which were infected in vitro Mithobacterium
tuberculosig'®. MAIT cells are found in peripheral blood in healthy individuals as well as in tissues
and are usually characterised with Va7.2 and CB3161
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Figure3-7| Validation of C/ & WCIT'IPA4, Va7.2 and CO2Bflow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in threansiysivn ifrigure3-2. On the dot plot, each dot represents a single
cell and density of a collection of single cells which equate to a population are denoted by blue, yellow, green andiratibcolo
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Antibody véidation was carried out on peripheral whole blood and 100,000 events were acquired on Cytoflex S. Each marker wasgiatte€tlath to ascertain the percentage of cells
staining positive in fresh and fixed frozen blood processifg.Axtibody validatin for markersC / 8 WCILWA4, Va7.2 and CD28 respectively. Analysis done using FlowJo software version
10.7.1 PECyPhycoerythrinCyanine 7FITGluorescein isothiocyanatd®’EPhycoerythrin
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Figure3-8 shows the validation foED86, CD4, CD203c and Cditfor freshly processadhole
bloodthe percentage of cells were 1.96%, 15.9%, 0.94% and 1.80% respewathereas for fix
freeze processewhole bloodthe percentage of cells were 1.59%, 11.7%, 0.77% and 1.75%
respectively.

CD8E6 is involved as a costimulatory molecule in B and T cell activation. It is present on antigen
presenting cells including monocwteB cells, dendritic cells and macrophages. Its role in T cell
activation is one that is extensively studied along with CD80 and whilst their biophysical properties
are well elucidated, their functional role in T cell activation remains less understabdraactive
research ared'2

CD4T cells are a well characterised and studied immune cell subset within the T cell population and
interacts with MHC class HILADR. CDAT cells are essential to the immune system in its effort to
fight disease best demonstrated in individuals infectgth human immunodeficiency virus have a
depleted number of CD4 T cells and the ability for the host to fight infection is dimim&hed

CD203c is a transmembrane [im expressed on basophils which are present in the granulocyte
population and constitute 0-4% of circulating white blood cef¥. Basophils are associated with
allergy and asthma and are functionally important in secreting histamine which induces
inflammation?*4,

CD11c is expressed on various cell populations including dendritic cells, monocytes, macrophages,
neutrophils and B cells. CD11c is a member of leukointegrin family and is implicated in phagocytosis,
cell migration and cytokine production by macytes and macrophages.
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Figure3-8| Validation of CD86, CD4, CD203c and CD11c by flow cytometry.

Gating for single cells and CD45+ cell population was performed for each antiélidition experiment in the analysis as showrrigure3-2. On the dot plot, each dot represents a single
cell and density of a collection single cells which equate to a population are denoted by blue, yellow, green and red colouration.
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Antibody validation was carried out on peripheral whole blood and 100,000 events were acquired on Cytoflex S. Each naldterdragainst CD45 to ascentiethe percentage of cells
staining positive in fresh and fixed frozen blood processiAg.Aftibody validation for markeSD86 CD4, CD203c and CD11c respectively. For the validation of CD203c shown in C, the

granulocyte population was removed due to tmigackground staining. Analysis done using FlowJo software version 1BEQyPhycoerythriRCyanine7FITGluorescein isothiocyanate,
BV510Brilliant violet 510PEPhycoerythrin
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Figure3-9 shows the validation fo€D56, CD161, PDL1 and C&ddfor freshly processeahole
bloodthe percentage of cells were 2.26%, 1.66%, 0.70% and 5.54% respectively whereas for fix
freeze processd whole bloodthe percentage of cells were 1.04%, 1.23%, 0.94% and 5.78%
respectively.

CD56 is mainly expressed on NK cells with the marker used to distinguish betwedftarEb
CD56 subsets. In health, NK cells are present at varying levels bet@&416.87%#°. CD161 is a
type Il transmembrane glycoprotein and is a member of the C type lectin superfamily and is
expressed on NK cells and natural killer T &fldn addition CD161 along with va7.2 and CD8 can
identify MAIT cells**.

PDL1 (programmed death ligand 1) expression has been identified on macrophages, soatedactiv
T and B cells, dendritic cells and some epithelial cells particularly under inflammatory conditions
such as IFN activated monocytes and not abundantly expressed in healthy individti&fé The
PD1/PDL1 axis has been extensively studied in cancer and tumour immunology as an immune
checkpoint blockde target®**.

CD40 is a member of the tumour necrosis factor receptor superfamily and is well characterised in B
cell signalling where CDA40 is involved in promoting germinal ceorneattion, B cell activation and
proliferation and is known to play a role in isotype switcR#AgCD40 binds to CD40 ligand which is
situated on CD4+ T cells. CD40 bwer, is not restricted to B cells and is also present on monocytes,
dendritic cells, NK cells and granulocyt&s? CD40 plays a different role in these cells to that of B
and T cells whereby it promotes cell survival and cytokine produétfon
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Figure3-9| Validation of CD56, CD161, PDL1 and CD40 by flow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in the anabysisiagigiure3-2. On the da plot, each dot represents a single
cell and density of a collection of single cells which equate to a population are denoted by blue, yellow, green andiratibcolo
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Antibody validation was carried out on peripheral whole blood and 100,000 eventsawguired on Cytoflex S. Each marker was plotted against CD45 to ascertain the percentage of cells
staining positive in fresh and fixed frozen blood processiAg.Aftibody validation for markeSD56 CD161, PDL1 and CD40 respectively. Analysis dogeRlgimlo software version 10.7.1

PECyPhycoerythrinCyanine7APCallophycocyaninPEPhycoerythrin
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Figure3-10shows the validation fogranzyme BPD1, NKp44 and CD&hd for freshly processed

whole bloodthe percentage of cells were 5.18%, 0.33%, 0.26% and 0.86% respectively whereas for
fix freeze pocessedvhole bloodthe percentage of cells were 4.22%, 0.36%, 0.13% and 0.38%
respectively.

Granzyme B is a serine protease that in combination with perforin mediates target cell apoptosis
found in the granules of cytotoxic CD8+ T cells and NK?&elBurrently 4 other granzymes have

been identified which are granzymes A, H, K and M. Granzyme B is perhaps the best studied out
the granzyme family and whilst an extensive amount of literature focuses on its cytotoxic role,
evidence has emerged that suggest granzymes may have additionat®olBEsese roles include
immune regulation such as cytokine processing and extracellular matrix degradation suggesting a
role for granzymes in fibrost$®. Whilst granzyme B levels are present as part of a healthy immune
system, they have been implicated in autoimmune disease including myositSldadd in RA,
granzyme B has been showmositively correlate with disease activifi}. It has been

hypothesised that granzyme B cleaves autoantigens which can lead to the creation of immunogenic
protein fragments which are preferentially recognised by autoantibodies present in patients with
autoimmune diseasé*,

Programme cell death protein(PD1) is an inhibitory receptor that is expressed by all T cells during
activation®®. PD1is a transmembrane molecule and is a member of the CD28 immunoglobulin

family and in addition to being found on conventional T c@I3] can be expressed by T regulatory
cells, B cells, NK cells and myelogll populationg?. PD1 is considered to beraimmune

checkpoint molecule anBD1 inhibitors exist and are particularly used as part of cancer treatment

221 PD1 often shows high and sustained expression especially during persistent antigen encounter
often asa result of chronic infections and cancer and can limit the activation and function of
potentially pathogenic selfeactive CD4+ and CD8+ T c®lsPD1 is important for maintaining
homeostasis of the immune system but when this balance becomes dysregulated chiefly in response
to chronic pathogenand tumoursPD1 can fail to limit protective immunity?®. PD1 has become
aeyzyevzdate tAyl1SR 6AGK we OStt SEKIdzaliA2yQX
effector functions over time in response to chronic antigenic stimulation and thus sustained chronic
inflammation??®, However, aPD1is expressed on a variety of cell populations, it is important to

look at the context of this expression and therefore i always a marker of exhaustion.

NKp44 is expressed on2lactivated NK cells and enhances NK cell mediated cytolysis triggering
receptor involved in nostMHC restricted cytotoxicity by activated NK c&fsNKp44 along with
NKp30 and NKp46 are important receptors for NK cell cytotoXi€itiNKp30 and NKp46 are
constitutively expressed on NK cells whereas NKp44 is expressed only upon activation.

CD80 is found on various $aces of antigen presenting immune cells including B cells, monocytes
and dendritic cells and is involved in the immunological synapse of T and B cells. It has been
hypothesised that CD80 binds to CD28 with higher affinity than EB88owever, the mechanistic
role of CD80 in T cell activation is yet to be fully elucidated.
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Figure3-10| Validation of Granzyme BPD1, NKp44 and CD80 by flow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in the anabysisiagigiure3-2. On the dot plot, each dot represents a single
cell and density of a collection of single cells which equate to a population are denoted by blue, yellow, greehcahouration.
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Antibody validation was carried out on peripheral whole blood and 100,000 events were acquired on Cytoflex S. Each naldterdaagainst CD45 to ascertain the percentage of cells

staining positive in fresh and fixed frozen blood progessAD Antibody validation for markeGranzyme BPD1, NKp44 and CD80 respectively. Analysis done using FlowJo software version
10.7.1

PECyPhycoerythrinCyanine7FITGluorescein isothiocyanatd?EPhycoerythrin APCallophycocyanin
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Figure3-11 shows the validation fo£ED127, NKp46, CD38 and CD4nt for freshly processed
whole bloodthe percentage of cells were 16.2%, 3.55%, 33.1% and 54.2%tigspewhereas for
fix freeze processewhole bloodthe percentage of cells were 14.6%, 3.07%, 36.4% and 69.4%
respectively.

CDi127isalsoknownasiB g KA OK A& | N&@dkihél ool efgagenyeRt of2his L |
interaction, a signal transducin pathway is initiated through JAKs TandlZR  aA 3yl £ & | NB
important for VDJ recombination and thus present on T and B cell liné#g&D127 is used in
immunophenotyping for T regulatory cells with expression being low on this population of T cells.

NKp46 is expressed by all CHB56D16 and CD589" CD16human NK cells irrespective of their
activation statug*2 Blocking the expression of NKp46 by specific monoclonal antibodies can result
in decreased NK cell cytotoxicff.

CD38 is a muHunctional transmembrane, ectenzyme protein which is ubiquitously expressed on
many immune cell types including bone marrow progenitorscali§, neutrophils, monocytes and
activated B and T ceft®. CD38 is functionally important in tisgnthesis of cyclic ARibose which

is a potent regulator of cytoplasmic €mobilization?3,

CD11b is a member of the-integrin family and with CD18 forms a heterodimer to form the
complement receptor CRS®. Conventionally CD11b is expressed on myeloid lineage cells including
neutrophils, monocytes, macrophages, NK cells and granulott&3D11b is thought to play a role

in the migration of leukocytes from peripheral blood to sites of inflammation and has been further
implicated in celmediated cytotoxidy, chemotaxis and phagocytosis.
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Figure3-11| Validation of CD127, NKp46, CD38 and CD11b by flow cytometry.

Gating for single cells and CD45+ cell population was performed for each antibody validation experiment in the analysis as
shown inFigure3-2. On the dot plot, each dot represents a single cell and density of a collection of single cells which
equate to a population are denoted by blue, yellow, green andcaduration.

Antibody validation was carried out on peripheral whole blood and 100,000 events were acquired on Cytoflex S. Each
marker was plotted against CD45 to ascertain the percentage of cells staining positive in fresh and fixed frozen blood
processig. AD Antibody validation for markexsD127NKp46, CD38 and CD11b respectively. Analysis done using FlowJo
software version 10.7.1

PECyPhycoerythrinCyanine 7PC5.5hycoerythrincyanine PEPhycoerythrin
3.2.4 Validation of Bnthanideconjugatedantibodiesfor mass cytometry

Mass cytometry is a novel technique which means that validating the methods was crucial to ensure
antibody staining was optimum. Prior to running any cohort samples through the mass cytometer,

each antibody that wasonjugated with a metal lanthanide was checked to ensure that the signal

emitted from the lanthanide metal and the cell population identified by the antibody marker was
RSGSOGSR O2NNBOGted ! £t NI O2YLIm O2YLISYy anetiyA 2y 0S|
were used for lanthanide metal detection to ensure that a signal was recorded in the correct metal
OKIyyStd LG Aa AYLRNIFIYG (G2 SYLKIairasS GKFG GKS
better to these beads to elicit a signal compared they compensation beads. It is important to

assess that the antibody has bound successfully to the metal lanthanide as the chemical reaction

that takes place to allow this conjugation process to occur is not fully understood or explicitly

explained by Fldigm most likely due to intellectual property.

However, it is possible that the conjugation process may not work successfully leaving the metal
lanthanide and antibody unbound therefore making this validation step import&igure3-12

shows the validation checks for each antibody that was conjugated and used in the
immunophenotyping panel. To assess conjugation, histograms were plotted in Flowjo analysis
software andmedian intensity was calculated for each metal lanthanide conjugated to an antibody

on the mass cytometer. For each metal lanthanide conjugated antibody, a single peak should be
detected. CD45 and CD11b were purchased from Fluidigm conjugated to YttrilBisanuth

respectively. These two lanthanides are often difficult to conjugate. Fluidigm robustly validate their
antibodies and are a reliable source so it was not necessary to check these antibodies although these
were subsequently checked during antibdityation.

Using the compensation beads only allows the assessment of whether the metal lanthanide has
been conjugated successfully to the antibody. Whether the conjugated antibody specifically binds to
the epitope of interest and thus identifies the cect cell population would need to be further using
cells.
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Figure3-12| Validation of each lanthanide conjugated antibody for mass cytometry using

Universal Comp beads.

(please see figure legend aext page
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A histogram for each metal labelled antibody with the median interfsityhe lanthanide metal and bead cousthown for
each antibog that was conjugated thouse at UCB Pharma, SlouBkads were used instead of cells as an initial check to
ensure the lanthanide had bound to the antibody. If this initial conjugation hadwooked, the conjugation would have to
be repeatedThe X axis label depicts the antigen marker and the Y axis shows the bead count.reonieechmarker,

the median intengy is shown which quantifies the signal strength of the conjugated antibody recorded in its appropriate
channel A singlepeak represents a signal has been detedtethe channel. Where there &sbimodalpeak distribution

this indicates that the signghough present in the appropriate channeiay indicate that part of the lanthanide is
chemically dissociatinigom the marker However, this is not a concern i signal can be observed in the appropriate
channel and no markers have dissociated conghletrom their lanthanides. Whilst this analysis confirms that the
antibodies have been successfully conjugated, it does not coefiitope specificity, which will be demonstrated in the
next figure.
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Figure3-13depicts the gating strategy used to obtain a single cell population where the DNA intercalator Iridium and event lerwghratialtgates
drawn to broadly identify the cell population. Teduce the number of doublets, events were collected between2300's but not exceeding 500 events.
Increasing the number of events not only increases the formation of doublets but also potentially leads to blocking btittzemessulting in longer ru
times. The bead population are removed using the metal channel 140 Ce as this channel was not used for any of the marketheubest at
distinguishing the normalisation beads and gating on the CD45+ cells. Lastly, to remove the contaminatitg, @ajate using the 143Nd and 209Bi
lanthanide channels was drawn to eliminate this population.

