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Chronic obstructive pulmonary disease (COPD) is a heterogeneous disease characterised by
chronic airway inflammation, which is dependent upon a complex network of intercellular
communication between the damaged airway epithelium and the immune system. Extracellular
vesicles (EVs) are novel major signalling mediators between cells, and shuttle cargo such as micro
RNA (miRNA) in health and disease. This thesis examines the role of EV miRNA regulation of
inflammatory signalling pathways in COPD.

EVs were isolated from bronchoalveolar lavage fluid (BALF), and epithelial brushings were taken
from the same patients with COPD and healthy controls. RNA sequencing was used to quantify EV
miRNA expression and gene expression in epithelial brushings. Negative binomial models were
used to identify differentially expressed miRNA and genes in patients with COPD, and a
combination of bioinformatic approaches were used to identify the biologically significant
interactions between these miRNA and genes. Further analysis assessed the predictive ability of
the differentially expressed miRNA in discriminating between health and disease and their
relationship with inflammatory endotypes in COPD.

Differential miRNA expression was observed in BALF EVs from patients with COPD compared to
healthy ex-smokers. Specifically, five miRNA were found to be up-regulated in COPD (miR-2110,
miR-182-5p, miR-223-3p, miR-200b-5p and miR-625-3p) and three miRNA were down-regulated in
COPD (miR-338-3p, miR-138-5p and miR-204-5p). In silico analysis demonstrated these
differentially expressed miRNA targeted differentially expressed genes in epithelial brushings in
the same patients. These miRNA-gene expression interactions may have a significant impact on
key inflammatory pathways in COPD. In addition, lung-derived EV miRNA were a strong predictor
of disease presence. Moreover, specific EV miRNA correlated with expression of inflammatory
cells within the airways of COPD patients, which may provide novel insights into distinct
inflammatory endotypic disease mechanisms.

..In summary, the findings from this thesis suggest that lung-derived EV miRNA may regulate gene
expression in COPD leading to aberrant inflammatory signalling. Furthermore, EV miRNA may
provide a novel diagnostic opportunity to detect early disease presence in COPD, and give further
insights into the underlying endotypic mechanisms of disease, whereby EV miRNA could help
future treatment stratification.
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Chapter 1  Introduction

1.1 Chronic obstructive pulmonary disease

1.1.1 Overview of COPD

Chronic obstructive pulmonary disease (COPD) affects 384 million people worldwide and is the
third leading cause of death globally, claiming three million lives in 2016 (1, 2). The burden of
COPD is predicted to increase over the next few decades due to continued exposure to COPD risk
factors, such as tobacco smoke and an aging population (3). This is in marked contrast to other
chronic diseases, such as heart disease and stroke, where there have been considerable decreases
in mortality (4). Consequently, COPD represents an important public health challenge that is both
preventable and treatable. COPD is characterised by irreversible airflow obstruction associated
with emphysema, chronic inflammation and fibrosis, mucus gland hyperplasia and pulmonary
arteriolar wall thickening and remodelling (5). In addition to pulmonary disease, COPD is also
associated with several systemic complications, which contribute to overall morbidity and
mortality (6, 7). COPD is therefore a complex and heterogeneous disease with many distinct
clinical phenotypes and varied disease progression. This complexity has limited our understanding

of disease and therefore has hindered the development of effective therapies.

1.1.2 Burden of COPD

COPD is a leading cause of morbidity and mortality worldwide that generates an economic and

social burden that is both substantial and increasing (8, 9).

Prevalence data is widely variable in COPD, due to differences in survey methods, diagnostic
criteria, and analytical approaches (3). The lowest estimates of prevalence are those based on
self-reporting of a doctor-diagnosis of COPD or an equivalent condition. For example, most
national data show that less than six percent of the adult population have been told that they
have COPD (10) and this likely reflects the widespread under-recognition and under-diagnosis of
COPD (11). Large-scale epidemiological studies with more robust methodology, including
standardised questionnaires and pre- and post-bronchodilator spirometry, have estimated the

global prevalence of COPD to be 11.7% (8.4-15%, 95% confidence intervals) (1).

COPD is associated with significant economic burden. In the European Union, the total direct costs
of respiratory disease are estimated to be about six percent of the total healthcare budget, with

COPD accounting for 56% (38.6 billion Euros) of the cost of respiratory disease (12). In particular,

1
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COPD exacerbations account for the greatest proportion of the total COPD burden on the
healthcare system. Unsurprisingly, the health care costs rise exponentially with COPD disease

severity and in ageing populations with advancing comorbidities, this rise in costs is multiplied.

The burden of COPD to a patient is high, both in terms of health-related quality of life and health
status. Disability adjusted life years (DALY) is a composite measure of the burden of each health
problem on a patient. COPD is an increasing contributor to disability and mortality, with COPD
ranked as the fifth leading cause of DALYs lost globally. In addition, there are significant impacts
on the patient’s family, friends and carers, with added emotional, social and financial burdens as a

result of the disease (13).

1.1.3 Risk factors for development and progression of disease

COPD results from a complex interplay of long-term cumulative exposure to noxious gases and
particles, combined with a variety of host factors including genetics, airway hyper-responsiveness

and poor lung growth during childhood (14-17).

Cigarette smoking is the leading environmental risk factor for COPD and is estimated to account
for up to 80-90% of cases within the developed world. Yet even in heavy smokers, fewer than 50%
develop COPD during their lifetime (18) suggesting additional complex interactions between

genes and other environmental factors.

1.1.3.1 Genetic factors

The most well described genetic risk factor is Alpha-1 antitrypsin (AAT) deficiency. A hereditary
deficiency of AAT leads to uninhibited action of serine proteases in the lung leading to massive
tissue destruction and emphysema in people who smoke. This genetic abnormality is relatively
rare and affects only a small proportion of the world’s population (estimated prevalence 0.01-

0.02%), with a prevalence of ~1% in patients with COPD (17, 19).

Another clearly defined genetic defect linked to COPD are mutations of the telomerase reverse
transcriptase gene (TERT), which results in early onset emphysema in smokers, who are
predominantly female and have increased incidence of pneumothorax. These mutations are also
described in idiopathic pulmonary fibrosis and there may be a family history of pulmonary
fibrosis. These TERT polymorphisms were found in approximately 1% of COPD patients in two
small independent cohorts, thus similar prevalence to AAT deficiency (20). The mutations lead to
a shortening of telomeres leading to cellular senescence, which is discussed in more detail in the

next section.
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Early familial aggregation and linkage analysis studies strongly suggest genetic contributions to
COPD (21-25), and more recent genome-wide association studies have identified several genomic
regions that are clearly related to COPD susceptibility (26, 27). However, despite research
advances, much of the heritability of COPD remains unexplained. Therefore the genetic
determinants of COPD are likely to compose of multiple genetic susceptibility variants acting

together to create a diverse array of COPD-related phenotypes.

1.1.3.2 Ageing and COPD

There is accumulating evidence that ageing hallmarks are prominent features of COPD (28). The
structural changes seen in ageing airways and parenchyma (e.g. enlarged alveolar spaces and loss
of lung elasticity) are similar to the changes seen in COPD. Broadly, the ageing hallmarks in COPD
can be divided into processes affecting gene transcription (e.g. genomic instability, telomere
attrition and epigenetic alterations), cellular metabolism (e.g. loss of proteostasis, dysregulated
nutrient sensing and mitochondrial dysfunction) and other cellular processes (e.g. cellular
senescence, stem cell exhaustion and altered intracellular communication) (29-31). The strongest
evidence of the role of abnormal ageing in COPD come from studies demonstrating increased
cellular senescence (mediated by the phosphoinositide 3-kinase (PI3K) -mammalian target of
rapamycin (mTOR) pathway) (32, 33), however more work needs to be done to integrate findings

and assess how age-related changes affect tissue repair and contribute causally to COPD.

1.1.3.3 Lung growth and development

Problems occurring during gestation, birth, and exposures during childhood and adolescence may
all affect lung growth (34, 35), and have the potential to increase an individual’s risk of developing
COPD. For example, low birth weight has been associated with lower FEV1 (forced expiratory
volume in one second) in adulthood (36) and several studies have found a link between early

childhood lung infections and COPD (37, 38).

1.1.34 Smoking & domestic fuel exposure

Cigarette smoking is the most common risk factor for COPD worldwide. Cigarette smokers have a
higher prevalence of respiratory symptoms, greater lung function abnormalities, a faster decline
in FEV1 and greater COPD mortality rate than non-smokers (39). Passive smoke exposure is also
an important contributor to the development of COPD (40), as well as smoking during pregnancy

affecting lung growth and development in utero (39, 41, 42).

Globally, indoor air pollution is an underappreciated, but important risk factor for COPD. Almost

three billion people worldwide use biomass as their main source of energy for cooking and
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heating, which in poorly ventilated dwellings can accelerate lung damage (43-45). In these

communities, indoor air pollution is responsible for a greater fraction of COPD risk than smoking.

1.2 Pathogenesis and pathophysiology of COPD

Inhalation of cigarette smoke or other noxious particles, such as smoke from biomass fuels,
causes lung inflammation (46). The normal protective response to inhaled toxins is amplified in
COPD leading to a chronic inflammatory response (47). This inflammation is thought to be
responsible for parenchymal tissue destruction (resulting in emphysema), disruption of normal
repair and defence mechanisms (resulting in small airway fibrosis), and goblet cell hyperplasia
with mucus gland hypertrophy, as well as loss of cilia and reduced mucociliary function (resulting
in chronic bronchitis). These pathological changes lead to gas trapping and progressive airflow
limitation. The mechanisms for this amplified inflammation are not yet understood, but may at
least in part, be genetically determined (48), and importantly persists despite smoking cessation.
In support of the latter, studies have shown that levels of airway inflammatory cells are similar in
current and ex-smokers (49) and markers of oxidative stress are found persistently elevated in the
airways post-smoking cessation (50). One of the mechanisms postulated is increased
phosphorylation of extracellular regulated kinase-1/2 (ERK) within emphysematous lungs driving
matrix metalloproteinases (MMP)-1 induction leading to airway inflammation and matrix
remodelling (51). Furthermore autoimmunity (via antielastin antibodies) (52), embedded
particles/heavy metals from smoking (53) and changes in the lung microbiome have all been
implicated in persistent airway inflammation in COPD (52, 54). However, novel mechanisms are
emerging by which cells adapt to environmental cues such as smoking, which include changes in
DNA methylation, histone modifications and regulation of transcription and translation by
noncoding RNAs. These epigenetic mechanisms may be in key in driving persistent inflammation

as a consequence of prior cigarette smoke exposure.

The inflammatory and cellular interactions in COPD are summarised in Figure 1.1, and will be

discussed in more detail in the next section.



Chapter 1

Amplification: Cigarette smoke,
'ufir_use§ particles and gases 'mHNF-uE. MAPK signalling THF-, GM-CSE
Cidative strass Macrophage - — N . .
Genetic factors A e u  Meutrop |./,,f
A Meutrophil elastase Apoptosis/Senescence
o : :
, T e Macrophage

1P-16, CCLS ", ] — facter ’_’,.f Phagocytas, %, | - Oxidants.,

f ) THF-a,IL-15, 118 actera « NETs "'. .-" A - Froteases,

' @ MMP-&

7 \ MMP-3,

., MMP-12
/ THF- N,
Mucus glanrJ — ‘\_
hyperplasia Fibroblast

® & o . ® & ©o ‘ TGF-B, VESF  proliferation, \.
COE+T cell

EMT \
Adrway apithelum o I '.I
f
- -’/M ASF, ! | Meutraphil ;‘ ’/ II
— P J S
| R o CCLS _."I I* Q -d/._.-"' T, |
r

Ecsinophi S
ENy, 110 incphd z’; IL-5, MCP-1, 1L, LTB, |
! N Sarina protaasas, I}
/ - Owidants, IL-8, LTH, I
TSLRIL-3 .
¥
Th2 IL AlLs =
h - ; "
Tocedl 7 Inflammation & remodelling
< Systemicinflammation Mucus hypersecretion,
~ - IFN-y CRP, IL-6, THF-a - Alrflow chstruction
= Thl o

Figure 1.1 An overview of the inflammatory and cellular interactions in COPD

Cigarette smoke induced activation of immune cells leads to the release of cytokine, chemokines and
proteases. Amplification signals (e.g. viruses, oxidative stress) are important in augmenting these
inflammatory responses. CCL, CC chemokine ligand; CRP, C-reactive protein; CXCL, CXC chemokine
ligand; EMT, epithelial mesenchymal transition; GM-CSF, granulocyte-macrophage colony stimulating
factor; IFN, interferon; IL, interleukin; IP, interferon (IFN)-y-inducible protein; LT, Leukotriene, MCP,
monocyte chemotactic protein; MMP, Matrix metalloproteinase; NETs, neutrophil extracellular traps;
NF-kB, nuclear factor kappa B; TGF, transforming growth factor; Th, T-helper cell; TNF, tumour necrosis
factor; TSLP, thymic stromal lymphoprotein; VEGF, vascular endothelial growth factor. Adapted from
Chung et al., 2008 (55)

1.2.1 Inflammatory cells

COPD is characterised by increased numbers of neutrophils, macrophages and lymphocytes
(mainly CD8+ T lymphocytes) in bronchial biopsies (56), the small airways and lung parenchyma

(57).
1.2.1.1 Neutrophils

Neutrophils are the front line of defence for the immune system. As summarised in Figure 1.1,
they are a source of proteases and oxidants as well as inflammatory cytokines and antibacterial
peptides (58, 59). They are, in part, responsible for both goblet cell hyperplasia in chronic

bronchitis and tissue destruction in emphysema.

Neutrophils are present in the lung tissue in steady state conditions in small numbers, but rapidly
migrate to the sites of infection or injury in response to chemoattractants released by epithelial
cells and alveolar macrophages (60). Cigarette smoke, oxidative stress, bacteria and viruses all
activate neutrophilic inflammation via the transcription factor nuclear factor kappa B (NF-kB), and
p38 mitogen-activated protein kinase (MAPK) signalling in airway epithelial cells, resulting in the

release of neutrophilic mediators, including neutrophil chemoattractants CXC chemokine ligand
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(CXCL)1, interleukin (IL)-8 and leukotriene (LT) B4 (61). Neutrophils are maintained in the airway by
tumour necrosis factor (TNF)-a and granulocyte-macrophage colony stimulating factor (GM-CSF),
and secrete serine proteases (e.g. neutrophil elastase) and MMP-8 and -9, which may contribute
to alveolar destruction (62). Furthermore, neutrophil elastase secretion can activate epidermal
growth factor receptors (EGFRs) leading to mucus hypersecretion and hyperplasia of goblet cells
and submucosal glands (63). Neutrophils also release granule proteins and chromatin that
together form extracellular fibres that bind bacteria. These neutrophil extracellular traps (NETSs)
degrade virulence factors and kill bacteria (64). Furthermore, neutrophils generate reactive
oxygen species (ROS) causing oxidative stress, which further activates inflammation and induces
corticosteroid resistance (65). Neutrophils from patients with COPD show marked abnormalities
in chemotactic response, with increased migration but reduced accuracy (66), which may lead to

increased damage to lung tissue and emphysema.

1.2.1.2 Macrophages

Macrophages are the dominant immune cell type in the healthy airways (67). Similar to
neutrophils, macrophages release oxidants, inflammatory cytokines, growth factors, chemotactic
factors and an array of MMPs when activated. They are critical to host defence and display a high
degree of plasticity by changing their functional phenotype depending on the cytokine
environment (68). In COPD, there are increased numbers of macrophages in the airways (69), they
have a dysregulated response to virus (70), defective phagocytic ability (71) and reduced cytokine
response (72), all of which may contribute to microbial dysbiosis and susceptibility to

exacerbation.

Alveolar macrophages have an important role in host immune defence and regulate both innate
and adaptive immunity (73). They are significantly increased in the lungs of smokers and in
patients with COPD (74), where they accumulate in the areas of emphysema (75, 76). The
increase in numbers of macrophages in COPD may be as a result of increased recruitment from
peripheral blood (77), local proliferation and/or local survival of macrophages (78, 79). In
addition, evidence suggests that the effects of acute and chronic cigarette smoke exposure on

macrophage survival may differ (80).

Macrophages are a heterogeneous population of innate immune cells and can therefore perform
different roles within the lung. Alveolar macrophages are primed to interact with inhaled
pathogens and particles, whereas interstitial macrophages have an important role in regulating
extracellular matrix proteins (81-83). Alveolar macrophages release more inflammatory mediators
(e.g. TNF-a, IL-1B and IL-8), ROS and nitrogen intermediates, and show increased chemotaxis in

response to cigarette smoke exposure (84-87). As a result, this activation implicates alveolar
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macrophages in the airway inflammation and remodelling characteristic of COPD pathogenesis.
MMP-9 is the predominant protease secreted by alveolar macrophages in COPD, and amongst
other inflammatory proteins (e.g. TNF-a), is up-regulated by the transcription factor NF-kB, which

is activated in alveolar macrophages in COPD patients, particularly during exacerbations (88).

In addition, in response to cigarette smoke, alveolar macrophages also recruit neutrophils to the
lungs via release of IL-8 (89), which further enhances the inflammatory cascade. This
inflammation persists even after smoking cessation, suggesting there are self-perpetuating

mechanisms, although these are not well understood (90).

1.2.1.3 T Lymphocytes

T lymphocytes are also increased in the airways and lung parenchyma, with an increased CD4:CD8
ratio (91). T cell activation in COPD typically results in a T helper (Th)-1 mediated immune
response and production of interferon (IFN)-y (92). The mechanisms by which CD8+ T cells may
cause COPD are unclear, however both CD8+ cells and IFN-y levels correlate with airflow
limitation and severity of emphysema, suggesting a role in pathogenesis (93). Furthermore, CD8+
T cells release perforin, granzyme B and cathepsins, which can contribute to alveolar cell

apoptosis and therefore the development of emphysema (62).

1.2.14 Airway epithelial cells

The primary function of the airway epithelial cells is to form a physical and biochemical barrier
between pathogens and harmful inhaled toxins. In COPD, this barrier function is compromised
due to changes in the airway epithelial architecture, such as squamous metaplasia resulting in
ciliary dysfunction, goblet cell hyperplasia and mucosal gland hypertrophy (94, 95). These changes
result in reduced mucociliary clearance and chronic colonisation with respiratory pathogens (96,

97).

An important secondary function of these cells is to stimulate the innate immune response on
recognition of an airway pathogen. Microbial presence is detected by pattern recognition
receptors (PRRs) such as toll-like receptors (TLRs), C-type lectin receptors (CLRs), cytoplasmic
retinoic acid-inducible gene-I-like receptors (RLRs) and NOD-like receptors (NLRs). Oxidative stress
and viral infection can trigger epithelial cell production of IL-6 and IL-8 (98-100), which in turn
leads to recruitment of innate immune cells, such as neutrophils, to surrounding tissues. In health
these are protective mechanisms, however in COPD excessive or sustained recruitment and/or
activation of immune cells can lead to tissue damage. Furthermore, IL-8 release from epithelial
cells can alter structural cell phenotypes resulting in squamous metaplasia and impaired barrier

function (101).
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1.2.2 Inflammatory mediators

Inflammatory mediators, such as chemokines, cytokines and growth factors, are increased in
COPD and their role in COPD pathogenesis has been extensively studied (102). Increased levels of
IL-1B, TNF-a, IL-6 and IL-8 have all been measured in the sputum of COPD patients, with further

increases during COPD exacerbations (103, 104).

TNF-a up-regulates adhesion molecules and facilitates migration of leucocytes into the bronchial
mucosa during exacerbations by inducing IL-8 expression, and stimulating neutrophil
degranulation and superoxide production (105). TNF-a activates NF-kB driven pro-inflammatory
cytokine production, via activation of TNF receptor 2 (TNFR2) (106). Similarly, TNF-a activates p38
MAPK, which in turn may activate a similar array of genes and interact with the NF-kB pathway
(107). This network of inflammatory signalling suggests a role for TNF-a in amplification of
inflammation in COPD, resulting in activation of neutrophils, macrophages, the epithelium, mucus

secretion, and destruction of lung parenchyma through release of proteinases.

IL-1B has similar actions to TNF-a and is also a potent activator of alveolar macrophages from

COPD patients. Together, they both stimulate macrophages to produce MMP-9 (108).

The airway epithelium over-expresses monocyte chemotactic protein (MCP)-1 and IL-8 in
response to cigarette smoke (109). MCP-1 is a chemoattractant of monocytes and may therefore
be involved in the recruitment of macrophages in COPD. Whereas IL-8, along with LTB,4, are
potent chemoattractants of neutrophils, and are the major drivers for neutrophilic recruitment to

the airways in COPD (110).

Additionally, growth factors such as transforming growth factor (TGF)-B are also increased in the
airway epithelium and lung tissue in COPD (111, 112). TGF-B is a potent regulatory cytokine with
many effects on cell proliferation and differentiation, and on initiation and resolution of
inflammatory responses (113). TGF-B is also implicated in the development small airway fibrosis
and remodelling in COPD, by inducing epithelial mesenchymal transition (EMT) (114). EMT is a
process whereby fully differentiated epithelial cells undergo transition to a mesenchymal
phenotype giving rise to fibroblasts and myofibroblasts, and is increasingly recognized as playing

an important role in aberrant repair and fibrosis in the airways in COPD (115).

1.2.3 Oxidative stress

In addition to chronic inflammation, an imbalance between oxidants and antioxidants (defined as
oxidative stress) also occurs in the lungs of COPD patients (116). Sources of oxidants include

inhaled cigarette smoke and ROS and nitrogen species released from inflammatory cells, such as
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neutrophils. Biomarkers of oxidative stress (e.g. hydrogen peroxide, 8-isoprostane) are increased
in stable COPD and further increased during exacerbations (117). Oxidative stress can lead to
inactivation of anti-proteases and stimulation of mucus production. There may also be a reduction
in antioxidants through activation of transcription factors such as NF-kB, which regulates many

anti-oxidants (118).

Furthermore, studies have demonstrated a direct relationship between oxidative stress and
cyclooxygenase (COX)-2 (119, 120). COX-2 is one of the rate-limiting enzymes in the metabolic
pathway that transforms arachidonic acid into prostaglandins (PGs) and ROS, both of which
promote inflammation via p53 signalling pathway (119). Moreover, the expression of COX-2 is
increased by cigarette smoke exposure in lung epithelial cells (121), and activation of COX-2-PG
signalling is thought to be central in promoting cigarette smoke induced-airway inflammation

(120).

1.24 Protease-anti-protease imbalance

Both cigarette smoke exposure and chronic inflammation drive oxidative stress, which primes
several inflammatory cells to release a combination of proteases and inactivates several anti-
proteases such as AAT, secretory leucoprotease inhibitor (SLPI) and tissue inhibitors of MMPs
(122). The main inflammatory cell types involved are neutrophils releasing proteases such as
serine proteases, elastases, cathepsin G and protease 3, and macrophages releasing cysteine
proteases, cathespins E, A, L and S, and various MMPs (e.g. MMP-8, MMP-9 and MMP-12).
Protease mediated destruction of elastin, a major tissue component in lung parenchyma, is

thought to lead to alveolar wall destruction and emphysema (123).

1.25 Airflow obstruction and hyperinflation

The main site of airflow obstruction occurs in the smaller airways (< 2mm in diameter) due to
inflammation, airway remodelling and inflammatory exudates driven by the above processes (57).
This peripheral airway limitation progressively traps gas during expiration, resulting in
hyperinflation. Evidence suggests that hyperinflation occurs early in disease, and is the main
mechanism for exertional dyspnoea in COPD (124). Exertional dyspnoea occurs as a consequence
of dynamic hyperinflation, where loss of inspiratory capacity at rest leads to a reduction in

functional residual capacity during exercise (125).

Other factors contributing to airflow obstruction include loss of elastic recoil (due to destruction
of elastin fibres by proteases) and destruction of alveolar support (from alveolar attachments)

(126). These features are the hallmarks of emphysema.
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1.2.6 Gas exchange abnormalities and pulmonary hypertension

Both gas exchange abnormalities and pulmonary hypertension occur in late disease, due to
advanced structural changes (e.g. emphysema) in the COPD lung. Loss of alveolar surface area and
a reduction in the pulmonary vascular bed lead to a ventilation: perfusion mismatch (127).
Chronic hypoxia leads to vasoconstriction of the small pulmonary arteries, which in turn leads to
endothelial dysfunction, remodelling of the pulmonary arteries with smooth muscle hypertrophy
and hyperplasia (128). Persistent pulmonary hypertension results in right ventricular hypertrophy

and dysfunction (known as cor pulmonale) (129).

1.2.7 Systemic features

Comorbidities are common in COPD, are often linked to the same risk factors (i.e. smoking,
ageing, and inactivity), and have a major impact on morbidity and mortality (130). Cachexia,
skeletal muscle wasting, cardiovascular disease, osteoporosis, anaemia and metabolic syndromes
(e.g. diabetes) are all recognised complications of COPD. The mechanisms underlying these
systemic effects are likely multifactorial, including inactivity, systemic inflammation, tissue

hypoxia and oxidative stress (131).

The above pathogenic mechanisms result in the pathological changes found in COPD. These in
turn result in pathophysiological abnormalities — mucus hypersecretion and ciliary dysfunction,
airflow obstruction and hyperinflation, gas exchange abnormalities, pulmonary hypertension and

systemic effects.

13 Diagnosis of COPD

COPD should be considered in any patient who has dyspnoea, chronic cough or sputum
production, and/or a history of exposure to risk factors for the disease. In this clinical context,
post-bronchodilator spirometry is the current test used to diagnose COPD by demonstrating
airflow obstruction (4). It is a physiological test that measures the volume of air an individual can
expel from his lungs after a maximum inspiration. The standard spirometry manoeuvre is maximal
exhalation after a maximum deep inspiration. A number of indices can be derived from this:

e Forced vital capacity (FVC): The volume delivered during expiration made as forcefully and

completely as possible, starting from full inspiration.
e FEV1: Maximum volume of air exhaled in the first second of a forced expiration.
e FEV1/FVC ratio: Airflow obstruction is defined as, an FEV1/FVC ratio of under 0.7.

e FEF 25%—75%: The mean forced expiratory flow rate between 25% and 75% of the FVC.

10
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Predicted values for spirometry have been calculated from large sample groups and vary with age,
height, sex and race (132). A diagnosis of airflow obstruction in COPD is made when the ratio of
FEV1/FVCis less than 0.7 on post-bronchodilator spirometry. However, in certain populations this
absolute cut-off may be unreliable as it can over diagnose in the elderly and under diagnose in the
young (133, 134). There are therefore advocates of using the lower limit of normal value for these
populations, which involves taking the bottom 5% as abnormal (135). The FEV1 can also be used
to severity grade COPD (see Table 1.1).

Table 1.1 Classification of airflow limitation severity in COPD based on post-bronchodilator

FEV1
GOLD classification Severity FEV1
GOLD 1 Mild FEV1 > 80% predicted
GOLD 2 Moderate 50% < FEV1 < 80%
GOLD 3 Severe 30% < FEV1 < 50%
GOLD 4 Very severe FEV1 < 30%

GOLD, Global initiative for Chronic Obstructive Lung Disease; FEV1, Forced expiratory volume in one second. Adapted
from GOLD guidelines, 2019 report (4).

Spirometry is cheap, easy to perform and highly reproducible in most populations and has
therefore been utilised as the investigation of choice for diagnosing and severity grading COPD. In
early studies, reduced FEV1 was associated with higher mortality (136, 137). However in the large
National Emphysema Treatment trial, FEV1 was not associated with mortality in multivariate
analysis (138) and other studies have also not found this link with mortality (139). There are also
only weak correlations between FEV1 and change of quality of life and health status (140). There
are also concerns that spirometry is an effort dependent test and can be insensitive to early
disease (141). FEV1 provides little information about the distal airways and so FEF 25%—75% is
often cited as a measure of small airways pathology. However FEF 25-75% measure is not very
sensitive and has poor reproducibility (142). Given these issues, efforts should be made to find
more specific and sensitive measures of early disease, which would allow earlier interventions

(i.e. smoking cessation) to alter disease course.

1.4 Treatment of COPD

Smoking cessation is key and has the greatest capacity to influence the natural history of COPD.
Pharmacotherapy and nicotine replacement reliably increase long-term smoking abstinence rates
(143). Furthermore, effective tobacco control policies (i.e. smoking ban legislation) have been

shown increase quit rates and reduce harm from second hand smoke exposure (4).

Pulmonary rehabilitation (PR) is defined as a comprehensive intervention tailored to patient’s

needs, and includes exercise training, education and self-management (144). PR should be
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considered in all COPD patients as it has been shown to be the most effective therapeutic strategy
to improve breathlessness, increase exercise capacity, and improve quality of life in COPD patients

(144, 145).

Vaccination is also an integral part of COPD management, with the annual influenza vaccine
reducing lower respiratory tract infections requiring hospitalisation and death in COPD patients
(146).The pneumococcal vaccine also provides significant protection against community acquired

pneumonia (147).

Pharmacological therapy can reduce COPD symptoms, reduce the frequency and severity of
exacerbations, and improve health status and exercise tolerance (4). However, to date, there is no
conclusive clinical trial evidence that any existing medications for COPD modify the long-term
decline in lung function (4). Medications used to treat stable COPD encompass bronchodilators
and anti-inflammatory agents, such as inhaled corticosteroids (ICS). In vitro evidence suggests that
COPD-associated inflammation has limited responsiveness to corticosteroids, however, in
combination with bronchodilators, improvements in lung function, health status and exacerbation
frequency are shown (4). In addition, regular treatment with ICS increases risk of pneumonia,
especially in those with severe disease (148). More recently, a number of studies have shown that
blood eosinophil counts predict the magnitude of the effect of ICS treatment in preventing future
exacerbations (149, 150). The issues around using blood eosinophils to guide treatment are
discussed in the next section, however a blood eosinophil count > 300 cells/uL can be used to

identify patients with the greatest likelihood of treatment benefit with ICS (4).

In the current paradigm, treatment options for COPD are used relatively indiscriminately, without
consideration of specific phenotypes and endotypes. This arbitrary treatment strategy is largely
due to limits in our understanding of the pathophysiology in COPD and the disease heterogeneity,
which is a challenge in itself when designing clinical trials of future treatments. The following
section, will discuss the concept of endotypes in COPD and their role in defining patients that may

benefit from specific targeted therapy.

1.5 COPD Endotypes

Although, COPD is defined by characteristic symptoms and fixed airflow obstruction, patients may
show different clinical features, rates of progression, frequency of exacerbations and associated
diseases (co-morbidities), suggesting different clinical phenotypes. The classically defined
phenotypes of chronic bronchitis and emphysema in COPD are based on the two major
pathologies in COPD, yet despite these different pathologies, the clinical presentation in both

these phenotypes is very similar, with progressive dyspnoea on exertion and reduced exercise
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tolerance as the major presenting symptoms. Furthermore, identification of frequent
exacerbations in a patient (151) (so called frequent exacerbator phenotype — discussed in section
1.6) may influence the choice of therapy, however there is no evidence that exacerbation

frequency is related to differences in underlying mechanisms of COPD (4).

Endotypes describe a distinct pathophysiological mechanism at a cellular and molecular level
leading to a clinical phenotype of disease. Despite similar clinical symptoms, patients may respond
very differently to the same therapeutic intervention and therefore precision medicine is used to
describe treatment targeted at specific patient endotypes. Different inflammatory patterns have

“u

been described in COPD and are referred to as “inflammatory endotypes”, however the true

molecular mechanisms underlying these remain uncertain.