Once all the antibodies for the panel had been conjugated and validated, antibodies for the mass cytometry panel watati®aje2.5q, 1.25q,

0.625>g, 0.312%g and 0.1&g to determine the optimum volume which would distinguish the negative and positive cell populdtignse3-14, Figure

3-15, Figure3-16, Figure3-17 and Figure3-18 show 1.2%g of each antibody run in one panel to determine the staining of the particular marker against
CDA45Figure3-19 shows the gating strategy and staining pattern of CDABR&h is a marker for plasma cells present in low frequencies in healthy blood.
Therefore B cells were differentiated into plasma cells (method highlighted in chapter 2) and staining of CD138 was donfiatiedg for plasma cells
which were CD19 negatvand CD138 positive.

3.2.5 Titration and validation of lanthanide conjugated antibodies for mass cytometry
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Figure3-13Manual gating strategy for mass cytometry to obtain a single cell population

To check thentibody staining by mass cytometry, a simple gating strategy was performed. To identify the cell population, a gate was thavevents which were positive for the DNA
intercalator Iridium (Ir) against event length. Events that stain highly for th& iDtércalator are doublets and were not included in the gate. Beads were excluded from the cell events by
gating on the metal channel 140 Ce and gating on the CD45+ events 140Ce negative. Beads and cells are clearly sejsavaridligdting dot pt. The last gate was to remove the
platelet population from the event count which was best achieved against the metal channel 143Nd and 209Bi. A singldatedhpcgmn now be obtained and further gated to identify
antibody staining.
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After the gating strategy shown in figurel3, biaxial plots were drawn for each markerthe xaxisto assess the staining of ttmearker against CD45 on the Y afs.the dot plot, @ech dot
represents a single cedhd density of a collection of single cells which equate to a population are denoted by blue, yellow, green and redarolourati
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Figure3-15| Validation oflanthanide conjugated antibodies for mass cytometaging 1.25% 3 2 ¥

FyiAro2Re

After the gating strategy shown in figurel3, biaxial plots were drawn for each marker on thexis to assesthe staining of the marker against CD45 on the Y axis. On the dot plot, each dot
represents a single cell and density of a collection of single cells which equate to a population are denoted by blugyrgeticand red colouration.
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After the gating strategy shown in figurel3, biaxial plots were drawn for each marker on thaxds to assess the staining of the marker against CD45 on the Y axis. On the dot plot, each dot
represents a single cell and density of a collection of single cells which equate to a population are denoted by blugrgeticand red colouration.
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Figure3-17| Validation oflanthanide conjugated antibodies for mass cytometry using 123 2 ¥

FyiAro2Re

After the gating strategy shown in figurel3, biaxial plots were drawn for each marker on thexis toassess the staining of the marker against CD45 on the Y axis. On the dot plot, each dot
represents a single cell and density of a collection of single cells which equate to a population are denoted by blugyrgeticand red colouration.
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Figure3-18| Validation oflanthanide conjugated antibodies for mass cytometryusing 123 2 F | yiA o602 R&

After the gating strategy shown in figurel3, biaxial plots were drawn for each marker on thaxis to assess th&taining of the marker against CD45 on the Y axis. On the dot plot, each dot
represents a single cell and density of a collection of single cells which equate to a population are denoted by blugyrgeticand red colouration.
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Figure3-19|Gating strategy for marker CD138 expression on plasma agdisig 1.25 3 agtiBody

Identifying theplasmablastell population using the DNA1 191Ir and Event length parameters, followed by bead exatis@gthe CD45 89Y and 14Qaeameters. A single cell population
was obtained by gating against the CD11b 209Bi and Va7.2 143Nd parameters which elinonapecific cells. CD19 1M#8and CD45 89Y parameters defined the B cell population with
plasmablasts being characterised as CD19 negative and CD138 positive as depicted by the final gate.
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3.3 Discussion

Ensuring that the antibody clones selected for mass cytometry are atiig with the technique is

a critical step in ensuring that the data obtained can be relialiie aim of this chapter was to
demonstrate that the clone of antibody selected was speéifi¢the epitope on the antigen.
Furthermore,it was demonstratedhat the antibodyclonesselected for mass cytometry were
capable of binding to thepitope under fix freeze conditions as confirmed by flovooyetry. A

further verification step was carried out that ensured that staining profiles resembled the technical
SSOATAOIGA2Y aKSSG Fa akKzegy 2y (KS @GSYR2NRA
clones have been used in previous immunophenotyping experimé&htsprovides a reference

profile for theexpected staining to assess that staining profiles ugiags cytometry are

comparable to staining profiles achieved from flow cytometry and that irrespective of technology,
staining profiles and thus downstream analysis are compar&alemass cytometryprotocols
provided by Fluidigmecommend validatingntibodies prior to applying the panel to cohort
experiments.

To maintain a consistent approach, the same donor blood was used in both fresh and fixed freeze
blood processing to compare the effects of the different processing methods. If it were logisticall
possible, fresh sample processing yields the best data as the cell populations have had minimal
handling. Fresh sample processing has the advantage of representing the immune cell population
setting in its natural state. Fresh sampling would also altovafviability dye to be addeid mass
cytometry before the application of fix freeze, however this was not possible as the samples were
immediately fixed and frozen upon collectidiowever, the strength of the fix freeze protocol

allows for a uniform andonsistent method across all samples. Whole blood samples allow for
neutrophils to be retained which are a cell population often remostad to their presumed short

lived status and abundancklowever, having access to technology such as mass cytometry which
allows for deep immunophenotyping of multiple cell populations, it would under utilise the
opportunityif cell populations were to be removed.

Thebiaxialgating strategyerformed in Flowb, was deliberately simplified to assesgitope
specificity.Data analysis from mass cytometry is reliant upon robust markers given that cellular
profiles cannot be detected using light scatter properti®ensitivity was measured by titration to
ensure the optimal amount of antibody was used to detect a positive signal and thus separate the
positive and negative populationsll markers wer@nalysedagainst CD45 marker of white blood
cells,even for those markers which traditionally would subset a gapon for example CQ which
would typically be showin a biaxial ploagainst a CD3 T cell marker. This broad gating strategy was
applied todemonstratethe robust specificity of thenarkersbut also anticipating the analysis
approach used for high thtmhput cytometry datasuch as unsupervised clusteringnsupervised
clustering algorithmaissesstaining profiles of markers and according to similarity of which cell/s
stain for particular markers, will place them in close proximity g cluster celsthat are similar

in staining. Clustering algorithms look across the whole panel of markers and place all markers
against one another which overcomes the reductionist and limited approach of biaxial gdtiag.
also enables identification of novel cetigulations which may be overlooked from a biaxial gating
approach. Thus it was deemed a holistic appraacasses®ach marker against CD45 to identify the
entire staining profile of that marken whole blood.twas not possible to run all 37 markersoine
panel by flow cytometry so smaller panels were created.

The 37 markers which form thmass cytometrpanel are those which have been well studied by
cytometric analysis. However, some of the markers selected are based on their funotiadalut
but these markers also require an activating stimulus to obtain a signal in a healthy donor. These
markers include NKp4#D1, PDL1 and CD8thich are expressed at low levels in healthy
unstimulated cells but increase upon activation in respaesestimulus or pathology.
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Ascertaining the clones for each antibody mankes important toensure the data obtained is
reliable.In addition checking theonjugation of antibodies to their metal lanthanidasd titration
of these antibodieso determine the optimum signal to ensure that negative and positive
populations could be distinguished are important for downstream analysis.

The next chapter will detail the methodology for analysing data from mass cytometry using
bioinformatics.
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Chapter 4Methodology for analyshg mass cytometry data
4.1 Introduction

4.1.1 High throughput data acquired bynass cytometryrequires bioinformatics
pipelines

The aim of this chapter is to describe and justify the analysis approach for data acquired from mass
cytometry. The biggest challenge in any high throughput data and in this case, cytometry data, is
how beg to approach and select the most appropriate, efficient and replicable method(s) suited for
the data. As the field moves away from traditional manual gating approdéh&stowards artificial
intelligence and computer algorithms to model cellular subsets, the complexity of analysis becomes
ever more challenging due to the continuously evolving and vast array of bioinformatics tools to
select from. With little consistency inetfield as to the best practices or guidelines for selecting the
optimum approach, this can prove to be an overwhelming taskhferesearcher®®. As quickly as

the field is evolving, this too raises the issue of older algorithms and approaches becoming
redundant; requiing a certain degree of flexibility to explore the field.

Before considering which algorithmic tools to use, it was important to check the quality of the
antibody staining and to ensure that the data clegmprocess obtained a single cell population of
cells. This is a crucial step as a population of cells containing debris or doublets will distort the
interpretation of the data by fluctuating the antibody stainifigpis experimental desigimcludeda

batch control in each barcoded run to ascertain théilaody staining quality. Unanticipated

technical challenges did arise during this project which resulted in antibody staining discrepancies
across the batches. To overcome this, a normalisation algorithm tool developed by SaBassen

5 was performedhrough the R Studio platform to normalise the data which will be detailed in this
chapter.

As data sets become increasingly complex, comprising of both large patient cohorts and
immunophenotyping panels, this project being no exceptionustianalysis pipelines are required.
To date, there are no published reports that haeguired a clinical cohods large ad87 barcoded
samples on the mass cytometer. It was anticipated that the analysis of this data would take a
significant amount ofime, which was confirmed by the length of time it did take, 12 months, to
understand the relevant findings from the data.

When faced with the dilemma of where to begin analysis of a complex data set, it can be of some
reassurance to approach this initialby unsupervised learning. Unsupervised learning consists of
computer algorithmic approaches which can compute independently of human supervision. The
data set is uploaded into the algorithm and by machine learning, mines through the data, looking for
celular relationships irrespective of the data labels. An unsupervised learning approach is often
combined with a supervised learning approach which consist of traditional manual gating techniques
including Boolean gating and biaxial plots. The supervisagbonent of the analysis is often used to
verify the findings from the unsupervised approach to ensure that the cellular subsets are not an
artefact of the algorithm but are bona fide populations. Dimensionality reduction, clustering and
density mapping arell features of unsupervised learning. These allow for the researcher to obtain
YaAdylLlR2adaQ a 02 6KAOK OSffdzZ NI AdzoasSaa 2N OSft f
investigate further. This was especially useful for this project where the popnlaficells were
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heterogeneous in the samples. The panel was designed to capture this heterogeneity and so an
unsupervised learning in this instance was appropriate to perform a global analysis across the data.
Furthermore, the blood and synovial fluid spi@s were left unstimulated; this was to capture the
immunological landscape as close to its natural state in vivo and thus neutrophils were retained in
the sample preparations.

The evolution of analysis for cytometry data has undergone extensive progeessentioned

before, traditionally manual gating approaches through Flowjo or similar software have allowed for
comprehensive analysis of single cell analysis most commonly depicted by biaxial plots. A
considerable amount of our existing knowledge abd tellular immunophenotyping has come
from this approach and it is an approach that is still currently used. Moreover, analysis through
Flowd has become the default approach when validating other approaches to ensure that
automated algorithms yield compable results to those achieved by manual analysis. However, the
limitations of manual approaches are outweighing the benefits and these become more apparent
when handling a large cohort with multiparameter dimensiohsecondut equally major

limitation of biaxial gating is that it does not readily convey the relationahipngstimmune cell
populationsand thus struggles to capture the global immune landscape in a particular sample
representing either disease or steady state i.e. health.

With this inmind, Cytobank was developed as a cldnzded platform that offers machidearning
assisted analysis of high dimensional single cell #atdhis platform allows for multiple cytometric

FCS files to be uploaded and accessed by anyone within a laboratory research group to explore the
data in an intuitive manneiVhilst manual gating can be performadthin Cytobank, the main

attractive feature is interactive approach with data sets from single cell experimemgstesult of

this exploration leads to visually aesthegpiots,the most common being tsNEor viSNEplot which
conveys all the cell popuians interrogated by the immunophenotyping pariela globe shaped

graph These plots have become almost synonymous with cytometry data astmgythe cell
populations that have been includéd a quick, accessible formak viSNE plot does not reperg

the relationship between cell populations and is thus only 2 dimensional in its o@gtabank

offers a number of clustering and visualisation tools to observe data including SPADE, flowSOM and
Citrus which vary in terms of output but are all essalhi clustering tools to visualise cell

populations.

Cytobank has been regarded as an important data analysis platform hoviaerapidly evolving
field it is no longer considered the gold standard of cytometric analysis. The need for visual
clusteringplatforms whilst important, in essence only capture part of the cytometric analysis
journey. To be able to interrogate which immune cell populations, if any have changed in a given
condition is not necessarily apparent by clustering algorithms partiguliathese changes are in rare
cell populations or functional changes which may not be easy to discern from a global analysis.
Additionally, Cytobank does natlow more than 1.2 million cells to be analysed at any one time,
thus restricting the scope of analysis in large data sets. Another major drawback is that a license
needs to be purchased if Cytobank is to be useduentlywhich for smaller research ¢dities can

be a limitation.Despite these drawbacks, Cytobamds been adopted by many research groups due
to its intuitive interface and cloutbased platformand its accessibly has increasegart due to it
being recently purchased by the company Beak Coulter

Cytobank is not the only software that allows for clustering algorithms mitteasing options
becoming availabl&®240241 For example an extension of viSNflgsis is bmap which allows for
the relationship between any single cell point to be assessed in the context of another cell point and
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can also broadly capture cellular differentiation staf8$*> U-map analysis is currently not a

feature of Cytobank and theeemingly endless options of algorithms can make it difficult to shoo

whichone is most suitable for the data set in quest An automated machine learning tool SIMON
6a4SIldzSYydAlrt AGSNY GAGS Y2RSHTtbdoyifhre BUBHNMIIZET K G QU | £ f
different algorithms and is particularly useful for datas@thich contain many missing valuiés$|t is

becoming evident that a combination of approaches maydugiired as one software or algorithm

may not provide all the solution€riginal softwares such as Flowjaveimprovedwith recent
versionsncorporatingclustering features such as tSNE which also interacts with the traditional

biaxial gating featuresnabling the user toprecisely mapvhere the gated population is on a high

dimensional clustering plot.

The resources available to a research group influence the bioinformatics approach chosen. There are
a number of considerations including the availabilitynsfiouse bioinformaticians, statisticians,
computing power i.e. the availability of supercomputers or high specification comppitoogssors

able tocompute a large number of events quickly.

Optimising the clustering algorithms took the most time in the whole analysis proteissis

important because if a population is over or under clustered it will affect the interpretation of the
cellular subsets and their relationships. | explored thestering algorithms extensively, optimising
cell number, markers and computing time which are detailed furthehis chapter. Once the
clustering optimisation was completed, | analysed the data through a scripted pipeline devised by
the Robinson Bioinfonatics group based at the University of Zurich, Switzerland called Bff¢{k
The analysis methodology for this data is summarisddgare4-1.

It is hoped that in a vast field of both bioinformatics and cytometry, this chagiiédescribe and
explain therationalein the approachfor analysing this datasewhilst additionallyproviding a
starting platform otemplate for future (mass)ytometry analysis.
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After acquisition: bead
normalization,
concatenation, debarcoding

Automated gating for single
cell population

Automated compensation

Normalization using
Cytonorm

Optimisation of dimensional
reduction and clustering
algorithms

Discovery hypothesis driven

analysis using Diffcyt

Fluidigm software

R Studio

Cytofkit GUI through R
Studio and Cytobank

—— R Studio

Figure4-1| Methodology of analysis applied to data from mass cytometry.

How diagram sequentially outlines thdata analysis approach and the software used.
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4.2 Results

4.2.1 Data preprocessing

4.2.1.1 Debarcoding samples after acquisition on mass cytometer

Barcoding has provided an opportunity to ensure uniformity across samplesraviaysly
unmatched level. The limitation however, is that only 20 samples caoblked together and
barcodedsimultaneously using set combination gpalladiumisotopes. Horts have focussed on
alternative lanthanides such as tellurium which can poitht generate up to 35 unique barcodes
244 Barcoding is retavely new method to mass cytometry although is used frequently in cohort
studies run on flow cytometers. However, the barcoding technology for mass cytometry haspro
to be a relatively straightorward concept and Fluidigm have provided the methodsifet lab and
also an automated software which allows for the debarcoding of individual samples.

To prepare samples for barcoding, 3 million cefks counted from each sample which is an

important step to ensure that during acquisition, the numbecelis acquired on the mass

cytometer are equal for all samples. If the number of cells are disproportionate between samples
this will distort the collection of events and result in uneven collection of events across the samples.
In Figured-2A, the Fluidigm debarcoding software allows the researcher to analyse the number of
events collected for eackample in a histogram plot with the barcode sample number across the x
axis and the event count on the y axiSgure4-2B shows th&20 combinations of palladium isotopes

for labelling 20 individual sampleBhe palladium is@pes are provided in a combination of three
different palladium isotopes for each barcode.
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Figure4-2| Fluidigm debarcoding software allows samples to adividually identified.

The figures (A) are from a pilot experiment with 20 barcoded patient samples. The software is provided with the Mass
cytometry machine and can be downloaded from the Fluidigm welbsipes://dvssciences.comA The event count for

each sample within a barcoded batch of 20 samplesG2 along the-¥xis) can be visualised to assess uniformity of

event collection across the sampl@he uniformity of the cell numbes variabledue to the chnical stepsvhichcan

result incellloss.In addition,during acquisition, cell event loss can occur due to machine blockBgedladium isotopes

are used to barcode up to 20 samples which equals one batch. The schematic demonstrates the condfiBagotopes

used for barcoding each sample as prepared by Fluidigm and for subsequent debar€ddiagoomedn dot plot shows

the barcoding staining intensity. The three palladium isotopes that are used to barcode each sample can be identified
between 0.6 and 0.8 on the Y axis and can be assessed for each individual cell collected for that sample to ensure
consistent staining. This dot plot shows for event counts between 10001 and 40001 a uniform barcode stain. Events that
have picked up nospecificstaining can be viewed below 0.6 on the rescaled barcode intensities axis and are removed
from the file.D The histogram depicts the Barcode separation cut off which is set at 0.12 to remove debris and capture cell
events. The number of cells (yield) oltadl after setting the barcode separation cut off is shown below.

When debarcoding each sample using the debarcoding tool, it is important to analyse the specificity
of the barcode staining. For each sample, the intensity of the barcode staining can be observed by
zooming into the event count for each sample and ensuttiagthe events included for the sample

are stained by the specific palladium isotope combinatiorkitrure4-2C, the barcode intensity

staining is shown for events collected betwekto 40,001. The combination of three palladium
isotopes used to stain the samptan be precisely analysed where any contaminating isotopes can

be removed. Each event can be analygsetbemed necessary but the precision of the barcode
staining is high so to check, every 10,0@®ent was analysed to assess precision of staining

intensity for events.
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To further aid identification of events for each sample, the barcode separatiooginésth can be
adjusted(Figure4-2D-E) In this investigation, it was unnecessary to go further than the barcode
separation index which was set at 0.12 for all the bdezbsamples. This is similar to that of a

meltcurve for real time polymerase chain reaction experiment, except the barcode separator
distinguishes between debris and the start of events. There is always debris at the beginning to
account for the ions andapticles that are present before the sample events are collected and these
are efficiently removed by the barcode separation tool. If the barcode separation index is insufficient
or the sample is particularly contaminated by non specific barcodes, the Isladiais distance can

be applied to filter outliers taking into the account the covariance of the barcode popul&fions

The Mahalanobis distance was not applied to this data as the barcode staining had few outliers after
the barcode separation index was set.

4.2.1.2 Identifying and obtaining single cells using Gaussian parameters for mass
cytometry

Whilst flow and mass cytometryatechnologies both designed to interrogate the single cell
population, the principles of both technologies are fundamentally different. This includes the
acquisition parameters for identifying the cell population. As a starting point, identifying therglen
cellular population on a flow cytometer normally includes the forwand side scatter parameters
GKAOK Aad | NBRdzyRIFIyld LINARYOALX S Ay Yl adaa Oeid2YSiNE
requires additional parameters to be used as part of th&adtleanup process to begin the analysis

of a single cell populatioWhilst identifying a single cell population was broadly describddgare
3-13, the process of data cleantyas become more complémcludng theremoval of debris and

dead cells (a viability marker was not included in this study), normalisation beads and coincidental
ion clouds from raw datalVhen cells are injected iatthe hot agon torch, the plasma formed strips
the electrons off the atoms. In turn the positively charged ions from the lanthanide labelled
antibodies collide with the ion detector to form electron pulses that are then converted into voltage
pulses®*®. The event lendit parameter is able to filter out pulses that are either incompletehave

an abnormally long lag time betweeaignal pulses. In brief, the event length parameter is capable of
eliminating unwanted noisé&®. A cut off point is calculated that an interndreshold less than 10
would not be included in the event length and no more than 150 consecutive pushes of an event
would be calculated*®. Event length is usually measured in combination with DNAoaNA2

with researchers often using both DNA channelayoid any discrepancies between the signals.
DNA1 and DNA2 are derived from the cationic dotdtfanded nucleic acid intercalators that have a
natural abundance of iridium 191Ir and 193f When optimising the gating strategy for this data
set, no diffeence was observed between DNA1 and DNA2 and therefore gates were drawn using
DNAL.

Whilst the event length and DNA intercalator parameters are robust parameters for identifying
single cells, four additional measurements have been identified that caroweghe clean up of the
data and eliminate signal noise more accurately. These four parameters are collectively known as
the Gaussian parameterwidth, offset, center and residuakF{gure4-3). These parameters are used

to discriminate between noise and signal ratio of the pulse recorded by the mass cytometer which
also helps in double removal. Gaussian parametedsice the bias of gating strategies that are
adopted bythe individual researcher for example performing numerous biaxial plots with different
combinations of markers to eliminate double®ese Gaussian parametdrave been validated and
verified by two approaches: the software Gemstafieand Fluidigmin the automated gating script

applied to this dataset, width was the first Gaussian parameter to be incorporated which
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distinguishes the occurrence of ion clouds. The offset parameter determines the presence pf
multiple-peak pulses and center defines the Gaarssit of the signal puls&®. The last Gaussian
parameter appliedo this datasetmeasures the differences between t@&aussian model and the
pulseand thus assesses the normal distribution of the pulse emitted

The automated gating script was applied tol&lP samplego be analysedhrough R studi@f which

only 3 samples failed shown fiigure4-4. Two samples were from the same barcode batch 3 and
were taken from the patient and the third sample was synovial fluid. The samples passed all of the
automated gating script except thediastep which was to draw the final doublet exclusion gate. In
that gate, for all three samples, the CD19+ B cell population were gated out in the final .fcs ouput
file. It is unknown why this error occurred but it was decided to remove these three safmmies
further analysis to ensure consistency and uniformity downstream of the analysis process.
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Figure4-3| Automated gating strategy using Gaussian parameters for identifyamggle cell
population

The above imagsequentiallydetailsthe automatedgating approactfA-K)through the R Studio platforifor obtaining a

single cell populatiomsing Gaussian parameters width, offset, center and resiggainst the parameter 140Ger one

patient whole blood sampleThese four additional parameters are integrated within the mass cytometer software and
calculates the measurements that provide information about the quality of the total ion current pulse. These parameters
are stored as FCS 3.0 megsuents.Offset is a Gaussian discrimination parameter that is low for mulpipkek pulses.

Width is a Gaussian discrimination parameter that is generally low for coincident ion clouds. Center is related to the mean
of the Gaussian fit of the signal puldka pulse has two peaks due to coincident ion clouds, where the first is the highest,
center is relatively low, whereas if the second peak in the pulse is highest, then the center Esghtingapproach was
applied to all samplesimultaneouslyollowing acquisition on the mass cytometer and subsequent debarcoding using the
Fluidigm softwareA showsthe width Gaussian parameter before it has been appitethe sampleand B shows the cell
population once the width parameter has beapplied It can be observed that the bead population present in A has been
removedresulting in a more defined peak where the @it wasdrawn betweend and 6for the width parameterand at 3

on the 140Ce parameteesulting in a defined peak removing yegific eventsCshows the offseGaussian parameter

prior to being applied to the sample. A solid péskisible between 5 and 6 on the offset scael 2.5 on the 140Ce
parameterwhere events on the outside of this peak will be remodee to them beig part of the ion cloudEvents

outside the peak represent ion clouflsshows the cell population once the offset parameter has been aptdidioe
sampleEshows the cell populatiobeforethe center parameter has been applidtlis evident here that the peak is

WOt SIFYSND YSIEyAay3d (GKFEG A2y Of 2dzRa 2NJ dzyalJSOAFTAO SoSyida
parameterskFshows the cell population once the center paraerehas been appliedCutoff was defined between 7 and

8.5 on the Center parameter and between 0 and 2.5 on 140Ce para@stayws the cell populatioprior to the residual
parameterbeing appliedThe cutoff was determined between 5 and 6 on the resitiseale and between 0 and 2.5 on the
140Ce scalbl shows the cell population once the residual parameter has been applitee sample After defining the

single cell population using the Gaussian parametbesCD45+ cell populatioagainst the DNA intercalator 191 Iridium

(Ir) channelvas defined The cutoff to remove debris was set at 5 on the CD45 89Y axid simows the CD45+ 191Ir+ cell
populationonce the CD45 cudff has been appliedndK shows the final CD45+ 191Ir+ cell population when the 1914r cut
off determined at 3_shows doubletsin the CD3170ErCD19142Nd double positive gatél To removehe doublet

population identified in image L, CD19+ populationaffityate was determined 8.8 and the CD3 cuiff gate was
determined at 4.8. This removes the doublet population whilst also identifying a single population of T cells (determined by
CD3) and a single population of B cells (determined by CD19). The CD3 negative and CD19ogjatioas are also
present in the lower left quadrant of the pldi The gates calculated in images L and M were applied to remove the CD3+
CD19+ doublet population to obtainsingle cell populatiofor downstream analysis.
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Figure4-4| Automated gating for obtaining a single cell population can be applied on a large data
set

Automated gating was applied simultaneously on 187 patient samples obtained on the mass cytometer. This was
successful excluding three sampl€RADAR 33584lood sampléaseline and>-FRADAR 3354dlood sampldollow up

time pointat 3 months and>-1 1 synovial fluid samplelid not pass automated gatin@he gating step that failed for all 3
samples was at the filhatep when applying the gate foemovingdoublets using the CD3 170Er and CD1Nt4Xes. An
incorrect gate is drawn resulting in the rembweéd the CD19 B cell population. These 3 samples were removed from further
analysis.

4.2.1.3 Compensation for mass cytometry data

The concept of compensation is closely associated with flow cytometry where the fluorescent signal
is not only measured in the primyarchannel but also in neighbouring channels due to overlapping
excitation and emission spectra of fluorescent dfé® ¢ KA & O2y OSLIi Aa (y26Yy
signal is recorded noih should bein adjacent channels and can be mathematically correbied
correlating the original signal in an approximately linear manner known as compen&étion

Software to correct compensationéasily accessible such as FlowJo however, panels that consist of
more than 15 markers become harder to compensate. Flow cytometers with the capacit

phenotype more thar28 markershave been developedut currently not widely availabl&®.

Therefore the advent of mass cytometry has provided only the prospect of immunophenotyping

40 markers but also significantly reducing spillover.

However, ugig mass cytometry does not eliminate spillover altogether as whilst fluorescence is not
a factor to consider, spillover can still occur by three main sources: abundance sensitidiafion
andisotopic impurities?*°, Aburdance sensitivity is the spillover results from imprecisions in ion
detection caused by asynchronous movement of identical ions (e.g. 145Nd ions detected in 146Nd
or vice versa) at the initiation of acceleration thus resulting in metaf*°. Abundance sensitivity is
checkedduring the calibration set up time of the mass cytometer prior to acquisition. The cut off
threshold for abundance sensitivity is 0.3% for 159Tb of a primary signal. If the abundance sensitivity
accelerates the threshold thecalibration would need to be repeated until 0.3% or less was achieved.
Oxidation is an unavoidable as it occurs due to the plasma ionization of isotopes and results in
metal+16 interferencé®. As oxidations undesirable, it is also measured during tizély instrument
calibration prior to sample acquisition. If the oxidation interference is less than 3% of signal
measured from the reference isotope 139La isotofessthese are easily oxidiséd)tuning sdution

the mass cytometer is considered to have minimal oxidation levelsdharsddoes not need to be
recalibrated?®®. Isatopic impurityoccurs as a result of isotopes not being 100% monoisotopic.
Challenges in elemental enrichment can exist as it is not always possible to enrich every isotope to
100% purity?®°. Lastly, $otopic impurity can be measured accurately by conventional inductively
coupled plasma mass spectrometry which can detect signal contaminakimh is the most

prominent source of overlap in mass cytometry assays.