1.5.1 Neutrophilic COPD

Neutrophilic inflammation is one of these inflammatory patterns described in COPD, with sputum
neutrophilia characteristic of the disease (152). Neutrophilic inflammation in COPD is
unresponsive to corticosteroids, even in high doses (153) and this may reflect the marked
reduction in histone deacetylase 2 (HDAC2) seen in COPD lungs, which is secondary to oxidative
stress (154). This resistance to corticosteroids is reflected by the lack of effect of high-dose ICS on
mortality and progression of COPD (155) and thus indicates the need for more specific anti-
neutrophilic therapies in COPD. However although a CXC chemokine receptor-2 (CXCR2)
antagonist (navarixin) that blocks the chemotactic effect of the neutrophil chemoattractant IL-8
and related chemokines does reduce sputum neutrophils in COPD patients, it had no clinical
benefit on lung function, symptoms or exacerbations (156). Other therapies directed towards
neutrophilic inflammation, including antibodies against TNF-a and IL-13, and p38 MAPK have also
been largely clinically ineffective (157-160). The phosphodiesterase (PDE)-4 inhibitor roflumilast,
which reduces neutrophilic (and eosinophilic) inflammation, can reduce exacerbations in carefully
selected patients (161). However, its dose is limited by side effects, such as diarrhoea, headaches
and nausea (162). Patients with frequent exacerbations, FEV1:<50% predicted and chronic
bronchitis appear to show the best responses to roflumilast in terms of reduced exacerbations
(163), which may indicate a neutrophilic endotype given neutrophils drive mucus hypersecretion

in COPD.

1.5.2 Eosinophilic COPD

Some COPD patients may have more reversibility to bronchodilators and a better response to

corticosteroid therapy. These patients show increased sputum eosinophils, increased FeNO
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(marker of eosinophilic airway inflammation) (164), and have been classified as eosinophilic
COPD. The prevalence of eosinophilic COPD is uncertain as different studies have used different
criteria and eosinophil measurements, reports vary from a prevalence of 15% (165), to 60% of
patients with COPD (166). There is evidence that eosinophilic COPD patients have more frequent

exacerbations (167, 168) and are more responsive to corticosteroid treatment (149).

Defining eosinophilic COPD has been challenging since although blood eosinophils are easy to
measure in clinical practice, it is uncertain whether they closely reflect sputum or tissue
eosinophilia. Increased blood eosinophils predict an increase in sputum eosinophils (>3%) in
around 70% of patients (169) but there is only a weak relationship between blood and sputum or
bronchial tissue eosinophils in COPD patients (170, 171). Furthermore, blood eosinophils counts
are variable over time and even within the same day, so that it is important to make repeated

measurements (172).

The mechanism of eosinophilia in COPD is not yet certain. An increase in sputum IL-5, a key
mediator of eosinophil proliferation, differentiation and maturation, has been reported in COPD
patients with eosinophilia (173). Furthermore, there is an increase in granulocyte-macrophage
GM-CSF, which is also important for maintaining eosinophil survival in lungs, and CC chemokine
ligand 5 (CCL5), a recruiter of eosinophils, in the sputum of these patients (174). Both these
cytokines are released by airway epithelial cells in addition to the upstream cytokines thymic
stromal lymphopoietin (TSLP) and IL-33 in response to cigarette smoke and viral infection. These
latter stimuli recruit Th2 and type 2 innate lymphoid cells (ILC2), which secrete IL-5, resulting in
eosinophilic inflammation (175-177). However, it is not understood why only a minority of COPD

patients have significant eosinophilia, but it may be linked to associated allergy or asthma.

Treatments targeting eosinophilic inflammation, such as the anti-IL-5 antibody mepolizumab,
have only a minor effect in reducing exacerbations in eosinophilic COPD patients with a history of
exacerbations (178). Furthermore, benralizumab, which blocks the IL-5 receptor-a even more
effectively and removes eosinophils from the airways, does not seem to provide a significant
clinical benefit in COPD patients (179). Importantly, resident eosinophils have been described in
healthy human lungs that are independent of IL-5 regulation (180), and therefore this IL-5
independent sub-population may contribute to lung eosinophilia in COPD and thus may require

alternative targets to achieve a treatment response in this disease.

1.6 Exacerbations in COPD

The clinical course of COPD is often characterised by “exacerbations”, defined as episodes of

worsening symptoms such as breathlessness, cough and an increase in sputum production and/or
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purulence (181). These exacerbations have a detrimental effect on patients’ quality of life (182),
accelerate disease progression and are associated with increased hospital admission and death
(183, 184). Up to 70% of exacerbations are due to respiratory infections, including bacterial and
respiratory viral pathogens (185). Other causes include environmental pollution, which can
depend on season and geographical placement (186), and up to 30% are of unknown aetiology
(187). Exacerbations are 50% more likely in winter, probably due to improved survival of
respiratory viruses in colder weather, the crowding together of people indoors during the winter

and a possible reduced immunological response (188).

Exacerbation frequency increases with COPD severity (189). Although, a sub-group of patients
have frequent exacerbations independent of lung function and this has been recognized as a
clinical phenotype, which are often referred to as “frequent exacerbators” (151). These patients
have a poorer quality of life (182), faster decline in lung function (184), higher readmission rates
to hospital (190, 191) and increased mortality (192). Given these worsening outcomes, the ability
to predict and prevent exacerbations would have a significant impact on survival in this patient
group. However so far, studies have been unsuccessful in identifying markers of exacerbation risk
(193-196). Therefore new insights into the defective immune functions in COPD are required to

identify key cells, proteins or mediators of disease, which increase susceptibility to exacerbation.

1.7 Extracellular vesicles

Defective innate immunity is key to COPD pathogenesis and susceptibility to exacerbations.
Although some of the mechanisms are well described (outlined in section 1.2), much is still
uncertain and a clearer understanding of the different interactions between the main cellular
players may result in new mechanistic insights. Aberrant intercellular communication has been
demonstrated so far through investigation of classical pro-inflammatory cytokine pathways.
However, more recently, a novel mechanism of intercellular signalling has been identified via

extracellular vesicles (EVs) and this may provide new insights for disease pathogenesis.

Intercellular communication is fundamental for organisms to respond and adapt to changes in the
environment. It is the cornerstone of the immune response and is typically defined as either
direct cell to cell contact or via secretion of soluble mediators (e.g. cytokines) (197). EVs have
been shown to “shuttle” cargo between cells and have undergone intensive investigation in the
last two decades (198). The study of EVs in COPD may provide novel insights into the underlying

mechanisms driving defective innate immunity and chronic airway inflammation.
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1.7.1 Definition

Almost all cell types release EVs, and the term EVs encompasses apoptotic bodies, microvesicles
(MVs) and exosomes, which are differentiated by size, origin and biochemical composition (Figure
1.2). Each subset of vesicles are enriched for a subset of diverse proteins reflecting that of the
parent cell, and include adhesion molecules, membrane trafficking molecules, cytoskeleton
molecules, heat shock proteins, signal transduction proteins, cytoplasmic enzymes, cytokines and
chemokines. In addition, EVs can contain messenger ribonucleic acid (mRNA), non-coding RNAs
(e.g. microRNA (miRNA)) (199) and extra-chromosomal deoxyribonucleic acid (DNA) (200), all of

which are derived from the parent cell.

EVs have an important role in immune function, by regulating both inflammatory and
immunosuppressive pathways, and therefore are implicated in driving processes responsible for
many inflammatory, autoimmune and infectious diseases (201-204). There is growing interest into
their use as diagnostic biomarkers in these diseases, but also as therapeutics by targeted

manipulation of their cargo for modulating the immune response in these diseases (198).
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Figure 1.2 Biogenesis and secretion of different subtypes of extracellular vesicles.
MVB, multivesicular body; MHC, Major histocompatibility complex; GAPDH, glyceraldehyde-3-
phosphate dehydrogenase; HSP70 Heat shock protein 70; Tsg101, Tumour susceptibility gene-101.
Adapted from Giau et al., 2016 (205)

1.7.2 Subtypes and classification

1.7.2.1 Apoptotic bodies

Apoptotic bodies, the largest of the EVs, are 1-5 um in diameter and are released indiscriminately
from the plasma membrane during cellular apoptosis (206, 207) (see Figure 1.2). They can
transfer DNA (208), specifically oncogenes (209), and are also capable of antigen presentation

(210, 211).
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1.7.2.2 Microvesicles

MVs (also known as microparticles or ectosomes) are 100-1000nm in diameter and are released
from the plasma membrane by budding or blebbing (212-215) (see Figure 1.2). As a consequence
they express the same surface antigens found on the parent cells. For example, vascular
endothelial (VE)-cadherin (CD144), platelet endothelial cell adhesion molecule 1 (PECAM-1 or
CD31) and endothelial-leucocyte adhesion molecule 1 (ELAM-1 or CD62E) are expressed on
endothelial cell-derived MVs (216), whereas P-selectin (CD62P) and integrin alpha-llb (ITGA2B or
CD41) are expressed on platelet-derived MVs (217). These surface markers enable efficient
characterisation of these vesicles using antigen detection with fluorescence-activated cell sorting
(FACs) (218). MVs bind via specific receptors to the surface of target cells leading to endocytic
uptake of the vesicle and direct delivery of its contents (214). MVs have a number of diverse
functions including pro-coagulant activity (219), secretion of IL-1f (220) and a role in tumour

progression (221), in addition to several immunoregulatory functions (201, 222, 223).

1.7.2.3 Exosomes

Exosomes, the smallest of the EVs (50-100nm), were first discovered over 30 years ago, but
considered little more than “cell junk” whose job it was to discard unwanted cellular components.
Exosomes were originally discovered by researchers using transmission electron microscopy
(TEM) to investigate the loss of the transferrin surface receptor from reticulocytes (224, 225).
They noted that radioactive-labelled transferrin bound to its receptor made its way from the cell
surface into the cell via the endocytic pathway and travelled through different cellular
compartments to multivesicular bodies (MVBs). The transferrin, still bound to its receptor, was
sequestered in small vesicles that formed inside the larger MVB. Unexpectedly, these MVBs fused
with the plasma membrane and released these small vesicles — now known as exosomes, to the

outside of the cell.

The next major exosome discovery implicated their role in adaptive immunity. In 1996, Raposa et
al. showed that Epstein-Barr virus (EBV)-transformed B-lymphocytes secreted exosomes that bore
major histocompatibility complex (MHC) Il bound to antigenic peptides which could induce

antigen-specific MHC class Il T cell responses (226).

Subsequently, major advances in large-scale protein analysis techniques allowed further
characterisation of exosome composition and studies showed that exosomes contained specific
proteins originating mainly from the endosomal compartment (e.g. tetraspanins; CD9, CD63 and
CD81), the endocytic pathway (e.g. Tumour susceptibility gene 101 (Tsg101) and programmed cell
death 6 interacting protein (Alix)), and the cytosol (e.g. Actin and Tubulin) (207, 227).
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Simultaneously, studies showed that exosomes secreted from one cell could transfer information
to a recipient cell, such as MHC-peptide complexes inducing immune responses (228-230) and

apoptotic signals initiating cell death (231).

More recently Valadi et al. discovered the presence of mMRNA and miRNA inside exosomes,
suggesting that exosomes can transfer genetic information and alter gene expression in recipient
cells (199). This discovery not only indicated a new form of intercellular communication, but also
suggested that exosomes could behave similarly to viruses, in that they could deliver genetic

material, which was then processed by the recipient cells machinery.

1.7.3 Extracellular vesicles in the lung

EVs have been implicated in the pathogenesis of a number of lung diseases. Adymre et al. found
that exosomes isolated from healthy human bronchoalveolar lavage fluid (BALF) express MHC
class | and Il, CD54 and CD63 and the co-stimulatory molecule CD86. Based on these findings, they
concluded that these exosomes were likely to originate from antigen presenting cells (232).
However, subsequent analysis of exosomes isolated from BALF in asthmatic mice originated
predominantly from epithelial cells and exosome production was enhanced by IL-13. In addition,
these exosomes were able to induce proliferation and chemotaxis of undifferentiated
macrophages (233). In vitro work by Kesimer et al. showed that epithelial cells secreted exosomes
enriched for mucins (MUC1, MUC4 and MUC16), which reduced the ability of the human influenza
virus to infect epithelial cells by up to 85-90% (234). Surfactant proteins have also been detected

in EVs derived from lung epithelial cells (235).

Epithelial cell injury secondary to cigarette smoke is also known to stimulate exosome production.
Moon et al. showed that cigarette smoke extract (CSE) increased the release of exosomes from
lung epithelial cells, mediated by the induction of RAB27a expression (an important regulator of
exosome production) (236). These exosomes were shown to encapsulate full length cysteine-rich
angiogenic protein 61 (CCN1) that induced epithelial cell IL-8 and vascular endothelial growth
factor (VEGF) secretion, both of which are implicated in the pathogenesis of COPD. Further work
has also shown that CSE triggers epithelial cells to produce EVs containing miRNA-210, which
promotes myofibroblast differentiation in lung fibroblasts via autophagy related 7 (ATG7)
silencing (a regulator of autophagy) (237). Consequently, EV miRNA autophagic regulation of
myofibroblast differentiation could be a critical determinant of airway fibrotic remodelling in

COPD pathogenesis.

As well as CSE inducing EV release from epithelial cells, macrophages also release EVs. In response

to CSE, macrophage derived exosomes are both pro-thrombotic and proteolytic (containing MMP-
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14) and therefore may contribute to the instability of atherosclerotic plaques and the destruction
of pulmonary connective tissue in emphysema (238, 239). Cordazzo et al. demonstrated the
effects of CSE-induced MVs from monocytes increasing production of pro-inflammatory and pro-
thrombotic mediators from human lung epithelial cells (240). In addition, Cerri et al.
demonstrated EVs from human macrophages have pro-inflammatory potential in human airways
through their ability to up-regulate IL-8, CD54 and MCP-1 synthesis by bronchial and alveolar
epithelial cells. Finally, Soni at el. demonstrated that alveolar macrophage MVs mediate acute
lung injury in response to lipopolysaccharide (LPS) stimulus by transporting biologically active
TNF-a. When instilled intra-tracheally into mice, these MVs induced neutrophil influx and CD54
expression in epithelial cells (241). All of these mechanisms may contribute to the persistent

airway inflammation recognised in COPD.

In contrast, alveolar macrophage derived EVs have also been shown to have anti-inflammatory
effects. Bourdonnay et al. demonstrated that EVs derived from alveolar macrophages were a
source of suppressor of cytokine signalling (SOCS) 1 and 3 proteins. When delivered to airway
epithelial cells these EVs inhibited cytokine-induced signal transducer and activator of
transcription protein (STAT) activation and expression of MCP-1 (a STAT-dependent gene
product). Furthermore they found reduced levels of SOCS1 and 3 in BALF of smokers compared
with non-smokers, suggesting that EV delivery of SOCS proteins may be dysregulated by smoke
exposure as a result of persistent inflammation (242). In addition, alveolar macrophages have
been shown to secrete EVs which inhibit influenza infection of nearby airway epithelial cells.
However, when exposed to cigarette smoke this inhibitory mechanism is lost (243). These findings
may have important consequences for patients with COPD who demonstrate increased

susceptibility to viral infections.

In summary, EVs have been implicated in both driving chronic airway inflammation and altering
cellular function of important immune cells within the lung. Their release and function is altered
by cigarette smoke exposure and therefore it is plausible that EVs play a key role in COPD

pathogenesis.

1.7.4 Extracellular vesicles in COPD

To date, no study has directly sampled and characterised EVs from the lungs of patients with
COPD. However, a number of studies have investigated EVs in smokers, murine models, cell

culture models and circulating EVs in patients with COPD and these are summarised in Table 1.2.
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Table 1.2 Summary of the EV studies in smokers, patients with COPD and murine models

EV type Subject cohort/Cell type Main findings Ref
Bronchoalveolar lavage EVs

Smokers (n=10) and non- MIiRNAs let-7e, let-7g and miR-26b were (244)
smokers (n=10) significantly down-regulated in smokers. MiRNAs
let-7e and let-7g expression was also found to be
reduced in human bronchial epithelial cells (BEAS-
2B) exposed to smokers EVs in comparison with
non-smoker EVs.

Smoke exposed mice Findings support that infectious agents (bacterial (245)
(n=8), LPS challenged mice or viral) can trigger EV release in the airways and

(n=8), saline & air control that ATP drives EVs to release IL-1B and IL-18 via a

mice (n=16) P2X receptor-7/caspase-dependent mechanism.

Lung tissue EVs (isolated using UC from surgically resected lung tissue)

Non-smokers (n=13), EVs showed greater biodiversity (more (246)
healthy smokers (n=13), operational taxonomic units) than lung tissue.
COPD (n=13) Firmicutes were highly present in the EVs of the
COPD group compared with other samples or
groups.

Sputum microparticles (MPs)

Male, COPD patients MPs were identified in the sputum of COPD (247)
(n=18) patients. CD31- MPs (i.e. those not associated
with the endothelium) correlated negatively with
FEV1, suggesting relationship with disease
severity.

Plasma endothelial microparticles (EMPs)

Healthy non-smokers Smokers with low DLCO (evidence of emphysema) (248)
(n=32), healthy smokers have increased circulating EMPs, suggesting that

with normal spirometry measurement of plasma EMPs may be helpful in

and DLCO (n=42), and identifying early disease.

healthy smokers  with

normal spirometry and

low DLCO (n=19)

Stable COPD patients Levels of CD144+, CD31+ and CD62E+ EMPs were (249)
(n=80), exacerbating COPD significantly higher in stable COPD than healthy
patients (n=27), healthy controls and even higher in exacerbating patients
controls (n=20) when compared to stable COPD. Suggesting EMPs

may be a biomarker for exacerbations.
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EV type Subject cohort/Cell type Main findings Ref
Plasma endothelial microparticles (EMPs) continued...
Stable COPD patients Levels of CD31+ EMPs were significantly higher in  (250)
(n=104), healthy controls mild COPD consistent with endothelial apoptosis
(n=74) CD31+ EMPs were also associated with percent of
emphysema and correlated with reductions in
pulmonary microvascular perfusion. Levels of
CD63E+ EMPs were elevated in severe COPD and
patients with hyperinflation
Non-smokers (n=28), COPD and healthy smokers had elevated plasma (251)
healthy smokers (n=61), EMPs, which remained elevated over 12 months,
COPD smokers (n=49) but returned to non-smoker levels in healthy
smokers only who quit.
Healthy non-smokers Levels of EMPs significantly increased in COPD. (252)
(n=8), COPD subjects
(n=17). Furthermore, miRNAs let-7d, miR-191, miR-126
and miR-125a were significantly enriched in EMPs
Primary human lung released by HLMVEC exposed to CS. These EMPs
microvascular endothelial were ceramide-rich and required aSMase for their
cell  (HLMVEC) model release, an enzyme found to exhibit significantly
exposed to CS. higher activity in the plasma of COPD patients.
Smoke  exposed rats Plasma CD42b-/CD31+ EMPs were significantly (253)
(n=30), sham-smoke increased in rats exposed to cigarette smoke and
exposed rats (n=30) associated with lung function decline. These EMP
markers are suggestive of pulmonary endothelial
apoptosis
Plasma exosomes
Stable COPD patients Circulating plasma exosome levels (CD9+) were (254)
(n=20), exacerbating COPD significantly higher in COPD patients both at
patients (n=20), healthy stable state and acute exacerbation. Levels of
controls (n=20) exosomes correlated with CRP, sTNFR1 and IL-6 in
plasma suggesting a role in exacerbations in
COPD.
Serum EVs
Stable COPD patients Levels of miR-21 increased in the serum EVs of (255)
(n=5), 5 healthy controls COPD patients and suggested a role for EV miR-21
(n=5). in macrophage polarisation.

aSMase, acid sphingomyelinase; CRP, C-reactive protein; CS, cigarette smoke; DLCO, diffusing capacity of the lungs for
carbon monoxide; EMPs, endothelial microparticles; EV, extracellular vesicle; HLMVEC, human lung microvascular
endothelial cell; LPS, lipopolysaccharide; IL, interleukin, sTNFR1, soluble tumour necrosis factor receptor 1
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1.7.4.1 Extracellular vesicles as a diagnostic biomarker in COPD

Over the past decade, there have been numerous studies focused on discovery and assessment of
biomarkers in relation to acute exacerbations of COPD (AECOPD). Owing to their heterogeneity
and the lack of available diagnostic laboratory tests, AECOPD are often based on clinical suspicion
alone, which is subjective and variable within and across physicians. The most well studied
biomarkers are C-reactive protein (CRP), IL-6, and TNF-a. However these are rather non-specific as
they are raised by many inflammatory conditions and had variable statistical significance and
results (256). EVs could be used as potential biomarkers for diagnosis and monitoring of COPD
patients. Indeed, numerous EV proteins and miRNAs have already been identified as potentially

useful biomarkers for various diseases, especially cancer detection (257-259)

Recently, Tan et al. assessed the expression levels of exosomes in the plasma of patients with
AECOPD (n=20) versus patients with stable COPD (n=20) and healthy non-smokers (n=20). They
showed that plasma exosome levels were highest in patients with AECOPD and stable COPD
compared with healthy non-smokers. In addition, exosome levels correlated with plasma levels of

CRP, soluble TNFR1 and IL-6 (254).

Circulating endothelial microvesicles (EMVs) have also been analysed to evaluate the endothelial
damage in COPD patients and several studies have reported that some types of EMVs could be
used as potential new biomarkers. Thomashaw et al. reported that CD31+ EMVs, reflecting
endothelial apoptosis, were elevated in mild COPD and emphysema. In contrast, CD62E+ EMVs,
indicating endothelial activation, were elevated in severe COPD and hyperinflation (250).
Takahashi et al. showed that CD144+ (the most specific marker for endothelial cells), CD31+ and
CD62E+ EMVs were significantly higher in patients with stable COPD than in the healthy non-
COPD subjects (260). In addition, Lacedonia et al. reported a negative correlation between the

number of EMVs in the sputum and FEV1 (247).

As well as overall levels of circulating EVs used in distinguishing disease, EV miRNA cargo can also
be used as a potential biomarker. Furthermore, various miRNAs have been implicated in the
development and progression of COPD (see section 1.4.3) (261). To date, studies in sarcoidosis
and asthma have shown the potential of EV miRNA as biomarkers of disease. Levanen et al.
demonstrated that BALF-derived exosomal miRNA are different in asthmatic patients compared
with healthy volunteers. The effect of these exosomes to promote leukotriene and IL-8 release
from bronchial epithelial cells was significantly increased in asthmatic patients, giving an
additional functional role to this potential biomarker (262). In a recent study, the profile of

exosomal miRNA in BALF and serum of patients with sarcoidosis has been investigated. In this
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study, exosomal miR-21, miR-150 and miR-146a expression was increased in patients with chest

X-ray (CXR) stage Il sarcoid compared with CXR stage | disease (263).

1.7.4.2 Extracellular vesicles as a potential therapy in COPD

The utility of EVs as a potential for therapeutic intervention is currently under intense
investigation. One of the considerations for developing an EV therapeutic is the cellular source.
Mesenchymal stem cells (MSC), known for their anti-inflammatory and regenerative properties
have been trialled as possible therapies for COPD (264, 265). However there is still no evidence
for clinically relevant effects and further study of MSC-base treatments for COPD patients is
needed (266). EVs derived from MSC have recently been proposed as having the potential for
tissue repair, wound healing and lung tissue regeneration (267, 268). Furthermore, MSC-EVs and
dendritic cell EVs are already being studied in on-going phase 1 and 2 trials for cancer and graft
versus host disease in leukaemia (269-272). Issues such as culture conditions, yield and
manufacturability have been addressed by research groups who have reported using EVs derived
from plant-based systems, as they are able to be loaded with smaller cargo, which can mediate a

therapeutic effect in animal models (273, 274).

Importantly, with reference to EV miRNA use in therapy, Zhang et al. used a novel protocol to
manipulate EV miRNAs with high efficiency and deliver them to recipient cells (275). However, in
order for EV-mediated miRNA delivery to be used as therapy, several issues still need to be
addressed. For example, studies have reported that the load of miRNA from tumour cells are low
in individual EVs from patient plasma, and that host-derived EVs are unable to deliver sufficient
copies of desired miRNAs (276). In addition, EV-mediated miRNA therapy may need to be
delivered at regular intervals as the effects are likely to be short lasting. However, emerging
technology has seen the development of EVs containing adeno-associated vectors (AAVs), which
can provide sustained transgene expression in vivo and may overcome some of the challenges

seen with the EV-miRNA or AAVs not contained within an EV system (277).

1.7.5 Extracellular vesicle isolation methods

A major challenge in the field of EV research is to improve and standardise the methods for EV
isolation and analysis. The International Society for Extracellular Vesicles (ISEV) has attempted to
address this in their 2018 statement on the minimal information required for studies of EV sample
collection, isolation and analysis (278), which represents the majority viewpoint of over 70

experts in the field.
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1.7.5.1 Ultracentrifugation

Differential ultracentrifugation (with or without density gradient separation) is the method most
often reported in the literature (226, 279). Sequential centrifugation at higher speeds separates
out larger apoptotic bodies from smaller exosomes, the latter usually pellet at 100,000-120,000 g.
This process is time consuming, (up to 48 hours to complete purification), requires a large sample
volume and may lead to low yield of desired EV population. In addition, there is a suggestion that
the centrifugal forces may cause vesicle aggregation (affecting separation) and physical damage

leading to impaired structure and function (280, 281).

1.7.5.2 Size exclusion chromatography

Size exclusion chromatography (SEC) separates EVs based on size and passage through a
suspension, whereby different particles move at different rates (282). Used alone, this method
often results in co-elution of multiple EV classes and therefore can be combined with filtration to
remove larger cell fragments and/or EVs (e.g. apoptotic bodies and MVs) to ensure enrichment of
desired EV population (279, 283). SEC is ideally performed under gravity to prevent EVs being
deformed by forcing particles through filter pores. Studies have shown the resultant EV fraction

has minimal soluble protein contamination (282, 284, 285).

1.7.5.3 Filtration

The currently available commercial membrane filters (e.g. ExoMir™ kit from Bioo Scientific,
Austin, USA) have pores of various diameters with a narrow range of pore size distribution, which
simplifies isolation of the particles with a specified size. When isolating EVs by filtration, larger
particles are removed first (by filters with pore diameters 0.8 and 0.45 um) and the particles with
a size smaller than the target EVs are separated from the filtrate at the next stage (by filters with
pore diameters 0.22 and 0.1 um). This method is simple and requires no additional equipment,
however EVs may bind to the membrane even when using materials with low affinity for proteins
resulting in lower yield (286). Furthermore, the pressure that is used to “push” the specimen
through the membrane may result in contamination or deformation of the desired EV population
(286, 287). However, this method has been used to successfully isolate EVs from cell culture

media (288), serum and BALF (289).

1.7.5.4 Polymeric precipitation

Polymeric precipitation kits are commercially available (e.g. ExoQuick™ from System Biosciences®,
Cambridge, UK) and typically use polyethylene glycol to precipitate EVs. This method is quick,

technically easy to reproduce and result in typically high yields of EVs (290). However, there are

24



Chapter 1

concerns around the purity of the resultant EV fraction with protein and extra-vesicular RNA
contamination being common. In addition, polyethylene glycol may affect downstream analysis,

such as mass spectrometry platforms (291).

1.7.5.5 Immunoaffinity isolation

Antibodies to characteristic surface markers present on certain EV classes (e.g. tetraspanins CD9,
CD63 and CD81 present on exosome surface) can be used to select desired EV populations
(immune-enrichment) or exclude unwanted EV fractions (immune-depletion) (279, 292). These
antibodies are typically bound to beads, facilitating separation by low-speed centrifugation or
magnetic techniques (293, 294). This selectivity allows high specificity, however concomitantly
results in lower yields and will exclude subpopulations of EVs, given that some markers are not

represented on all vesicles within a given class (279).

1.7.5.6 Membrane affinity isolation

More recently, a new membrane affinity spin column method for the isolation of highly pure EVs
from biofluids was released (exoEasy kit from Qiagen®) (295). Briefly, prefiltered biofluid (e.g.
plasma) is mixed with a binding buffer and added to the exoEasy membrane affinity column to
bind the EVs to the membrane. After centrifugation, the flow-through is discarded and a wash
buffer is added to the column to wash off non-specifically retained material. After another
centrifugation and discarding of the flow-through, the EVs are then lysed by adding QlAzol to the
spin column, and the lysate is collected by centrifugation. This new procedure is reported to
capture nearly 100% of mRNA from plasma samples and is equal to or better than
ultracentrifugation in mRNA vyield (295). The method also allows for intact vesicles to be eluted

from the column material for further characterisation.

1.7.6 Characterisation of extracellular vesicles

Given the complexities in EV isolation, detailed characterisation of the resultant EV fraction of
interest is recommended by 2 or more techniques (291). These include electron microscopy (EM)
to visualise the size and structure (226); nanoparticle tracking analysis (NTA), a commercial
method to obtain size and concentration of EVs (296, 297); flow cytometry, for characterisation of
larger EVs (>500nm) (298); and conventional western blotting or enzyme linked immunosorbent
assay (ELISA) to demonstrate presence of characteristic protein markers (e.g. tetraspanins CD9,

CD63 and CD81) (279, 299).

In summary, EVs are recognised as an emerging novel intercellular communication tool in

numerous physiological and pathological processes. Investigating the role of EVs is an emerging
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and rapidly progressing area of research, especially in lung disease. The above section highlights
that EVs may play a pivotal role in COPD pathogenesis and further work could contribute to the
understanding of the disease pathogenesis as well as the development of novel therapies. Of
particular importance is the role of EVs as carriers of miRNA, which may provide novel insights

into the persistent inflammation and defective innate immunity described in COPD.

1.8 MicroRNA

Protein-coding genes only represent about 2% of the human genome (300); the rest are
transcribed into non-coding RNA, of which the most widely studied is miRNA. MiRNAs are small
RNA molecules (approximately 21-25 nucleotides in length) that negatively regulate gene
expression post-transcriptionally, by degrading mRNA or by blocking translation (301). They are
predicted to regulate more than 60% of the human genome (302) and are involved in controlling
cellular proliferation, apoptosis and differentiation (303). Dysregulated miRNA expression is

reported to be involved in the pathogenesis of many diseases (304-308), including COPD (309).

1.8.1 MicroRNA biogenesis and function

Briefly, miRNA biogenesis begins with the cleavage of primary miRNA (pri-miRNA) into pre-miRNA
in the nucleus, which is mediated by a nuclear RNase Ill enzyme, Drosha (310). The resulting 70
nucleotide pre-miRNA is then actively transported into the cytoplasm and processed into a 22
nucleotide double-stranded miRNA by a cytoplasmic RNase Ill enzyme, Dicer (311). One strand of
this duplex is degraded, whilst the other functions as mature miRNA, and is incorporated into a
RNA-induced silencing complex (RISC) (312). This mature miRNA-RISC complex then binds to
mRNA depending on sequence complementarity between the miRNA 5’ region (the seed
sequence) and the mRNA 3’ untranslated region (UTR) (the biogenesis and function of miRNA is
summarised in Figure 1.2). This matching does not need to be perfect and therefore a single
miRNA may regulate several hundred mRNA (313). Moreover, by targeting transcription factors or
genes involved in epigenetic regulation, miRNAs can alter expression of hundreds of genes at
once. Guo et al. found that miRNA regulation of target mRNA accounted for ~84% of protein

repression (314).
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Figure 1.3 MIRNA biogenesis and function.
Ago, Argonaute protein; DGRC8, DiGeorge syndrome critical region gene 8; Pri-miRNA, Primary miRNA;
TRBP, trans-activation response RNA-binding protein; RISC: RNA-induced silencing complex; UTR:
untranslated region. Adapted from Rupani et al., 2013 (315).

1.8.2 MicroRNA in COPD

As discussed in section 1.1.3, cigarette smoke exposure is the most important risk factor for the
development of COPD and has been shown to dysregulate miRNA expression. Schembri et al.
found that miR-218 was down-regulated in smokers relative to never smokers in human bronchial
epithelium (316). In addition, 34 miRNA were found to be differentially expressed in induced
sputum from never-smokers compared with current smokers (309). It is known that changes in
gene expression were found to persist in the bronchial epithelium of ex-smokers years after
smoking cessation (317). In line with this, cigarette smoke induced changes in miRNA expression
in murine lung are irreversible and depend on the duration and dose of smoke exposure (318).
Taken together, these findings support the theory that persistent changes in gene expression
found in the lungs of ex-smokers, might be attributable to changes in miRNA expression induced

by prolonged (dose dependant) exposure to cigarette smoke.

More in-depth expression profiling of miRNA in COPD subjects compared with non-COPD smokers
has shown 70 miRNAs differentially expressed in lung tissue (319). In particular, miR-146a, miR-
15b, miR-223 and miR-1274a were up-regulated in COPD samples. In addition, Ezzie et al.
demonstrated down-regulation of a number of target genes (including mothers against

decapentaplegic homolog (SMAD)-7 gene, a target of miR-15b) involved in the TGF-f signalling
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pathway in COPD. Thus, miRNA regulation of fibrotic pathways could be key to understanding

airway remodelling in COPD.

Increased COX-2 protein is one of the hallmarks of chronic inflammation in COPD. Sato et al.
reported reduced expression of miR-146a in lung fibroblasts from COPD following stimulation by
inflammatory cytokines, IL-1B and TNF-a. They suggested that this decrease in miR-146a resulted
in reduced degradation of COX-2 mRNA (a predicted target of miR-146a), and in turn, over-
expression of COX-2 protein (320). Furthermore, miR-146a has been implicated in other

inflammatory diseases, such as rheumatoid arthritis (321, 322).

Analysis of miRNA expression in induced sputum showed expression of let-7c was reduced in
COPD patients compared with smoking and non-smoking controls (309). Moreover, let-7c was
shown to be down-regulated in response to cigarette smoke exposure in murine models (318,
323). TNFR2 is a predicted target of let-7c and levels inversely correlated with let-7c in the same
COPD patients (309). Importantly, TNFR2 plays a vital role in COPD pathogenesis, demonstrated in
a TNFR2 knock-out mouse, which protects against cigarette-induced inflammation and

emphysema (324). In addition, let-7c has also been investigated as a therapeutic target in cancer

(325).

Several other miRNAs have been implicated in the pathogenesis of COPD and these are

summarised in Table 1.3.

Table 1.3  Expression pattern of miRNAs in COPD

miRNA(s) Expression in COPD Tissue/cell type Target Gene(s) Reference

let-7c Down-regulated Induced sputum TNFR2 (predicted) (309)

miR-218, miR-146a, miR-125, Down-regulated Induced sputum

miR-34b

miR-34c Down-regulated Induced sputum (326)

miR-34c, miR-30e-3p miR-218, Down-regulated Induced sputum (327)

let-7¢

miR-31, miR135b, miR-148a, Up-regulated Lung tissue (327)

miR-155, miR-191

miR-149 Down-regulated

miR-34c Down-regulated Lung tissue SERPINE1 (328)
(validated)

miR-34a Up-regulated Peripheral lung SIRT1 (validated) (329)

samples

miR-34a, Up-regulated Lung tissue HIF-1a (validated) (330)

miR-199a-5p

miR-101, miR-144 Up-regulated Lung tissue CFTR (validated), (331)
MPK-1 (predicted)

miR-15b Up-regulated Lung tissue SMAD?7 (validated)  (319)

miR-223, miR-1274a, miR-424  Up-regulated Lung tissue (319)
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miRNA(s) Expression in COPD Tissue/cell type Target Gene(s) Reference
miR-638 Up-regulated Lung tissue (332)
miR-212-5p Up-regulated Lung tissue Genes enriched in (333)
miR-28-3p, miR-374a-3p, miR- Down-regulated the nuclear lumen
181d, miR-151a-3p, miR-30a-5p, and transcription
miR181b-5p, miR-30-2-3p, miR- initiation process
143-3p, miR-30a-3p, miR-378f,
miR-361-5p
miR-320d Up-regulated in Bronchial biopsies CXCL8 (334)
response to ICS
miR-146a Down-regulated Lung fibroblasts COX-2 (predicted) (320)
miR-31, miR-155, miR-218, let-7c
miR-1 Down-regulated Quadriceps muscle IGF-1 (validated) (335)
miR-1, miR-499, miR-206, miR- Up-regulated Plasma (336)
133
miR-328, miR-21 Down-regulated Exhaled breath (337)
condensate
miR-29b, miR-483-5p, miR-152, Down-regulated Plasma (338)
miR-629, miR-26b, miR-101,
miR-106b, miR-532-5p, miR-
133b
miR-223 Up-regulated In vitro (human HDAC2 (validated) (339)
endothelial cells), in
vivo (mouse)
miR-20a, Down-regulated Serum (340)
miR-28-3p, miR-34¢-5p, mir-100
miR-7 Up-regulated
miR-145-5p, miR-338-3p Down-regulated Plasma IFI30 (predicted); (341)
LTK (predicted),
TNF2 (predicted)
miR-132, miR-212 Up-regulated Cell fraction of TLR-2, -4, -5, Myc, (342)
BALF MYD88, IRAK4, IL-
6, BDNF, AAT
(predicted)
miR-1, miR-133, miR-206 Down-regulated Diaphragmatic HDAC4, Med2c (343)
muscle (validated)
miR-21 Up-regulated Serum (344)
miR-181 Down-regulated
miR-34a-5p, miR-374a-5p Down-regulated in ~ Serum (345)

miR-150-5p, miR-191-5p, miR-
223-3p

COPD exposed to
biomass smoke

Up-regulated in COPD
exposed to biomass

smoke

AAT, Alpha-1 antitrypsin; BDNF, Brain-derived neurotrophic factor; CFTR, Cystic fibrosis transmembrane conductance
regulator; COX2, Cycloxygenase-2; HDAC, Histone deacetylase; HIF, Hypoxia-inducible factor; IFI30, Gamma-interferon-
inducible lysosomal thiol reductase; IGF, Insulin growth factor; IL, Interleukin; IRAK4, Interleukin-1 receptor-associated
kinase 4; LTK, Leucocyte receptor tyrosine kinase; MPK-1, Mitogen-activated protein kinase-1; MYD88, Myeloid
differentiation primary response 88; SERPINE1, Serpin family E member 1; SIRT1, Sirtuin 1; SMAD7, Mothers against
decapentaplegic homolog 7; TLR, Toll-like receptor; TNF, Tumour necrosis factor; TNFR2, Tumour necrosis factor

receptor 2.
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As shown in Table 1.3, much of the work has focused on miRNA as a potential biomarker in COPD.
In addition, miRNAs have potential as novel therapeutic targets, for example by either miRNA
replacement therapy using miRNA mimics or inhibition of miRNA function by antagomiRs (346).
The application of miRNA as therapy in COPD however faces several challenges, including mode of
delivery, stability of miRNA in biofluids and tissue specificity. In the context of lung disease,
aerosolisation is a strategy for enhancing drug delivery and reducing side effects. However, free
miRNAs are rapidly degraded by nucleases present in extracellular fluids. EVs may provide a
solution to this, by encapsulating the miRNAs in a protective package and allowing tissue specific

delivery (198, 347)
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1.9 Hypothesis and aims

COPD is characterised by chronic airway inflammation and defective innate immunity (5), which is
dependant upon a complex network of intercellular communication between the damaged airway
epithelium and the immune system (93). This complexity and the disease heterogeneity has
limited our understanding of the pathogenesis of COPD and therefore hindered the development

of novel and effective disease modifying therapies.

As outlined in section 1.7, EVs are a unique method of intercellular communication (199); they are
released in response to tissue damage (236, 237) and can alter the phenotype of recipient cells
(348). In addition, miRNA are powerful regulators of post-transcriptional gene expression and can
have far reaching effects on downstream cellular function (313, 314). So far, no studies have
directly sampled and characterised EV miRNA from the lungs of COPD patients and investigated

their impact on COPD pathogenesis. Therefore my study focus and hypothesis is:

MicroRNA is differentially expressed in extracellular vesicles in the airways of patients with COPD,

and leads to differential gene expression, which drives chronic inflammation in COPD.
Overall study aims:

1. Toisolate EVs from the BALF of COPD subjects and healthy ex-smokers.

2. To identify differentially expressed miRNA in lung-derived EVs in COPD subjects compared
with healthy ex-smokers.

3. To identify the biologically significant targets of these differentially expressed miRNA in
the airway epithelium

4. To investigate the diagnostic use of the lung-derived EV miRNA and explore their

relationship with specific COPD inflammatory endotypes.
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Chapter2  Methods

This section will detail the methods for patient sample collection, extracellular vesicle (EV)
isolation and characterisation, RNA extraction and library preparation, microRNA (miRNA) and
smallRNA sequencing, bioinformatics analysis of sequencing results and the validation steps using
real time quantitative polymerase chain reaction (RT-qPCR). It will also cover the methods used to
explore the miRNA — messenger RNA (mRNA) interactions to identify those most relevant to the

pathophysiology of Chronic Obstructive Pulmonary Disease (COPD).

Due to the extensive and advanced methodology used in this thesis, some of the methods were
performed by external contributors. The following methods were performed by the author, Dr
Hannah Burke: patient and healthy volunteer recruitment to the MICA Il study (outlined in section
2.2), bronchoscopy including epithelial brushings and bronchoalveolar lavage, EV isolation and
characterisation, and RNA isolation, cDNA synthesis and RT-qPCR for optomisation of EV methods.
Furthermore, all the analysis of the miRNA sequencing data including unsupervised filtering,
exploratory data analysis, and differential expression analysis was peformed by the author.
Analysis of the epithelial brushing transcriptome was also performed by Dr Hannah Burke as well
as the miRNA-mRNA interaction analysis and gene ontology enrichment analysis. Dr Hannah
Burke performed all of the statistical analysis included in the thesis. The wider MICA Il research
team helped with the subject phenotyping including the physiological measurements, high-
resolution computer tomography (HRCT) analysis and BAL inflammatory cell counts. Qiagen®
Genomic services performed the final EV RNA isolation, library preparation and next generation
miRNA sequencing protocols, including mapping and alignment to the reference genome. All
other quality control measures of the miRNA sequencing data was performed by the author. RNA
isolation and next generation mRNA sequencing of the epithelial brushings was performed by the
Translational Science and Experimental Medicine team at AstraZeneca. The mRNA sequencing
data preparation was performed by the Bioinformatics team at AstraZeneca, with Dr Hannah

Burke performing the final differential gene expression analysis.

2.1 Ethics

All subjects gave written informed consent for the study RHM MED1277 Microbiology and
Immunology of the Chronically-Inflamed Airway (MICA) Il. This study was approved by the South
Central - Oxford C Research Ethics Committee (15/SC/0528).
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2.2 MICA Il study design

MICA 1l is a longitudinal cohort study in which patients with mild-moderate COPD, healthy ex-
smokers and healthy non-smokers underwent full lung function, blood and sputum sampling,
high-resolution computer tomography (HRCT) and bronchoscopy. The study principle outcomes
were to investigate the microbiology, inflammation and immunology within the airways of COPD
patients. Detailed inclusion and exclusion criteria are shown in Table 2.1.

Table 2.1 Inclusion and exclusion criteria for the MICA Il study

Inclusion Criteria Exclusion Criteria

Written informed consent obtained from the | A confirmed diagnosis of asthma, cystic fibrosis,
participant pneumonia risk factors or other respiratory
disorders (e.g., tuberculosis, lung cancer).

Patients with COPD and healthy ex-smokers with a | History of lung surgery.
history of >10 pack-years of cigarette smoking

Male or female aged 40-85 years AAT deficiency as underlying cause of COPD.

COPD subjects must have a confirmed diagnosis of | Moderate or severe COPD exacerbation not
mild/moderate COPD based on post bronchodilator | resolved at least 1 month prior to enrolment and
spirometry with FEV1 >50% of predicted normal and | less than 30 days following the last dose of oral
FEV1/FVC<0.7. corticosteroids and/or antibiotics.

Healthy subjects must have an FEV1/FVC >0.7. Long-term corticosteroid or antibiotic therapy.
Use of any antibacterial, antiviral or respiratory
investigational drug or vaccine within 30 days of
the enrolment visit

Subjects must be fit to undergo bronchoscopy Presence of other conditions that the principal
investigator judges may interfere with the study
findings.

Evidence of alcohol or drug abuse.

AAT, Alpha-1 antitrypsin; COPD, Chronic obstructive pulmonary disease; FEV1, Forced expiratory volume in one second;
FVC, Forced vital capacity.

2.3 Study population for bronchoalveolar lavage exosomal miRNA

analysis

Bronchoalveolar lavage fluid (BALF) samples from 20 subjects with stable mild and moderate
COPD and 15 healthy ex-smokers were used from the MICA Il cohort for EV isolation, RNA
extraction and miRNA sequencing. For COPD patients, post-bronchodilator spirometry was used
to assess airflow obstruction with a Forced expiratory volume in one second (FEV1)/Forced vital

capacity (FVC) ratio of <0.7 and an FEV1 of 250% predicted value required for enrolment.

In addition, samples from a further six COPD subjects and five healthy ex-smokers from the MICA
Il cohort were included in the validation cohort. BALF samples from these patients underwent EV

isolation, RNA extraction and RT-qPCR for direct target miRNA identification.
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All of the above patients had epithelial brushing samples processed for mRNA sequencing,
however only 14 subjects with COPD and 10 healthy ex-smokers from the study population who
had lung EV isolation, had serum processed for EV miRNA analysis due to sample availability. The

details of this sub-group will be explored in detail in Chapter 6, section 6.6.1.

2.4 Sampling protocols

24.1 Spirometry

Spirometry was performed with a MicroLab™ spirometer (CareFusion®, San Diego, US) in
accordance with the American Thoracic Society (ATS)/European Respiratory Society (ERS)
guidelines (349), by a trained individual following the standard operating procedure (SOP). Briefly,
the subject was seated and a nose clip was applied during the procedure. The patient was
instructed to take a deep breath in filling their lungs to total lung capacity (TLC), making a good
seal around the mouthpiece and blowing out as hard and as fast as possible, and for as long as
possible. This continued until their lungs were completely empty and they were encouraged
through the process. The blows were repeated until 3 technically good blows were obtained with
the highest two FEV1 and FVC measurements being within 150 mL of each other. Spirometry
results recorded were FEV1, FEV1% predicted, FVC, FVC% predicted, FEV1/FVC ratio, FEF 25%—
75% and FEF 25%—75% % predicted.

2.4.2 Transfer factor

Gas transfer was performed using a body plethysmograph HDpft™4000 (nSpire™ Healthcare Ltd,
Hertford, UK), by a trained member of staff following the SOP. Briefly, tidal breathing was traced
to ensure there are no irregularities. The patient was then instructed to exhale slowly to residual
volume (RV), at this point the patient was instructed to immediately take a deep and full breath
into TLC. The patient was then asked to hold their breath for 10 s until the red sample line reaches
the vertical lines at which point they were asked to breathe out with medium force until RV
(where the red sample line touches/plateaus with the RV dotted blue line). Four min were given
between tests, allowing adequate washout of the gases from the lungs. Tests were acceptable if
complete inspiratory breaths were within 2 s, breath holds were between 8 and 12 s and
complete exhalation was within four s (349). A maximum of 5 tests were performed and two
diffusion capacity of the lung for carbon monoxide (DLCO) results needed to be within 10% of
each other or 1 mmol-min~*kPa™ of each other, and diffusion capacity of the lung of carbon

monoxide per unit volume (KCO) measurement within 0.1 mmol.min™ x kPa x |2,
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243 Blood serum preparation

Blood samples were collected in 2 x 9 mL plain (no anticoagulant additive) tubes and placed
upright for 30-60 min to allow a clot to form. Tubes were then centrifuged at 1500 g, room
temperature for 15 min to pellet clotted cells. The supernatant was aspirated into fresh tubes and
underwent further centrifugation at 1500 g, room temperature for 15 min to remove any residual

cells and cellular debris. Purified serum was stored at -80°C for future EV isolation.

24.4 High resolution computer tomography

HRCT scanning was undertaken on a Siemens Sensation 64 CT scanner (Siemens Medical
Solutions®, Erlangen, Germany). The scans comprised of a helical scan in inspiration and one in
held expiration. During the scan each subject was given strict instructions about position, which
consisted of having the arms raised above their heads. The imaging protocol consisted of; slice
thickness 0.75 mm, slice separation 0.5 mm, tube voltage 120 KV, effective milliamps 90mAs

(using dose modulation), collimation 0.6 mm and a pitch of 1.

The scan data was anonymised to a study number on the CT scanner. All CT images were reviewed
by a thoracic radiologist to determine if there were any clinically important abnormalities, which
were then managed as per local clinical practice. Emphysema was quantified by the percent of
lung voxels on the inspiratory scan with attenuation values below -950 Hounsfield Units (%LAA.
ss0) (350, 351). A surrogate marker for small airways disease was measured using the ratio of
mean lung attenuation on expiratory and inspiratory scans (E/I MLD), which has previously been
validated (352). Quantitative analysis of lung attenuation values derived from the CT images were
used to determine the amount of small airways disease and emphysema. This was performed
using Apollo™ pulmonary analysis software version 2.0 (VIDA Diagnostics®, lowa, USA), and used
to assess regional variability of disease in COPD and guide bronchoscopic sampling from disease

and less-diseased lobes.

245 Fibreoptic bronchoscopy

All subjects underwent a fibreoptic bronchoscopy, performed on an outpatient basis. Subjects
were asked not to eat and drink four hours prior to the procedure. All subjects were given 2.5 mg
of nebulised salbutamol and underwent spirometry. A combination of intravenous alfentynyl
(100-500 pg) and midazolam (1-10 mg) were given as sedation. Lignocaine spray and gel were
used as local anaesthetic to the nose and pharynx. Ten millilitres of 1% lignocaine was used as

local anaesthetic for the larynx and bronchial tree and were given via the bronchoscope channel.
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The fibreoptic bronchoscope was passed either through the nose or mouth and two lobes were

sampled in all subjects.

Two unprotected bronchial epithelial brushes were taken for RNA isolation and sequencing from
the same lobe location. BAL was performed by advancing and wedging the bronchoscope into a
segmental bronchus. One hundred millilitres of pre-warmed 0.9% sodium chloride in 20 mL
aliqguots were introduced into each lobe and recovered by gentle aspiration. Samples were
processed within two hours of the procedure. Finally, two bronchial biopsies were taken from
each lobe for RNA isolation and sequencing. All samples were processed within 2 hours of the

procedure.

24.5.1 Epithelial brushings for RNA isolation and sequencing

Two unprotected brushes from the same lobe were collected in 5 mL of 1X Phosphate-buffered
saline (PBS) and centrifuged at 400 g, room temperature for 5 min. The pellet was re-suspended
in 600 pL of RNAprotect® Cell Reagent (Qiagen®, Manchester, UK) and incubated at 4°C overnight

and then stored at -80°C for RNA isolation and sequencing.

2.4.5.2 Bronchoalveolar lavage fluid analysis

BAL fluid was poured through 100 um cell strainer to remove mucus and cells were removed by
centrifugation at 400 g, 4°C for 10 min. The cell-free supernatant was stored at -80°C prior to EV
isolation, while the resulting cell pellet was resuspended in 10 mL hypotonic lysis buffer for 2 min
to remove any red blood cell contamination. Ten millilitres of hypertonic recovery was then added
with 1X PBS to make-up the volume to 40 mL. The sample was centrifuged at 400 g for 10 min.
The pellet was resuspended in 1 mL 1X PBS and cell counts were performed using the Trypan blue
exclusion method. The cell solution was then adjusted to 0.5 x 10° cells/mL, and 75 pL of this
solution was loaded onto cytospin funnels. Cells were centrifuged at 350 g for 6 min and collected
on Poly-L-Lysine slides. Any leftover cell solution in the polypropylene tube was spun at 400 g, 4°C
for 10 min, and the resultant pellet was resuspended in 500 pyL of TRIzol® (ThermoFisher

Scientific®, Basingstoke, UK) and stored at -80°C.

2.4.53 Bronchoalveolar lavage cell counts

Cell slides were left to air-dry overnight, and stained the next day using Rapid Romanowsky A-B-C
kit (TCS Biosciences, Buckingham, UK). A differential cell count was performed by counting 500
cells using light microscopy.at X40 magnification. Numbers and relative percentages of
eosinophils, neutrophils, macrophages, lymphocytes, bronchial epithelial cells and squamous cells

were calculated.
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2.5 Extracellular vesicle isolation

For the purposes of this study, EVs refers to an “enriched” exosome population. Given it is
currently technically challenging to obtain a pure exosome fraction (i.e. free from MVs and other
non-vesicular components), it is more widely accepted (and scientifically correct) to refer to an

isolated vesicle fraction as EVs rather than exosomes (353).

After trialling both polymeric precipitation and ultracentrifugation methods | chose to proceed
with a combination of ultrafiltration and size exclusion chromatography (SEC) to isolate EVs from
BALF. Although polymeric precipitation was an established technique in my research laboratory, |
had concerns over the purity of the resultant EV sample based on the size of the EV pellet isolated
(very large and difficult to resuspend) and the transmission electron microscopy (TEM) images,
which demonstrated large amounts of debris (e.g. soluble protein, cell fragments) surrounding
the vesicles. Furthermore, | also trialled ultracentrifugation (the most widely used technique in
the field), but due to the low initial concentration of EVs in BALF, my sample yield was too low for
adequate RNA isolation. | therefore proceeded with SEC isolation of EVs, using ultrafiltration as a

method of purifying and concentrating the BALF supernatant to prior to this technique.

2.5.1 Ultrafiltration for sample purification and concentration

BALF samples were purified and concentrated using Amicon® Ultra centrifugal filters (Merck
Millipore®, Watford, UK) using an adapted manufacturer's protocol. Briefly, the 15 mL BALF was
filtered through a 0.22 um PVDF, 33 mm gamma sterilised filter (Merck Millipore®), to remove any
larger particles (e.g. apoptotic bodies). The sample was then loaded onto an equilibrated Amicon®
Ultra-15 (10,000 MWCO) spin filter and centrifuged at 4000 g, 4°C for 15 min. The filter device
was washed with 14 mL of 1X PBS and centrifuged at 4000 g, 4°C for a further 15 min. The EV
containing sample was recovered from the filter device using a Gilson pipette, by pipetting up and

down vigorously to ensure all EVs recovered.

2.5.2 Size exclusion chromatography

Separation of EV based on size and passage through physical filters can be achieved through the
use of SEC. In addition, SEC is considered an effective method for isolating EVs from soluble
proteins and is not thought to affect the original shape or functionality of the vesicles (Figure 2.1).
| trialled two different commercial SEC columns for EV isolation: PURE-EVs™ columns
(HansaBioMed Life-Sciences®, Tallinn, Estonia) and Exo-spin™ Midi-Columns (CELL guidance

systems®, Cambridge, UK).
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Figure 2.1 Size exclusion chromatography platform separating soluble proteins (yellow) from
the extracellular vesicles (blue)

2.5.2.1 Size exclusion chromatography using PURE-EV™ columns

Columns were prepared by allowing the preservative buffer to flow through and washed with
three 10 mL volumes of 1X PBS to eliminate any preservative buffer residues. Up to 2 mL of the
ultrafiltrate generated in section 2.5.1 was then placed in the column and allowed to pass through
under gravity. The column was topped up with 1X PBS regularly to ensure the column did not dry
out. 24 x 500 pL fractions were collected, and once satisfied with the purity of the EV containing
fractions, fractions 1-5, 6-11, 14-17, 18-24 were collated. After all fractions were collected the
column was washed with up to 30 mL of 1X PBS to remove any sample residue. Columns were
stored at 4°C and only reused for the same sample to ensure no cross contamination. The pore
size of the agarose beads within the resin is between 40-60 nm to ensure an exosome-enriched

population of EVs is eluted.

If the EV fraction (fractions 6-11) was to be used for RNA isolation, then the sample was
concentrated using an equilibrated Amicon® Ultra-4 (10,000 MWCO) spin filter, centrifuged at
4000 g, 4°C for 25 min. The EV containing sample was recovered from the filter device using a

Gilson pipette, by pipetting up and down vigorously to ensure all EVs recovered.

2.5.2.2 Size exclusion chromatography using Exo-spin™ Midi-columns

Columns were prepared by discarding the preservative buffer and equilibrated using two 10 mL
volumes of 1X PBS. When no buffer remained on the surface of the column, up to 1 mL of the
ultrafiltrate generated in section 2.5.1 was added to the column and allowed to pass through
under gravity. The column was topped up with 1X PBS regularly to ensure the column did not dry
out. Twenty-four fractions of 500 pL were collected ready for downstream analysis. According to

the manufacturer’s protocol, the majority of EVs eluted between fractions 7 and 12. The pore size
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within the resin is approximatively 30 nm to attain a highly pure exosome elution. Columns could

not be reused and therefore were discarded after use.

2.5.3 Measurement of protein concentration of SEC-derived EV samples

To compare the performance of these two commercial SEC columns, | analysed the protein
concentration of the 24 fractions from both columns using the Pierce BCA Protein Assay kit
(ThermoFisher Scientific®) according to the manufacturer’s instructions. Briefly, diluted bovine
serum albumin (BSA) standards were prepared according to the protocol dilution scheme. Ten
microlitres of each standard or unknown sample replicate was added to an appropriately labelled
well of a 96-well, flat-bottomed plate (Nunclon®, Sigma-Aldrich Company Ltd, Gillingham, UK).
Two hundred microlitres of prepared working reagent was added to each well to achieve a sample
to working reagent ratio of 1:20. The plate was covered and incubated at 37°C for 1 h. The plate
was cooled on ice and absorbance measured using a Softmax® microtitre plate spectrophometer
at 550 nm. The average 550 nm absorbance measurement of the Blank standard replicates was
subtracted from the 550 nm measurement of all the other individual standard and unknown
sample replicates. A standard curve was plotted using the Blank-corrected 550 nm measurement
for each BSA standard versus its concentration in pg/mL. This was then used to determine the

concentration of each unknown sample.

In addition, protein concentrations were also determined by NanoDrop 1000 (ThermoFisher
Scientific®), using the A,so protein method for both the BSA protein standards and EV samples. A
standard curve was generated from the BSA standards and was used to determine the

concentration of each unknown sample.

2.53.1 Protein concentration of size exclusion chromatography fractions

To compare the performance of these two commercial SEC columns, | analysed the protein
concentration of the 24 fractions from both columns using the Pierce BCA Protein Assay kit
(ThermoFisher Scientific®). The majority of the protein was eluted in fractions 13-24 in both
columns, demonstrating the separation of soluble proteins from EVs. However, the protein
concentrations were more consistent and reproducible using the PureEV™ columns, which also
showed a small rise in protein concentration in fractions 6-11, corresponding to the EV-dominant
fractions (Figure 2.2-B). Based on this and the reproducibility of the protein concentrations, all

proceeding EV isolation from BALF was performed using the PureEV™ columns.
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Figure 2.2 Protein concentration measured by BCA assay of the SEC fractions isolated from both

Exo-spin™ (A) and PureEV™ (B) columns

EV-dominant fraction for Exo-spin™ (A) are SEC fractions 7-12 and for PureEV™ (B) are SEC fractions 6-
11. Individual data points plotted plus connecting line. Each line represents a different BALF sample,
N=4.

254 Summary of EV isolation from BALF

To my knowledge, this is the first study demonstrating EV isolation from BALF using SEC. All other
published studies have used ultracentrifugation as their method of choice (232, 233, 354-360). Of
those, the studies performed on human samples are more than seven years old (232, 262, 357,
359) and EV isolation using SEC has only been published in the last six years (284). Interestingly, in
a 2016 survey on EV isolation techniques used worldwide, although ultracentrifugation was the
most widely used isolation method (81%), it was mainly for isolation of EVs from conditioned cell
culture media. While those analysing more complex biofluids tended to use a combination of
methods, and in this setting, SEC was used by up to 15% of respondents (similar to density

gradient centrifugation and filtration) (361).
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As discussed previously (section 1.3.5.1), ultracentrifugation can result in low EV yield; and vesicle
aggregation and/or damage affecting structure and function (280, 281). The International Society
for Extracellular Vesicles (ISEV) agree there is no “gold standard” for EV isolation, but accept that
the technique used will rely on the original sample input volume (for my study 15 mL of BALF) and
the subsequent required degree of EV purity and concentration for on-going analysis (291).
Although | trialled ultracentrifugation, the EV yield was poor and | could not isolate enough RNA
for sequencing purposes. Therefore, | employed the combination of ultrafiltration, to purify and
concentrate my input sample, and SEC to separate the EV fraction from the soluble proteins. This
latter step was particularly important for my downstream RNA analysis, as extra-vesicular RNA
can be bound to soluble protein complexes, such as AGO2 (362), which would have contaminated

my final EV RNA sample.

Two commercial SEC platforms were available for EV isolation (PureEV™ and ExoSpin™), however
these were not validated for use in BALF samples, with the only prior studies being done in urine
and plasma (282, 284, 285). Therefore, | initially confirmed separation of the EV fraction from the
soluble protein outlined in sections 2.5.3.1. These analyses confirmed the EV dominant fractions
and demonstrated the higher reproducibility of the PureEV™ column. Therefore a combination of
ultrafiltration and SEC using the PureEV™ columns was used as the method for subsequent BALF

EV isolation including characterisation of these EVs (outlined in section 2.6).

BALF samples from 20 COPD subjects and 15 healthy ex-smokers in the MICA Il research cohort
were initially processed for EV isolation and RNA sequencing. A further 6 COPD subjects and 5
healthy ex-smokers BALF samples were processed for EV RNA isolation for the RT-qPCR validation
study. This gave a total of 46 BALF samples processed (26 COPD and 20 healthy ex-smoker
samples) for EV isolation and miRNA quantification. A pragmatic sample size for this study was
driven by access to patient bronchoscopy samples and adequate volume of BALF available for EV
isolation. Furthermore, comparison with previous studies investigating EV miRNA in BALF in other
inflammatory lung diseases (262, 358, 360) suggest that this sample size would be adequate to

detect a significant difference in EV miRNA signatures between COPD and healthy controls.

2.5.5 EV isolation from serum by filtration using ExoMir™ kit

The ExoMir™ kit uses filters of different sizes to capture EVs and larger membrane-bound particles
(e.g. apoptotic bodies and microvesicles). Filters are then flushed with an RNA extraction reagent
to lyse captured particles and release their contents. This method was chosen due to the previous
experience of the laboratory group in using this method and the abundance of EV RNA recovered

from serum using this method.

42



Chapter 2

The kit was used according to the manufacturer's instructions. Briefly, 100 uL of Proteinase K was
added to 4 mL of serum and incubated at 37°C for 30 min, to minimise non-specific signal and
prevent filter clogging. The sample was loaded into a 10 mL syringe, which was pre-connected to a
filter stack. The top filter had a pore size of ~200 nm to capture the larger particles and the
bottom filter had a smaller pore size (~20 nm) to capture the EVs. The plunger was gently
depressed at a rate of 2-3 drops per second. After sample filtration, residual fluid was completely
removed from the filter disks using an air filled syringe. Each filter was then flushed with 1 mL
BiooPure™-MP (a single-phase RNA extraction reagent containing guanidinium thiocyanate and

phenol) to lyse captured particles.