Chevrier et al., in 2018esgned an algorithm to address spillover issues from mass cytometry data
through the CATALYST R/Bioconductor package and an interactiveo&batyweb algorithm which
can be used to correct fapillover?®*. Using polystyrene compensation beads, each conjugated
antibody was added separately to these beads and then mixed together and acquired on the mass
cytometer. The algorithm incorporates the namegaive leastsquares (NNLS) approach which
corrects for spillover that occurs in empty channels without changing the data strumtarepplies
semiautomatic spillover correction®™. Each bead is assigned to a specific population basetie
dominant signal in the corresponding lanthanide channel and samyteffs are automatically
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applied. A spillover matrix is generated based on the single staingalgions and takes into

account abundance sensitivity, oxidation and isotopic impupityThe spillover matrix is then

applied to the beads and sangsl to correct for compensatiorigure4-5 A and B). When applying

the compensation matrix to the samples from this experiment, there was not much difference
between uncompensated data and compensated d&igijre4-6 A, B, C, D) as evidenced by manual
gating in FlowJo. This was expected as compensation issues in mass cytomsigpiicantly

reduced but as part of an optimised protocol for the analysis of this data, compensation correction
was included.

Desgning the panel and assigning the metal lanthanide to each marker requires careful
consideration to reduce the impact of factors affecting compensat@mn.metals that have multiple
isotopes such as neodymiufNd)which has 5 stable isotopesarkersshauld be carefully assigned
where the expression pattern is well characterised. Furthermore markers which can have
intermediate levels of expression such as HiFAshould not be placed on channels that are more
susceptible to oxidation or contamination asdftould negatively influence the interpretation of the
data. For this study, it was not a difficult task to assign markers to channels meaning that the data
was largely unaffected by compensation issues. However, for studies that incorporate more markers
which may require the use of channels which are more susceptible to oxidatiorpensation

becomes an essentiphrt of the data clean up process.
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Figure4-5| Compensatbn matrix used to correct formetal spillover in adjacent channels

A Each lanthanide metal channel is plotted against all the other channels to determine the spillover coefficient shown by
Chevrier et al in 20181 demanstrating the algorithm developed by the group is capable of quantifying spillover based on
abundancespecificity isotope impurity and oxidation. The colour from light pink to red denote an increase in spillover in
that channel (Y axis) recorded in thentaminating channel (X axis). A sum total of the compensation spillover adds the
values in the row for the specific chann&48Nd records the highest spillover rate at 8.6 mostly occurring from
neodymium isotopesB The spillover matrix generatddr the dataset generated in this worksing theCATALYST
R/Bioconductoshows the spillover values in each charemeinA.
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Figure4-6| No difference can be observed between uncompensated and compensatethnels

The compensation matrix shown in the previous figure was apgiedigh R studido all the samples in this study.
Compensation was performed by adding each antibody to OneComp compensatiorebegusoling these togethen a
single tube and aquiring 10,000 events on the mass cytometdre Tompensation matrix algorithm initially applied a
semiautomatic spilbver correction for mass cytometry created using the R/Bioconductor package, CATALY$His

step, the FCS files are deconvoluted to identify the single antipoditive beads and each bead is assigned to a specific
population based on the dominant signal, and the purity of thacdbpopulations is further increased by automatically
applying samplespecific cutoff$51. The second part of the algorithm logd at determining the djp over at the single

bead leveland by default itonsidersnterference between channels expected to interact based on abundance sensitivity
metal impurity and oxidatiotut can alsaheck for ad hoc spiflver that has occurred during treecquisition. In the third

and final step, the compensation matrix from the solved linear system and applies this to the bead and cell samples to
remove unwanted signal spiler25L To look at the effect of spitlver on the channels, manual gating checks were
performed. As an examplé and B show the uncompensated and compensated CD3 and CD19 channels respaatiMely
andD show the uncompensated dcompensated CD4 and C&tannels respectivelyNo difference can be detected in

the expressiomrofilesbetween uncompensated and compensated pldtkis was expected as the panel was designed to
minimise/avoid spilbverincludingplacing markers with different expression profiles (as informed by literature) on
isotopes éthe same metalFurthermore, the lack of spill over supports the main advantage of using a mass cytometer in
that compensation is a modest issue and large immuneoytyping panels can be successfully designed without the
cumbersome task of compensation.

4.2.1.4 Clustering algorithms show batch variation

Before running the data set through further analysis for hypothesis driven testing, it was important
to ensure that batcleffects from variation of antibody staining were undetectable. 10 barcoded
batches, washed, counted, stained and frozen on the same day were prepared with each plate
containing a consistent internal batch control from the same healthy donor to accounafiation.
Using the cytofkit graphical user interface (GUI) through a new Bioconductor paokadgtudio,

which requires only two lines of cod&. Other software packages are available to visualise data
from mass cytometry namely the cloud based platform Cytol¥&hlkowever, as mentioned at the
beginning of this chapter, Cytobank has limitations chiefly in terms of the limited number of events
that can beprocessed simultaneously, inflexibility to tailor algorithms for the dataset in question
and the need to purchase a license annudllytofkit allows for high dimensiorigl data to be

clustered into cell populations based on similar antibody stainintepat and machine learning

which trains the algorithm to recognispecific patterns and cluster a heterogeneous population of
cells appropriately. The result is that these clusters are presented in a visual format which can be
readily interpreted in termf the cell populations present in a given sample.

For comparison, two different unsupervised clustering algorithms were chosen in Cytofkit,
Phenograph and FlowSOM (setfjanising map). The initial analysis was to observe whether there
was any batch vaation as a direct consequence of antibody staining variability by observing the
internal whole blood batch control (same donor) which was included in each barcoded batch
(labelled 110) inFigure4-7. The Phenograph algorithm uses a grdyaised partitioning method

which is efficient not only in detecting cell populations but also in identifying subpopulations
252,254,255 The Phenograph algorithm initially constructs a neanestjhbour grap which looks at the
populations of cells and measures their phenotypic relatedness and accordingly applies a graph
partition using the Louvain algorith@. FlowSOM is another unsupervised technique for clustering
where similar cells are assigned to the same node thus creating a minimum spanning tree. These
nodes a&e then grouped into metaclusters using hierarchical clustering effectively grouping the data
into cell populationg®®.
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Figure4-7| Batch variations are observed by two different clustering algorithms

A semiautomated interface using the cytofkit GUI Shiny App in R Studio, clustering algo#tRinsnograptand B
FlowSOM clustering algorithms identify batch variations using the internal batch control which was foesath of the
10 barcode batche®ifferent colours represent different cell populationbiere clustering of many single points (which
represent a cell) create a cluster as determined by the staining intensity calculated by the algoni¢hmaifi purpose of
this figure is to convey thahe batch control which was identically processed shows variation across the batches

Both Phenograph and FlowSOM clustering algorithum@g 10,000 celfsom each batch contrgl
showed that antibody staining variations were detectable across the katgbarticularly in batch 1
where the cell populations are vastly different compared to those in batcHe 2ll batches were
prepared simultaneously and subsequently cryopreserve8@fiC so it is not considered that
significant batch variation was mduced at these stages. However, due to the logistics of
acquisition, each batch had to be thawed and acquired individually on the mass cytometer. Whilst
the acquisition of the batches should not vastly differ, it was observed that during the acquisition
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batch 1, the sample looponsistentlyblocked, increasingcquisitiontime and intermittent sample
collection due to the delay of unblocking the cytometer. This is a problem that is not uncommon in
mass cytometry and anecdotally reported across resegrops as a frustrating occurrence of the
technology. Blockages during cytometry acquisition is also formally acknowledged with technical
reports from expert cytometrists on how to reduce this occurrefifeHowever, during the

acquisition of this cohort, there was no obvious indication as to which batches would be susceptible
to blocking the mass cytometer. The mass cytometer that was used to acquire this cohort was
consistently maintained and calibrated prior to acquisition aachlibrated using normalisation

beads when the machine became blockétthough significant effort was made to minimise the

effect of variation as much as possible, collection time, freezing, thawing, preparation and washing
of samples, antibody stainirgnd instrumentdependent effects can all have an impact on the data
which would not be captured by normalisation beads. For the purpose of this analysis, all samples
which were present in batch 1 were removed from further analysis, as this batch was de@stty
different compared to those in batchesl®. Removing batch 1 from this analysis did not mean that

it could not be analysed at all, as batch 1 contained follpptime points for patients with

established RAvhich can be analysed independenfljne variation observed in batchesl®

required correcting prioto further analysis to preverfalse interpretation of the data

4.2.1.5 CytoNormalgorithm for normalising antibody stainingcross sample batches

Variationin staining is amnavoidableoccurrencan cytometryparticularlyif introduced bysample
collection ormachine signal drift. However, as this is a phenomenon experienced by other groups,
algorithms to correct for variation have been develop®@n Gassen and colleagues have
acknowledged the exighce of staining variability and devised @gtoNormnormalisation script
which can be run througthe RStudio platforn?®®. The advantage dytoNormis that itis

specifically developed for data obtained from mass cytomatrgt thus is appropriate for use on

singk cell dataWith support from UCB Pharma, tt@ytoNormscript was adapted to use for this

data set.CytoNormensures internal consistency between clinical samples based on shared controls
across various batchesd for this dataset, each internal batcbntrol from batches 210 was used

to initially train the normalisation algorithrand model the batch effect§.he principle of the
normalizationis asfollows. Initially, data from the shared controls (batch controls) is used to learn
the appropriate transformations for each baté#. These technical variations can be protein marker
specific where certain cell populations express a higher level of the protein resulsegeral
populationspecifictransformations to normalize celt®. Firstly25,000 cells in eadbatch control
samplewasclusteredwith all 37 markers usingpe FlowSOM algorithrto identify cell populations.

FlowSOM is a commonly used clustering tool and was imsigigntifying batch variations in section
4.2.1.4as it is fast and efficient in detecting populations of various sizes and shapes without being
computationally expnsive?®625825 Here, Van Gassen and colleagues made an assumption that
whilst thevariation across the batclseexist, the differences between the cell populations is bigger
and thus FlowSOM can distinguish cell populations without being detrimentally affected by batch
variation.However, a cubff point of acoefficient variation oM@ was considered to be acceptable
calculated byvan Gassen et alyith anything larger than this attributed to batch effe€t.

Moreover, for this dataset, batch, tvhere thebiggest variation was identified in the cell populations
was removed from this analysis whieliminated the possibility of confounding resul@nce the
FlowSOM algorithm run was completed, normalisation was applied per cluster and an overview of
the distributionsfor each control sample per marker, per cluster was calcula®ete the

distributions were determined for each batch contraohodelling the transformation was calculated
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to determine the actual distribution to the goal distributié¥. As defined in the paper detailing the
CytoNormalgorithm, Van Gassest al.,modelled the transformation by usg spline€®, A spline is

a piecewise defined function which is used ¢alculate the differencéetween given points in a
dataset butstill retainsthe structure of the data. In this instance, using splines allows for the
translation of original marker values theé new marker values and thus be as close as possible to the
goal distributionand results in an individual spline for each pair of clusters and markers per control
sample®® This precalculated FlowSONhodel and splines were applied to the samples by mapping
the new samples onto the training samples (controls) FlowSOM clusters and splamissample

that has been normalised by tl@ytoNormalgorithm is then converted into a .fcs file to use in the
analysis pipelinégzach sample that has been normalised by@y®Norm algorithm can be
subsequently validated in Flowtlmassess the outcome of normalisation by aligning each marker in
each sample.

A B

Batch controls before normalisation Batch controls after normalisation

@ Normalisation batch 10 @ Normalisation batch 4 @ Normalisation batch 7
sample @ Normalisation batch2 @ Normalisation batch 5 @ Normalisation batch 8
@ Normalisation batch3 @ Normalisation batch 6 @ Normalisation batch 9

Figure4-8| FlowSOM analysishows that once normalisation throughhie CytoNormscript has
been applied, batchesontrol staining variation becomes consistent.

A Prior to the application o€ytoNormto normalise the samples from all batches, the FlowStigteringanalysis
performedusing thecytofkit GUthrough the R Studio platfornghows that thecell populations ifbatch controf 210
have a heterogeneous staining pattgaepicted by the colours observed which are specific for each bdegpite being
from the same donarThe expectation here woulak that all the cell populations would superimposth little
discrepancy between the batches but this was not obserBeffter application ofCytoNormon the batch controls the
staining patternwithin the clusters across the batchage more consistentHowever, batch 4 (green) still appears to not
conform to the homogenous stainingiétherefore samples in batch 4 were analysed separately downstream of the
analysis pipeline.

As batch variation was apparent across the batch controls, it was importasstess whether
normalisation could improve staining consistency without having detrimental impact on the final
interpretation. The batch controls were used to train the algorithm and this was then applied to the
batch controlsFigure4-8 shows the batch controls before and after normalisation using FlowSOM
clustering in cytofkit to initially observe how the batch controls align in terms of cell population
clusters. In sectiod.2.1.4 this was already identified but what becomes apparent is when 10,000
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cells from each batch control were concatenated to create one FlowSOM plot, the batch controls do
not form homogeneousglusters and each batch contr@enoted by colour) sits distinctly apart.
Although the batches form clusters in close proximity to one another, the expectation would be that
as they are all derived from the same donor, processed on the same day and simultaneously
prepared that the cluers should be close to if not exactly identical. However, once the batch
controls have undergone normalisation, the cell populations clustered again using FlowSOM, are
now more homogeneous in staining as each control now blends in with the other coBadth 4
(depicted in green) however, can be observed to sit apart from the other batch controls. Due to this
unresolved normalisation, batch 4 was thus removed from analysis downstream as it was decided
that the inconsistencies observed even after normseation would influence interpretation of the

data and that batch 4 could be analysed separately so as to limit the affect of batch variation on data
analysis.

To achieve consistency in the interpretation of the data, samples were normalised through the
CytoNormin terms of the hypothesis in question. This was decided because inconsistencies in
normalisation across donors from different batches became apparent when the samples were
analysed in FlowJo. Thigonsistencyas particularly noticeable in the maers CD11b and CD16,
where across the normalised samples, alignment was still vastly different. This could be either due to
donor variation but this was thought to be unlikelythe staining profile for CD11b and CD16 were
consistent within the batch buhconsistent even after normalisation across the batches. Certain
markers have been shown by other groups including Van Gassenadisaryed that CD15 and

CD66 fluctuated across the batches but not within the batchdsilst Van Gassen et al., were abl

to resolve the problem of fluctuating expression by changing the spline function from a linear to a
non-linear transformationlt is worth observing here that the markers in this data set CD11b and
CD16and the markers identified CD15 and CD66 are mariteatare typically used to identify
myeloid cells in particular the neutrophil populaticfhe neutrophil population of cells that showed
the most variation irthis dataset. As neutrophils are generally a short lived cell population in the
blood, it is ikely that by the time the samples were processed, some cell loss had occurred due to
the nature of the cells and the logistics involved between collection of sample to processing of
sample. It is also accepted that variation in cell populations includitign the neutrophils will

occur due to donor variation but where the CD11b and CD16 expression deviated due to obvious
batch effects which could not be corrected by t@gtoNormalgorithm, these samples were

removed. In doing so, it was felt that the spl®as included for data analysiewnstream would be
reliable and yield data that could be trusted to inform interpretation and draw conclusions.