2.6 Extracellular vesicle characterisation

2.6.1 Quantification of BALF derived EVs using enzyme-linked immunosorbent assays

To quantify the BALF EVs isolated using the PureEV™ columns and ensure these were present in
the correct fractions; | used two types of ELISA: a CD63 direct ELISA and a CD9 double sandwich
ELISA | performed these experiments on combined SEC fractions (see Table 2.2) based on the

manufacturer’s instructions and the results from the protein concentration experiments (section

2.5.3.1).

Table 2.2 Summary of combined SEC fractions for PureEV™ columns

Combined SEC fraction SEC fractions included Total final volume (mL)
SEC#1 1-5 2.5

SEC # 2* 6-11* 3

SEC#3 12-17 3

SEC#4 18-24 3.5

*Corresponds to the EV-dominant fraction SEC, Size exclusion chromatography; #, fraction.

2.6.1.1 CD63 enzyme-linked immunosorbent assay

CD63 is one of the tetraspanins found on the surface of EVs and can be used to confirm the
presence of EVs, but also quantified to determine relative abundance. EV abundance was
quantified in the SEC fractions by direct ELISA for CD63, using the ExoELISA-ULTRA™ CD63 assay
(System Biosciences®, Cambridge, UK). EV samples required pelleting and resuspending in Coating
Buffer, therefore after SEC they were prepared using ExoQuick-TC™ kit (System Biosciences®).
Briefly, ExoQuick-TC™ was added to the collated SEC fractions in a 1:5 ratio (i.e. 500 uL of
ExoQuick-TC™ to 2500 plL SEC fraction) and incubated overnight (12-16 h) at 4°C. The EVs were
pelleted by centrifugation twice at 1500 g, 4°C for 30 min. The EV pellet was resuspended in 120
uL Coating Buffer.
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Diluted ExoELISA-ULTRA™ protein standards were prepared according to the manufacturer's
dilution scheme. 50 pL of each standard or EV sample replicate was bound to a high protein
binding microtitre plate (supplied by System Biosciences®). The wells were incubated with an anti-
CD63 primary antibody, and a horseradish peroxidase enzyme linked secondary antibody was
used for signal amplification. A colorimetric substrate (extra-sensitive TMB) was then used for the
assay read out. The results were quantitated using a Softmax® microtitre plate spectrophometer

at 450 nm absorbance.

The average 450 nm absorbance measurement of the Blank standard replicates was subtracted
from the 450 nm measurement of all the other individual standard and unknown sample
replicates. A standard curve was plotted using the Blank-corrected 450 nm measurement for each
ExoELISA-ULTRA™ standard versus its concentration in pg/mL. This was then used to determine

the EV abundance of each unknown sample.

The results of this ELISA are shown in Figure 2.3, where CD63 was not present in any of the

combined fractions, apart from in combined SEC # 4 in one sample.
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Figure 2.3 EV abundance according to presence of CD63, measured by direct ELISA in combined

SEC # 1-4 from PureEV™ columns
Median and 95% confidence intervals shown. Dotted line shows zero level of EV abundance. BALF
samples, N=3.

2.6.1.2 CD9 enzyme-linked immunosorbent assay

EV populations have different expression levels of the tetraspanins, and given | had poor results
using the CD63 ELISA, | used an alternative, double sandwich ELISA for CD9 (ExoTest™,

HansaBioMed® Life-Sciences) which could be performed directly on the combined SEC fractions.

Diluted lyophilized exosome standards were prepared according to the manufacturer's dilution
scheme. One hundred microlitres of each standard or EV sample replicate was added to a pre-
coated ELISA plate with primary antibodies against CD9. The sample was incubated overnight (12-

20 h) at 4°C. The wells were incubated with an anti-CD9 mouse primary antibody, and a
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horseradish peroxidase enzyme conjugated anti-mouse Ig secondary antibody was used for signal
amplification. A colorimetric substrate (100 pL per well of the Substrate Chromogenic solution
provided by the manufacturer HansaBioMed® Life-Sciences) was then used for the assay read out.
The results were quantitated using a Softmax® microtitre plate spectrophotometer at 450 nm and

550 nm absorbance.

The 550 nm absorbance measurement was subtracted from the 450 nm measurement for all the
samples. The average 450 - 550 nm absorbance measurement of the Blank standard replicates
was subtracted from the 450 - 550 nm measurement of all the other individual standard and
unknown sample replicates. A standard curve was plotted using the corrected 450 - 550 nm
measurement for each ExoTest™ standard versus its concentration in pg/mL and used to

determine the EV abundance of each unknown sample.

These results showed significant EV abundance, (quantified by the presence of CD9) in combined
SEC # 2 compared with the other SEC fractions (Figure 2.4-A). This is despite a far higher protein

concentration in combined SEC #3 and #4 (Figure 2.4-B).
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Figure 2.4 EV abundance (A) according to presence of CD9 and protein concentration (B) in
combined SEC # 1-4 from PureEV™ columns

Median and 95% confidence intervals shown. Dotted line shows zero level of EV abundance/protein
concentration. Mann-Whitney U test, ****p<0.0001, **p<0.01. BALF samples, N=9.

These results confirmed the presence of CD9 positive EVs in combined SEC # 2 and demonstrated

the separation of soluble protein from the EV fraction.

It is worth noting that this method of EV quantification will only capture a sub-population of EVs
(i.e. the CD9 positive EVs). Overall EV particle number can be measured by light scattering
technologies, such as nanoparticle tracking analysis (NTA) (297). This approach could be used to
determine if there is a difference in EV number between health and COPD. This may be important
as an increase in EV particle number in either health or disease may confer additional miRNA
carrying capacity. Therefore, EV particle number may be important when considering

normalisation of RNA sequencing results. In this thesis, normalisation was performed in four
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ways, firstly the starting volume of BALF was fixed at 15 mL for all samples, the same
concentration of final library preparation was used prior to sequencing for each samples (see
section 2.8.2), filtered reads underwent normalisation (see section 2.10.3) and miRNA expression
data was normalised to stably expressed miRNA across health and disease (see section 2.11.2).
There are inherent challenges of normalisation strategies in this field and EV particle number may
affect RNA content, however correcting for this variable may be an important signal which is a
relevant to the biology between health and disease. Therefore using the same starting volume of

15 mL was considered to be a more biologically relevant strategy in this thesis.

2.6.2 Transmission electron microscopy of BAL derived EVs to visualise characteristic size

and shape

TEM techniques are well established and proven useful in EV characterisation, providing direct
evidence of the characteristic vesicular structures. In addition, the use of heavy metal stains such
as ammonium molybdate in TEM enables visualisation of the bi-lipid layer. Briefly, 10 pL of EVs in
1X PBS were fixed with 1 pL 25% (v/v) glutaraldehyde. Five microlitres of the preparation was
layered onto individual formvar-carbon coated 200 mesh copper grids (Agar Scientific Ltd,
Stansted, UK) and dried at room temperature. The samples were then contrasted in a solution of
3% ammonium molybdate in 0.1 M ammonium acetate buffer pH 7.0 for 10 s, then blotted and
allowed to dry (363). The samples were examined under an electron microscope (Hitachi®, High-
Technologies Ltd, High Wickham, UK) with a 16-megapixel side mounted camera (Morada® G3,
EMSIS Ltd, Muenster, Germany). The EM images were analysed using RADIUS™ 2.0 software
(EMSIS Ltd).

TEM was used to characterise the EVs isolated from BALF using the PureEV™ SEC columns. Figure
2.5 shows the EV sample morphology in combined SEC # 2 (A) compared with combined SEC # 3
(B). In image A, there is little surrounding debris and the characteristic EV cup-shaped morphology
and size between 30-150 nm is illustrated. In contrast, image B shows some larger vesicles, which
are difficult to distinguish from the surrounding debris, which is likely to comprise largely of

soluble protein aggregates.
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G0 il

Figure 2.5 Whole mounted BALF-derived EVs isolated using PureEV™ SEC columns viewed by

transmission electron microscopy from combined SEC # 2 (A) and # 3 (B)

White arrow points to a characteristic EV with cup-shaped morphology and size between 30 — 150 nm
Scale bar shown in bottom right hand corner. BALF, bronchoalveolar lavage fluid; EV, extracellular
vesicles; SEC, Size exclusion chromatography

2.6.3 Characterisation of serum derived EVs

Isolation of serum EVs differed from the BALF as it was performed using the ExoMir kit. This
method was chosen due to the previous experience of the laboratory group and the abundance of
EV RNA recovered from serum using this method. Characterisation of the serum EVs using this

method was performed by western blot (section 2.6.3.1) and TEM (section 2.6.3.2).

2.6.3.1 SDS PAGE and Western blotting to determine presence of serum EV surface

markers

Western blotting can be used to demonstrate the presence of proteins reportedly associated with
EV or EV subgroups. Markers can include tetraspanins (CD9, CD63, CD81), major

histocompatibility complex (MHC) molecules and cytosolic proteins such as certain stress proteins
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(e.g. Tumour susceptibility gene 101 (Tsg101) and programmed cell death 6 interacting protein

(Alix)) or cytoskeletal proteins (e.g. actin, tubulin) (207, 227).

Briefly EVs were lysed and denatured in NuPAGE™ LDS Sample buffer 4X with 12% B-
Mercaptoethanol (ThermoFisher Scientific®) at 70°C for 10 min and resolved in NUPAGE™ 4-12%
Bis-Tris Protein gels (ThermoFisher Scientific®). Expression of CD63 (anti-rabbit polyclonal
antibody, Atlas Antibodies, Bromma, Sweden) and calnexin (anti-rabbit monocolonal antibody,

Cell Signaling Technology, Danvers, US) were detected by specific antibodies.

Figure 2.6 demonstrates the presence of CD63 (a tetraspanin, known to be present on EV surface)
and the absence of the endoplasmin reticulum protein calnexin from EVs isolated using ExoMir™

method from serum.

EVs Cells

90kDa Calnexin

26kDa — CcDe63

Figure 2.6 Western blot analysis of isolated EVs from serum
30ug of protein was used for Western blot analysis of isolated EVs. Images captured from different WB
for CD63 due to issues with running gel non-reducing conditions. Best image shown for both EVs and
Cells.

Of note, Western blot analysis was attempted on EVs isolated using SEC from BALF, but the
antibodies did not bind and therefore an alternative, more sensitive approach was used with the

high-sensitivity ELISAs (see section 2.6.1).

2.6.3.2 Transmission electron microscopy of serum derived EVs to visualise characteristic

size and shape

TEM was used to characterise the EVs isolated from serum using the ExoMir™ Kkits. Figure 2.7
shows the EV sample morphology with bilayer membranes visible, the characteristic EV cup-

shaped morphology and size between 30-150 nm is illustrated.
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Figure 2.7 Whole mounted serum-derived EVs isolated using ExoMir™ kit viewed by
transmission electron microscopy

White arrow points to a characteristic EV with cup-shaped morphology and size between 30 — 150 nm
Scale bar shown in bottom right hand corner. EV, extracellular vesicles

Although difficult to make direct comparison due to the different isolation methodologies and
samples types, there appears to be less characteristic vesicles observed in the EM images from
the serum samples (Figure 2.7) than the BALF EV samples (Figure 2.5 A), and there appears to be

more contaminating material in the serum EV sample.
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2.7 RNA isolation, cDNA synthesis and real-time qPCR

2.7.1 BALF EV RNA isolation, quantification and quality control to assess SEC EV isolation

suitability for downstream application (RNA segencing)

This method was used for RNA isolation, cDNA synthesis and RT-qPCR of RNA extracted during
optimisation of BALF EV isolation to ensure adequate RNA quantity and quality prior to formal

sequencing.

RNA from BALF EVs was isolated using miRNeasy Micro kit (Qiagen®) according to the
manufacturer's instructions. Briefly, EVs were lysed with 1 mL of QlAzol Lysis Reagent. Chloroform
was then added, mixed and incubated at room temperature for 2-3 min. Following centrifugation
at 12,000 g, 4°C for 15 min, RNA was isolated by removing the aqueous phase which was then
mixed with 1.5X volume of 100% ethanol. The total sample was transferred to an RNeasy
MinElute spin column and centrifuged at 10,000 g for 15 s at room temperature followed by
addition of Buffer RWT to the spin column. After further centrifugation at 10,000 g for 15 s, the
flow-through was discarded and spin column washed with 80% ethanol. The column was left to air
dry and the resultant RNA eluted in 14 pL of pre-heated (60°C) nuclease-free water.

Concentrations of RNA were determined by NanoDrop 1000 (ThermoFisher Scientific®).

Custom primer pools were made up for the reverse transcription and pre-amplification reactions
using specific Tagman™ miRNA assays (5X RT Primer and 20X mix of forward and reverse primers
respectively) for the miRNA of interest. These were diluted with 1X Tris-
Ethylenediaminetetraacetic acid (TE) Buffer and stored at -20°C for up to 2 months, according to

the manufacturer's instructions.

Reverse transcription was carried out in 15 pL reactions; 45 ng of RNA was added to 1X RT buffer,
2X RT primer pool, 2mM deoxynucleotide (dNTP) mix, 150 U MultiScribe™ Reverse Transcriptase
and 3.8 U RNase Inhibitor (ThermoFisher Scientific®). Remaining volume was made up to 15 plL

with nuclease-free water.

Following cDNA synthesis, a preamplification reaction was performed in 25 ulL reactions, as
recommended by the manufacturer for a starting total RNA of 1-350 ng. Briefly, 2.5 puL of cDNA
was added to 3X PreAmp Primer Pool (both forward and reverse primers) and 1X TagMan®
PreAmp Master Mix. Remaining volume was made up to 25 pL with nuclease-free water.
Following thermal-cycling, the amplified cDNA (PreAmp product) was diluted with 0.0875X TE

Buffer, pH 8.0 to a total volume of 200 uL and stored at -20°C for up to 1 week.
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Quantitative PCR was carried out in duplicate 10 uL reactions, where 1X Tagman® Universal
Master Mix I, No AmpErase® UNG was added to 1X Tagman® miRNA primer. Remaining volume
was made up to 10 pL with nuclease-free water. This master mix cocktail was added to
appropriate wells on a 384 well PCR plate before addition of 1 uL of diluted PreAmp product.
Gene expression was normalized to stably expressed miRNA (varied per sample) and presented as

either ACq or AACq to show fold induction.

To ensure RNA was of sufficient quantity to be analysed by sequencing, | performed RNA
isolation, cDNA synthesis with pre-amplification and RT-qPCR on the combined SEC fractions from
the PureEV™ columns. Primers for miR-29a and miR-340 were used as these miRNA have been
used as normalisers in previous work | have performed using BALF EV samples (364). Figure 2.8
shows there was no RNA detected in either combined SEC # 1 or the blank sample, defined as a
Cq value of above 36 (represented by the dotted line). There was however sufficient quantities of
RNA detected in the other three combined SEC fractions (2-4), with a mean Cq value of 29.1
(SD+3.2, N=6) for combined SEC #2 (EV-dominant fraction). Importantly, RNA was detected in
higher quantities (corresponding to a lower Cq value) in both combined SEC # 3 and 4,
demonstrating the ability of soluble protein to carry RNA. It was therefore important to ensure
this was separated from the EV-dominant fraction prior to RNA isolation to prevent any non-

vesicular RNA contamination.
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Figure 2.8 Mean Cq values for miR-29a and miR-240 for combined SEC fractions from PureEV™

columns

BALF samples, N=6. Combined SEC fractions 1-4 from PureEV™ columns used. Dotted line represents
cut-off for RNA detection, where a Cg>36 shows no miRNA detected. SEC, size exclusion
chromatography.

2.7.2 BAL EV RNA quantification and quality control prior to library preparation & next

generation sequencing — performed by Qiagen® Genomic Services

Qiagen® Genomic Services performed the following methods as part of the next generation

sequencing protocol. Prior to RNA isolation, EVs (suspended in up to 200 uL of 1X PBS) were lysed
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using Buffer RPL at room temperature for 3 min. In order to assess the quality of RNA isolation
across samples, Qiaseq miRNA Library Quality control (QC) Spike-Ins solution (contents listed in
Table 2.3) was added to each of the lysed EV samples. RNA from EVs was then isolated by Qiagen®
using the miRNeasy® Serum/Plasma Advanced kit (Qiagen®) following the manufacturer’s

instructions.
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Table 2.3  Fifty-two QlAseq miRNA library QC spike-ins

NGS Spike-In name Sequence NGS Spike-In name Sequence

UniSp100 uugauucccaauccaagcaag UniSp126 acaaacaccuuggauguucuu
UniSp101 uaccaaccuuucaucguucce UniSp128 uaguccgguuuuggauacgug
UniSp102 ucccaaauguagacaaagca UniSp102 ucccaaauguagacaaagca
UniSp103 ugaagcugccagcaugaucua UniSp129 uuagaugaccaucaacaaacu
UniSp104 cagccaaggaugacuugcecgg UniSp130 ucuugcuuaaaugaguauucca
UniSp105 uccggcaaguugaccuuggcu UniSp131 agcucugauaccaaaugauggaau
UniSp106 agaaucuugaugaugcugcau UniSp132 ugaucucuucguacucuucuug
UniSp107 uuggcauucuguccaccucc UniSp133 cgaaacuggugucgaccgaca
UniSp108 uuggcauucuguccaccucc UniSp134 uucuugcauauguucuuuauc
UniSp109 cgaaacuggugucgaccgaca UniSp135 UCCUEUZUUUCCUUUZAUECEUEE
UniSp110 uucgaggccuauuaaaccucug UniSp136 aucaguuucuuguucguuuca
UniSp111 uagaaugcuauuguaauccag UniSp137 ucauggucagauccgucaucc
UniSp112 gguucguacguacacuguuca UniSp138 ucauggucagauccgucaucc
UniSp113 uaaacuaaucacggaaaugca UniSp139 uugaauugaagugcuugaauu
UniSp114 uuuuggaaauuuguccuuacg UniSp140 ugacaugggacugccuaagcua
UniSp115 ugagccucugugguagcccuca UniSp141 uaacuaaacauugguguagua
UniSp116 uuugcuuccagcuuuugucuc UniSp142 uaagauccggacuacaacaaag
UniSp117 uugguuacccauauggccauc UniSp143 uaauccuaccaauaacuucagc
UniSp118 uucgaugucuagcagugcca UniSp144 gauggauaugucuucaaggac
UniSp119 ucuaagucuucuauugauguu UniSp145 ccuuggagaaauaugcgucaa
UniSp120 uacgcauugaguuucguugcuu UniSp146 uuaugucuuguugaucucaau
UniSp121 uggcuugguuuauguacaccg UniSp147 uaaagucaauaauaccuugaag
UniSp122 uucugcuauguugcugcucau UniSp148 uuuuuccucaaauuuauccaa
UniSp123 ugauuggaaauuucguugacu UniSp149 augaauuuggaucuaauugag
UniSp124 ucuagcagcuguugagcaggu UniSp150 auugguucaauucugguguug
UniSp125 uucuucgugaauaucuggcau UniSp151 uaauuugguguuucuucgauc

These are 5' phosphorylated miRNAs with sequence length in the range 20-24 nucleotides. The sequences are of plant
origin and bear no significant homology to miRNAs from the following species: human (hsa), mouse (mmu), rat (rno),
rhesus monkey (mml), orangutan (ppy), chimpanzee (ptr) or pig (ssc).
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Reverse transcription was performed in 10 L reactions using the miRCURY LNA RT kit (Qiagen®),

with an artificial RNA spike-in (UniSp6) to assess the quality of the reverse transcriptase reaction.

Following cDNA synthesis, quantitative PCR was performed by Qiagen in a LightCycler® 480 Real-
Time PCR System (Roche®, Welwyn Garden City, UK) in 384 well plates. Primers used were: miR-
23a, miR-30c, miR-103, miR-142-3p and miR-451, as well as the primers for the 52 RNA spike-ins
(listed in Table 2.3) and the primer for the artificial RNA spike-in (UniSp6). Negative controls
excluding the template from the reverse transcription reaction was performed and profiled like
the samples. Amplification curves were analysed using the Roche® LC software, both for

determination of Cq (by the 2" derivative method) and for melting curve analysis.

The ISEV position paper on “EV RNA analysis and bioinformatics” recommends the use of external
spike-in RNA to evaluate the sensitivity, accuracy and comparability of RNA-sequencing
experiments (365). Pearson correlation analysis of the 52 RNA-spike-in Cq values was performed
across the samples. The following radar plot demonstrates excellent correlation of counts
corresponding to the spike-ins between the samples (Figure 2.9). The actual R? values were

between 0.94 and 1.0 for all samples.
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Figure 2.9 Radar plot showing relative spike-in signal for each sample
Figure adapted from Qiagen® sequencing data report. N=35; COPD, n=20.
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Importantly, no sample outliers were identified at this point, which is key to ensure the quality

and reliability of the library preparations.

The methods for RNA isolation, cDNA synthesis and RT-qPCR for validation of the sequencing
results were the same as above, and again performed by Qiagen® Genomic Services. The only
differences were the RNA spike-ins used for QC. Instead of the 52 RNA spike-Ins listed in Table
2.3, the following spike-ins were used to assess RNA isolation efficiency: UniSp2, UniSp4 and
UniSp5. In addition to this, a DNA spike-in (UniSp3) was also added. This DNA spike-in consists of a
premixed combination of DNA template and primers. Deviations in this reaction would indicate if
there had been inhibitions at the qPCR level. For cDNA synthesis control, the same RNA spike-In

(UniSp6) was used during the reverse transcription reaction.

273 Serum EV RNA isolation, quantification and quality control

Serum EVs were isolated using the ExoMir™ kit (see section 2.5.5) and were processed for RNA
isolation using the following method. 200 uL of chloroform was added to the lysed particles that
had been flushed from the ~20 nm filter (smaller, bottom filter) with 1 mL BiooPure™-MP. The
resultant sample was vortexed for 20 sec and left at room temperature for 5 min. Samples were
centrifuged 12,000 g, 4°C for 15 min. RNA was isolated by removing the aqueous phase, adding 3
puL of co-precipitant (linear acrylamide) and incubating at room temperature for 5 min. To
precipitate the RNA, 550 pL of isopropanol was added to the sample and then left at 20°C for at
least 1 hour. RNA was recovered by centrifugation at 12,000 g, 4°C for 15 min. The resultant RNA
pellet was washed with 900 pL 75% ethanol, re-suspended in 25 plL of nuclease-free water. Prior
to storage at -80°C, concentrations of RNA were determined by NanoDrop 1000 (ThermoFisher
Scientific®). Custom primer pools were made up for the reverse transcription and pre-
amplification reactions using specific Tagman™ miRNA assays (5X RT Primer and 20X mix of
forward and reverse primers respectively) for the miRNA of interest. These were diluted with 1X
Tris- Ethylenediaminetetraacetic acid (TE) Buffer and stored at -20°C for up to 2 months,

according to the manufacturer's instructions.

Reverse transcription was carried out in 15 pL reactions; 45 ng of RNA was added to 1X RT buffer,
2X RT primer pool, 2mM deoxynucleotide (dNTP) mix, 150 U MultiScribe™ Reverse Transcriptase
and 3.8 U RNase Inhibitor (all applied biosystems® by ThermoFisher Scientific®). Remaining

volume was made up to 15 plL with nuclease-free water.

Following cDNA synthesis, a preamplification reaction was performed in 25 plL reactions, as
recommended by the manufacturer for a starting total RNA of 1-350 ng. Briefly, 2.5 uL of cDNA

was added to 3X PreAmp Primer Pool (both forward and reverse primers) and 1X TagMan®
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PreAmp Master Mix. Remaining volume was made up to 25 plL with nuclease-free water.
Following thermal-cycling, the amplified cDNA (PreAmp product) was diluted with 0.0875X TE

Buffer, pH 8.0 to a total volume of 200 pL and stored at -20°C for up to 1 week.

Quantitative PCR was carried out in duplicate 10 plL reactions, where 1X Tagman® Universal
Master Mix 1, No AmpErase® UNG was added to 1X Tagman® miRNA primer. Remaining volume
was made up to 10 plL with nuclease-free water. This master mix cocktail was added to
appropriate wells on a 384 well PCR plate before addition of 1 uL of diluted PreAmp product.
Gene expression was normalized to stably expressed miRNA (varied per sample) and presented as

either ACq or AACq to show fold induction.
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2.8 Next generation microRNA sequencing of bronchoalveolar lavage

extracellular vesicle RNA

2.8.1 BALF EV RNA Library preparation — performed by Qiagen® Genomic Services

Library preparation was performed by Qiagen® Genomic Services using the methods outlined in
the Qiaseg™ miRNA Library Kit Handbook — precision small RNA library prep for lllumina® NGS

system (version November 2016). Figure 2.10 summarises the methods for library preparation.

5’ PO, 3’ miRNA
5’ PO, — 3’ Ligation

5 — — 3’ 5’ Ligation

5 e— —— Reverse transcription

with UMI assignment

5 ‘e— o 3’
3 e 5’ cDNA clean-up
5’
3’ 3’ Library amplification
5’

@-\ and Sample Index

Indexing Reverse primer

assignment
Figure 2.10 Summary of library preparation process
UMI, unique molecular index
2.8.2 microRNA library pre-sequencing quality control and preparation

MiRNA library pre-sequencing quality control was performed by Qiagen® Genomic Services on an

Agilent® Bioanalyser 2100 using a High Sensitivity DNA chip.

The concentration of the miRNA sequencing library was performed by Qiagen® on a Qubit™
Fluorimeter (Invitrogen™). The molarity of each sample (in nM) was determined using the

following equation:
(X ng/pl)(10°)/(112450) = Y nM

The individual libraries were diluted with nuclease-free water to 4 nM. The libraries were

combined in equimolar amounts ready for sequencing.

Prior to sequencing, Qiagen® Genomic Services performed the "Standard Normalisation Method"

outlined in the NextSeq System Denature and Dilute Libraries Guide (Document # 15048776 v5). A
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final concentration of 1.8 pM of the denatured, diluted library solution was used for loading of the

Flow cell.

2.8.3 Sequencing run setup

Next generation sequencing methods were performed by Qiagen® Genomic Services using the
NextSeq500 instrument (lllumina®, Chesterford, UK). The high output Flow cell was prepared and

the following sequencing parameters were used:

Read type - Single-end read

Number of sequencing cycles (read length) - 75 nucleotides

Average number of reads - 10 million reads/sample
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2.9 MicroRNA sequencing output processing, quality control, mapping

and alignment

2.9.1 Trimming of adaptors and UMI correction — performed by Qiagen® Genomic Services

The NextSeq500 sequencing system generates raw data files in binary base call (BCL) format.
Qiagen® Genomic Services used bcl2fastq conversion software v2.20 (lllumina®) to demultiplex
data and convert BCL files to standard FASTQ file format for downstream analysis. FASTQ is a text
based sequencing data file format that stores both raw sequence data and quality scores. Next,
cutadapt (1.11) is used to remove low quality bases, and identify the adapter and UMIs applied
during library preparation (366). The output from cutadapt is used to remove adapter sequences
and to collapse reads by unique molecular index (UMI) with in-house script (summarised in Figure
2.11). According to the experiment protocol, each raw read is expected to contain (starting from
the 5' end): an insert sequence, the adapter sequence, 12nt-long UMI sequence, and other ligated
sequence (see Figure 2.12). Depending on the read length and insert length, not all parts are
present on all reads. To correct PCR bias with UMI information, raw reads are processed as

follows:

1. Use cutadapt on raw reads with provided adapter sequence to acquire output with
information about the presence of adapter for each read.
2. Parse cutadapt output and keep only reads that fulfil all of the following:
a. Reads contain adapters
b. Insert sequences should be equal or larger than minimal insert length (default 16
nucleotides)
c. UMI sequence should be equal or longer than minimal UMI length (default 10
nucleotides)
3. Extract insert sequences from reads which do not contain full length UMI sequence from
step 2 output as "partial-UMI reads".
4. Examine the reads with full length UMI in step 2 output and identify all unique insert +
UMI combinations. Extract insert sequences from unique inset + UMI combinations as
"full-UMI reads".

5. Combine "partial-UMI reads" and "full-UMI reads" as output of UMI correction.
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Figure 2.11 Overview of trimming of adapters and UMI correction process
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Figure 2.12 lllustration of the principle behind UMI correction

In order to correct for amplification biases, sequences containing identical insert and UMI are collapsed
into a single sequence.

2.9.2 microRNA sequencing quality control

Trimmed FASTQ files were analysed using FastQC (367) a quality control tool for high throughput
sequence data. This provided an overview on average read quality, average base quality and
highlighted any potential outliers. The FastQC report provides basic statistics, per base sequence
quality, per tile sequence quality, per sequence quality scores, per base sequence content, per
sequence GC content, per base N content, sequence length distribution, sequence duplication
levels, overrepresented sequences and adapter content metrics. Qiagen® generated the FastQC

reports and | then performed the quality control analysis.

29.2.1 Average read quality

Using the trimmed FASTQ files, FastQC generates a per sequence quality report, which identifies if
a subset of sequences have universally low quality values. If a significant proportion of the
sequences in a run have overall low quality then this could indicate a systematic problem (e.g. a
problem with the flowcell). All of my samples passed this module, with the majority of the reads

having a mean sequence quality score (Q-score) of above 30, which is consistent with high quality
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data. An example of the average read quality is shown in Figure 2.13. The rest of the samples had

similar plots, with the majority of reads having a Q score of greater than 30.

5000
4000

30004

Reads

2000

1000

0 T T T T T
15 20 25 30 35 40

Mean Sequence Quality (Q Score)

Figure 2.13 Average read quality of miRNA sequencing data
The mean sequence quality (Q score) is plotted against the number of reads. A Q-score above 30 is
considered high quality.

2.9.2.2 Per base sequence quality

The per base sequence quality metric gives an overview of the range of quality scores across all
bases at each position in the FASTQ file. All of my samples passed this module, with Q-scores
above 30 (>99.9% correct), and therefore indicative of high quality data. An example of the quality
scores across all bases is shown in Figure 2.14. All other samples in my dataset had simple
profiles. Of note, the quality of calls on most platforms will degrade as the run progresses, so it is

common to see base calls falling into the orange area towards the end of a run.

M

Quality scores

12345678¢89 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45
Position in read (bp)

Figure 2.14 Box whisker plot showing the quality scores across all bases for a representative BALF

sample.
Blue line represents the mean quality. Red dotted line represents the median. Whiskers represent IQR.
Scores within the green area are considered high quality. Figure adapted from FASTQ file.

61



Chapter 2

2.9.23 Sequence length distribution

The data generated from BAL EVs show a peak in sequence length around 21-22 base pairs, which
represents miRNA (Figure 2.15). Longer sequences are of other origin (i.e. rRNA), transfer RNA

(tRNA), mRNA and Y-RNA fragments) and have a length of ~30-50 nucleotides.

1500
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Reads
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0 T T T T T
0 10 20 30 40 50

Sequence length (bp)

Figure 2.15 Read length distribution after filtering of adaptors for a representative BALF sample
MiRNA appear as a peak at 21-22 nucleotides. The other samples had very similar sequence length
profiles corresponding to miRNA.

29.24 Additional FastQC quality metrics

In addition to the average read quality, per base sequence quality and sequence length
distribution, the FastQC report generates a number of other outputs. This includes per base
sequence content, which measures the proportion of each base (e.g. A, T, C, and G) position in a
file. In a random library there is very little difference between bases in a sequencing run, however
libraries produced by priming using random hexamers (i.e. RNA sequencing libraries) inherit an
intrinsic bias in the positions at which reads start. Given my data is from an RNA sequencing
library, the FastQC reported an error in this module, highlighting the difference between A and T,
or C and G was greater than 10-20% in any position. Whilst this is considered true technical bias,

the literature suggests it does not seem to affect downstream analysis.

Sequence duplication levels and overrepresented sequences are also presented in the quality
control report. Diverse libraries will have very low levels of sequence duplication and
overrepresented sequences. However, in RNA-sequencing libraries different transcripts are
present at very different levels in the starting population. Therefore, in order to observe lowly
expressed transcripts, it is common to greatly over-sequence highly expressed transcripts
resulting in sequencing duplicates and overrepresented sequences. The FastQC reported an error
in both sequence duplication and overrepresented sequences for this reason. However by using
the UMI correction (outlined in section 2.9.1), | accounted for this technical duplication of

sequences by collapsing identical insert sequences and UMI sequences (insert-UMI pairs) into a
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single read. Table 2.4 summarises the number of reads after each step of the UMI correction
process.

Table 2.4 Number of reads after each step of the UMI correction process

Raw reads Reads with Reads after Reads with full Collapsed and
adapter length filtering or partial UMI  Partial reads
Mean 15,911,755 15,626,191 3,760,379 3,627,757 2,233,781
(+SD) (+1.27x108) (+1.27x108) (£9.54x10°) (£9.18x10°) (+4.75x10°)
% of original raw
reads 100 98 24 23 14
2.9.25 Summary of microRNA sequencing quality control

The quality metrics presented in section 2.9.2 are consistent with high quality data as
demonstrated by the Q-scores of above 30. In addition, the sequence length distribution indicates
that the majority of the reads correspond to an RNA sequence length of 18-22 nucleotides,
representative of miRNA, the RNA of interest in my study. At this stage no outliers were identified

in the sample cohort.

293 Mapping and aligning to reference genome - performed by Qiagen® Genomic

Services

Qiagen® Genomic Services used bowtie2 (v 2.2.2) tool to align sequencing reads to the reference
genome, Genome Reference Consortium Human Build 37 (GRCh37/hg19), and miRNA to the
miRNA database, miRBase (version mirbase_20) (368). The reads had to have a perfect match to
the reference sequences to be included for aligning reads to spike-ins, abundant sequences and
miRBase. For mapping to the genome, 1 mismatch was allowed in the first 32 bases of the read.
No indels were allowed in mapping. MiRNA counts were generated by "in-house" software by
Qiagen® (mapping summarised in Figure 2.16). Mapped reads were classified into the following

classes:

e Outmapped: Reads aligning to poly(A) and poly(C) homopolymers as well as abundant ribosomal
RNA (rRNA) and mitochondrial RNA (mtRNA)

e Unmapped reads: No alighment to reference genome possible.

e Genome: Reads align to reference genome (GRCh37), but not to smallRNA or miRNA.

e  MiRNA: Reads aligning to miRNA in miRBase (version mirbase_20).

e SmallRNA: Reads map to smallRNA database (compiled by Exiqon).

e Predicted miRNA: Reads map to a sequence found in miRBase in another organism ("predicted
putative") or reads that don't match any known miRNAs in miRBase, but have the structural
properties (i.e. read count distribution and secondary structure) of the genome in specific locations

that resemble known miRNAs ("predicted miRBase").
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An overview of the RNA sequencing quality control and mapping process performed by Qiagen® is

summarised in Figure 2.16.

immed Qc of
rimme ) -
FASTQ files Q files FASTQ files

ac (FASTQC)
Mapping ‘
Align to Spike-In Unaligned
database and filtering of (unmapped)
abundant sequences
(Bowtie2)
Al|g;1nt:n:1:st Reads align to
Filtered g(hg19) known miRNA
FASTQ files (Bowtie2) locus

Align to host
genome, not
miRNA locus
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Align to " q
miRBase nmagpe
(Bowtie) reads
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Mature Count B (miPara and
miRNA reads miRNAs miRBase)

(Qiagen®

software) |«

miRNA
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Figure 2.16 Overview of RNA sequencing quality control and mapping.
Blue rectangle indicates a process, with the software/tool specified in parenthesis. Grey trapezium
indicates data output.

Given that the EV RNA was isolated from BALF, a non-sterile biofluid with possible bacterial and
fungal contamination (both of which can release EVs), it is worth noting that during the mapping
process, Qiagen® Genomic services also aligned sequenced reads to several bacterial and fungal
reference genomes, however found no positive alignment. Therefore only sequenced reads

aligning to the human genome were taken forward for further analysis.

29.3.1 Analysis of mapping and alignment to reference genome

| performed the analysis of the alignment and mapping results. The total number of reads
mapped after full UMI correction for each sample is shown in Figure 2.17. The mean total number
of reads mapped for the dataset was 2,804,969 (range: 1.6x10° — 4.3x10°, SD+7.07x10°) and the

average genome-mapping rate was 53.4%.
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Figure 2.17 Total number of reads for each sample.

The dotted line represents in the mean total number of reads obtained ~ 2.8x10°. N=35; COPD, n=20.

29.3.1.1 Classification of mapped reads

As described in section 2.9.3, mapped reads were classified into the following types outmapped,
unmapped, genome mapped, miRNA mapped, smallRNA mapped or predicted. The proportions of
each type were calculated for each sample (Figure 2.18 A). After excluding the unmapped reads,
(Figure 2.18 B) the most predominant mapped reads were genome-mapped, (mean 45.3%,
SD+14.7%) and miRNA (mean 40.5%, SD+14.3%). SmallRNA, predicted RNA and outmapped RNA

only accounted for a mean of 4.9%, 0.3% and 8.9% reads respectively.
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Summary of mapping results of reads for each sample.

Each sample consists of reads that can be classified into the following categories: miRNA, smallRNA,
genome-mapped, outmapped or high abundance (e.g. rRNA, polyA, polyC, mtRNA) and reads which did
not align to anything (unmapped). Figure 4.6 A unmapped reads included, B.unmapped reads excluded.
N=35; COPD, n=20.

Of note, although several samples showed lower mapping rates when including both mapped and

unmapped reads (Figure 2.18 A), MICA 1l_091 RLL appears to have significantly lower mapping

rates for both miRNA and smallRNA. This may well influence downstream analysis and will be

considered further in the exploratory data analysis (see section 2.10.2).

2.9.3.1.2

Classification of smallRNA mapped reads

Five different types of smallRNA were found, transfer RNA (tRNA), piwi-interacting RNA (piRNA),

small nucleolar RNA (snoRNA), small nuclear RNA (snRNA) and Y-RNA. tRNA was the most

abundant (92.2%) smallRNA found in my EV samples (Table 2.5). It is integral to protein synthesis
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by helping decode mRNA into protein. piRNA, is the largest class of small non-coding RNA
molecules expressed in animal cells (369). This is reflected in my dataset, as they had the highest
number of different RNA (2314) detected across all samples (Table 2.5). They form RNA-protein
complexes through interactions with piwi proteins and have been linked to both epigenetic and
post-transcriptional gene silencing, particularly in germ line cells (370). snoRNA are mainly
involved in the modification of other RNAs, mainly rRNA, tRNA and snRNA. They were the smallest
proportion (0.008%) of smallRNA found in both COPD and healthy ex-smoker EVs (Table 2.5).
snRNA are one of many small RNA species confined to the nucleus and responsible for the
processing of pre-messenger RNA (hnRNA) in the nucleus (371). The final type of smallRNA found
are Y-RNAs, which are components of the Ro60 ribonucleoprotein particle. They are necessary for

RNA replication through interactions with chromatin and initiation proteins (372).

Table 2.5 Types and proportions of smallRNA found in BALF EV miRNA (n=35)

Class of small RNA Number of different types of small RNA Proportion of small RNA type found
found across samples across samples (%)

piRNA 2314 0.008

snoRNA 1612 0.8

snRNA 2065 1.9

tRNA 624 92.2

Y-RNA 866 5.1

piRNA, piwi-interacting RNA; snoRNA, small nucleolar RNA; snRNA, small nuclear RNA; tRNA, transfer RNA.
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2.10 MicroRNA sequencing filtering, data analysis and differential

expression analysis

Unsupervised filtering, data analysis and differential expression analysis was performed in
RStudio®, an open source software for using the R statistical computing environment, using R (v
3.8.2). The methods were adapted from the Bioconductor package, “Empirical analysis of digital

gene expression in R” (edgeR) (373) and are summarised in Figure 2.19.
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Figure 2.19 Overview of unsupervised filtering, exploratory data analysis and differential

expression analysis methods

Blue rectangle indicates a process, grey trapezium indicate a data output, yellow diamond is an
important checkpoint. BCV, Biological coefficient of variation; CPM, counts per million; IQR, Interquartile
range; miRNA, microRNA; QC, Quality control; TMM, Trimmed mean of M values.

2.10.1 Unsupervised filtering

MiRNA with very low counts across all libraries provide little evidence for differential expression
(373). From a biological standpoint, a miRNA must be expressed at some minimal level before it is
likely to have a downstream effect on gene expression. In addition, the notable discreteness of

these low counts interferes with some of the statistical approximations used later in the analysis.

Therefore, miRNA can be excluded from the dataset if it cannot be expressed in all samples for
any of the conditions (i.e. in healthy ex-smokers or COPD). For a miRNA to be considered
"expressed" in a library, it is usually required to have a raw read count of 5-10. However, it is also

recommended, that filtering should be performed on count-per-million (CPM) data rather than on
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raw counts directly, as the latter does not account for differences in library sizes between
samples.

| found three examples of 3 different cut-offs for unsupervised filtering of RNA sequencing data:

l. Median log2-transformed CPM cut-off (326).
Il. CPM>1 in a minimum of n samples, where n=size of the smallest group (373).

[l CPM>10 in a minimum of n samples, where n=size of the smallest group (374).

After removing the lowly expressed miRNA the library sizes were recalculated, for each filtered

dataset, although the differences are usually negligible.

2.10.1.1 Median log2-transformed CPM cut-off method

This method uses a cut-off based on the median log2-transformed CPM for each miRNA (326).

Briefly, the raw count data is converted into CPM and then log transformed (defined as
median_log2_cpm in R). The median of this dataset is then used as a cut-off and every miRNA
with a log2-transformed CPM of less than the median is discarded. The following code will

perform this filtering process in R, where the raw count data is defined as data_clean_1:

> cpm_log <- cpm(data_clean_1), log = TRUE)

\2

median_log2_cpm <- apply(cpm_log, 1, median)

\%

hist(median_log2_cpm)

\%

expr_cutoff <- median_log2_cpm

\%

abline(v = expr_cutoff, col = "red", lwd = 3)

\%

sum(cpm_log > expr_cutoff)

\%

keep_1 <- data_clean_1[cpm_log > expr_cutoff,]

Library sizes were recalculated using the following code, where groups is defined by a vector that

assigns each of the samples to a subject group, either COPD or healthy:

> group <- read.table("Experimental_Design_File.csv", header = TRUE, row.names = 1,

Sep - IIIII)
> groups <- group$Disease

> keep_1 <- DGEList(counts = keep_1, genes = row.names(keep_1), group = groups)
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2.10.1.2 CPM>1 in a minimum of n samples, where n=size of the smallest group

This method uses a CPM cut-off of greater than 1 in a minimum of 15 or more of the samples
(373). Here, a CPM of 1 corresponds to a raw read count of 6-7 in the smallest sample. A
requirement for expression in 15 or more libraries is used, as the minimum number of samples in
each group is 15 (i.e. there are 15 healthy controls and 20 COPD subjects, therefore the minimum

number in each group is 15). The following code will perform this filtering process using the edgeR

statistical package in R (v 3.8.2), where the raw count data is contained within a simple list-based

data object called DGEList (defined as data_clean_2):

> keep_2 <- rowSums(cpm(data_clean_2)>1) >= 15
Library sizes were recalculated using the following code:
> keep_2 <-edslkeep_2, , keep.lib.sizes=FALSE]

2.10.1.3 CPM>10 in a minimum of n samples, where n=size of the smallest group

Again, this uses the edgeR statistical package in R (v 3.8.2), but utilises the function filterByExpr,

which has a pre-set CPM cut-off of greater than 10 in a minimum of 15 or more samples (374).

This is therefore, the most stringent cut-off and can be performed using the following code,

where the raw count data is contained within the DGEList, data_clean_3:

> keep_3 <- filterByExpr(data_clean_3, design)
Library sizes were recalculated using the following code:
> keep_3 <-eds[keep_3, , keep.lib.sizes=FALSE]

Each filtering method resulted in a different number of miRNA being included in the filtered
dataset (Figure 2.18). The median cut-off method resulted in 527 included miRNA, whereas the
CPM>10 in a minimum number of samples (n=15) was the most stringent cut-off and resulted in
only 275 included miRNA. This method included all of the miRNA from the other two filtered

datasets.
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Figure 2.20 Non-scaled Venn diagram showing the number of miRNA included in each filtered
dataset and the overlap between each method

For each of these three cut-offs for unsupervised filtering, | used several analytical and graphical
approaches to determine which cut-off was the most robust for my dataset and to identify any

outliers within the sample dataset. The next section will explored these quality control measures.

2.10.2 Exploratory data analysis for quality control

In order to build familiarity with the sequencing data, determine overall quality and identify
possible outliers, which could bias further analysis, it is important to visualise and summarize
aspects of the data. | used a number of methods to do this: basic quality control plots (e.g.
boxplots, histograms), interquartile range (IQR) versus median plots and principle component

analysis.

2.10.2.1 Basic quality control plots

Boxplots and histograms were used to visualise the distribution and density respectively, of read

counts across each of the sample libraries. These were generated in R (v 3.8.2) using the following

code, where "cpm_log" is defined as the log-transformed CPM value for each miRNA, in each
sample:
> boxplot(cpm_log, outlines=FALSE, las=2, cex.axis=0.5, main="cpm_log data miRNA",
col="gray79")
> hist(cpm_log, main="cpm_log data miRNA", xlab = “CPM_log counts”)

The boxplots for each filtered dataset are shown in Figure 2.21, A-C. The median log2CPM cut-off
(A) and CPM>1 in a minimum of 15 samples (B) methods show the highest variation in data
(highlighted in red circles) suggesting these methods are still including miRNA with very low

counts. Low counts are also highlighted in the histograms (Figure 2.21, D-F), which show higher
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frequencies in the 0 log-transformed CPM counts for the median logCPM cut-off (D) and CPM>1 in

a minimum of 15 samples (E) filtered data (highlighted in red circles).
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Figure 2.21 Boxplots (A-C) and histograms (D-F) showing the distribution and frequency of log-transformed CPM data across datasets for different filtering
methods.

Boxplots: Median log2CPM cut-off (A), CPM>1 in a minimum of 15 samples (B), CPM>10 in a minimum of 15 samples (C). Black lines represent medians, grey boxes represent
IQRs, whiskers represent the range except for “outliers” that are more than +1.5 times the IQR larger or smaller than the median. Histograms: Median log2CPM cut-off (D),
CPM>1 in a minimum of 15 samples (E), CPM>10 in a minimum of 15 samples (F) Red circles highlight large variation in data or frequency of miRNA included with zero log-
transformed CPM. N=35, COPD n= 20. CPM, counts per million.
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2.10.2.2 Interquartile range versus median plot

For each of the filtering methods, the IQR and median was calculated, using Microsoft® Excel®
(2011), from the CPM miRNA expression data for each sample library. The values were plotted on
an XY graph along with reference points for 1 standard deviation (SD) of the mean and 2 SDs of
the mean. This allows visualisation of the spread or variance in data across the samples. It also
highlights potential outliers, by identifying those with very large variance and therefore outside 2

SDs of the mean (Figure 2.22).

CPM>1 and CPM>10 in a minimum of 15 samples filtering identified similar outliers (defined as
outside 2 SD of IQR/Median CPM) with both MICA_II_100_LLL and MICA_lI_091_RLL showing a
high degree of variance. In addition, MICA_Il_007_RML was also identified as a possible outlier in
the CPM>10 in a minimum of 15 samples filtered dataset. In contrast, the median log2CPM
filtered dataset identified several different outliers, and except for MICA 1I_091_RLL, all of which
were samples from healthy ex-smokers (MICA_Il_077_RML, MICA_Il_061_RLL, MICA_Il_128_RLL
and MICA_II_131_RML).
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Figure 2.22 Interquartile range/median plots of CPM data for different filtering methods.
Median log2CPM cut-off (A), CPM>1 in a minimum of 15 samples (B), CPM>10 in a minimum of 15
samples (C) datasets. Black dots represent samples (n=35, COPD n = 20). Blue dots and perimeter
represent +2SD from the mean. Orange dots and perimeter represent +1SD from the mean. Outlier
samples outside + 25D from the mean labelled.
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The outliers identified from the boxplots and IQR/Median plots are summarised in Table 2.6 for
each of the different filtering methods. The sample identified most commonly as an outlier was
MICA II_091 RLL. This was identified by all three filtering methods in both boxplots and
IQR/Median plots. The median log2CPM cut-off method included the highest number of miRNA,
however this meant lowly expressed miRNA with high variance were included. | concluded that
the most robust data for further analysis was the CPM>10 in a minimum of 15 samples filtered
data. Although, this method used the most stringent cut-off (resulting in the smallest number of
miRNA, 275), when visualising the data and examining the variance using the above techniques it
included the least lowly expressed miRNA with the least variance. Therefore, this dataset is likely
to contain more biologically significant miRNA, which is an important consideration for differential

expression analysis.

Table 2.6 Summary of outliers identified from the boxplots and IQR/median plots for each

unsupervised filtering method

Unsupervised filtering Number of miRNA Sample outliers identified on Sample outliers identified on
method included in filtered boxplots of CPM filtered data 1QR/Median plots of CPM

dataset filtered data

Median log2CPM cut-off 527

MICA_II_077_RML
MICA_Il_061_RLL
MICA_II_128_RLL
*MICA_II_091_RLL
MICA_II_131_RML

MICA_II_077_RML
MICA_II_061_RLL
MICA_II_128_RLL
*MICA_II_091_RLL
MICA_II_131_RML

CPM>1 in @a minimum of 519
15 samples

MICA_II_077_RML
MICA_Il_061_RLL
MICA_II_128_RLL
MICA_II_054_RML
*MICA_II_091_RLL
MICA_II_131_RML

MICA_II_100_LLL
*MICA_II_091_RLL

CPM>10 in @ minimum of 275
15 samples

*MICA_II_091_RLL

MICA_II_ 007_RML
MICA_II_100_LLL
*MICA_II_091_RLL

*Sample identified as an outlier in every filtering method, in all both analysis. CPM, counts per million; IQR, interquartile
range.

Interestingly, MICA 1l_091 RLL was identified as an outlier in all three unsupervised filtering
methods and in all graphical analysis of the data (Table 2.6). Furthermore, as highlighted in
section 2.9.3.1.1, this sample appeared to have significantly lower mapping rates for both miRNA
and smallRNA. Therefore, as these anomalies are likely to affect downstream differential

expression analysis, the sample was excluded from the final analysis (see section 2.10.2.4).
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2.10.2.3 Principle component analysis

Principle component analysis (PCA) was used to transform the multi-dimensional sequencing
dataset to smaller, discrete sets of orthogonal principle components. The first principle
component specifies the direction with the largest variability in the data, the second component

is the direction with the second largest variation and so on. The PCA and plots were generated
using the rgl package in R (v 3.8.2) using the function "prcomp” on the filtered CPM, log-

transformed dataset, using the following code (375):

> pca <- prcomp(t(cpm_log), scale. = TRUE)

> PC1 <- pes$x[ 1]

> PC2 <- pcs$x( 2]

> PC3 <- pcs$x( 3]

> PCA_details <- cbind(PC1, PC2, PC3)

> write.table (PCA_details, "PCA_details.txt", sep = "/t')

## Open PCA_detailstxt file in excel and shift column titles to the right, add
"Sample_ID" heading and Disease column (i.e. assign each sample to COPD

("dodgerblue" color) or Healthy (“firebrick" color) group) and save.
> pca <- read.table ("PCA_details.txt", sep="/t")

## Plot 3D PCA plot

> library (rgl)

> p3d <- plot3d (pca$PCl, pca$PC2, pca$PC3, x lab = "Comp 1", y lab = "Comp 2", z
lab = "Comp 3", col = (pca$Disease), box = FALSE, size = 0.5, type = 's')

> text3d (PC1, PC2, PC3, text = pca$Sample_ID, font = 1, cex = 0.6)

Outliers were identified on the PCA plot by capturing those within 1 SD of the mean using the

following code:

> mean.vec <- c(mean(PC1), mean(PC2), mean(PC3))
> all_comp <- cbind (PC1, PC2, PC3)
> sigma <- cov(all_comp)

> plot3d(ellipse3d(x = sigma, centre= mean.vec, scale = c¢(1,1,1), col = "PeachPuff",
alpha = 0.5, add = TRUE, level = 0.95, smooth = TRUE)
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This generated the following three-dimensional PCA plots (Figure 2.23-A and -B). The outliers
identified from the previous methods (e.g. Boxplots and IQR/Median plots) are labelled. In
addition, Figure 2.23-B shows the data points within one SD of the mean (contained within the
ellipsoid), MICA_Il_054_RML is the only sample outside this cut-off showing high variation within

the sample.
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Figure 2.23 Three-dimensional PCA plot showing the variation and clusters within the Limma
filtered dataset

One standard deviation from the mean is plotted as an ellipsoid in Figure 4.11-B. Red dots represent
healthy ex-smokers (n=15), blue dots represent COPD subjects (n=20). Potential sample outliers labelled.

2.10.2.4 Summary of exploratory data analysis

There is no consensus as to which unsupervised filtering method to use for processing raw RNA
count data (365) and there is no previous work directly comparing one strategy against another.
Therefore, | tested three cut-off options (median log2CPM; CPM>1 and CPM>10 — both in a
minimum of 15 samples) and used a number of graphical outputs (e.g. boxplots, histograms,
IQR/median plots and PCA) to analyse the data. The choice of methodology came from multiple
sources including: attending an international EV conference (“Extracellular Vesicles 20177;
Cambridge, UK; September 2017), supervised analysis on a bioinformatics research methods
course (“Introduction to RNA-seq analysis”; University of Cambridge, UK; October 2017),
collaborations with researchers in the field (Professor Mark Lindsay; University of Bath, UK) and
the literature (373, 374). This process allowed me to build familiarity with my dataset and identify

sample outliers, which would bias differential miRNA expression analysis.

Although the median log2CPM and CPM>1 in a minimum of 15 samples methods resulted similar
numbers of miRNA (527 and 519 respectively), the CPM>1 and CPM>10 in a minimum of 15

samples methods were more similar with respect to outlier identification, particularly on the
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IQR/median plots (Figure 2.19). In this analysis, the median log2CPM method identified a group of
healthy  ex-smokers (MICA_Il_077_RML, MICA_Il_061 RLL, MICA_Il_128 RLL  and
MICA 1I_131 RML), who did not flag up on any of the additional outputs leading to the
assumption that this was a possible spurious result. Although, the CPM>10 in a minimum of 15
samples method resulted in the smallest number of included miRNA (275 compared with 519 and
527), the lowly expressed miRNA included in the other methods are likely to introduce increased
variance and therefore bias any future differential expression testing. Given this, | proceeded with
the CPM>10 in a minimum of 15 samples filtered dataset, with four outliers identified above
removed (MICA_Il_007_RML, MICA_II_054 RML, MICA_Il_091_RLL and MICA_Il_100_LLL),
leaving n=31 (COPD, n=17 and Healthy ex-smoker, n=14). This is known as the “CPM filtered

dataset” and was used for all onward analysis.

2.10.3 Normalisation methods

CPM is a unit to measure expression levels in next generation sequencing experiments and is

calculated by the following equation:

CPM = (Number of reads mapped to specific miRNA/ Total number of reads in the library) x 1

million

This is a simple normalisation procedure that corrects only for sequencing depth and provides a
measure of quantity for each miRNA. However, this method does not account for the most
important technical influence on differential expression, RNA composition. MiRNA sequencing
provides a measure of the relative abundance of each miRNA in each RNA sample, but does not
provide any measure of the total RNA output on a per-cell basis. This becomes important when a
small number of miRNA are very highly expressed in one sample, but not in another. These highly
expressed miRNA can constitute a substantial proportion of the total library size, causing the
remaining miRNA to be under-sampled in that library. Therefore, unless these highly expressed
miRNA are adjusted for, the remaining miRNA may falsely appear to be downregulated in that

sample.

The calcNormFactors function in the edgeR package in R normalises for RNA composition by
finding a set of scaling/normalisation factors for the library sizes that minimise the log-fold
changes between the samples for most miRNA. The default method for computing these scale
factors uses a trimmed mean of M-values (TMM) between each pair of samples (376). The

following code performs the TMM normalisation and generates a list of normalisation factors for

each sample, where keep is the log-transformed “CPM filtered dataset”:
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> TMM_normalised <- calcNormFactors(keep)

> TMM_normalised$samples

The normalisation factors of all the libraries multiply to unity. A normalisation factor below one
indicates that a small number of high count miRNA are dominating the sequencing, causing the
counts for the other miRNA to be lower than would be usual given the library size. Conversely, a
factor above one scales up the library size, analogous to downscaling the counts. The recalculated
library sizes and normalisation factors are listed in Table 2.7.

Table 2.7  List of library sizes and normalisation factors for the “CPM filtered dataset”
generated by TMM normalisation.

Sample ID Sample cohort Adjusted library size Normalisation factor
MICA_II_077_RML Healthy 193077 0.996
MICA_II_078_RML COPD 1092789 1.000
MICA_II_061_RLL Healthy 175842 1.046
MICA_II_065_LLL Healthy 294122 0.977
MICA_II_109_RML Healthy 601252 0.985
MICA_Il_141_RML Healthy 659567 0.985
MICA_II_128_RLL Healthy 214688 0.970
MICA_I1_130_LLL Healthy 496871 1.004
MICA_II_126_RML COPD 1248508 1.106
MICA_II_095_LLL Healthy 768741 0.922
MICA_I1_085_RUL COPD 371065 0.919
MICA_Il_094_LLL COPD 364761 0.901
MICA_Il_132_RML COPD 1805946 1.007
MICA_Il_081_RML COPD 801747 1.128
MICA_II_105_RML COPD 844511 0.969
MICA_Il_046_RUL Healthy 343816 0.899
MICA_Il_104_RML COPD 1152597 0.990
MICA_II_064_RML COPD 1089079 0.974
MICA_II_056_RLL Healthy 313940 1.034
MICA_II_062_RML Healthy 344192 1.067
MICA_II_076_LUL Healthy 333900 1.008
MICA_II_082_LLL COPD 732867 1.007
MICA_Il_131_RML Healthy 127769 1.017
MICA_II_079_RML COPD 810943 1.072
MICA_II_097_RUL COPD 1077755 0.974
MICA_Il_134_LLL Healthy 699110 0.961
MICA_Il_069_RML COPD 1076087 1.161
MICA_II_093_RML COPD 373396 0.996
MICA_Il_098_RML COPD 678973 1.046
MICA_II_133_RML COPD 882149 0.935
MICA_Il_147_LLL COPD 451583 0.998

CPM filtered dataset, N=31. COPD, n=17.
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The TMM-normalised dataset (n=31) was then used for the differential expression analysis
between patients with COPD and healthy ex-smokers. By using the TMM normalisation values,
the statistical tests used in differential expression analysis were less skewed and the false positive

rate was reduced.

2.10.4 Negative binomial models

Original methods for modelling RNA-sequencing count data used the Poisson distribution.
However, the Poisson assumes the mean and variance are identical and in RNA-sequencing
measurements, the variance of miRNA expression is larger than the mean (termed
"overdispersion"). Therefore the negative binomial distribution is used which has a dispersion

parameter for modelling the increase in variance from a Poisson process.

2.10.4.1 Biological coefficient of variation

The package edgeR in R (v 3.8.2) was used to perform the statistical methodology (based on
negative binomial models) to analyse the differentially expressed miRNA. Firstly, edgeR shares
information across miRNA to determine a common dispersion. It then extends this to a trended
dispersion to model the mean-variance relationship (lowly expressed genes are typically more
noisy). Lastly, it calculates a dispersion estimate per miRNA and shrinks it towards the trended
dispersion, referred to as the "biological coefficient of variation" (BCV). The BCV is normally ~0.4
in human studies (373). The miRNA-specific (referred to in edgeR as tagwise) dispersion estimates
are used in the test for differential expression. The following code can be used to calculate

dispersion estimates and visualise them in a BCV plot (see Figure 2.24); where
“TMM_normalised” is the normalised miRNA dataset and “design” is a model matrix based on

the experimental design of the study (i.e. samples either assigned to COPD or Healthy).

> Condition <- factor(groupl ,"Disease"], levels=c("Healthy", “COPD")
> design <- model.matrix(~Condition)

>y <- estimateDisp(TMM_normalised,design)

## The square root of the common dispersion gives the BCV

> sqrt(y$common.dispersion)

# The dispersion estimates can be view in a BCV plot

> plotBCV(y)
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The package edgeR applies an empirical Bayes strategy for squeezing the tagwise dispersions
towards a global dispersion trend or towards a common dispersion value. The amount of squeeze
is determined by the weight given to the global value on one hand and the precision of the
tagwise estimates on the other. The relative weights given to the two are determined the prior
and residual degrees of freedom. By default, the prior degrees of freedom, which determines the
amount of empirical Bayes moderation, is estimated by examining the heteroskedasticity of the

data (377).

Negative binomial distribution methods were used to model the CPM filtered-TMM normalised-
dataset. The common dispersion estimate was calculated as 0.398 (~0.4 is usual for biological
studies). Trended dispersion estimates and miRNA specific estimates (referred to as “Tagwise” in

edgeR) were plotted (Figure 2.24) and used in testing for differential expression.
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Figure 2.24 Biological coefficient of variation plot showing trended, common and miRNA
("Tagwise") specific estimates for CPM filtered TMM normalised data

2.10.5 Differential expression analysis between COPD subjects and healthy ex-smokers

Once negative binomial models were fitted and dispersion estimates obtained, edgeR determined

differential miRNA expression using the exact test.(373)

The exact test is based on quantile-adjusted conditional maximum likelihood (qCML) method,
which is commonly used for RNA-sequencing experiments with a single factor (e.g. COPD versus
health). Knowing the conditional distribution for the sum of counts in a group, (i.e. calculated by
the dispersion estimates), p-values were computed by summing over all sums of counts that have
a probability less than the probability under the null hypothesis of the observed sum of counts.

The exact test for negative binomial distribution has strong parallels with Fisher’s exact test (373).
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The following code performs this function in R, where “y” is the dispersion estimates calculated

above:

Figure 2.25

> et <- exactTest(y)

## To give the top 10 differentially expressed miRNA

> topTags(et)

## To list the miRNA differentially expressed at a false discovery rate (FDR) of 5%
> results_edgeR <- topTags (et, n= nrow(data_clean), sort.by = “none”)

> sum(results_edgeR$table$FDR<0.05)

## To visualise the data on an MA plot, showing the log2 fold change ony axis versus
average log 2 CPM on x axis for differentially expressed miRNA, with miRNA with an
FDR<0.05 in red.