4.2.2 Validation of Diffcyt pipelinefor mass cytometry data analysis

4.2.2.1 Preparing the metadata and marker data frame bmport into the Diffcyt pipeline

Automated analytical pipelinesre requiredto interrogatehigh dimensionatytometry datato
analyse data imn efficient and replicable mannewhilst many automated algorithms exist for
analysing single cell transcriptics data, this has not been the case for cytometry data until
recently. Many of the algorithms developed for cytometry data have been informed by existing
approaches in transcriptomics analysis and adapting these algoritndsectlyincorporating them
for cytometry analysis has become a rapidly developing field in bioinformatics.

Whilst clustering plots such as those performed in FlowSOM or Phenograph have teetamiéar
presence in conveying cytometry cell populatipas approgh that can integrate both unsupervised

123



clustering and supervised statistical analyses to detect cell populations or functional states such as
activation status to associate with a specific outcome would prove invaluable for cytodetry
analysisWeberet al., have provided solution for this problem by developilagnew computational
frameworkknown asDiffcyt, which incorporate§lowSOMlustering to define cell populations, and
empirical Bayes moderated testecludingedge Rlimmaandvoomwhich hae beenadapted from
differential analysesf transcriptomics datd®®1’¢ Differential analysetesting in the Diffcyt

workflow also includes alterative methods which have been adapted from the classic regression
framework*®®.

The complexity of this dataset meant that a robust approach was required which coukktesal
different hypotheses. Coupled with the complexity of having no prior bioinformatics experience
meant thatl had to decide on how best to answer the hypotheses with the Diffcyt framewbilst
acknowledging time constraint$Vith significant help from UCB Pharma, | was able to adapt the
script in R Studio to interrogate the daBefore commencing analysising the Diffcyt pipelinetwo
Excel spreadsheets were prepared. The first spreadsheet details the samphbfigs to be read

into the script pipeline and the conditions assigned to each sample e.g. hedh.dkpplying the
conditions to each sample aWwsfor patterns (if any}o be observedasily without having to refer

back to the identity of each individual sample. Patients and condition names do not bias the Diffcyt
pipeline as the algorithms included assess staining patterns of the antibody rmahkemot labels
included by the researcher. Each spreadsheatdesignedo include samples that besinswered

the hypothesis in question. Although the Diffcyt algorithm should be able to handle multiple patient
identifiers and conditions, this became difficult fiatisticalanalysis so spreadsheets were

simplified to include sample name and up to three conditige.g. health, early RA and established
RA).

The second spreadsheet contains the markers which were included patiedto be analysed and

the assignment of eaghroteinY' I NJ SNJ (2 Wt Ay S 3ISQ | TybR&IhNIVSV T dzy Ol A 2
the markers used for analysis and how the markers were characterised for analysis through Diffcyt.

Lineage refesto the markerghat are associated with defining specific cell ptationsas identified

by theliterature andare well established for example CD3 as a marker for T cells and CD19 as a

marker for B celldDefining dineage in the context of the Diffcyt scrigiso includegrotein markers

which arenot conventionallyassociated with a functional state of the cell for example activation

status.Often markers havever, have the ability to function as both lineage markers and functional
markersand the definition of a lineage and functional marker can be oversimplitieDiffcyt

pipeline anticipates this and therefore allows the researcher to agmigtein markers as lineage

FYR FTdzyOlA2ylf AT RSSYSR FLILINRLNRARLFGSD al NJ SN& | N
Fdzy QliA2y Lt YR WmQ AT thé &pré@priate ddumi. Wie imariSers ardld F dzy Ol A
RSSYSR (2 068 020K tAySI3S IyR FdzyOlAz2zylfs GKA& A
markers are deemed as neither lineage or functional and therefore not included in the analysis, this

isY I NJ S Rin both codmn@Lineage markers are used to define clusters which represent cell

populations and can be tested for differential abundance represented as percentagesrfriteer

of cells analysed and presentad a boxplatFor analysis of functionalages of the cell, the median

expression of the signal per cluster are used to calculate differential states within populations. The
differential state can only be used where the changes in expression are not bobtter, the

advantage of this analysis that the results can be directly associated with cell types or populations

of interest?®°,

Threemarkerswere excludedn the Difcyt analysis pipeline including CD123 and CD56 where
marker expression was absent duerto expression of these markers being detect€i123 was
primarily included to identify dendritic cells and CD56 to identify NK cellsdithigt hinder the
processof identifying dendritic and NK cellss the FlowSOM clustering algorithm was able to detect
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both populations using additional markers ane@secell populationsautomatically segregate. IgD

was incorrectlyf F 6 St £ SR RdzNA y 3 | Ol deandpatibleivdtlythelsctipdenoa RQ g KA O
incorrect notation,althoughexpression can be analys#dough traditional gating methodssing

software such as FlowJbhe exclusion of these markers can be obsemédble4-1 where 0 has

been placed under the coluntreadingsVPf A Yy S+ 3SQ | TieRassHirazyt @ indri@rgto f Q @
WEAYSFEISQ 2N WFdzyOliA2y Il £Q 61 & SEGSyarogSte 2LIGAYA
to identify clusters anevas applied to all the analysis runs in the same format each time to retain
consistency.

Table4-1| Classification of lineage and functionptotein markers for Diffcytanalysis

0 denotes the marker is not classified as lineage and/or functional and 1 denotes that the marker is either lineage and/or
functional.Protein markers which are canonical lineage markers as established by literature were assigned 1 in lineage and
0 in the functional category. Lineage markers included: CD11b, CD161, ¢D1a¥,&D11c, CD3, CD203c, CD14RFC

CD19, va7.2, CD4, CD8a, CD16, CD138, CD25, CD45RA, CD45, and-GietiRE).protein markers were assignked

and O for lineage includedsranzyme B\Kp44, CD28, CTLA4, Perforin, TNFR2, PDL1 and CD80. Protein markers which
were determined as both lineage and functiomadre assigned 1 to each column included: CD40, CD27, NR866,

CD38 and HL-BR. These assigned labels were optimjzgal to the final analysis.

CD56, CD123 angD werenot included in the phenotypical analysis.

Antigen Lineage| Functional
CD11b
CD161
CDi0
co2v
¢/ dek
Cliic
cmy
C86
CD3
CD123
Granzyme B
NKp44
C»03c
c»8
CD14
FceRl
CTLA
CD19
var.2
NKp46
CD4
CD8a
CD16
Perforin
TNFR
coL38
Cc5
PD1

o

RPlrlr|lolo|lr|krikr|lrlkrrolkr Rlolrloloolkrirlkrlkrlkrlkrkr R R
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IgD 0 0
PDI 0 1
CDI5RA 1 0
CD45 1 0
CD45R0O 1 0
CL88 1 1
CD56 0 0
HLADR 1 1
C80 0 1

4.2.2.2 Equal number of events from each sample were analysed by downsampling

Diffcyt is suited for complex experimental designs but both computing capacity and time placed a
restraint on the analysis and it was decided that samplesuld be analysed according to which
hypothesis they were best suited to answer therefore reducing the number of samples in each
analysis. Run time took betweer8thours per day, with the most time attributed to FlowSOM
clustering.Once the metadata andharker files had been read into the scripansples were
downsampledequallyto 27,000 events to accommodate run time and ensure that equal number of
events were being analysed from each samplewnsampling was done through R studio for each
analysis rurand new .fcs files were written out for subsequent analy27s000 events wereselected

as this was the lowest number of events identified in one sample. Extensive optimisation was
undertaken to ensure that 27,000 eventagenough to capture any signiéint changes within the
immunecell populations that may be taking place. Increasing the number of events to 86,000 (data
not shown)did not affect the number of clusters as these were already set within FlowSOM
Another advantage of high resolution clustering is rare populations are easily identified and unlikely
to be merged with larger clusters even with a low number of evedige samples have been
downsampled and new .fcs files produced, a bar graph isymedito represent and confirm the
amount of cells included from each samfégure4-9). This is useful especially to ascertain that an
equal amount of cells have begaken from each sample and confirming the samgiage been
downsampled successfully.was observed that downsampling did not negatively impacffitha!
conclusion drawn in this investigation.

126



20000

condition

|
N sF

cell_counts

10000

-
wn @ o w @ ™
= 0] @ o~ «©Q «© o~
o o™~ (=] o™ o™ (=]
<t <t wn <t <t w
om o om w w [T
o o o w w w
sample_id

Figure4-9| Bar graph show7,000 cells from each sample (3 synovial fluid (SF) and 3 peripheral
blood (PB)) included in the Diffcyt analysis after downsampling in R Studio.

4.2.2.3 Marker expression intensities and expression levels can be assessed across all

samples

Initial analysighrough the Diffcyt script looks at expression levels of markessgiding an

opportunity for theresearcheian opportunity to checktaining expression is as anticipated.

Observing expression profiles across the samples can help to identify any anomalous staining that is
contrary to expectation. In this case, analysis for this dataset was stringent with batch effects

already addressed and therefore only sampilest gave conplete confidence were included.

Individual markers can be analysed in each sample and the variance can be observed by using a non
redundancy score (NRS) priraipomponent analysidgure4-10). This can indicate the amount of
diversity between samples with the most diverse marker in analysis of synovial fluid and peripheral
whole blood as CDFigure4-10). The NRS plot shows markers in descending order of variability on
the x-axis with va7.2 identified as the least variable markedfigure4-10.
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Another check of marker expression globally across the samples is also performed using a smooth
densities plot Figure4-11) which presents each marker a¥a Y 2 2 Kisko§r&rplot with each

sample overlaid to observe the profiles for lineage and functional markers. The samples are coloured
according to the contions they represent which iRigure4-11is peripheral whole blood and

synovial fluid. Density refers to the visualisation of the distribution of the marker expression and can
be useful if batch effects or unexpected stainiraye not been corrected for prior to analysis. These

will stand out an affect downstream analysis where it becomes computationally expengitdst

the script provided an opportunity to double check the marker expression, this was performed
extensively (as shown throughout this chapter) to ensure marker expression wasuoptind
corresponded wittexistingbiological understanding.
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Figure4-10| Non-redundancy scorgnrs) plotshows the antiged RSTAY SR | & fobf Ay Sl 3 S
each sample included ithe analysis.

The NRSatculates the variability of markers in each samplee higher the nrs for a marker, the higher the variability with
the CD3 marker showing the highest variability framalysiccomparing 3 paired peripheral blood and synovial fluid
samplesThe nrs for gnovial fluid is morevariable compared to peripheral blood suggesting that heterogeneity of RA as a
disease is better detected nearer to the site of patholofye solid coloured circles represent peripheral blood (PB) and
synovial fluid (SF) scores orethonredundancy scale and the white circles indicate tiean nrs from all the samples.

The markers on the-Xaxiswere used to informFlowSOMlusteringto identify cell populationgnd are arranged in order

of highest variability to lowest.

128



cD11b cD181 cd40 cd127 terYdel cd27 cd8b cp3 cd203c cD14
06 05 f 061 Y \ 051 0.6 A
54 A 0. 1 5 ! 4 A \
075 A 04 i 2 » | 0aq 04 \I 1N
0.504 f.)‘ 04 3 0371 1t \ | A 0.3 / 04 T PRI CES Y | Ny
f N AW A B A 14 \ | I B U
s I [°2 «;\ o2 LJ \ ! 021 / 021y \Y»\ 0214/ 02 1A / 01V
ol | ik (RE( ] A \| \ \ 01+ I~y JH | 014
) {mele 4| o0 0.0+ 0 - 004 001 = [ 004 2| 00 /ANpY
00255075 0 2 4 6 00255075100 0 2 4 6 02 4 6 0246 02468 00255075 02468
FeeR cD19 va7 2 nkpd6 cD4 cD18 cd138 cd25 pd1 cddsra
n ] 1.5 15 1 34 15 201 06 i
3 0.94 I 154
24 1.0 10 2 1.0 04 \
| 06 || 1.04
] 0 . | ] 5
1 o5 5 Lxl A |oaq | 1 o 054 o2
> 0 P N AN 00ESE | o Y o N P9 =l 00 = condition
& 012345 0 2 4 02 468 00255075100 0 2 4 6 0 2 4 6 0 2 4 6 00255075100
3 PB
o cD45 CD45RO ca38 HLA_DR cdd0.1 dB6.1 nkpad cd28 ctiad
£ ] X ) a [ e
0.8 051 051
| | fg 0ad f ) . n 041
104 10 061 [ 041 o491 A 10 2 I 0e
| ‘ il 039l f ol A 039 | )
i 034 03 IA ; /
IR 04+ l 024 1l ozdl %A 04 |
0.54 IS 05 < 021, K1\ 0244/ 05 / \ A
I\ “\ °21 J oty | 7T'Lﬂ \ O‘\-Lj 014 \ | 021 \|
/A Y /8 ¥ : J \ J l/\ : N v\
.04 00 et 0ol 0.0 == 0.04 004 A 0.0 0.0+ N 00
5678 00255075 00255075 00255075 0025507.5100 0 2 4 6 02468 0 2 4 6 00255075100 0 2 4 6 02 4 6
nkpd6.1 perforin pd1.1 pdit cd38.1 HLA_DR1 cd80
154 00 08 4 A 12
il
09 os{ |} 099
1.04 It
06 0.4 ’ 069
0.5 o
03 0z Ji k ”"L/i\
L I \
0.0+ N 00 00l podl—
0 2 4 02 4686 00255075 00255075 0 2 4
expression

Figure4-11] Smooth densities of marker expression for each sample is calculéedineage and
functional markers

Lineage markers and functiahmarkers were analysed in 3 paired peripheral blood and synoviakfuigles to assess
the distribution of expression. Where lineage markers were also classified as functional markers, these have been labelled
GAGK omd W6 QO NBFSNE (2 DNlIyiayvys .o

4.2.2.4 Multi-dimensional scaling plot measuresmilarities inmarker differential

expression across samples and between conditions

Multi-dimensional scaling (MDS) plot analysisimilar to principal component analysis commonly
used in transcriptomics, and allows famsupervised analysis which assesses similarities in
differential marker expression between samples and conditions to be explored before conducting
formal statistical analysisaplescancluster well according to condition provided that there is
enoughdifference in marker differential expression between the conditiand this is plottedn the

first dimension (MDS1)f samples are similar, they will be in close proximity in terms of distance on
the plot and samples which are not similar willfaether apart. The second dimension, MDS2 looks
at the difference between patientwhich can be assessed within a condition as well as between
conditions.