> plotSmear (et, de.tags = rownames (results_edgeR) [results_edgeR$table
$FDR<0.05], pch=16, cex=1)

## Additional information can be added to the MA plot e.g. blue line representing two-

fold change in expression

> abline(h=c(-1,1), col = "blue”)

*

log, Fold Change
0

T
0 2 4 6 8 10 12 14
logz Avg. Expression (reads per million)

An example of an MA plot showing differential expressed miRNA
An MA plot is an application of Bland-Altman plot. Red dots represent miRNA with a FDR <0.05. Blue
lines represent a twofold change in expression.
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2.11 Real time-gPCR data analysis

2111 RT-gPCR data quality control

The amplification efficiency was calculated using algorithms by Qiagen® proprietary software
(378). All assays were inspected for distinct melting curves and the primer melting temperature
(Tm) was checked to be within known specifications for the assay. Furthermore, assays must be
detected with five Cq less than the negative control, and with Cq<37 to be included in the data
analysis. Data that did not pass these criteria were omitted from any further analysis. Cq was
calculated as the 2nd derivative.

Analysis of the expression levels of the RNA spike-in controls were performed to assess the quality
of the RNA extraction (UniSp2, UniSp4 and UniSp5), reverse transcriptase reaction (UniSp6) and

gPCR steps (UniSp3). These assays are not used for normalisation.

2.11.2 Normalisation of RT-qPCR data

NormFinder software in Microsoft® Office Excel was used to identify miRNA that were most stably
expressed across all samples from the miRNA sequencing results (379). These miRNA were then
used as normalisers for the qPCR validation study. Although all of these “normaliser” miRNA were
measured by RT-gqPCR, only “normaliser” miRNA detected in all samples were used for
normalisation of Cq data. The mean Cq for all the universally expressed “normaliser” miRNA was
calculated to give a Geomean Cg. Then, the following formula was used to calculate the
normalized Cq values:
Normalized Cq of miRNA of interest (ACq) = Geomean Cq — miRNA of interest Cq

A higher value thus indicates that the miRNA is more abundant in the particular sample. Values

were then presented as 22 to represent fold change.

2.11.3 Differential expression analysis of RT-qPCR data

To compare the differences between COPD and healthy ex-smokers, the SD, and the average ACq
was calculated for the two groups. Based on this, the AACq was calculated for each miRNA. The
distribution of the data was assessed by a Shapiro-Wilk normality test, with a p>0.05 suggesting
data is normally distributed.

An unpaired t test with Welch’s correction (assuming the SD was not equal for groups) was
performed. Raw P values were then adjusted for multiple testing using the Benjamini-Hochberg

correction (380).
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Volcano plots were generated in R (v 3.8.2) using the following code:

>qPCR_results <- read.table("MA_data_qPCR.csv", header = TRUE, row.names = 1, sep
=)

>with(gqPCR_results, plot(log2FC, -log10(Pvalue), pch=20, main="Volcano plot", xlim=c(-
2.5,2))

>with(subset(qPCR_results, FDR<0.05), points(log2FC, -log10(Pvalue), pch=20,

cex=2,col="red"))
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2.12 Identifying miRNA target genes

An overview of the methods to identify of miRNA target genes is summarised in Figure 2.26. Each

of the following sections will cover the processes outlined in the blue boxes.

miRNA sequencing mRNA sequencing
BALF EVs N=44 Epithelial brushlngs N=44

DE analy5|s DE analysis
COPD vs H-ES COPD vs H-ES
(edgeR) (DESeq2)

DE miRNA
FDR <0.05

miRNA-mRNA
interaction
matrix

DE genes
FDR <0.05

miRNA target Identify putative
Identification miRNA-mRNA
in silico interactions
(MultiMiR) (MultiMiR)

miRNA-mRNA
targets
(validated &
predicted)

Figure 2.26 An overview of the methods used to identify miRNA-mRNA interactions in this study
Blue rectangle indicates a process with the software/tool specified in parenthesis, grey trapezium
indicate a data output, yellow diamond is an important checkpoint. BALF, bronchoalveolar lavage fluid;
COPD, Chronic obstructive pulmonary disease; DE, differential expression; EVs, extracellular vesicles;
FDR, false discovery rate; H-ES, healthy ex-smoker; miRNA, microRNA; mRNA, messenger RNA

2121 miRNA target prediction in silico analysis using multiMiR

MicroRNA targets sites are catalogued in databases based on experimental validation and
computational prediction using a variety of algorithms. Several online resources provide
collections of multiple databases such as miRBase (381), TargetScan 7.2 (303) and the multiMiR
package in R (382). The latter is a comprehensive collection of nearly 50 million predicted and
validated miRNA-target interactions and their associations with diseases and drugs. MultiMiR was

chosen for this analysis over other databases as it includes several novel features:

1. Compilation of 14 different databases, more than any other collection

2. Expansion of databases to those based on disease annotation and drug response, in
addition to many experimental and computational databases.

3. User-defined cut-offs for predicted binding strength to provide the most confident

selection.

Lists of validated and predicted mRNA targets for the differentially expressed lung EV miRNA
identified from the differential expression analysis (Chapter 4) were generated in using multiMiR
package (v.2.1.1.) in R (v 4.0.2) using the following code (where UP_mRNA corresponds to the up-
regulated miRNA in COPD):
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>library(multiMiR)

##List of validated targets of up-regulated miRNA in COPD
>UP_multimir_results <- get_multimir(org = 'hsa’,

mirna = UP_mIRNA,

table = 'validated',

summary = TRUE)

>table(UP_multimir_results@data$mature_mirna_id)

##List of validated results for a specific miRNA (e.g. miR-2110)

>miR_2110 <- UP_multimir_results@data[grep("hsa-miR-2110", UP_multimir_results@datal,
"mature_mirna_id"]), ]

>miR_2110 <- as_tibble(miR_2110)

>mIiR_2110 <- miR_2110 %>% distinct(target_ensembl, .keep_all = TRUE)

##List of predicted results for all up-regulated miRNA in COPD, with the top 20% of targets
considered.

> UP_multimir_results_pred <- get_multimir(org = 'hsa’,
mirma = UP_mIiRNA,
table = 'predicted’,
predicted.cutoff.type = 'p',
predicted.cutoff = 20,
use.tibble = TRUE,
summary = TRUE)

> table(UP_multimir_results_pred@data$mature_mirna_id)

The analysis was completed for both up and down-regulated miRNA identified from the

differential expression analysis comparing COPD with healthy ex-smokers.

Next generation mRNA sequencing of epithelial brushings — performed by the

Translational Science & Experimental Medicine team at AstraZeneca

Paired epithelial brushings (processed as outlined in section 2.4.5.1) from the same study subjects

and lung lobe location as the BAL EV were isolated from, were processed for mRNA sequencing by

the Translational Science & Experimental Medicine team from AstraZeneca (Gothenburg,

Sweden). The following section outlines the methods of the library preparation and sequencing.
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Briefly, total RNA was extracted from epithelial brushings using the AllPrep DNA/RNA/miRNA
Universal Kit (Qiagen®). The quantity and quality of RNA samples were determined using the
standard RNA analyzer kit on a 96-channel Fragment analyzer (Agilent® Technologies, Stockport,
UK). Extracted samples with a yield concentration >25 ng/ul total RNA, and a DV value
(percentage of RNA fragments >200nucleotides) >=30% were deemed to be of sufficient quantity
and quality for TotalRNA-seq analysis. Samples were diluted to 25 ng/ul using a Tecan Fluent
liquid handling automation system (Tecan, Méannedorf, Switzerland). Library preparation was
done in four separate runs, one 96 well plate per run. The Kapa RNA HyperPrep Kit with RiboErase
was used for reverse transcription, generation of double stranded cDNA and subsequent library
preparation and indexing to facilitate multiplexing (Roche, Basel, Switzerland), all of which was
performed through automation on a Tecan fluent. The libraries were quantified with the 96-
channel Fragment Analyzer using the standard sensitivity NGS kit (Agilent® Technologies).
Samples from each preparation plate were pooled and the final pools (4 in total) were quantified
using a Qubit™ instrument for concentration determination with the DNA High Sensitivity kit
(ThermoFisher Scientific®). Fragment size was determined using the Fragment Analyzer, standard
sensitivity NGS kit (Agilent® Technologies). Three of four library pools were further diluted to 1
nM and sequenced on a NovaSeq 6000 (lllumina®) using NovaSeq 6000 S4 Reagent Kit, 2x76
cycles. The remaining library pool was diluted to 1.9 nM and sequenced on NovaSeq 6000
(lumina®) using 2 NovaSeq 6000 SP S1 Reagent Kits, 2x51 cyclers. Average reads per sample were

52.6 million.

21221 mRNA sequencing data preparation - performed by the Bioinformatics team at

AstraZeneca

The epithelial brushing mRNA sequencing output processing, quality control, mapping and
alignment was performed by the AstraZeneca bioinformatics team. Briefly, Fastq files from
paired-end sequencing libraries were collected and read quality for all libraries was accessed using
FastQC (v 0.11.7) (383), Qualimap (v 2.2.2c) (384) and samtools stats (v 1.9) (385). QC metrics for
Qualimap were based on a STAR (v 2.7.2b) (386) alignment against the human genome (GRCh38,
Ensembl v99). Next, QC metrics were summarized using MultiQC (v 1.7) (387). Two libraries were
excluded; one due to a low mapping rate (57% vs [79%-97%]) and another due to low sequencing
throughput (210k reads vs [20M-86M]), leaving 118 epithelial brushings for analysis. Sequencing
adapters were then trimmed from the remaining libraries using NGmerge (v 0.3) (388). A human
transcriptome index consisting of cDNA and ncRNA entries from Ensembl (v 99) was generated
and reads were mapped to the index using Salmon (v1.1.0) (389). The bioinformatics workflow
was organized using Nextflow workflow management system (v 19.07) (390) and Bioconda

software management tool (391).
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2123 Differential gene expression analysis of the epithelial brushing mRNA

| performed the differential gene expression analysis of the epithelial brushing mRNA using
DESeqg2 (v 1.26.0) (392), using apeglm (v 1.8.0) (393) for fold change shrinkage, all in R (v 4.0.2). In
the model for differential expression effects from a technical batch-effect (library preparation
plate) were taken into account. Estimated counts were used as input for the DESeq2 with lowly
expressed genes excluded (only genes with at least 10 counts in at least 20 samples were kept,

n=27,229).

Differential gene expression analysis was performed in R (v 4.0.2) using the following code:

## Read in total RNA-seq data (provided by AstraZeneca, where a pre-prepared dds object is
available with two assays:

1.counts: estimated raw counts (from Stargazer pipeline (counts from tximport, Salmon
quantification)

2. vst_batch: vst normalized expression from batch-corrected counts where the Lane/Plate

effect has been removed.

The dds object also has all metadata available (coldata).

> dds < - readRDS(file.path(params$dir_data, params$data_version))

## Subset dds object to sample type of interest, epithelial brushings

> dds_brush <- dds[, dds$NGS.Sample.type %in% c(params$sample_type)]

## Subset dds object to only include Groups of interest, COPD (P_FE, P_IE) and healthy ex-
smokers (HV_ES).
>dds_brush <- dds_brush[, dds_brush$Group %in% c("P_FE","P_IE","HV_ES")]

## Subset dds object to only include matched samples of interest (i.e. those with matched EV

miRNA from the same lobe location, N=44)

>rownames <- rownames(dds_brush_16g@colData)

>dds_brush_N44 <- dds_brush_16g[,rownames %in%
c("200716V4007RNCRLLAT","111116V4034RNCRMLAT","C1111820013",
"030816V4056RNCRLLAT","111116V4062RNCRLLAT","111116VA06IRNCRMLAT",
"020916V4065RNCLLLAT","111116V4073RNCRLLAT","111116V4076RNCLULAT", "111116V4077R
NCRMLAT","040518V4095RNCLLLA1","040518V4109RNCLLLA1T","040518V4128RNCRLLAT","
040518V4130RNCLLLAT","040518V4131RNCRMLAT","040518V4134RNCLLLAT","040518V413
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5RNCLLLAT","040518V4140RNCRMLAT1","040518V4141IRNCRMLAT","040518V4150RNCLLLA
1","1M1116V4078RNCRLLAT","C1111820001","C1111820006","C1111820009","040518V4097RNC
RULA1","040518V4100RNCLULAT","040518V4T105RNCLLLAT","040518V4145RNCRMLAT","04
0518V4148RNCRLLA1","040518V415TRNCRMLAT","210616V4054RNCRMLAT","020916V406
4RNCRMLAT","020916V4069RNCRMLAT","111116V4079RNCRMLAT","231116V408TRNCRML
A1","040518V4093RNCRMLAT","040518V4094RNCLLLAT","040518V4104RNCRMLA1","0405
18V4126RNCRMLAT","040518V4132RNCRMLAT","040518V4133RNCRMLAT","040518V4139
RNCRULAT","040518V4144RNCRMLA1")]

## Set-up "design” & "reference level” to reflect experimental design of study (i.e. samples
either assigned to COPD or Healthy) and adjust for potential bias.
>design(dds_brush_N44) <- formula(~Lane.Plate + Disease)

>dds_brush_N44$Disease <- relevel(dds_brush_N44$Disease, ref = "HV")

## Drop levels prior to performing DESeq?2 analysis:

>dds_brush_N44$Disease <- droplevels(dds_brush_N44$Disease)

## Run DESeq?2 analysis for differential expression between COPD and healthy ex-smokers.
>dds_brush_N44 <- DESeq(dds_brush_N44)

# Perform log fold change-shrinkage using apeglm

>res_COPDvsES_g <- IfcShrink(dds_brush_N44, coef="Disease_COPD_vs_HV", type="apegim")

## To list the mRNA with differentially expressed at a FDR of 5%
>sum(res_COPDvsES_g$padj < 0.05, na.rm=TRUE)

## To list the mRNA with fold change of greater than 2.
>sum((res_COPDvsES_g$padj < 0.05 & abs(res_COPDvsES_g$log2FoldChange) > 1),
na.rm=TRUE)

## To visualise the data on an MA-plots, showing the log2 fold change on y axis versus vs
expression-level (Mean of Normalised counts) on x axis for differentially expressed miRNA,
with miRNA with an FDR<0.05 in red.
>plotMA(res_COPDvsES_g, ylim=c(-4,4), colSig ="red", alpha = 0.05, abline(h=c(-1,1), col
= "blue", Ity = 2), ylab = "log2 fold change"
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2124 Identify miRNA-mRNA putative interactions

In addition to retrieving all validated and predicted target genes of given miRNA or set of miRNA,
the multiMiR package within R (382) has functionality to retrieve interactions between miRNAs
and a specific set of differentially expressed genes. Given than miRNA lead to a down-regulation
of their gene targets (an inverse correlation relationship), only down-regulated genes in COPD
were selected as possible targets for up-regulated miRNA in COPD and vice versa. Interactions
between the up-regulated miRNA and down-regulated genes identified from the differential
expression analysis were identified by the multiMiR (v 2.1.1.) in R (v 4.0.2) using the following

code:

##Run multiMiR package for human organism, up-regulated miRNA, down-regulated
genes, for both validated and predicted targets, considering only the top 20% of
predicted interactions.
>UP_multiMir <- get_multimir(org = "hsa",

mirna = DE.miRNA.up,

target = DE.entrez.dn,

table = "all",

summary = TRUE,

predicted.cutoff.type = "p",

predicted.cutoff =20,

use.tibble = TRUE)

The analysis was also performed for the down-regulated miRNA and up-regulated genes. Any
duplicates found from multiple databases were removed from the resultant miRNA-mRNA

interaction matrix.
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2.13 miRNA-mRNA interaction analysis

An overview of the methods to identify the miRNA-mRNA most important to COPD biology is
summarised in Figure 2.27. Each of the following sections will cover the processes outlined in the

blue boxes on the right under the miRNA-mRNA interaction analysis heading.

Interactions)

MIiRNA sequencing mRNA sequencing miRNA-mRNA interaction analysis
BALF EVs Epithelial brushings
=275 miRNA =~27,000 Correlative analysis Identify significant
(Pearson in R) correlations
DE analysis DE analysis
COPD vs H-ES COPD vs H-ES f
miRNA-mRNA . .
(edgeR) (DESeq2) Tt e el Identify miRNA(s)
i ith greatest
i —> (miRmapper & with g
. Cytoscape) impact on gene
8 DE miRNA 196 DE genes (£
FDR <0.05 FDR <0.05

expression

mIRNA target Identify putative L, Ge":nglnts?s'%v Identify significant
Identification in silico miRNA-mRNA (swéo) biological pathways
(MultiMiR) interactions & processes
(MultiMiR)

miRNA-mRNA

targets = 21,343
(7615 validated &
13,728 predicted)

Figure 2.27 An overview of the methods used in this study for miRNA-mRNA interaction analysis
Blue rectangle indicates a process with the software/tool specified in parenthesis, grey trapezium
indicate a data output, yellow diamond is an important checkpoint. BALF, bronchoalveolar lavage fluid;
COPD, Chronic obstructive pulmonary disease; DE, differential expression; EVs, extracellular vesicles;
FDR, false discovery rate; H-ES, healthy ex-smoker; miRNA, microRNA; mRNA, messenger RNA

2.13.1 Pairwise correlation analysis between miRNA and mRNA

Due to its simplicity and intuitive interpretation, Pearson correlation is widely used to analyse the
relationships between miRNAs and mRNAs (394, 395). Therefore, Pearson correlations were
generated using the Hmisc package in R (v 4.0.2) to determine the relationship between the
normalised expression data of the differentially expressed miRNA and mRNA. The following code

generated the correlation coefficients with adjusted P values using the Benjamini-Hochberg

method.

The object mMRNA_vs_miRNA contained the normalised expression data for miRNA and mRNA for

each of the 44 matched patient samples.

>mMRNA_vs_miRNA_rcorr <- rcorr(as.matrix(mRNA_vs_miRNA), type = c("pearson"))

##For R values

>mRNA_vs_miRNA_coeff <- mRNA_vs_miRNA_rcorr$r

##For p values

>MRNA_vs_miRNA_p <- mRNA_vs_miRNA_rcorr$P
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##Flatten correlation matrix in order to visualise
>res2 <-rcorr(as.matrix(MRNA_vs_miRNA))
>flattenCorrMatrix <- function(cormat, pmat) {
ut <- upper.tri(cormat)
data.frame(
row = rownames(cormat){row(cormat)[ut]],
column = rownames(cormat)[col(cormat)[ut]],
cor =(cormat)[ut],
p = pmat[ut]
)
Jrequired to have an FEV1 % predicted of >50% to be included for a research rb
>correlationresults <- flattenCorrMatrix(mRNA_vs_miRNA_coeff, mMRNA_vs_miRNA_p)

>P_values <- correlationresults[,4]

##Adjust P values using FDR correction
>Adj_P_values <- p.adjust(P_values, method = c("fdr"), n = length(P_values))
>Ad]j_P_values_DF <- as.data.frame(Ad]j_P_values)

>correlationresults_adj_P_values <- cbind(correlationresults,Adj_P_values_DF)

##Subset those results with a FDR<0.05
>sign_P <- subset(correlationresults_adj_P_values, Adj_P_values < 0.05, select = c(row,

column, cor, p, Adj_P_values))

##Filtering out correlations between miRNA-miRNA or mRNA-mRNA

>HSA_ALL <- correlationresults_adj_P_values[grep("HSA",
correlationresults_adj_P_values$row), ]

>HSA_ALL <- HSA_ALL[grep("ENSG", HSA_ALL$column), ]

>HSA_ALL_sign_P <- subset(HSA_ALL, p < 0.05, select = c(row, column, cor, p, Adj_P_values))

2.13.2 Network analysis of miRNA-mRNA interaction network

The package miRmapper in R uses miRNA-mRNA predictions and a list of differentially expressed
MRNAs to identify the most dominant miRNAs in the miRNA-mRNA interaction network and

recognise the similarities between miRNA based on commonly regulated mRNA (396).
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The following code was used in R (v 4.0.2) for this analysis, where input_1is the miRNA-mRNA

interaction matrix (generated by multiMiR — see section 2.12.4) and input_2 are the differentially

expressed genes in the epithelial brushings (identified by DESeq2 analysis — see section 2.12.3).

>library(miRmapper)
>miRm <- miRmapper(interactions = input_1, DEgenes = input_2)

##To generate an adjacency matrix of the interaction network (SUM of miRNA targeting a

specific gene)
>adjMat <- adjMat(miRm)

##T0 generate metrics that measure the predicted impact each miRNA has on the

differentially expressed genes.

>impact <- getimpact(miRm)

##To depict the impact of each miRNA on the set differentially expressed gene targets.
>barPlot(miRm)

##T0 explore the similarity between the miRNA based on shared targets
>dendrogram(miRm)

>identityPlot(miRm)

The inputs and outputs of this workflow are summarised in Figure 2.29.
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Input_1:

. Input_2:
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Figure 2.28 An overview of miRmapper outputs describing the miRNA-mRNA interaction network
DE, differentially expressed; miRNA, microRNA; mRNA, messenger RNA

2.13.3 miRNA-mRNA interaction network topology

Networks generated by the miRNA-mRNA interactions generated by the analysis in section 2.12.4
can be analysed further to identify a small number of miRNA-mRNA interactions that could be
biologically important or related to a process in the study. Network topology analysis is a
powerful way to prioritise nodes that can be important for gene network function. The methods
used for this analyses are outlined by Ledn and Calligaris in the book MicroRNA Profiling: Methods

and Protocols (397).

Cytoscape is an open source software platform for visualising complex networks and integrating
these with any type of attribute data (e.g. expression values) (398). The platform includes built-in

tools that give basic network statistics such as:

e Node degree (number of edges incidents to the node)
e Betweeness centrality (indicator of a node’s centrality in a network)
e Cluster coefficient (measure of the degree to which nodes in the network tend to cluster

together).

Cytoscape was used to visual the miRNA-mRNA interaction networks for both up and down-
regulated miRNA. The following node attributes were added to the network to integrate all of the

analytical steps performed so far:
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i The circular nodes correspond to the differentially expressed genes identified from
the methods outlined in section 2.12.3. The size of the node is proportional to the
differential expression in COPD, i.e. for the up-regulated miRNA network, the larger
the node, the more down-regulated the gene was in COPD epithelial brushings.

ii. The edges represent an interaction between a miRNA and mRNA. If the edge is a solid
line, this represents a validated mRNA target, whereas a dotted line represents a
predicted mRNA target (these targets were identified using the methods outlined in
2.12.1).

iii. The nodes coloured in orange are those identified as significant (FDR<0.05) from the
correlative analysis (methods in section 2.13.1).

iv. The nodes coloured purple are those mRNA regulated by more than one miRNA and
therefore have a degree centrality >1 (identified by methods outlined in section

2.13.2).
The nodes coloured yellow satisfy both iii. and iv. and therefore may be of greater significance.

21331 Cluster analysis of networks

Cluster analysis of biological networks is one of the most important approaches for identifying
functional modules and predicting downstream protein functions. | used ClusterViz, a Cytoscape
plugin, to identify clusters (highly connected nodes) within the miRNA-mRNA interaction network
(399). Within this tool | used the EAGLE algorithm (400), which has previously been used to
analyse networks of this type (401). This approach allows the discovery of interconnected miRNA

and genes, which may therefore identify those interactions with greater biological significance.

2.13.4 Gene Ontology enrichment analysis

The gene ontology (GO) project maintains a controlled hierarchical vocabulary of terms along with
logical definitions to describe molecular functions, biological processes and cellular components
(402). This knowledge can be applied to a given list of genes (referred to as a ‘gene-set’) to
explore the GO terms annotating the genes and split them into functional groups (‘annotation
analysis’). In addition, ‘enrichment analysis’ can be performed by only focusing on terms

significantly over-represented in the gene-set.

2.13.4.1 The Biological Networks Gene Ontology tool (BiINGO)

The Biological Networks Gene Ontology tool (BiNGO) is an open source Java-based tool to
determine which GO categories are statistically overrepresented in a gene-set (403). It is

implemented as a plugin for Cytoscape and maps the predominant functional themes of the gene-
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set on the GO hierarchy, and outputs this mapping as a Cytoscape graph. It has been used
previously to analyse functional enrichment of miRNA-mRNA networks (404). | performed the
enrichment analysis for both GO biological processes and molecular functions within BINGO using
the hypergeometric statistical test, which is recommended for differentially expressed genes

(405), followed by a multiple hypothesis correction by FDR (p = 0.05).

2.13.4.2 Enrichment Map for gene-set enrichment visualisation and interpretation

Although GO enrichment analysis is a helpful technique for high-throughput data interpretation,
enrichment results are often characterized by lots of redundancy and inter-dependencies
between gene-sets representing functional categories. Therefore a typical enrichment analysis
can output up to 300 hundred different functional categories, which can be difficult to prioritise
for further exploration. To address this, | used ‘Enrichment Map’, a network-based visualisation
method within Cytoscape for organising and displaying the major enriched functional themes

from the GO enrichment results (406).
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2.14 Statistics

Statistical analyses were performed in GraphPad® Prism version 7.05 (GraphPad Software®, San

Diego, USA), unless otherwise specified.

Baseline subject characteristics were summarised using standard descriptive statistics, with
number and percentages for binary and categorical outcomes and appropriate measures for
continuous outcomes — means and SD for normally distributed variables and medians and IQR for
skewed distributions. The distribution of the data was assessed by the Shapiro-Wilk normality
test, with a p>0.05 suggesting data is normally distributed. Welch two-sample t tests (for normally
distributed data) and Mann Whitney U tests (for skewed data) were used to test whether there
were significant differences in baseline subject characteristics between COPD subjects and

healthy controls.

Logistic regression models were used to explore the relationship between co-variables (age,
gender, smoking pack year history and lobe sampled) on the proportion of miRNA reads in COPD

compared with healthy ex-smoker samples.

Receiver operative characteristic (ROC) curves were generated using the miRNA normalised
expression data in SPSS® to investigate the predict ability of the differentially expressed miRNA to

differentiate between health and disease.

Further specific statistical tests are defined either in the corresponding methods sub-section or

where presented in the results.

Results were determined to be significant with a value of at least P<0.05; except when making
multiple comparisons (e.g. differential expression analysis) where results were determined to be

significant given a FDR<0.05 using the Benjamini-Hochberg correction (380).
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Chapter 3  Study cohort characteristics for extracellular

vesicle isolation from bronchoalveolar lavage fluid

3.1 Introduction

This chapter describes the characteristics of the study cohort used for extracellular vesicle (EV)
isolation from bronchoalveolar lavage fluid (BALF). This study cohort comprises 20 subjects with
Chronic Obstructive Pulmonary Disease (COPD) and 15 healthy ex-smokers and is a sub-group
from the larger MICA Il cohort study in which patients underwent full lung function, blood and
sputum sampling, high-resolution computer tomography (HRCT) and bronchoscopy. This chapter
will cover the phenotypic characteristics of this sub-group and highlight any differences that may

be important to consider prior to any further analysis exploring underlying disease mechanisms.

3.2 Characteristics of the subjects included in EV isolation from BALF

BALF samples from 20 COPD subjects and 15 healthy ex-smokers in the MICA Il research cohort
were processed for EV isolation using size exclusion chromatography (SEC). The baseline

characteristics for this group are summarised in Table 3.1.
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Table 3.1 Characteristics of subjects included in BALF EV RNA isolation for miRNA sequencing,

n=35

Subject/sample characteristics COPD Healthy ex-smoker P value
(n=20) (n=15)

Age, mean £SD 70.4 6.8 66.9 £7.8 0.18
Male, n (%) 17 (85) 9 (60) 0.13
Smoking pack years, median (IQR) 40 (46.4) 25 (19) 0.16
BMI, mean £SD 293143 28.4t4.4 0.12
Lung Physiology
FEV1 (% predicted), mean +SD 79.9 +13.9 99.5+14.2 0.0003
FVC (% predicted), mean +SD 99.7 £14.9 104.5 +16.6 0.34
FEV1/FVC%, mean +SD 58.6 +8.0 77.3 3.2 <0.0001
FEF 25-75 (% predicted), mean +SD 44 +16.4 98.1 +21 <0.0001
DLCO (% predicted), mean +SD 75.8 £14.9 91.1+12.6 0.004
COPD status, GOLD stage, n (%) 0.45
Mild 9 (45) NA
Moderate 11 (55) NA
Baseline & historic blood counts
Total blood leucocytes (10°/L), mean 7.3 +1.4 6.7 £1.3 0.13
+SD
Absolute neutrophil count (10%/L), 4.6+1.2 3.9+1.0 0.06
mean £SD
Absolute eosinophil count (10%/L), 0.2 (0.2) 0.1(0.1) 0.1
median (IQR)
Historic eosinophils (10°/L), median 0.35(0.2) 0.1(0.1) <0.0001
(IQR)
HRCT measurements
E/I MLD, mean +SD 0.8+0.04 0.81 +0.05 0.02
%LAA< 950, mean £SD 104 +5.1 7.314.9 0.08

Fisher’s exact test was performed for Gender given small sample size. Chi-squared test used for COPD status.
Shapiro-Wilk test for normality was performed for all continuous variables.

Welch two sample t test was performed for normally distributed data; Age, BMI, FEV1, FVC, FEV1/FVC and FEF 25-75,
TLCO, RV/TLC SR, total blood leucocytes, absolute neutrophil count, E/I MLD and %LAA gso.

Mann-Whitney U test was performed for skewed data; smoking pack years and eosinophil blood counts.

BMI, body mass index; FEV1, forced expiratory volume in 1 sec, FVC, forced vital capacity; FEF, Forced expiratory flow
rate; DLCO, diffusion capacity of the lung for carbon monoxide; E/I MLD, ratio of mean lung attenuation on expiratory
and inspiratory scans; Historic eosinophil count, highest ever recorded eosinophil measurement; HRCT, high resolution
computer tomography; %LAA<-950, percent of lung voxels on the inspiratory scan with attenuation values below -950
Hounsfield Units; IQR, interquartile range; NA, non-applicable; SD, standard deviation.

The subjects were matched for age, sex, smoking history and body mass index (BMI) (Table 3.1).
There were however more males in both groups. As expected post-bronchodilator forced
expiratory volume in one second (FEV1) % predicted, FEV1/forced vital capacity (FVC), forced
expiratory flow rate (FEF) 25-75 % predicted and diffusion capacity of the lung for carbon
monoxide (DLCO) % predicted were all significantly reduced in the COPD group. The COPD

subjects were balanced between mild (45%) and moderate (55%) GOLD status.
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3.2.1 Baseline & historic blood count

Full blood count with cell differential were analysed for all subjects prior to bronchoscopy. Blood
eosinophils are an important biomarker in COPD as they are seen as a useful marker of future
exacerbation risk and have a role in predicting steroid responsiveness (407). Although baseline
levels of blood eosinophils were not different between COPD subjects and healthy ex-smokers
(median 0.2 and 0.1 respectively), historic blood eosinophil counts were significantly higher in the
COPD subjects than the healthy controls (Table 3.1, p <0.0001), where historic blood eosinophil

count refers to the highest ever-recorded eosinophil measurement.
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Figure 3.1 Baseline (A) and historic (B) blood eosinophil counts for COPD subjects compared
with healthy ex-smokers
Median and IQR presented as skewed data. ****p<0.0001 using Mann Whitney test

When examining the variability of eosinophil counts across the COPD subjects, analysis showed
one subject with COPD with higher levels of eosinophils both at baseline (absolute eosinophil
count 0.7 10°/L, Figure 3.1 A) and in historic blood eosinophil levels (absolute eosinophil count 1.9
10%/L, Figure 3.1 B). Interestingly, this was a different COPD subject in each case, demonstrating
the variability of eosinophil levels in the blood over time. After excluding these as possible
outliers, the significance remained when comparing historic blood eosinophil expression in COPD

subjects with health ex-smokers (p<0.001).