When initially optimising the Diffcyt pipeline, MDS analysis was applied to a small sample size. 11
patients with early RA and 8 healthy donors were selected across different batches and the
expectationwas that early RA and health would separate into two distinct groOpsthe MDS1 axis
five healthy donors and 4 patients with early RA cluster clustéiie left and 7 patients with early

RA and 4 healthy donors cluster to the rigligured4-12 A). Further analysis by FlowSOM clustering
confirmed that batch effectexisted within the neutrophil population (coloured green and red)
where the red cluster varies across the individual samplesvever, a distinct batch effect pattern

can be observed within this cell populatidiigure4-12 B, red cluster) and thus driving the

distinction between the two conditions. Samples which showed a prominent cell population (red
cluster) were grouped to the left of the MDS1 axis and where sanmalés reduced cell population
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(red clustes highlighted by circlgsvere grouped to the right of the MDS1 axighilst all the

samples had been normalised using gtoNormalgorithm, initiallythe algorithmdid not work

within the neutrophil populationThe splines in th€ytoNormalgorithm, split the neutrophil
population into two populations: CDR&€D11E and a CD18"and CD11%¥". The neutrophil
population however, should be a single population but discrepancies in CD16 and CD11b marker
staining shown by FlowSOM clusterihgmonstrateshow this can bias data analysierefore the
MDS plot was a useful visualisation plot whearmining the relationship between conditions and
determining whether this is an artefact of staining or to pursue further statistical analysis.
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Figure4-12|Optimising the Diffcyt pipeline identified batch effects across the neutrophil populatisrhen analysing health and early RA

A Multi-dimensional scaling (MD&halysiglid not show health and early RA form two distinct groups when assessing simikeitiss median marker expressions. The MDS1 dimension
calculates the similarity betweeronditions butthis was not evidentB FlowSOM clustering performed within the Diff workflow identified the neutrophil population (depicted by green
and red colouringhad inconsistent staining within the populatiarhich influenced the MDS pldthe neutrophil population was split into two populations during the normalisation step
which was noinitially identified andhis could be detected across the batches: batchd® anddemonstrates the benefit of marker expression analysis which is incorporated into the

workflow.
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4.2.2.5 FlowSOM clusteringnd identification of immune cell populations for statistical

differential testing

In sectiord.2.1.4 clustering algorithms Phenograph and FlowS@inig the Cytofkit GUI Shinyapp
were used to assess immune cell populationthe batch controls included in each of the barcoded
batches in which batch effects were identified. Once batch effects were normalised by applying the
CytoNormalgorithm, inclaling those described in secti@gn2.2.4 cell populations were defined by

using the FlowSOM clustering algorithm and @ensensusclusterplpackages incorporated the

Diffcyt workflow as these were considered to have optimum performamoen clustering high
dimensional cytometry dat®®. Interestingly, when experimenting with different clustering

algorithms and options, FlowSOM was faster using the Cytobank cloud software compared to using
the in built FlowSOM atgithm built into the Diffcyt script or in the Cytofkit GUI. Howeweithin

the Diffcyt script] tested the FlowSOM algorithbyy repeatedly running the clustering with different
number of cells, and changing the sa@edascertain the robustness and regability of the

populations identified by FlowSOM analySsed refers to the starting poinf the analysis of all the
cells to be analysed in a dataset. When the seed is set randomly, it means that each run begins at a
different starting point of the deaset. A consistent seed was set at 1234 already defined in the

script and applied te@ach run to limit any inconsistencies and maintain reproducibHRiklywSOM

can be run on a heterogeneous population of cells such as the samples used in thistata an
therefore individual cell subsets do not need to be subsetted prior to running in FlowSOM. To
confirm this, analysis was performed on two subsetted populations of cells: CD3+ T cells and CD11b+
CD16+ neutrophils to determine whether an increased numieetls from one cell population

gave more insight into that specific cell type or whether the results were compat@ble
heterogeneous population of cells. Encouragingly, no difference could be obserg#firential
abundance of T cells or neutrophih a heterogeneous population of cells or a single subsetted
population of cells (data not shown).

The FlowSOM algorithm performs clustering by using three main steps. The first step is to build a
selforganizing map where cells are assigned accordirgjnilarities based on markers and features

to 100 grid points. Based on where cells are assigned to within this grid, this forms the lzasedfof
organising map. From this initial grid based self organising map, a minimum spanning tree is created
which is similar in appearance to a dendrogram. This minimal spanning tree clusters groups of cells
resulting in metaclusters which are represented on a 2D FlowSOM plot on tSNElexasalysis

clusters all cells from all samples which provides a consiagpoach and in principle means that

there is no need to downsample events from each sample. To ensure that the FlowSOM clustering
has worked, individual markers can be checked to determine whether expression is as expected as
with an exampleshown inFigure4-13for CD4marker expression.
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Figure4-13tSNE plot shows the expression level of the CD4 marker.

To assess specificity of the FlowSOM eltist), each marker can be individually assessed to observe the staining

expression in the clusters which are formed by pooling all the samples in the Diffcyt analysis and randomly selecting 1000
cells from each sample (h=8he orangered cluster shows dks staining positive for CD4 as indicated by the colour scale
where regativeexpression is 0 (bluend positiveexpression ranges from@ depending on intensity.

FlowSOM is designed so that it over clusters. 40 clusters allowed for the identifichttmmain

OStft LRLMAFGA2ya o0& 20aSNBAYI YSRALY SELINBaaiAzy
that have informed the cluster are shown by a colour scale where oreadjeshows medium to high

median expression intensity and blue/yellow shthat those markers are not used to define that

cluster. The FlowSOM algorithm has been deliberately designed so that the researcher takes the

time to manually go through the heatmap and define and label the clusters. This provides an

opportunity to doubk check that populations identified are biologically meaningful and not an

artefact of the algorithm. The most time of running the script is spent here and for each dataset the

cluster numbers change so need to be checked and relabelled for consisteticulpdy when

making inferences from different analysis runs.

InFigure4-14, the heatmap from an analysis on peripheral blood is shown. The heatmap shows the
40clusters as defined by FlowSOM and aftanalysed these clusters manually, cluster merging
revealedl7 populations of immune cellBercentage of cells for each cluster are shown in brackets
next to the cluster number on the heatmap and as before, tHewoscale measures the intensity of
the marker expression: negative 0 (blue) through to positive red (8). The median expression is also
guantified in each square.

Thedendrogram on the left of the heatmaelps to identify the ferarchy of similarity amogst the
clusters and can assist in deciding which clusters are sifadaexample, cluster 2 clearly has the
largest abundance of cells (59.2780p when observing the markers, they are characteristic of the
neutrophil population: CD45, CD11b, CD16, COE8l1@and CD45R@n further inspection,
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clusters 1, 12 and 31 are very similar to cluster 2 but weakly express CD11c which the algorithm
clusteredseparatelyl chose to group these four clusters together d&igure4-15 shows the
heatmap of the immune cell populations after the clusters have been merged aidgothpgulation

percentageh yS LJ2 LJdzf F GA2y OFff SR WOStfaQ 4l siatstegll 6t S (2
analysisThe annotated populations can be visualised in a tSNE plotiuster sizgoroportional to
the percentage of cells in each populatidine markersised to define each population are listed in
Table4-2.
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Figure4-14] Heatmap shows 40 clusters identified by FlowSOM and the merging of these clusters
into defined cell populations.
The FlowSOMIgorithm is deliberately designed to be semi supervised during the clustering process. This means that
whilst the clusters are computationally identified, it is for the researcher to define the immune cell populations. FlowSOM
is designed to over clustgaind 40 clusters are present&dth the percentage of cells that form that cluster in brackets
The number of clusters were estimated based on previous iterations of FlowSOM howévezcommended with the
FlowSOM algorithm to over estimate the numlzérclusters and aftavards combine clusters that are phenotypically
similar, togetherBased on mediaaxpression intensity for lineage markers, coded by a colour scale=ifligo
expressiohto red =8 (high expressionand quantified in cell of the heémap, clusters can be mergethe hierarchyf
similarity between the clusters is represented on the left of the heatmap by the dendrogram. 17 populations in peripheral
gK2tS 0ft22R 6SNB ARSYGATASR Ay (KAa wasumdeitifah® afdas hngdulf @ 3Aa® h

wasexcluded from further analysis.
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Figure4-15 Heatmap of immune cell populationilentified in peripheral whole bloodafter cluster
merging

Quster merging analysisas performed byising the heatmaproducedin Figure4-14. Briefly, the heatmap ifigure4-14

showed the intensities of each marker within a pautar cluster. Clusters were merged where marker expression was
deemed similar across all the markers and referring to the tSNE plot to identify the location of these didstgisg the

clusters providea more accurate insight into the number @licpopulations that are actually present within the biological
sample without including the same populations multiple times due to slight changes in the marker expressiomnune

cell populationsdentified in peripheral whole bloodre shown with the perntage of cells in each cluster shown in

brackets median expression intensity for lineage markers, coded by a colour scale blue = 0 (no expression) to red = 8 (high
expressionp ¢ KS LI LIz | G A2y -spedfiSdofulatién of@IBHich @ul nab be ddentifiedyagdyhence

was not analysed further.
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Figure4-16| Immune cell populations, after clustering analysis can be visualised in a FlowSOM
tSNE plot

The FlowSM plot shows the immune cell populations denoted by the colours on the right hand side of the image. The
largest cell population is neutrophils. The visual size of the populations correlate with the amount of cells that make up th
population.

Table4-2| Immune cell markers used to define cell populations in FlowSOM

Each cell population and the protein markers used to define the individual populations were informed by the preceding
heatmap(using the percentges of marker intensity) ahown inFigure4-15and the tSNE plot shown Figure4-16.

Cell population Protein markers used to define the population

name

Basophils CD45/CD11b/CD16/CD45R0O/CD38MGCD203c
B cells CD45/CD19/CD45RA/HDR/CD40

CD8 Natural CD45/CD3/CD8/CD11b/CD16/CD45RA/CD38
killer cells

Dendritic cells CD45/CD16/CD11c/CD45RA/HDR/CD40/CD86

FCGRI cells CD45/CD45RA/CD11c/HDR/CD86/CD38/FRI
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MAIT cells CD45/CD45RA/CD45R0O/C#7\2/CD161

Memory B cells | CD45/CD19/CD16/CD45RAZ7/HLADR/CD40/CD86/CD38

Memory CDAT CD45/CD3/CD4/CD45R0O/CD27
cells

Memory CD8T CD45/CD3/CD8/CD45R0O/CD27
cells

Memory CD4PD | CD45/CD3/CD4/CD45R0O/CD27/HDCD38PD 1
1*T cells

Memory CD8PD | CD45/CD3/CD8/CD45RO/C2IZADR CD38PD 1
1*T cells

Monocytes CD45/CD14/CD11b/CD16/CD45RA/CD45R0O/CBllAc/
DRCD40/CD86/CD38

Naive T cells CD45/CD3/CD45RA/CD27/CD38

Naive CDH4T cells| CD45/CD3/CD45RA/CD27/CD38

Naive CDST cells| CD45/CD3/CD45RA/CD27/CD38

Neutrophils CD45/CD11b/CD16/CD45R0O/CD11c/CD38

Natural killer cells| CD45/CD11b/CD16/CD45R0O/CD11c/CD38/NKp46

Plasmacytoid CD45/CD4/CD45RA/CD45RO/HIRACD40/CD38/EBRlI
dendritic cells

T cells CD45/CD3/CD45RA/CD45R0O

T regulatory cells | CD45/CD3/CD4/CDRED45RA/CD45RO/CDR/ADR

4.2.2.6 Differential analysis and hypothesis testing

Before differential testing is performed, the MDS analydiscussed id.2.2.4 can initially indicate
whether significant differences between sample conditions will be identiffatie samples show a
strong separation based on conditiahjs should give a gain in power detect differences during
differential analysis’®.

Diffcyt is a new computational framework that allows for higisolution unsupervised chtiering
together with supervised statistical analyses to detect cell populations or states associated with an
outcome variable in highdimensional cytometry dat&’®. At its simplest, the null hypothesis for

testing is that there is no difference in immune cell population frequency and immune cell function
between the grouping of samples e.g. health compared to RA. To summarise this, essbetially
hypothesis is that there are no immunological differences (or at least within the scope pifategn
markers selected in this investigatioMheefore the diffcyt methodology uses FlowSOM clustering
to define cell populations, anempirical Bags moderatedestswhich are adapted from
transcriptomics analytical tools for differential analy$&s The model within Diffcyt allows for
cytometry-measured features which are cell population abundances and median expression of cell
state markers within the user defined cell populations. These two features are referred to as
response variables and enable analysis of complex experimentahddgjgcally attributed to
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patient cohort studiesThese variables include batch effects, paired desagdscontinuous
covariateswith linear contrasts enabling testing of a wide range of hypothéSe¢=urthermore, the
model considers batch effects and continuous covariates as fixed efi@stovery ofare
populations wouldbe urcompromised as the framewoikincludes ahighresolution clustering
algorithm that will ensure that the rare populations do not merge within larger lineage clusters

Fortesting, he Diffcyt workflow used mixed models methodology using the general linear
hypotheses function for arbitrary hypotheses usirgsts!’. The pvalue shows the probabilitihat
under the null hypothesis, the-palue calculated indicates the probability of observing as great, or
greater difference between the two condition¥.

Differential testing is performed in two parts in Diffcyt. Differential abundance (DA) looks at each
cluster and marker independently and based on this analysis, the proportion (percentage) of each
immune cell population (as defined by cluster merging) is plotted on a boxplot, where condition is
shown on the axis and percentage on theaxis. The DA testing calculates the rawgues and
adjusts these walues for each cell population. Significappulations are then presented in a
heatmap Differential expression (DE) looks at the functional markers, as identified at the beginning
of the workflow, in each of the immune cell populations and again this is presastadoxplot with
functional markes on the xaxis and median expression on thaxis.As with DA testing,

significance in DE of functional markers within an immune cell population is presented in a heatmap.
For both DA and DE boxplots, thexes are scaled to accommodate for the ranfjdata plotted

and the distribution of donors within a condition. To correct for multiple testthg,Benjamini

Hochberg adjustment was applied to each analysis and a false discovery rate was s&ffat 5%

4.3 Discussion

Theaim of this chapter was to describe the methodology for analysing mass cytometry data
generated in this workAnalysing cytometry data has increasingly relied upon automated pipelines
to improvethe reliability of data, expedite analysis and ultimately attain a level of replicability and
consistency across research gregy >

Bioinformatics is a complex field and can be difficult to navigate. A lot of time is required to develop
basic scripting skills and become confidentroubleshooting and repairing the script when it

W6 NXla fein@sed when the script has errors and further analysis cannot be conducted until the
code is corrected. It is common practice in many research departneigve access ta
bioinformaticianbioinformatics department which allows fatatato be processed and returnetb

the researcher for further statistical analysis. Whilst a trained bioinformatician is indispensable,
basic coding skills and ability to be able run scripts through the R Studio platform is becoming an
important skill to develop. Therare many advantages to becoming familiar vii#tsic
bioinformatics,chieflyallowing the researcher a certain autonomy in data analgsdnot being

reliant upon often inundated bioinformatics departments. However, the time required to familiarise
with the algorithms described in this chapter should not be overlooked but it is hoped that
researchers either looking for a prescribed methodology or direction for cytometry analysis can find
some guidance from this chapter.