There were no differences in total blood leucocyte count or absolute neutrophil count between

the two groups (see Table 3.1).

3.2.2 HRCT measurement

Quantitative assessment of gas trapping and emphysema were performed using HRCT analysis.

The ratio of mean lung attenuation on expiratory and inspiratory scans (E/I MLD), a surrogate
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marker for gas trapping (as discussed in section 2.4.4), was found to be significantly lower in COPD
subjects compared with healthy controls (mean 0.8 (SD0.04), 0.81 (SD+0.05) respectively, p =
0.02). E/I MLD also significantly negatively correlated with spirometric markers of airflow
obstruction (FEV1/FVC, r = -0.43, p = 0.008), small airways disease (FEF 25-75%, r = -0.47, p =
0.007) and disease severity (FEV1%, r = -0.48, p = 0.006) across the whole cohort, but not in COPD
subjects alone (see Table 3.2). The measure percent of lung voxels on the inspiratory scan with
attenuation values below -950 Hounsfield Units (%LAA<.ss0) did not differ between the two groups
(mean 10.4 (SD#5.1) and 7.3 (SD+4.9) in COPD and health ex-smokers respectively), and only
correlated with FEV1/FVC (r =-0.39, p = 0.03) and FEF 25-75% predicted (r = -0.36, p = 0.03) across
the whole study cohort. Similar to E/I MLD, %LAA.ss did not correlate with any spirometric

markers or DLCO in COPD subjects alone (Table 3.2).

Table 3.2  Correlation between HRCT measures of small airways disease and emphysema and
physiology measures of disease

FEV1 % FVC % FEV1/FVC FEF 25-75% DLCO
Whole cohort, n= 35
E/I MLD -0.48** -0.13 -0.43%** -0.47** -0.26
%LAA< 50 -0.21 0.24 -0.39* -0.36* -0.23
COPD Subijects, n=20
E/I MLD -0.3 0.07 -0.43 -0.37 -0.18

%LAA< 950 -0.1 0.41 -0.32 -0.24 -0.27

Spearman’s correlation coefficient. N=35, whole cohort. N=20, COPD subjects. *p<0.05, **p<0.01

FEV1, forced expiratory volume in 1 sec, FVC, forced vital capacity; FEF, Forced expiratory flow rate; DLCO, diffusion
capacity of the lung for carbon monoxide; E/I MLD, ratio of mean lung attenuation on expiratory and inspiratory scans;
%LAA<-950, percent of lung voxels on the inspiratory scan with attenuation values below -950 Hounsfield Units

3.2.3 BALF count analysis

BALF differential cell counts were analysed in all 20 COPD subjects and 15 healthy ex-smokers
(Figure 3.2). For this analysis the differential cell count from the same lobe as was sampled for the
EVs was used. There were significantly increased neutrophils and eosinophils in the BALF of COPD
subjects compared with the healthy ex-smokers (p = 0.02 and p = 0.04 respectively — Figure 3.2 A
and C). As expected macrophages were the dominant cell type in the BALF (median 67.4% across
the whole cohort), however there were no differences in proportions between COPD subjects and
healthy ex-smokers (Figure 3.2 B). Relative numbers of lymphocytes in BALF were low and there

were no significant differences between groups (Figure 3.2 D).
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Figure 3.2 BALF expression of immune cells in COPD subjects and healthy ex-smokers.
(A) Neutrophil, (B) Macrophage, (C) Eosinophil, (D) Lymphocyte. Data represents median with
interquartile range. Each dot represents BALF concentration of individual value in a specific patient.
N=35; COPD, n=20. *p<0.05 using Mann-Whitney U test. COPD, Chronic Obstructive Pulmonary Disease;
Healthy ES, healthy ex-smoker.

Given the differences in both blood and BALF eosinophil expression in COPD compared with
healthy ex-smokers, | further investigated whether these two measures correlated across the

whole cohort and in COPD subjects alone (Table 3.3).

Table 3.3  Correlation between blood and BALF eosinophil expression

Absolute blood eosinophil count Historic blood eosinophil count
(10%/L) (10°/L)
Whole cohort, n=35
BALF % eosinophils 0.2 0.29
COPD subjects, n =20
BALF % eosinophils -0.17 -0.13

Spearman’s correlation coefficient. N=35, whole cohort. N=20, COPD subjects. BALF, bronchoalveolar lavage fluid;
COPD, Chronic Obstructive Pulmonary Disease.

103



Chapter 3

None of the blood eosinophil counts correlated with BALF eosinophil expression in either the
whole cohort or in COPD subjects alone. Although historic blood eosinophil count showed a

possible weak correlation with BALF % eosinophils approaching significance (r = 0.29, p = 0.08).

3.3 Discussion

In this chapter | have outlined the subject characteristics of my study cohort, which underwent
BALF EV isolation. Subjects enrolled in the study were fully phenotypically characterised with

measures of inflammation, small airways disease and emphysema analysed.

331 Subject characteristics

The COPD patients sampled in this study had predominantly mild disease as determined by Global
Initiative for Chronic Obstructive Lung Disease (GOLD) stage (4), with a mean FEV1 % predicted of
79.9% (SD+13.9). This was primarily as a result of included subjects undergoing a fibreoptic
bronchoscopy, whereby the safety FEV1 % predicted cut-off was set at 50%. A further reflection of
the relatively mild cohort of COPD patients sampled in this study are the data from the HRCT
analysis, which showed very little established emphysema, with no significant difference in %LAA-.
ss0 in COPD subjects compared with healthy controls. These phenotypic characteristics are
important to note, as any differential BALF EV microRNA (miRNA) expression discovered during
subsequent analysis, would therefore reflect relatively mild disease changes. The lack of HRCT-
defined emphysema in these patients has implications when determining the mechanistic effects
of these dysregulated miRNA, as early epigenetic regulation of key inflammatory pathways may
lead to novel understanding of the temporal nature of COPD pathogenesis. Furthermore, any
differences in EV miRNA expression in early disease could have a future diagnostic role,
particularly given the issues with spirometry as a relatively insensitive test in early or pre-clinical

disease (142).

Despite not showing any significant difference levels of emphysema (as measured by %LAA<gs0),
there was a significant difference in presence of small airways disease in subjects with COPD with
a reduced FEF 25-75 % predicted and E/I MLD ratio in subjects with COPD. As discussed in section
1.2, small airways disease is a cardinal feature of COPD and there is evidence that it occurs early
in the natural history of COPD, with the narrowing and destruction of small airways appearing to
precede the development of emphysema (408-410). Therefore targeting treatment towards small
airways disease has the potential to treat both the progression of airway and parenchymal

disease, although this remains to be proven. Therefore, by investigating mechanisms of disease in
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this relatively mild cohort of patients with COPD, it may be possible to uncover new insights into
the role of EV miRNA in the development of small airways disease and may identify targets that

prevent disease progression.

As previously discussed in section 1.7.4, there are no published studies studying BALF EVs in the
lungs of COPD patients. Therefore, it is difficult to directly compare my sample cohort to others in
the literature. Those that have studied endothelial microvesicles (EMVs) in blood and sputum
have included more severe COPD patients, with a mean FEV1 % predicted range of 52.4 — 71.6%
(SD+8.51 - 40.9%) (247, 250, 260). These findings are applicable to a wider COPD cohort, however
less applicable mechanistically given their broader range of included subject phenotypes. Similarly
to my study, the subjects included in these previous studies were predominantly male (73.5%),
which historically, reflects the global increased prevalence of COPD in men (2). Importantly, my
groups were matched for gender (p=0.13) and therefore the male predominance should not

affect the differential expression analysis of EV miRNA between the two groups.

All subjects included in my study were ex-smokers, defined as smoking cessation for at least six
months prior to enrolment. This is contrary to previous EV studies, where cohorts have comprised
a mixture of current, ex- and non-smokers (247, 250, 254, 260). My study deliberately excluded
current smokers and non-smokers as my main aim was to investigate the effect of COPD on
differential EV miRNA expression, rather than smoke exposure. Importantly, all subjects had at
least a 10 pack-year history of smoking and again, groups were matched (p=0.16) so as not to

effect differential EV miRNA expression analysis.

3.3.2 Blood eosinophilia

Historic blood eosinophil counts (referring to highest ever-recorded eosinophil measurement)
were significantly higher in COPD subjects than healthy controls. This finding is consistent with the
literature that describes around 60% of COPD patients have blood eosinophil counts of 22% (150).
However, this difference was not shown at baseline absolute eosinophil measurement (Table 3.1,
p = 0.1). This is in-keeping with the concept that blood eosinophils counts are variable over time

and therefore is important to make repeated measurements (172).

Recognising eosinophilia in COPD has been shown to be important in predicting future
exacerbation risk and those who respond to corticosteroid treatment (149, 168, 407). However,
defining eosinophilia in COPD is challenging. As discussed in section 1.5.2, although blood
eosinophils are easy to measure, there is conflicting evidence as to whether they correlate with

eosinophil levels within the lungs of patients with COPD (169-171, 411). Data modelling suggests
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that there is a continuous relationship between blood eosinophil counts and inhaled
corticosteroid (ICS) effects, with ICS treatment having little or no effect at a blood eosinophil
count of < 100 cells/uL, and maximal effect at a blood eosinophil count of >300 cells/uL (407).
Therefore these thresholds are used as a guide in clinical practice to help estimate the likely

beneficial preventive response to the addition of ICS to regular bronchodilator treatment (4).

Furthermore, the mechanism of eosinophilia in COPD is not yet certain and targeted eosinophilic
treatments (such as anti-IL-5 therapies) have had limited success (178, 179). Therefore, by
investigating the role of EVs in this context, whereby eosinophils may be a target or source of EVs,
may have significant implications on their role in COPD pathophysiology and uncover new

treatment targets.

3.33 Airway inflammatory cell profile

As discussed previously (section 1.7.3), epithelial cells have been shown to be one of the main EV
sources in the lung (233, 412). However, studies have shown that all innate immune cells can
release, and be regulated by EVs (413). Specifically, alveolar macrophages are known to release
pro-inflammatory EVs in response to cigarette smoke (238-241) and these may have important
consequences in driving persistent airway inflammation and vulnerability to infection in COPD
(243). Furthermore, eosinophil-derived EVs have been implicated in asthma (414), and direct
transport of neutrophil EVs are key in the innate immune response to eliminate bacterial infection
(415). Therefore, when determining the role of EV miRNA in COPD pathogenesis, it is important to
consider the role and abundance of these different cell types within the airways of patients with

COPD, given they could be a key target or source of EVs and their cargo.

Proportions of neutrophils and eosinophils were significantly raised in COPD subjects compared
with healthy controls, which is in keeping with previous studies (416, 417). This likely reflects the
increased airway inflammation and tissue damage associated with disease (5). Although BAL
eosinophils were elevated in COPD subjects, levels did not correlate with blood eosinophilia
(Table 3.3). These findings reflect current literature, which shows only a weak relationship
between blood and sputum or bronchial eosinophils in COPD patients (170, 171). Given this poor
relationship, when investigating the impact of EV miRNA on specific inflammatory pathways in
COPD, it may be important to distinguish between those patients with COPD who demonstrate
peripheral eosinophilia compared with those with airway eosinophilia, as the mechanisms

underlying the two are likely to be different.
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Interestingly, proportions of macrophages were similar between the two groups, which is
contrary to previous studies (74). This similarity in macrophage proportions may, in part, be due
to the increased numbers of neutrophils and eosinophils in the COPD samples leading to a relative
reduction in the proportion of macrophages in the COPD subjects. In addition, as highlighted
above, this study cohort included patients with COPD with relatively mild disease (mean FEV1 %
predicted 79.9%) and numbers of macrophages in the airways are known to negatively correlate
with disease severity (56). Consistent with previous work, macrophages were the predominant
cell type in the airways (median proportion 67.4%, IQR 36.2) (73). However the IQR for the
proportion of macrophages found in COPD BALF samples were wide (Figure 3.6 B), suggesting a

large degree of heterogeneity.

334 Strength and Limitations

As mentioned above, the 35 subjects (20 patients with COPD and 15 healthy ex-smokers) included
in this study of BAL EV miRNA characterisation were part of a larger study investigating the
inflammatory mechanisms within COPD (the MICA Il study). By using patients from this larger
study | was able to access and utilise the extensive phenotyping data for my analysis that included
physiological, HRCT and inflammatory measurements. Importantly, this in-depth profiling gives
unique insights into specific disease characteristics present in this cohort. For example, this
analysis identified the presence of small airways disease (as defined by low FEF 25-75% predicted
and low E/I MLD), but not emphysema in the subjects with COPD. Furthermore, it has provided
insight into the heterogeneity of inflammation within this group, with particular reference to both
airway and blood eosinophilia. Using this information will be key in determining the impact of any

differential EV miRNA expression on disease relevant pathways.

One of the limitations of this study is that the cohort is relatively small (n=35), particularly when
considering the heterogeneous nature of COPD. Ideally, | would have included all those recruited
to the MICA Il study (n=51), however | was limited by the volume of BALF available for EV
isolation. As outlined in my methods (section 2.5), | required a minimum of 15 mL of BALF per
subject, which was not possible for all, particularly in the case of patients with COPD, where
recovery of BALF was more difficult due to airway closure (likely as a result of small airways
disease). To try and mitigate this, | was able to validate the findings from my initial microRNA

sequencing in a slightly larger group of subjects (n=46 — see section 4.4).

A further limitation is the sampling method used in this study. Bronchoscopy is an invasive

procedure, with limits on sample availability and on subject inclusion, with COPD subjects
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requiring an FEV1 % predicted of greater than 50% due to safety concerns. COPD is a disease
characterised by pulmonary inflammation and therefore sampling the airways to look for novel
mechanisms of disease seems logical. However if EVs and/or their contents are to be used as
diagnostic or therapeutic biomarkers (as suggested in section 1.7.4), these findings will need
translating into more readily available biofluids (such as blood), and this will be key to

determining EVs utility in this context.

3.3.5 Summary

In summary, to my knowledge this is the first study to isolate and characterise EVs from BALF of
COPD patients compared with healthy ex-smokers. Subjects across the two groups were well-
matched for non-disease defining characteristics, which is an important consideration for the
differential expression analysis used for the comparison of EV miRNA expression in COPD
compared with healthy ex-smokers in the next chapter. In addition, the in-depth phenotypic
characterisation of the COPD subjects identifying disease specific characteristics, such as presence
of small airways disease and eosinophilia, will be important when exploring the involvement of
the differentially expressed miRNA in the regulation of known/novel disease mechanisms given

the heterogeneity of the disease.
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Chapter 4  MicroRNA sequencing of bronchoalveolar
lavage extracellular vesicles and validation of the

results

4.1 Introduction

Extracellular vesicles (EVs) were isolated from bronchoalveolar lavage fluid (BALF) from patients
with Chronic Obstructive Pulmonary Disease (COPD) (n=20) and healthy ex-smoker controls
(n=15), using ultrafiltration and size exclusion chromatography (SEC) as described in section 2.5.
RNA was isolated from the EV fraction and prepared for sequencing, as described in sections 2.7.2
and 2.8.1 respectively. Next generation microRNA (miRNA) sequencing was performed on the
NextSeq500 instrument (illumina®) (described in section 2.8.3) and the resulting FASTQ files were
trimmed and corrected using the unique molecular index (UMI) methods described in section
2.9.1. Raw reads were aligned and mapped to the reference genome, Genome Reference
Consortium Human Build 37 (section 2.9.3). Unsupervised filtering and exploratory data analysis
(outlined in section 2.10.1 and 2.10.2 respectively) resulted in the “counts per million (CPM)
filtered dataset” (n=31, with outliers removed) that was used for differential expression analysis

of EV miRNA between COPD and healthy ex-smokers.

Chapter 4 describes the subject characteristics of the refined cohort (n=31) and miRNA
sequencing mapping and alignment results for the CPM filtered dataset. The main findings
covered in this chapter are the differential expression analysis of the BALF EV miRNA comparing
COPD with healthy ex-smokers and the results from the validation study using real-time

guantitative polymerase chain reaction (RT-qPCR) in a larger cohort (n=46).

4.1.1.1 Characteristics of the subjects included in differential expression analysis of BALF

EV miRNA

After exploratory data analysis identified a number of outliers (see section 2.10.2), a final CPM
filtered dataset was used for the differential expression analysis consisting of 17 COPD subjects

and 14 healthy ex-smokers. The subject characteristics are summarised in Table 4.1.
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Table 4.1 Characteristics of subjects included in differential expression analysis of BALF EV

miRNA, n=31

Subject/sample characteristics COPD Healthy ex-smoker P value
(n=17) (n=14)

Age, mean £SD 69.6 £7.2 66.2 £7.6 0.18
Male, n (%) 15 (88) 9 (57) 0.13
Smoking pack years, mean +SD 45.8 £25.8 25.8+13.7 0.07
BMI, mean £SD 29.8 4.1 28.5t4.6 0.39
FEV1 (% predicted), mean +SD 78.9+14.4 100.6 +14 0.0007
FVC (% predicted), mean +SD 102.2 +14.8 101.3+14.1 0.87
FEV1/FVC%, mean +SD 59.1 8.2 76.912.9 <0.0001
FEF 25-75 (% predicted), mean+/-SD 441 +£17.2 97.7 £22.2 <0.0001
COPD status, GOLD stage, n (%) 0.3
Mild 7 (41) NA
Moderate 10 (59) NA

Fisher’s exact test for Gender given small sample size. Chi-squared test used for COPD status. Shapiro-Wilk test for
normality was performed for all continuous variables. Welch two sample t test was performed for normally distributed
data; Age, BMI, FEV1, FVC, FEV1/FVC and FEF 25-75. Mann-Whitney U test was performed for skewed data; smoking
pack years. BMI, body mass index; FEV1, forced expiratory volume in one sec, FVC, forced vital capacity; FEF, Forced

expiratory flow rate; NA, non-applicable; SD, standard deviation.

The subjects were matched for age, sex, smoking history and body mass index (BMI) (Table 4.1).
There were however more males in both groups. As expected forced expiratory volume in one sec
(FEV1) % predicted, FEV1/Forced vital capacity (FVC) and forced expiratory flow rate (FEF) 25-75%
predicted were significantly reduced in the COPD group. The COPD subjects were balanced
between mild (41%) and moderate (59%) GOLD status.

Given the groups were well-matched apart from disease defining characteristics (i.e. FEV1 %
predicted), differential miRNA expression analysis was performed comparing between COPD and

healthy ex-smokers without adjustment for multiple variables.

4.2 Mapping and alignment results comparing patients with COPD and

healthy ex-smokers

4.2.1 Total number of reads

The mean total number of reads mapped for the dataset is 2,800,633 (SD+695,277) and the
average genome mapping rate was 52.7%. When comparing COPD against healthy ex-smoker
samples, there was no statistical difference between the total numbers of reads sequenced

(Figure 4.1).

110



Chapter 4

5x106-
[ ]
4x106- . *
* s
[72] ° °
® 3x108- —. ——
g_) L] 0¢®
— - —e—
..g 2%106- oo e e %
[ ]
- °
1x106+
0 T T
COPD Healthy ES

Figure 4.1 Total number of reads for COPD and healthy ex-smoker samples
Median and 95% confidence intervals shown. N=31; COPD, n=17. Mann Whitney U test showed no
significant difference. COPD, Chronic obstructive pulmonary disease; Health-ES, healthy ex-smoker.

4.2.2 Proportion of miRNA and smallRNA mapped reads in COPD and healthy ex-smokers

When comparing different types of reads mapped in COPD and healthy ex-smoker samples, there
is a higher proportion of miRNA in COPD samples than in healthy ex-smoker samples, both when
including unmapped reads (p=0.03) (Figure 4.2 A) and without unmapped reads (p=0.02) (Figure
4.2 B).
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Figure 4.2 Proportions of different types of reads in COPD and healthy ex-smoker samples
A includes unmapped reads and B excludes unmapped reads. N=31; COPD, n=17. Chi-squared test
performed on proportion of miRNA present in two groups, *p<0.05. COPD, Chronic obstructive
pulmonary disease; Health-ES, healthy ex-smoker; miRNA, microRNA; Pred, predicted

Logistic regression was used to look at the effect of co-variables (age, gender, smoking pack year
history and lobe sampled) on the proportion of miRNA reads in COPD compared with healthy ex-
smoker samples. The model explained 47-63% (Cox&Snell R? model - Nagelkerke R? model) of the
variance in COPD and correctly classified 83.9% of cases. Higher miRNA read % was the only

variable significantly associated with the presence of COPD (p=0.02) (Table 4.2).
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Table 4.2 Logistic regression of proportions of miRNA reads in COPD and healthy ex-smokers

Variable OR (95% Cl)* P Value
Age in years 1.05(0.9-1.2) 0.5
Smoking pack years 1.03(0.9-1.1) 0.3
Gender 2.7 (0.02-30) 0.4
Lobe sampled 1.8 (0.03-2.4) 0.2
miRNA read % 1.2 (1.02-1.3) 0.02*

*Without unmapped reads included. Calculated in SPSS. Cl, confidence interval; miRNA, microRNA; OR, Odds ratio

In addition, the proportion of smallRNA mapped reads was significantly higher in COPD than
healthy ex-smokers (p=0.01) (Figure 4.3 A). However there was no difference in the different
types of smallRNA between health and disease (Figure 4.3 B). As previously discussed in section
2.9.3.1, tRNA was the most abundant (92.2%) smallRNA found in my EV samples and is integral to

protein synthesis by helping decode mRNA into protein.

B
A
100
1.2x105 -
[ ]
1105 ° 75 g iRNA
[ 3
¢ snoRNA
& 8x04 o
O ° n © 504 SnRNA
S 6x104- 2
[ —iE-— ' < Y _RNA
= L]
g 4x104- ® o0° Eli; 254 — (RNA
2]
2x104- ° my
0_
0 T T
COPD H Ith ES
COPD Healthy ES ealthy_

Figure 4.3 Total number (A) and proportions (B) of smallRNA for COPD and healthy ex-smoker

samples

A. Median and 95% confidence intervals shown. N=31; COPD, n=17. Mann Whitney U test performed,

*p <0.05. CPM, counts per million; COPD, Chronic obstructive pulmonary disease; Health-ES, healthy ex-

smoker.

B. Proportions of types of smallRNA. N=31; COPD, n=17. Chi-squared test showed no significant
difference. piRNA, piwi-interacting RNA; snoRNA, small nucleolar RNA; snRNA, small nuclear RNA;
tRNA, transfer RNA.

Together these results suggest that EVs in COPD package a higher proportion of miRNA (Figure 4.2
A, p =0.02) and smallRNA (Figure 4.3 A, p = 0.01) compared with healthy ex-smokers.
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4.3 Differential expression of EV miRNA between COPD subjects and

healthy ex-smokers

Differential expression analysis was performed using methods outlined in section 2.10.5. Given
the comparator groups were well-matched apart from disease defining characteristics (i.e. FEV1 %
predicted), an unadjusted analysis was performed comparing differential miRNA expression
between COPD and healthy ex-smokers. The results are summarised in the MA plot in Figure 4.4,
showing 54 significantly differentially expressed miRNA with p value adjustment using fold

discovery rate (FDR) correction, whereby by significance is demonstrated with an FDR of less than

0.05.
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Figure 4.4 MA plot showing differentially expressed miRNA between COPD subjects and healthy

ex-smokers
Red dots represent miRNA with an FDR <0.05. Blue lines represent a twofold change in expression. CPM,
counts per million; FC, fold change

Of the 54 significantly differentially expressed miRNA, two miRNA were upregulated in COPD
(miR-223-3p and miR-200b-5p) and three miRNA were downregulated in COPD (miR-138-5p, mIR-
338-3p and miR-204-5p) by a log2 fold change (log2FC) of greater than one when compared with
healthy ex-smokers (Table 4.3).
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Table 4.3 Top differentially expressed miRNA between COPD subjects and healthy ex-smokers

miRNA Expression in Log2FC Average P value FDR
COPD logCPM

miR-223-3p Up 1.73 10.87 <0.0001 0.006

miR-200b-5p Up 1.03 4.79 <0.01 0.048

miR-138-5p Down -1.02 6.45 <0.001 0.007

miR-338-3p Down -1.18 10.65 <0.001 0.007

miR-204-5p Down -1.36 6.97 <0.01 0.019

CPM, counts per million; FC, fold change; FDR, false discovery rate; miRNA, microRNA;

4.4 Validation of differentially expressed miRNA with RT-qPCR

In order to confirm that the differentially expressed miRNA identified from miRNA sequencing
were truly up or down-regulated in COPD, a second method was employed to confirm miRNA
expression levels. This is an important step, especially when there are no biological replicates
available (i.e. only one sample per patient analysed). Ideally this validation step would be
performed in a separate cohort of subjects, however, due to sample availability this was not
possible. However, an additional six COPD and five healthy ex-smoker BALF samples were used

from the MICA Il cohort to increase the total sample size, giving a total of 46 samples.

4.4.1 Characteristics of subjects used for differential expressed EV miRNA validation by

RT-qPCR, N=46

A total of twenty-six COPD subjects and twenty healthy ex-smokers were included in the miRNA
target validation by RT-gPCR. The subjects were matched for age, sex, smoking history and BMI
(Table 4.4). There were more males in both groups. As expected FEV1% predicted, FEV1/FVC and
forced FEF 25-75% predicted was significantly reduced in the COPD group. The COPD subjects

were balanced between mild (41%) and moderate (59%) GOLD status.
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Table 4.4 Characteristics of subjects included in miRNA validation by RT-qPCR, n= 46

Subject/sample characteristics COPD Healthy ex-smoker P value
(n=26) (n=20)

Age, mean £SD 70.3 6.8 68 +7.3 0.28
Male, n (%) 22 (85) 11 (55) 0.06
Smoking pack years, mean +SD 46 £28.8 27.8 £13 0.06
BMI, mean £SD 29.1+4.4 28.4 £4 0.57
FEV1 (% predicted), mean +SD 77.4+14.4 101.8 +14.6 <0.0001
FVC (% predicted), mean +SD 103.1+£15.6 100.6 £16.4 0.59
FEV1/FVC%, mean +SD 57.4 +8.6 78.2£4.2 <0.0001
FEF 25-75 (% predicted), mean +SD 41 t£16.7 106 +25.4 <0.0001
COPD status, GOLD stage, n (%) 0.27
Mild 11 (42) NA

Moderate 15 (57) NA

Fisher’s exact test for Gender given small sample size. Chi-squared test used for COPD status. Shapiro-Wilk test for
normality was performed for all continuous variables. Welch two sample t test was performed for normally distributed
data; Age, BMI, FEV1, FVC, FEV1/FVC and FEF 25-75. Mann-Whitney U test was performed for skewed data; smoking
pack years. BMI, body mass index; FEV1, forced expiratory volume in one sec, FVC, forced vital capacity; FEF, Forced

expiratory flow rate; NA, non-applicable; SD, standard deviation.

4.4.2 MIiRNA chosen for validation by RT-qPCR

The top 35 targets identified from the differential expression analysis were chosen for validation
by RT-gPCR (Table 4.5). Targets were chosen preferentially based on the highest log2FC (thus
possibly the most biologically relevant), and also on availability of miRNA assays available for RT-

gPCR.
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Table 4.5 List of miRNA targets validated by RT-gPCR

Assay Log2FC logCPM P Value FDR
Upregulated in COPD based on sequencing results

hsa-miR-223-3p 1.74 10.87 <0.00001 <0.001
hsa-miR-223-5p 1.72 4.34 <0.00001 <0.001
hsa-miR-296-3p 1.05 3.69 <0.0001 0.01
hsa-miR-20b-5p 1.01 4.79 <0.01 0.048
hsa-miR-27b-3p 0.91 5.73 <0.001 0.005
hsa-miR-31-5p 0.89 9.64 <0.001 0.01
hsa-miR-2110 0.83 8.15 <0.0001 0.002
hsa-miR-769-3p 0.79 4.54 <0.01 0.04
hsa-miR-185-5p 0.78 8.04 <0.001 0.005
hsa-miR-146a-5p 0.72 12.38 <0.01 0.03
hsa-miR-191-5p 0.69 13.50 <0.0001 0.004
hsa-miR-25-5p 0.66 4.76 <0.01 0.04
hsa-miR-345-5p 0.65 7.36 <0.01 0.02
hsa-miR-200b-5p 0.57 8.87 <0.00001 0.004
hsa-miR-182-5p 0.53 11.03 <0.000001 0.001
hsa-miR-625-3p 0.55 7.28 <0.01 0.04
hsa-miR-589-5p 0.66 4.48 <0.05 0.048
Downregulated in COPD based on sequencing results

hsa-miR-138-5p -1.02 6.45 <0.0001 0.002
hsa-miR-338-3p -1.18 10.65 <0.0001 0.002
hsa-miR-204-5p -1.36 6.97 <0.001 0.009
hsa-miR-181a-5p -0.70 11.11 <0.001 0.005
hsa-miR-20a-5p -0.61 9.16 <0.001 0.007
hsa-miR-181d-5p -0.72 4.85 <0.01 0.03
hsa-miR-301a-3p -0.73 5.70 <0.001 0.01
hsa-miR-17-3p -0.76 4.24 <0.01 0.046
hsa-miR-181c-5p -0.80 4.68 <0.01 0.02
hsa-miR-30b-5p -0.81 11.31 <0.001 0.009
hsa-miR-934 -0.88 5.04 <0.001 0.008
hsa-miR-30d-3p -0.96 6.86 <0.001 0.006
hsa-miR-374a-5p -0.56 8.63 <0.001 0.008
hsa-miR-452-5p -0.52 4.99 <0.01 0.04
hsa-miR-138-1-3p -0.98 4.54 <0.01 0.048
hsa-miR-374b-5p -0.58 6.65 <0.01 0.048
hsa-miR-30e-5p -0.35 12.08 <0.05 0.048

FC, fold change; CPM, counts per million; FDR, false discovery rate; miR, microRNA
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In addition, the top six miRNA that were most stably expressed across both COPD and healthy ex-
smokers were chosen as normalisers (Table 4.6). These were identified using the NormFinder®
software (379).

Table 4.6 miRNA identified from NormFinder analysis of miRNA sequencing data as those most
stably expressed across COPD and healthy ex-smoker samples

Assay Stability CPM average
hsa-miR-24-3p 0.06 1636
hsa-miR-23b-3p 0.14 1732
hsa-miR-27b-3p 0.16 3185
hsa-miR-93-5p 0.17 1496
hsa-miR-221-3p 0.18 1209
hsa-let-7g-5p 0.18 1736

Stability is the measure of stability across the dataset, low values (<0.2) indicate good stability.
CPM (counts per million) average is the abundance of the miRNA across the dataset, CPM > 10
required for detection by qPCR.