4.3.1 Strengths and limitations of the Bfcyt workflow

The Diffcyt workflow provided a unique opportunity to be able to visualise clustering of cell
populations across different patient cohorts and also provide statistical quantification of cell
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populations that were either decreased or incredsetween conditions and measure differential
expression of functional markers stratified by immune cell populations. The Diffcyt workflow has
incorporated many staining checks and the MDS plot in particular was useful in terms of identifying
initial isstes within the neutrophil population which influenced the grouping of samples. The 17
populations identified by FlowSOM were consistently observed in multiple FlowSOM runs which as
far as this dataset was concerned, provided confidence in the replicatfilitys data. To maintain
replicability, the same seed number was used so that the clusters were not vastly different each
time. Diffcyt is not specific for any one type of analysis making it an adaptive pipeline for a variety of
different clinical cohorteind hypotheses to be analysed. This dataset makes full use of this
opportunity which will be demonstrated in the next two chapters and it is this flexibility that
primarily influenced the use of this workflow.

The use of Diffcyt on data analysis fromssaytometry is not extensively reported as yet due to the
pipeline being fully published in 202. It is anticipated that this will change as research groups
become more familiar with the script and its availability. The researchers who created the Diffcyt
workflow were able to testhe script on a clinical cohort of peripheral blood obtained from patients
with melanoma treated with antPD1 therapy identified a small subpopulation of monocytes, were
detected at baseline and able to predict response statfisThis population of monocytes were at a
low frequencyand regarded as a rare population and was still able to be identified in the presence
of batch effects, a strength of the Diffcyt pipeline as discussed by the auffio8eparately, the
principle of Diffcyt is based on the same statistical approach reported by another research group
working on mass cytometry and R&A In the paper, Fonseka et al., approach data analysis using the
WaAESR STFSOG Y2RSttAy3a 2F 1 4420AlGA2ya 2F {Ay3t
A0NI GS3IeQ ¢ KS Mildn betivee c2lPpppalatibniclustess argl Gidease status at the
single cell level®™. The fact that two different approaches adopt the same statistical testing, is
encouraging and data can be compared to see if similar results armebtd a similar disease and
immunophenotyping panel is being studied. Fortuitously, Fonseka et al., looked at peripheral blood
from patients with RA and although the experimental approach is different, there is an overlap in
the immunophenotyping panelral certain populations identified by Fonseka et al., have also been
detected in this cohort, which will be discussed furtheCimapter 5

The clustering step in Diffcyt is a challenging part of the script. It is the most important part of the
whole workflow as it informs the differential statistics. Whilst the clustering process is automated to
produce the heatmap it is up to the individualdefine the clusters. FlowSOM can cluster
populations that are the same but may have subtle marker expression changes either due to
different conditions, donor variability and/or batch effects. Marker expression variability as a result
of batch effects wre stringently addressed in addition to removing IgD, CD56 and CD123 from the
final analysis due to technical error. This in itself should increase confidence in the dataset and the
analysis. To identify clusters, a consistent approach was adopted, Wiearell populations were
identified each time FlowSOM clustering was applied. To further reduce the variability in clusters,
27,000 cells were analysed from each sample. This was selected based on the lowest amount of cells
present in a sample and downsalimg was performed on all samples. The merits of downsampling
are mixed. Those who do not favour raise a valid point that by downsampling, rare populations of
cells may be under represented or overlooked and incorporated into a larger (often more
establisked) cell population. Another problem is that whilst automated clustering is robust and able
to corroborate cell populations identified by manual gating approaches, clustering algorithms often
do not hold up welbcrosssamples. For the Diffcyt workflow, Itsefrom all samples are combined
before clustering which does not bias the analysis further on. However, should there be a vast
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discrepancy in the number of events analysed from each sample, this could bias the clustering as a
sample containing more evemitvould be disproportionately represented compared to a sample
containing fewer events. Moreover whilst FlowSOM is generally thought to be fast, this should be
put into context. To cluster 999,000 events from 37 samples, took just under 6.5 hours to run.
Typically bioinformatics might require the use of higher computing power than the one used in this
analysis but this is a true representation of analysis time and logistical situations meaning that
higher computing power cannot be accessed in the giveropesf the research.

With the above considerations, it is no surprise that new clustering algorithms continue to be
developed. The development of the partiti@ssisted clustering and multiple alignments of

networks is capable of capturing immune cell ptgtions that would be identified manually and
aligning populations across samples to account for condifith#nother clustering algorithm,

QFMatch offers anothesolution to the problem of sample alignment in which it performs cluster
matching in multiple samples post clusteri#i QFMatch also locates populations which are

present insome samples and absent in others and measures the dissimilarity score between cluster
pairs?®:,

Thus in my opinion the Diffcyt workflow has offered an unparalleled opporttmignalyse a large
clinical cohort with an approach that acknowledges the kighensionality of the data. The Diffcyt
workflow may not be appropriate for all cytometry analyses but it is ideal for discovery analysis
which is the premise of this study.Has allowed for an unbiased approach to the data analysis and
not driven by the preference of the researcher but by what is actually detectable within the data.
The next two chapters will discuss the findings of cell populations in RA and the implithtisas
populations have. Furthermore, the cell populations identified will be discussed in the context of
findings shown by other groups using mass cytometry in particular in RA.

4.3.2 Data preprocessing provides confidence for downstream differential
analysis

The best practice approach to guide data analysis was addtesutomated gating using Gaussian
parameters provided and subsequent application of compdngaaneant that a high quality single
cell population was obtainedConsiderable time was spent analysing the quality of the staining
across the barcoded batches and despite best efforts to reduce and preferably avoid batch effects,
these unfortunately werédentified. The batch effects identified in the batch controls were an
example of careful experimental design in this study which are often missing from other mass
cytometry dataset$®. However, by identifying these early on in the data clean up and pre
processing phasé, gave greater confidence in the final data set for analysithis case, had

controls not been included in the experimental desigmyduld have become a lot harder to identify
stainingvariability. CytoNormwas a useful algorithm and able to correct for the staining variabilities
although it was decided after the normalisation, that batches 1 and 4 would be removed from
further groupedanalysis as the staining still did not align with the remaining batdhashermore,
batches 1 and 4 can be included in future analysis as thatesetscontainpatients where follow

up time points were collectedlt should also be mentioned that whersigning the experiment,
considerable thought was given to how best group the samples for barcoding. Barcoding has the
limitation of only 20 samples to be included and this was limited to 19 samples as a batch control
was included. Thus it was decided togp follow uptime points for the same patients in one batch
so that these could be analysed independently if necesstoyever, for the purpose of consistency
in this data analysis approach, these two batches were excladetdwas preferred to look ahany
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samples as possible across the batcliewas observed that batch effects can affect certain
populations more than other populations and this was particularly apparent in the granulocyte
population, specifically the neutrophil population. Timarkers CD11b and CD16 were particularly
influenced by staining inconsistencies and correcting these was important to achieve a consistent
neutrophil population across the batches and within sédesprhis is an acknowledged limitation of
CytoNorm where aassumption is made that the batch effects are small enough that they do not
impact the clustering®®. When large batch effects do occur, biologically similar clusters across
samples may become split as obserwgth the neutrophil populatiorand as a result do notigh,
providing an opportunity for future normalisation pipelines to optimise the clustering step of the
algorithm.
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Chapter 5immunophenotypingwhole bloodacrossthe stages of Rheumatoid

Arthritis
5.1 Introduction

5.1.1 Recent findings opathologically expanded immune cell subsets in RA by
single cell technologies

Immune dysregulatiois apparentacross all stages of Réidis awidely accepteadtonceptamongst
researchers within the fielef. Whilst extensive research has been directed towards understanding
the chronic inflammatdry interactions at the cellular and molecular levels that occur in established
RA, the possibility to extend this research to detect RA at its earliest opportunitym

stratification of treatment, and/or identify individuals who may become refractorjfreatmentare
unmet clinical needs which need to be resolved

Flow cytometry has proven to be an invaluable tool for probing the immune cell populations and
indeed continues to be the preferred tool as ibisth widely accessible anah established
technigue.Howeverthe major disadvantage of flow cytometry is the limited number of proteins
markers which can be included threstricting researchers to fully embrace the heterogeneity of
cells present in biological samples. Therefore thedfor new technologies that could incorporate
multiple protein markers for comprehensive immaiprofiling was necessary to begin answering
long-standing questions and indeegveralreviewsby expertsencourag the adoptionof novel

single cell technoldgs to revolutionise and expedite discovery of pathological immune cell subsets
in RA2:266268 gingle cell technologies targeting transcriptomic and proteomic profiling have
provided an opportuity to interrogate the immune landscape at a high dimensional ldzede
collaborations such as the AMEA and SLE network which spans government, industryaimd

profit organizations, aino identify novel immune cell populations and molecular signasuwvhich
associate with RA pathagy usingcutting-edgesingle celtechnologes?,

To date, significant immune cell populations have been reported by the AMP group including T
peripheral helper (Tph) cells which were initially observed to be expanded in the rheumatoid joint
157 The functions of Tph cells are discussedetail inChapter éut will be briefly mentionedhere.

Tph cells are characterised BB 1" CXCR3nemory CD4 T cells and do not display exhaustive traits
but rather activelyrecruit T follicular helper cells and B cells to the inflamed synouiumough the
production of chemokines 121 and CXCL1%. Tph cells were characterised across the three most
commonly assayed compartments in RA: peripheral blood, synovial fluid and tissue. Tph cells did not
directly differentiate seropositive patients from seronegatialthough were found tbe more

robustly increased in seropositive patients. Tph cells did not significantly correlate with many clinical
parameters including age, gender, disease duration or treatment although a separate cohort of 23
seropositivepatients were independently assessed before and after commencing new treatment

and Tph cells were observed to decrease in frequency when disease activity réefuced

The discovery of pathologically expanded Tph celRAdemonstrates hovhigh-dimensioral

immune profiling can reveakubtle immunophenotypic changes in the immune populations which

can be overlooked by traditional approaches. However, in the case of Tph cells, they have also been
identified in other autanmune diseases including systemic sclerosis, IgG4, SLE, and psoriasis
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vulgaris but not in seronegative RA asmbndylarthritiswhich suggests a common mechanistic
pathway shared by autoantibody mediated diseag&&’3. However, whilst mass cytometry is an
excellent tool for detecting multiple immune cell populations it is less useful when discerning which
of these populations are dirdgtresponding to autoantigens and which ar@n-specifically

recruited to inflamed tissué™®. It is often postulated that by answering thisegtion, eradication of

RA may be possible but to date specific autoreactive T cells have proven difficult to identify. A
landmark paper published in 2019 observed CDdells in multiple autoimmune disease settings
including celiac disease which is anabieodel to study autoreactive T cells as it is directed towards
one specific antigen, glutett®. Antigen specific lymphocytes can be specifically detected by using
glutenderived peptideloaded MHC tetramers and Christophersen et al., demonstrated that gluten
specific CD4+ T cells within the gut had a phenotype that closely resembled Tph cells identified in
the RA joint®"1%8274 The Tph cells in celiac gut tissue expressed|bigis of HLAOR, PEL and

CXCR3 and analysis by bulk RNA sequencing, showed that this T cell subset had increased expression
of genedL21and CXCL21,3mportant for B cell differentiation and chemoattractant, again consistent
with the Tph cell phenotyp&**%8

In a short Nature Rheumatology review article published in 2019, Rao puts forward a compelling
explanation for the detection of Tph cells in other autoimmune settings includiracaditease
suggesting a common mechanistic pathway in which Tph cells activate B cell fdffttioturn, the
pathologic expansion of Tphltemay be numerically useful as it may reflect the degree of Bcell

cell interaction taking place in patients which may correlate with disease activity or severyn
intriguing follow up experiment would be to obtain RA gut tissue and observe whether Tph cells
could provide a link between gut dysbiosis and onset of RA by assessing mucosal triggered antigen
specific immunity which crog®act with joint antigeng’. Smiljanovic et alshowed thatactivated

B and T cells in synovial tissue were associated with respoma&tobially activated monocytes

and macrophages, with further analysis revealing elevated levels of CXCL13 protein expression in RA
SF and serurfl®. It is unclear whether these findings can directly suggest the involvement of Tph
cells in RA pathology but consistencies such as the detection of CXCL13 in RA samples continue to
make the Tph céd a compelling population to investigate tiuer.

In addition to thediscovery anatharacterizatiorof Tph cells, the AMBrouphave identified another
CD4 memory T cell population defined as CPRADR were expanded in Rand demonstrated
effector functions including production of IFldnd cytoytic factors which upon successful

treatment, contracted?5, This population of cells will bertiher detailed inChapter however, it is
important to note that this subset of cells were distinct from Tph cells and were not characteristic of
functional exhaustin but did suggeghat CD27HLADR CD4 T cells werehronially activated 252,

Mass cytometry and single cell transcriptomics have been particularly valuable when exploring
populations within tissues. In RA, an increase in publinatishich focus on deep
immunophenotyping of synovial tissue is becoming apparértellent review articles on the

progress being made in RA synovial research have been published highlighting the importance of this
researcht®14.146.276280 Ag RA is a disease which primarily manifests in the jointdydtisobvious

and important that attention has returned to the synovium with the benefit of advanced technology
for more robust immune profiling. Bothph cells andCD27HLADR CD4 T cells welidentified in a
small cohort of synovial biopsies (n=3 ana8pectively). Presumably as both confidence in novel
technology ancalinical and laboratoryechniques associated with these technologiesome more
established, larger biopsyohortsare becoming possible as evidendgdZhang et al., in 2018, 51

RA and OA synovial tissue biopsies weneprehensively immunophenotyped detect which cell
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populations perpetuated joinnflammation by usingacombination of single cell and bulk RNA
sequencing and mass and flow cytometry to immunophenotype single sorted cell populations
including T and B cells, monocytes and fibroblasts from synovial ti¥3LiEe tissue architecture
showed that OA tissueas largely composed sfromal fibroblasts and endothelial cells whighs
also observed in leukocyte poor RA tisstieAnalysis showed an expansion of spedifimunecell
immunophenotypes tht associated with RR&®. These included: IL1Broinflammatory monocytes,
CD11tautoimmune B celléwvhich have also beedetected in SLEY), andgranzyme B and K
producingCD8 T cell subset¥.

Whilst traditionally CD4 T cells have been extensively studied in RA pathology, renewed interest in
the CD8 T cells and their implication in RA is gaining traction. Single cell RNA sequencing has
revealed that CD8 T cells in the inflamed RA synovium aigipproducers of IFNy and TNF
transcripts but have reduced cytotoxic potential detected by lower granzyme B and perforin
transcript expression in seropositive RA patietit$®®2. Furthermore, when assessing the altered
cytotoxic potential, it was observed that CD8 T cells had low expression of CD57 and €X3G&1
authors of the study postulate that CD8 T cells in the RA joint signal to synovial fibroblasts to
produce IE6 and other inflammatory mediators which in turn suggests that these C¥Tpcetduce
IFNy in an antigen independent stimulati It is also evidenthat regulation of CD8 T cells and
their effector function is altered based on the upregulation ofPén CD8 in the RA joint compared
to peripheral blood. Contrary to expectation, these CD8PRells in the joint were not
considered exhaustedut rather displayed a heightened proinflammatory state, indicating that
checkpoint regulation within the joint is aberrafif.

Moreover, it was also observed thatélproducing THYHLA9"sublining fibroblasts were
expanded in RA synovial tissue compare@fowvhich was elaboratedpon byMizoguchi et alin
2018 where fibroblast heterogeneignd subset$n RA synovial tissueare further detailed!6284

5.1.2 Recent findings of pathologidly expandedfibroblast subsets in RA by single

cell technologies

Findings by Mizoguchi et al., demonstrates how mass cytometry and single cell transcriptomics can
be versatile and applied to nemmune cell populations. This has been particularly useful in the
case of fibroblasts. Biologics used in RA treatment, target various aspects of the immune system,
and whilst these are successful in reducing chronic inflammation, they fail to reverseeqoicu
damage providing a compelling argument to investigate-imomune cells such as fibroblagts.

Whilst fibroblasts have often been functionatiype castedas structural cells, studies have revealed
that they are capalal of producing chemokines and cytokines in response to environmentaf®ues
In their investigation, Mizoguchi et al., set out to thoroughly immunophenotype the fibroblast cell
population by initially assessing the expressibfiour surface markers: podoplanin, THY1, cadherin
11 and CD34 having been selected from a wider immunophenotyping ffanEhese markers were
able tophenotypicallydistinguish 7 fibroblast subsetghich washen further refined by single cell
RNA sequencing to three major fibroblast subg&tdn addition, fibroblast subsetscalizedio

specific regions ithe synoviumwith CD34THY1 cellslocated deepin the sublining layef®*.
Conversely CD3PHY 1fibroblasts were observed ithe lining layer and CD3#ibroblasts were

found in both the lining and sublining layers of synovial tissue with the majority of fibroblasts
expressing cadherifi1 284 This observation reflects a study previously conducted in mice where
FAP*THY1limmune effector fibroblasts were detected in the synoviathlning whereas FAP

THY 1destructive fibroblasts were restricted to the synovial lining |&f&iFurther evidence in
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support of fibroblasts specifically locating within the synovium was observed asimgxpensive
technique known as dropldiased singleell RNA in 5 RA synovial tissue biop&iesiere

Stephenson et al., detected CD3#broblasts locating in the synovial lining and TH¥toblasts

were localizedto the sublining with THY1 capable of further segregating fibroblast populations into
podoplanirt and podoplaninfibroblasts populations®’.

Whencomparing fibroblast compositidnetween RA and OA, CD3#HY 1 cells comprised a median
of 22% of total fibroblasts compared to 8% in OA, however, JBi¥Lcells were decreased in RA
at 15% compared to 48% in OA tisstfeThese findings provide evidence that fibroblasts may be
functionally altered in RBompared to OA, and lend support to previous observations in mice,
where adoptive transfer studies of fibroblast subsets within the joint showed thatt FRPY1and
FAP *THY Ifibroblast subsets had functionally different roles. FAPHY 1 fibroblasts were
implicated in chronic inflammation and had minimal effect on bone and cartilage destruction,
whereas the inverse was true for PAATHY Ifibroblasts?®. ThereforeCD34THY1 cells may
associatevith worsening clinical outcomeandthis was reflected byglinical correlative data
showing thatpatients wit swollen joints had increadeCD34THY 1 cells and CD34ibroblasts?®*,

Recent data has reportetthe expansion of preinflammatory mesenchymal (PRIME) ioetitood

have been detected two weeks prior to an RA flare in a longitudinal cohort of patients collected at
364 time points spanning over 4 years in four patiéftsRNA sequencing revealed the arpion of
CD45CD313podoplanirt PRIME cells which were also associated with an activated B cell prasile

to flare and in the presence of a flare PRIME cells were subsequently decf&aBRIME cells
demonstrate characteristics similar to fibroblasts and are detectable inddmtriguingand may
support the hypothesis that fibroblasts may traffic from the blood to the synovium, and potentially
precede the inflammatory events thédke place in the joint®,

Treatments targeting fibroblasts have become a focus as they may provide another option for
treating RA particularly for those patients who have beconesistant or refractory to existing
treatments. Seliciclib is an oral cyetiependent kinase inhibitor which is capalolfiesuppressing
synovial fibroblast proliferatioff®. An initial clinical trial determining the maximum dose of seliciclib
was conducted in 15 patients who were refractory to TNF blockade, showed no serious adverse
events were observed thus paving the way for future clinicaPtfse

5.1.3 Aims

Theoverallaim of this chapter is to chronicle the immunophenotypes across the different stages of
RAwith particular focus on the early RA cohort of patieaséng the Diffcyt scriptn addition, the
chapter will ainto validate the robustness and sensitivity of the Diffcyt script to interrogate the
immune landscape within this cohoihis chapter aims to contribute to the conceptual framework
2F wadlr3SaQ gAGKAY w! T GKIFG A aisediséb® moa/aRiStdld G F Y RA Y =
syndrome. Whilst this concept is widely accepted definitive biomarker or immune signatuhas
beenconsistently identified/correlated witla stage of RALoprovide earlier intervention in RA and
thushave better treatment eftacy, understanding what distinguishes and differentiates RA stages
will help clinical management of RA and thus improved patient ¢dsengthe combination of a

diverse cohort that spans different stages of Rass cytometry and an automated pipelinghis
analysis will aim taomprehensively phenotype the immune cell populatiamblood and observe
whether any differences between the stages are detectable.
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5.2 Results

The approach to analysis was designed to test both the validity of the Diffcyt @calysis pipeline
and to explore the spectrums of the clinical stagathin the RA cohort collected for this studyue

to batch variation as discussed@mnapter 4 not all samples were included for analysis and it was
decided that only samples thaticcessfully passed the data ggecessing steps should be included
for analysis. Where possible, if saleporiginated from the same batch, these were analysed
together, again removing inconsistent staining or signal during acquisition.

5.2.1 Evidence of immune dysregulatioin two pre-clinical RA patients

The first aim of the analysis was to determine if differencecouldbe detected in any of the

clinical stagesvithin RA using whole blood. As theblood samplesvere not stimulated or activated

in vitro, it was not known whether the mass cytometer and the panel designed, would both be
sensitive enough to dect changes within RA and between RA and health. Therefore, Diffcyt analysis
first looked at whether there was a difference between health,-B® and early RA and specifically
whether immune dysregulation could be detected at timically earliest oppaunity. PreRA refers

to at risk patients identified by historical evidence and Giid#? but were not diagnosed with RA. 2
patientsformedthe pre-RA cohort and were compared with 6 healthy donors and 7 early RA donors
(with varied serology statusfull clinical data in appendixaken from different batches to ensure
findings were not restricted to one batch and therefore applicable to patisntse same stages of

RA

Analysis began in the Diffcyt script by downsampling 27,000 events from each sard@enew .fcs

file was created for each sample containing the downsampled events. 27,000 events were selected
as this was the lowest number of events in one healthy sample included in this analysis. Eliminating
the one sample and increasing the numbeewgénts to 80,000 did not affect the number of cell
populations that were identified downstream and it did not change the outcome of the findings. This
demonstrated that the Diffcyt pipeline was capablepodcessing a small number of events and
identifying differencesThe metadata placed all the samples for analysis to into the three conditions
pre-early RA, early RA and healtiiBvidence of a difference was initially observed in the MDS plot
(Figure5-1) which showed thapre-RA and early RA donors clustered together to the left of the

MDSL1 axis and were distinct from healthy donors. Interestingly botFR#ealonors were closer

together on the MDS plot and were not withthe early RA donors suggesting staining similarFite

MDS plot was calculated based on the median (aresisformed) marker expression of 26

lineage markers and 15 functional markers (as identifiebaible4-1 in Chapter 4 across all cells
measured for each sample. Change in median represents distance besaggies in the plot with
those samples with similar medians, in closer proximity on the plot and where median marker
expression iglifferent, these are further distanced.
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Figure5-1| Multi dimensional scéing (MDS) plot observes the staining similarity globally across all
samples included for analysis using 27,000 events from each sample.

2 preclinical RA (denoted in purple and marked @sxhole blood samples were analysed with 7 early RA (denoted in
orange and marked ag)whole blood samples run in the same barcoded batch and 6 healthy (denoted in black and
marked aslf) whole blood samples. The numbers correspond to the cohort study number assigned to these samples. The
MDS1 and MDS2 axes depict samify between the samples represented by a dot and the proximity of this indicates

similar patterns of staining. The 2 peiinical RA patients are in close proximity to one another and also align on a negative
MDS1 axis whereas health separates from batclinical and early RA patients on the positive MDS1 axis.

FlowSOM Clustering analydistected14 cell subsets. Differential abundance and differential
expression of functional states testing did not reveal any significant differaaittesigh trends

could be identified. Analysis of cell abundance across the populations revealed perciectaegse

in B cells in preRA compared to early RA and hedRigure). Another interesting observation was a
percentage increase in the neutrophil population in early RA compared to health afRifpFegure

) which was analysed further.

5.2.1.1 Cell gercentage increase in B cell population at the peénical RA stage
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Figure5-2| Increase in percentage d@ cells in preclinical RAIn comparison to health and early RA.
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A showsan increase ipercentage oBcells in prechical RAn=2)compared to early R&=7)and health(n=5) BIncrease
in the neutrophil population in patients with early RA compared to health and preclimic&d®ults not significant after
adjusted p valuesThis comparison shovikat in the preclinical phase of RA, immungsregulation is observed and thus
supports the hypothesis that across disease stages of RA, a dnangaune cells is detectable.

5.2.2 Analysing MDS plots to determine immune relationship between health,

early RA and established RA

Due to the batch effestincurred during acquisition of the cohort on the mass cytometer, it was not
possible to run all samples simultaneously through the Diffcyt script as the script would be
influenced by the staining variation and not by the underlying biology. Thereforartalysis could

not be performed completely unbiased. It is also worth mentioning that supercomputing power at
the time of this analysis was not available and furthermore it is unlikely the Diffcyt script would be
able to cope with the complex data set gented here. Furthermore, should all samples be analysed
together, the many parameters to this data setide from just the mulimarker aspecincludng

patient demographicgynderlyingimmunology &fected by treatment/progression/stage of the
disease comilicates analysis and can overwhelm the process of identifying what is a true
representation of the biology and what is an artefact.

Each run performed through Diffcyt takes approximatelyl2thours with the clustering step taking

a significant amount adime. The clustering step can be considered as a two step process: the run
time taken through FlowSOM to obtain the 40 clusters and the process of piecing together the
information from the heatmap to make sense of the immune populations represented by the
heatmap. This is timeonsuming and requires careful judgement to decide whether to combine
similar expression clusters together or whether these are bona fide phenotypes that represent a
biological difference. This is much easier said than done pantigida each FlowSOM run changes
the numbering of the cluster and can identify 40 different clusters each Elo@SOM runs.

Therefore for this project, FlowSOM was run 5 times for each analysis to assess whether the same
clusters were being detected witihhé same markers identifying the population. Another challenge is
different clusters are identified in different patient cohorts even if the same lineage and functional
markers have consistently been applied. Assessing which cell populations are comnsmadicife
analyses can therefore be another rate limiting step in the analysis process.

TheMDS plot can be considered a global overview of the staining expression across samples and so
therefore may overlook subtle underlying differences in staining @sgion. Also the MDS does not
look at defined immune cell populations but rather staining expression which when analysed after
clustering may better contextualise findings. Howefaarthis analysis, the MDS plot proved to be an
invaluable tool to quicklpscertain whether the downstream analysis was likely to resigailificant
immunological changes between the different conditioAa example of this was when deciding
whether health, early and established RA would form distinct groups calculated by tBephdD
Donors from all three conditions were taken from across all batches and had passed data pre
processingtages. Established RA referred to patients who had received treatment but did not
discriminate in terms of type/amount of biologic/DMARDSs reedi{full patient cohort details in the
the Appendix)Figure5-3 shows here was nalear distinction between healthy, early RA and
established RAs determined by MDSqt however, when separated into health compared to early
RA(Figure5-4) and health compared to established RFAgure5-5), itis evident thathe two groups

are separated from healthAn additional analysis which intended to observe whether early RA and
established RA would separate into two distinct groups tgvemoved thenealthy controls
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Moreover, no distinction could be observed between early RA and establishdddriteb-6). For

all comparisons the full Diffcyt sctias run including the differential testing to ensure that no

subtle differences were excluded but the MDS plots were informative. Therefore only early RA
compared to health yielded significant results, which will be described further. The MDS analysis
also suggested that whilst immune differences between RA irrespective of stage separate from
health, this becomes less apparent between stages of RA. Given that early RA donors were newly
diagnosed and had not received treatment and established RA patigitgled in the analysis were

on treatment, it was thought that these two cohorts represented the polar ends of RA. However,
whilst immunological differences may exist between these two groups of patients, the MDS analysis
could not detect this and furthedownstream analysis did not identify significant changes between
early RA and established RA.

Figure5-3|MDS plot analysis does not reveal 3 distinct groups of healthy, early RA and established
RA

Individual sample labels are removed to clearly see the relationship between the condMaitsdimensional scaling
(MDS) plodoes not show a cleaeparation ofestablished RA (23arly RA (n=23) from health (n=14) by globally
analysing the stainingimilarity across all samples using 27,000 events.
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