4.4.3 RT-gPCR data quality control

RNA spike-ins were used for quality control of RNA isolation (data shown previously section 2.7.2)
and cDNA synthesis. The cDNA synthesis control (UniSp6) was added in the reverse transcription
step giving the opportunity to evaluate the reaction. In addition to this, a DNA spike-in (UniSp3)
was added to indicate any inhibitions at the qPCR level. Figure 4.5 shows the steady level (Cq
between 19.12 — 19.66 for UniSp3 and 18.5 — 20.19 for UniSp6) of these assays, indicating the
reverse transcription and gPCR were successful. The steady level of the RNA spike-ins, which is
comparable to the blank purification, also shows that none of the samples contained inhibitors.
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Figure 4.5 Raw Cq values for spike-in assays used to assess quality of cDNA synthesis (UniSp3)
and reverse transcription reaction (UniSp6)
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4.43.1 Number of detected miRNAs

The number of miRNA detected in each sample and the Cq value of the global mean for each
sample is shown in Figure 4.6. Only 10 out of the 41 miRNA tested (35 target miRNA and six
normaliser miRNA) were detected in all 46 samples. The mean number of miRNA detected per
sample was 30 (range 10-38, SD%5). The average global mean Cq value across the dataset was
29.17 (range 26.9-34.6, SD+1.6). Two samples, MICA _1l_091 RLL and MICA_Il_145, showed much
higher average global mean Cq values, at 34.6 and 33.8 respectively. In addition these samples
had a lower number of miRNA detected in their samples, at 10 and 21 out of a total of 41 miRNA
respectively. Given these findings, these two samples were excluded from the differential

expression analysis.
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Figure 4.6 Number and expression level of miRNA detected by RT-qPCR for each sample
Number of miRNAs detected across samples shown as blue bars and the average Cq value for the
commonly expressed miRNAs shown in red line. N=46; COPD, n=26.

444 Differential miRNA expression analysis of RT-qPCR data

After outliers (MICA_II_091 RLL and MICA _II_145) were removed, differential miRNA expression
analysis was performed on a final cohort of 44 samples, 24 COPD subjects and 20 healthy ex-
smokers. This did not alter the overall subject characteristics, and groups were still matched for

age, sex, gender, BMI and smoking pack years.

When comparing COPD subjects to healthy ex-smokers, fourteen miRNAs were found to be
differentially expressed using a cut-off P-value <0.05. Eight of these passed an FDR correction at a
significance level of 0.05 (Table 4.7). Five were up-regulated in COPD (miR-2110, miR-223-3p, miR-
625-3p, miR-182-5p and miR-200b-5p) and three were down-regulated in COPD (miR- 204-5p,
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miR-138-5p and miR-338-3p). The log2FC of these differentially expressed miRNA are summarised
in Table 4.7 and highlighted in red in Figure 4.7. The spread of the normalised expression data

across the samples for each of the differentially expressed miRNA is shown in Figure 4.8.

Table 4.7 Significantly differentially expressed miRNA measured by RT-gPCR between COPD
subjects and healthy ex-smokers

miRNA COPD SD Healthy_ES SD |Log2FC P value FDR
Up-regulated in COPD

hsa-miR-2110 1.21 0.71 2.12 0.001 0.016
hsa-miR-223-3p 1.47 1.37 2.97 0.001 0.016
hsa-miR-625-3pt 0.91 0.76 1.85 0.006 0.041
hsa-miR-182-5p 0.70 0.66 1.52 0.006 0.041
hsa-miR-200b-5p 0.79 0.72 1.52 0.009 0.047
Down-regulated in COPD

hsa-miR-204-5p 1.32 1.23 -2.37 0.003 0.037
hsa-miR-138-5p 0.90 0.77 -1.66 0.005 0.041
hsa-miR-338-3p 1.15 0.78 -1.72 0.009 0.047

Shapiro-Wilk test for normality was performed and showed data were normally distributed. Unpaired Welch’s t test was
performed and then adjusted using Benjamini Hochberg to generate an FDR value. COPD, Chronic obstructive
pulmonary disease, FC: Fold change. FDR, false discovery rate; Healthy_ES, healthy ex-smoker; miRNA, microRNA, SD:
standard deviation.

tmissing data points; COPD, n=18; Healthy-ES, n=12
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Figure 4.7 Volcano plot showing relationship between P values and expression data
Red dots show miRNA with P values <0.05 after FDR correction for multiple testing. Blue dotted line
represents zero Log2FC, points to the right are up-regulated in COPD, and points to the left are down-
regulated in COPD. FC, fold change; miRNA, microRNA.
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Normalised expression levels for significantly differentially expressed miRNA

2%, normalised expression levels. Mean and SD shown.

Shapiro-Wilk test for normality demonstrated normally distributed data for all continuous variables.
Unpaired Welch’s t test was performed and then adjusted using Benjamini-Hochberg to generate an FDR
value, *p<0.05. N=44; COPD, n=24.tmiR-635-3p = missing data points; COPD, n=18; Healthy-ES, n=12
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Of note, in the RT-qPCR validation experiment, there were several missing data points for miR-
625-3p (n=31; COPD, n=18; healthy ex-smokers, n=12), as this miRNA was not detected in these
samples. There were no obvious clinical characteristics which delineated these samples and
missing values were found in both comparator groups. Given this missing data, this may make the

results for this miRNA less robust.

When comparing the RT-gPCR validation results with the miRNA sequencing results, several of the
top targets identified from the sequencing analysis were validated as significantly differentially
expressed by RT-qPCR. The up-regulated miRNAs miR-223-3p, miR-200b-5p and all of the down-
regulated miRNAs (miR-204-5p, miR-138-5p and miR-338-3p) were identified as the top
differentially expressed miRNA between COPD and healthy controls in the sequencing analysis
(Table 4.3). This gives greater certainty to the results, given these differentially expressed miRNA

have been identified by multiple methods.

4.5 Discussion

In this chapter | have described the mapping and alignment results with comparison between
COPD and healthy ex-smokers, the results of my differential expression analysis of the BALF EV

miRNA, and the RT-qPCR validation study in a slightly larger cohort of 44 subjects.

4.5.1 RNA mapping and alignment

The main mapping quality parameter is the percentage of mapped reads, which is a global
indicator of the overall sequencing accuracy and of the presence of contaminating DNA (365). On
average ~2.8 million reads were obtained for each sample and the average genome mapping rate
was 52.7%. It is difficult to find exact estimates of what mapping rates are expected in RNA
sequencing experiments, especially when trying to compare different sources of RNA and
different mapping tools. Some literature suggests as high as 70-90% (386), however this
predominantly includes studies using abundant RNA sources (e.g. tumour) rather than limited
sources such as EVs. Reassuringly, after excluding the unmapped reads, the mean number of
miRNA mapped reads was 40.5%, (SD+14.3%) which is within the 10-60% range quoted in the

literature (418).

Of the two previous studies investigating BALF derived EV RNA, only one used sequencing to
profile RNA expression in lung transplant patients with and without acute cellular rejection (358).

The library sizes generated were much smaller compared with my sequencing results (166,326
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versus ~2.8 million), suggesting a much lower depth of sequencing, and they did not report the
mapping rate. The other study investigated BALF derived EV miRNA in asthmatics compared with
healthy controls using miRNA microarray (262). Next generation sequencing has now superseded
this technology as it provides a more in-depth, unbiased, discovery-based analysis of the
transcriptome, generating both known and novel transcript data with increased specificity and

sensitivity compared to a microarray platform (419).

This rigorous quality control processes and detailed exploratory analyses (outlined in sections
2.10.1 and 2.10.2) were key in ensuring the quality and reliability of my data. Reporting these
quality control metrics will be critical in any forthcoming publication (365). Although advanced
RNA sequencing techniques can yield novel transcript discovery, it is a rapidly evolving field and

the bioinformatics methods for data analysis are highly diverse and newly emerging.

45.2 Extracellular vesicle miRNA packaging

Importantly, my results show a higher proportion of miRNA in COPD BALF EVs than healthy ex-
smokers (section 4.3.2). To my knowledge, only one other study has previously shown altered
proportions of miRNAs in EVs in disease. Francisco-Garcia et al. showed deficient loading of
miRNAs in BALF EVs of severe asthmatics compared with healthy controls. In addition, pathway
analysis suggested that these significantly down-regulated miRNAs in severe asthmatics converge

on pathways known to be important in asthma pathogenesis (420).

To explore this in more detail it is important to understand the potential sorting mechanisms for
miRNA in EVs. Based on current research, there are four potential modes for sorting miRNA into
EVs, although the underlying mechanisms remain largely unclear. Firstly, the “neutral
sphingomyelinase (nSMase)2-dependent pathway”: nSMase2 is the first molecule reported to be
related to miRNA secretion into EVs. Kosaka et al. found that expression of nSMase2 was
proportional to the number of miRNAs packaged in EVs (421). Previous work has also shown the
role of nSMase in ceramide generation, aberrant apoptosis and lung injury in response to
cigarette smoke exposure (422, 423). Moreover, as previously highlighted (Table 1.2 in section
1.7), Serban et al. showed endothelial microparticles (EMPs) required acid sphingomyelinase
(aSMase) for release in response to cigarette smoke exposure, and aSMase enzyme activity was
significantly up-regulated in plasma of patients with COPD (252). Together, these studies suggest
that SMase activity may be regulated by smoke exposure, and sMase may have a role EVs release

and regulation of EV miRNA cargo in COPD.
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Secondly, the “heterogeneous nuclear ribonucleoproteins (hnRNPs)-dependant pathway”: hnRNPs
are capable of recognising the GGAG motif in the 3’ region of miRNA sequences and cause specific
miRNAs to be packed into EVs (424). Furthermore, hnRNPs are more widely involved in telomere
stability, cell senescence and cell cycle regulation (425). Overexpression of hnRNP A2/B1 in
plasma and primary human bronchial epithelium has a high sensitivity for the presence of Non-
small cell lung cancer (NSCLC), and is also present in high-risk smokers’ years before they develop
lung cancer (426). Thus hnRNPs role in COPD pathogenesis may be beyond just involvement in EV

miRNA packaging.

Thirdly, the “3’-end of the miRNA sequence-dependent pathway”: Koppers-Lalic et al. found that
3’-end adenylated miRNAs isoforms are enriched in cells, whereas 3’-end uridylated miRNA
isoforms are over-represented in EVs, suggesting that post-transcriptional modifications (e.g. 3'-
end adenylation and uridylation) contribute in part to miRNA packaging in EVs (427). Recently,
Zhang et al. showed that 3’-end uridylation mediated the packaging of miR-223 and miR-142 into
macrophage-derived microvesicles (MVs) released in the lungs in response to lipopolysaccharide
(LPS) and Klebsiella pneumoniae (428). Interestingly, miR-223 (along with miR-142) was found to
be the selectively enriched miRNA in the macrophage MVs, in-keeping with the findings of this
study, which shows miR-223-3p up-regulated in lung-derived EVs in COPD. These studies suggest
that 3’-end uridylation mechanism may play a pivotal role in EV miRNA packaging in lungs in

response to inflammatory stimuli.

Finally, the “miRNA induced silencing complex (miRISC) pathway”: as discussed in section 1.8.1,
mature miRNA bind with assembly proteins (RISC) to form a complex, the main components of
which are: miRNA, target mRNA, GW182 and argonaute 2 (AGO2). Recent studies suggest a
correlation between AGO2 and EV miRNA packaging, with the presence of AGO2 increasing
abundance of miRNAs in EVs (429). Although, so far, no studies have investigated AGO2 role in EV

packaging within the lungs or in inflammatory disease.

In summary, cells have the ability to selectively sort miRNA into EVs for secretion to nearby or
distant targets. Broadly these mechanisms include RNA-binding proteins such as hnRNPA2B1,
membranous proteins involved in EV biogenesis such as nSMase2, and specific miRNA-binding
motifs capable of exerting selectivity over the miRNAs shuttled into EVs. Current EV miRNA
literature focuses on the dysregulated EV-miRNA content, however little is known about the role
of disease pathogenesis in regulating the EV miRNA selective sorting process. Therefore

understanding the sequences and/or proteins responsible for selective sorting of miRNA in COPD
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lung-derived EVs may reveal novel mechanisms in the disease pathogenesis, and provide targets

for manipulating EV content that could have beneficial disease modifying effects.

4.5.3 Differential expression of EV miRNA in COPD subjects compared with healthy ex-

smokers

In addition to the overall proportion of miRNA being higher in COPD BALF EVs than healthy ex-
smokers, this is the first study showing differential miRNA expression in lung-derived EVs in COPD.
Specifically, five miRNA were found up-regulated in COPD (miR-223-3p, miR-182-5p, miR-2110,
miR-200b-5p and miR-625-3p) and three were down-regulated (miR-204-5p, miR-338-3p and miR-

138-3p) when compared to healthy ex-smoker controls.

Up-regulation of non-EV miR-223 has been reported in COPD miRNA studies (reviewed in section
1.8.2) both in COPD lung tissue compared with smokers (319), and in human endothelial cells in
culture (339). MiR-223 has a crucial role in innate immunity, myeloid cell differentiation, and cell
homeostasis and has several gene targets that are involved in pathways implicated in the
pathogenesis of COPD. MiR-223 is transcribed from an independent promoter located on the X
chromosome and is mainly expressed by haemopoeitic cells (430). Under resting conditions, low
levels of miR-223 expression are primarily controlled by binding of nuclear factor | A-type (NFI-A)
to the miR-223 promoter (430). During granulocytic differentiation, NFI-A is released from the
miR-223 promoter and replaced by CCAAT enhancer protein o (C/EBPa), resulting in up-regulation
of miR-223 expression (431). Interestingly, one of the target genes of miR-223 is NFI-A, implicating
that up-regulation of miR-223 dampens the expression of NFI-A, resulting in a positive feedback
loop. In line with the role of miR-223 in myeloid differentiation, overexpression of miR-223
induces the monocytic and granulocytic differentiation marker CD11b, while inhibition of miR-223
is shown to reduce the expression of CD11b in promyelocytic leukaemia cells (430). In addition to
the importance in myeloid differentiation, miR-223 is involved in erythropoiesis by dampening the
gene expression and protein translation of LIM-only protein 2, a positive regulator of

erythropoiesis (432).

MicroRNA profiling in human blood demonstrated that miR-223 is expressed in hematopoietic
stem cells, granulocytes, dendritic cells and monocytes, while lower levels of miR-223 were also
found in naive and memory T cells (430, 433, 434). In induced sputum high expression of miR-223
was measured in monocytes, macrophages and neutrophils (435). Furthermore, in situ
hybridisation in human bronchial biopsies showed that miR-223 expression was mainly expressed

in neutrophils localized in the lamina propria (435).
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With regards to smoking, lower miR-223 expression levels have been observed in bronchial
brushings from current smokers compared to never smokers (316). Whereas, Ezzie et al. found
higher levels of miR-223 in the lung tissue of COPD patients compared with smokers (319).
Furthermore, higher levels of miR-223 were also measured in the BALF cell pellet obtained from
COPD patients compared to non-COPD controls (342). In serum, miR-223 expression was also
higher in women with COPD due to biomass smoke, than healthy controls exposed to biomass
smoke (345). Taken together, it is clear that miR-223 expression is differently expressed in
response to obstructive lung disease, however no data are available that link miR-223 expression
to disease stage, inflammatory phenotype or presence of emphysema. Additionally, smoke
(tobacco or biomass) can alter the expression of miR-223, which together with differences in

examined samples and patient groups, further adds to the complexity of the observed findings.

Dysregulation of miR-223 has been implicated in the pathogenesis of a number of inflammatory
diseases, including acute lung injury, rheumatoid arthritis, inflammatory bowel disease, and type
Il diabetes (436-438). Furthermore, studies have shown miR-223 as a regulator of macrophage
function. Chen et al. demonstrated that expression of miR-223 dampens macrophage
inflammatory responses to toll-like receptor (TLR) ligand stimulation; whereby LPS stimulated
macrophages showed decreased miR-223 expression, resulting in increased levels of signal
transducer and activator of transcription (STAT) 3 (a direct target of miR-223). This in turn, led to
an increased production of pro-inflammatory cytokines interleukin (IL)-6 and IL-18 (439). In
Mycobacterium tuberculosis infected patients, increased miR-223 levels in monocyte-derived
macrophages (MDMs) correlate with impaired activation and cytokine production when
compared to healthy individuals (440). Given this previous work, future investigation into EV-
derived miR-223 regulation of macrophage function could be fundamental in determining the

mechanisms underlying the defective macrophage phenotype found in COPD (73).

In addition to intrinsic cellular function of miR-223, studies have also reported EV transfer of miR-
223 as a mechanism for intercellular communication (437, 441, 442). Neudecker et al. used a
murine acute lung injury model to show in response to pulmonary injury neutrophils secrete EVs
containing miR-223, which are shuttled to alveolar epithelial cells leading to reduced cellular
inflammation and tissue injury via repression of poly-(ADP-ribose) polymerase (PARP)-1.(437)
Therefore, therapeutic manipulation of miR-223 to dampen inflammatory targets could be a

potential treatment to control excessive innate immune responses during mucosal inflammation.

MicroRNA-182 is known as an oncogenic miRNA and is implicated in the progression of several

cancers owing to its role in promoting cell proliferation and invasion (443). Specifically, miR-182
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has been found up-regulated in sputum of patients with lung adenocarcinoma (444) and in serum
of patients with early stage NSCLC (445). In addition, recent work has identified miR-182-3p as a
regulator of smooth muscle cell proliferation and vascular remodelling, with implications for
pulmonary arterial hypertension (446). Moreover, miR-182-5p is overexpressed in lung tissue in
pulmonary fibrosis, and modulation of miR-182-5p via mothers against decapentaplegic homolog
(SMAD)7 up-regulation can inhibit the expression of pro-fibrotic proteins such as fibronectin, a-
smooth muscle actin and p-SMAD2/p-SMAD3 (447). Finally, miR-182 expression is regulated by
smoke exposure, and was up-regulated in the BALF of mice after 4 weeks of cigarette smoke
exposure (327). Taken together, miR-182 may be important in COPD pathogenesis as a regulator

of smooth muscle cell proliferation, vascular remodelling (128) and fibrosis (448).

MicroRNA-2110 was first reported as one of a group of neurite-inducing miRNAs (449). MiR-2110
was also identified as a tumour-suppressor by targeting Tsukushi (TSKU), inducing cell
differentiation and reducing cell survival in neuroblastoma cell lines (450). In patients, low tumour
miR-2110 levels were significantly correlated with high tumour TSKU mRNA levels, and both low
miR-2110 and high TSKU mRNA levels were significantly correlated with poor patient survival
(450). In addition, miR-2110 has been identified as one of five miRNAs up-regulated in serum
exosomes in patients with active Mycobacterium tuberculosis infection (451). Little is known
about miR-2110 in the context of inflammatory disease, and therefore further work investigating
mRNA targets within the airways of COPD patients may establish a role in inflammatory lung

disease.

MicroRNA-200b-5p belongs to the miR-200 family, which controls epithelial-mesenchymal
transition (EMT) and metastasis in tumour cells (452, 453). The primary cause of organ fibrosis is
the production of excessive extracellular collagen by activated fibroblasts (myofibroblasts). A
significant proportion of fibroblasts are derived via EMT of resident epithelial cells within the
diseased organ itself and this process has been observed in the alveolar epithelial cells (454).
Furthermore as discussed in section 1.2, as part of remodelling, peribronchiolar fibrosis is
observed in the small airways of patients with COPD contributing to airway obstruction. EMT
appears to be involved in the formation of peribronchiolar fibrosis in COPD (115) and may be a
precursor to the development of lung cancer in these patients (455). In addition, miR-200b
promotes angiostatic effects by silencing v-ets erythroblastosis virus E26 oncogene homolog 1
(ETS1), a transcription factor for controlling angiogenic genes like vascular endothelial growth
factor receptor 2 (VEGFR2) and matrix metalloproteinase 1 (MMP1) expression in endothelial cells

(456). Both small airway fibrosis and vascular remodelling have important roles in COPD
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progression and therefore manipulation of these pathways may lead to novel targets for COPD

treatment.

Finally, miR-625-3p was significantly up-regulated miRNA in lung-derived EVs COPD. MiR-625-3p,
is overexpressed in colorectal malignancies where it promotes migration, invasion and apoptosis
resistance (457, 458). MiR-625-3p has also been detected in the circulation of malignant pleural
mesothelioma patients (459). Additionally, miR-625-3p may have an essential role in the
downstream cascade of T cell receptor signals to promote CD8+ T cell proliferation. Inhibition of
miR-625-3p expression by the mammalian target of rapamycin (mTOR) inhibitor rapamycin, can
influence CD8+ T cell proliferation and functions that mediate the anti-viral immunity and graft-
vs-host-disease (GVHD) in stem cell transplant patients (460). MiR-625-5p is also shown to be
significantly down-regulated in paediatric asthma (461) and suppresses inflammatory responses
by targeting protein kinase B2 (AKT2) and inhibiting the nuclear factor kappa B (NF-kB) signalling
pathway in human bronchial epithelial cells (462). Thus, based on this previous work, up-
regulation of miR-625 in COPD lung-derived EVs may suggest a role in regulation of CD8+ T cell
proliferation within the lungs of COPD and regulation of several inflammatory pathways.
However, as noted in the results (section 4.5.4), there were several missing data points in the RT-
gPCR validation study, which may suggest this data showing up-regulation in COPD lung-derived

EVs may be less robust than for the other significantly dysregulated miRNA.

In this study, miR-338-3p was down-regulated in lung-derived EVs of patients with COPD. MiR-
338-3p has previously been reported to be down-regulated in COPD plasma compared with
asthmatics and healthy controls (341), and down-regulated in plasma of allergic rhinitis patients,
where it was shown to target selected inflammatory genes mitogen-activated protein kinase
(MAPK) 8 and inhibitor of nuclear factor kappa-B kinase subunit beta (/KKB) (463). In contrast,
Lacedonia et al. showed miRNA-338 expression in the sputum was higher in both patients with
asthma and COPD compared to controls, however asthmatics showed a significantly higher miR-
338 expression compared to COPD patients (464). In addition, studies have shown that miR-338
may be important in cellular apoptosis, differentiation and tumour growth (465-467), via targeting
of metastasis associated in colon cancer 1 (MACC1) gene (468). Given the aforementioned
literature, down-regulation of miR-338-3p in COPD lung-derived EVs may have an important role
in regulating key inflammatory pathways (MAPK and NF-kB signalling) and cellular processes

important in tumour development.

MicroRNA-204-5p was found down-regulated in COPD lung-derived EVs compared with healthy

ex-smokers. Recent work has identified down-regulation of miR-204-5p and its regulatory
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network is important in NSCLC (469), with low expression in NSCLC tumours associated with
advanced progression, poor prognosis and severe metastatic potential (470, 471). Furthermore,
miR-204-5p has reported as a novel diagnostic biomarker in patients with frontotemporal
dementia (472) and Parkinson’s disease (473). Importantly, as with miR-200b-5p, research
suggests a role for miR-204-5p in direct regulation of EMT through its targeting of SMAD4, a
mediator of transforming growth factor (TGF)-B signalling (474). Wang et al. demonstrated that
miR-204-5p overexpression enhanced the repression of TGF-B2—induced EMT in the presence of
SMAD4 small interfering RNA (474). Therefore, a reduction in miR-204-5p, as seen in lung-derived
EVs in COPD patients in this study, is likely to lead to an increase in EMT. These findings suggest
possible synergistic activity with miR-200b-5p and together these dysregulated miRNA may

contribute to the small airway fibrosis seen in COPD.

Finally miR-138-5p was found down-regulated in COPD lung-EVs compared with healthy ex-
smokers. miR-138-5p is known to inhibit tumour growth and activate the immune system by
down-regulating programmed cell death protein (PD)-1/PD-ligand 1, and thus is a promising
therapeutic target for NSCLC (475). Little is known about miR-138-5p in the context of
inflammatory disease or immune cell dysfunction, and thus additional work investigating mRNA

targets within the airways of COPD patients may establish a role in inflammatory lung disease.

4.5.4 Strengths and limitations

Limitations of these results include the relatively small sample size (n=44 for the validation study),
although this is in keeping with other studies using human BALF samples (232, 262, 357-359). This
is in part due to the availability of samples, as not only can recruitment to a bronchoscopy study
be challenging, but also the resultant sample quantities (i.e. of BALF) can be influenced by the
underlying disease processes (discussed in Chapter 3). In addition, the validation study was
performed in the same cohort as the microRNA sequencing study, where a more robust
experimental design would have conducted these experiments in an entirely separate cohort.
Again due to sample availability this was not possible, however | was able to increase the sample

size (with an additional 6 COPD subjects and 5 healthy ex-smokers) at this stage.

As previously discussed the COPD patients included in this study had relatively mild disease with a
mean FEV1% predicted of 78.9% (SD+14.4). This is in contrast to other EV miRNA studies in COPD
(247, 250, 260), which included a broader range and severity of COPD patients (mean FEV1 63.4%,
SD+29.54) and current smokers. Although their findings may be applicable to a wider COPD

cohort, they are less translatable mechanistically given their broader range of included subject
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phenotypes and the inclusion of current smokers, which may attribute effects to active smoking
rather than disease alone. In addition, these studies used blood and sputum samples, rather than
BALF as a source for EVs. A recent study has shown that major differences in the COPD lung tissue
transcriptome were poorly mirrored in sputum and non-representative to those in blood (476).
Therefore, a major strength of this work is the EV miRNA were derived from BALF and therefore
should relate directly to the altered lung transcriptome in COPD and provide novel mechanistic

insights into disease pathogenesis.

4.5.5 Summary

In conclusion, this chapter highlights two novel findings in the field of EV miRNA research in
COPD. Firstly, there is an increased proportion of miRNA packaged in COPD lung-derived EVs
compared with healthy ex-smokers. Further work needs to be done to establish the mechanisms
underlying the alteration in EV RNA content in COPD, and whether these changes have any
pathological consequences. Secondly, there are differentially expressed miRNA within the COPD
lung-derived EVs compared with healthy ex-smokers. Two of these miRNA (miR-223-3p and miR-
338-3p) have been found dysregulated in other COPD studies (319, 339, 341), providing further
evidence as to their importance and relevance in this disease. To investigate the effects of these
differentially expressed miRNA on target gene expression and their importance to COPD
pathogenesis, in-depth pathway analysis was performed, and the results are presented in the

following chapter.
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Chapter 5 Identification, visualisation and analysis of

microRNA-target interaction networks

5.1 Introduction

Identifying the differentially expressed lung-derived extracellular vesicle (EV) microRNA (miRNA)
in Chronic Obstructive Pulmonary Disease (COPD) compared with healthy ex-smokers was the first
aim of this thesis. However, understanding the impact of these differentially expressed miRNA on
gene expression in COPD is key to understanding whether these differences have biological

significance and relevance to disease pathology.

Chapter 5 explores the interactions between the differentially expressed miRNA and their
differentially expressed target genes in COPD. Firstly, it presents the validated and predicted gene
targets of the differentially expressed miRNA. Next, it shows the results of the differential
expression analysis for the epithelial brushing transcriptome data comparing COPD with healthy
ex-smokers, using the same cohort as the EV miRNA samples. Finally, this chapter explores how
these differentially expressed genes integrate with the differentially expressed miRNA using
several bioinformatic techniques (outlined in methods section 2.13) to provide further insights

into the impact of this regulatory network on the biology of COPD.
5.2 Identifying miRNA target genes

5.2.1 miRNA target identification in silico using multiMiR

In silico analysis using the multiMiR package identified 21,343 gene targets of the differentially
expressed miRNA in COPD (results summarised in Table 5.1). Of these 7,615 (35.6%) were
validated in experimental models. Several of the gene targets identified were co-regulated by the
miRNA, suggesting possible synergistic action, which may result in a greater impact on transcript

expression.
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Table 5.1 Summary results of in silico target prediction using multiMiR

miRNA Number of Validated =~ Number of Predicted  Total number of
targets targets targets
Up-regulated miRNA in COPD 4,627 7487 12,114
miR-2110 534 1538 2072
miR-223-3p 149 1335 1484
miR-625-3p 198 468 666
miR-182-5p 3634 3244 6878
miR-200b-5p 112 902 1014
Down-regulated miRNA in COPD 2,988 6,241 9,229
miR-204-5p 945 3172 4117
miR-138-5p 1053 1557 2610
miR-338-3p 990 1512 2502
Total number of targets 7,615 13,728 21,343

COPD, Chronic Obstructive Pulmonary Disease; miRNA, microRNA

These results were used to identify the putative miRNA-mRNA interactions (section 5.2.3) in
combination with the results from the next section (section 5.2.2), which identifies the
differentially expressed genes in the epithelial brushings in COPD compared with healthy ex-

smokers.

5.2.2 Differential gene expression analysis of epithelial brushings in COPD and healthy ex-

smokers

A key strength to this study is that in addition to bronchoalveolar lavage fluid (BALF) EV miRNA
isolation, epithelial brushings were also taken from the same patients and from the same lung
lobe location as the EVs were recovered from for transcriptome analysis. By identifying the
differentially expressed genes in the epithelial cell compartment between COPD and healthy ex-
smokers, it is possible to identify those genes that may be under epigenetic control by the

differentially expressed EV miRNA.

Raw mRNA counts generated using the NovaSeq 6000 (lllumina®) were filtered, analysed for
quality and condensed into a filtered dataset (performed by AstraZeneca) comprising of 44

epithelial brushing samples and 27,229 mRNA. Average reads per sample were 52.6 million.

Differential gene expression were assessed with DESeq2 in the 44 epithelial brushing samples (24
COPD and 20 healthy ex-smokers), and this identified 192 differentially expressed genes between
COPD and healthy ex-smokers with a false discovery rate (FDR) of <0.05 (Figure 5.1).
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Figure 5.1 MA plot showing differentially expressed mRNA in epithelial brushings between

COPD subjects and healthy ex-smokers
Red dots represent mRNA with an FDR <0.05. Blue lines represent a twofold change in expression

Of the 196 differentially expressed genes, there were 57 genes with a log2 fold change (FC) of
greater than one (most up-regulated in COPD) and 17 genes with a log2FC less than one (most
down-regulated in COPD). Table 5.2 summarises the top 10 up and down-regulated genes in the
COPD epithelial brushings, with the entire list of differentially expressed genes summarised in

Appendix A, Supplementary Table 1.
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Table 5.2  Top ten differentially expressed genes in epithelial brushings in COPD subjects

ENSEMBL ID HGNC SYMBOL Log2FC P value FDR

Top up-regulated genes in COPD

ENSGO0000090512  FETUB 2.87 4.05E-05 0.013
ENSG00000179593  ALOX15B 2.61 1.32E-05 0.0075
ENSG00000273331  TMA4SF19- 2.60 1.09E-05 0.0064
TCTEX1D2

ENSG00000287059  N/A 2.55 6.54E-10 2.94E-06
ENSGO0000155918  RAETIL 2.52 0.00014 0.028
ENSG00000262406  MMP12 2.49 5.40E-05 0.015
ENSG00000115590  IL1R2 2.34 2.50E-07 0.00045
ENSG00000287771  N/A IncRNA 2.24 3.69E-05 0.012
ENSG00000111700  SLCO1B3 2.20 3.13E-06 0.0028
ENSG00000255833  TIFAB 2.14 4.56E-05 0.014

Top down-regulated genes in COPD

ENSG00000198787 19587 -2.34 3.10E-05 0.012
(pseudogene)
ENSG00000113389  NPR3 -2.01 9.96E-08 0.0003
ENSG00000038295  TLL1 -1.35 3.42E-05 0.012
ENSG00000174059  CD34 -1.27 9.15E-05 0.021
ENSG00000099994  SUSD2 -1.25 8.03E-06 0.0056
ENSG00000214870  LOC441204 -1.24 0.000114 0.025
ENSG00000126562  WNK4 -1.19 1.17E-06 0.0013
ENSG00000078596  ITM2A -1.14 2.59E-05 0.011
ENSG00000125144  MTI1G -1.12 3.66E-05 0.012
ENSG00000283413  N/A IncRNA -1.11 0.000184 0.033

HGNC, HUGO Gene Nomenclature Committee; FC, fold change; FDR, False discovery rate.

These 196 differentially expressed genes were used in combination with the in silico identified
targets of the differential expressed miRNA (section 5.1) to identify the putative miRNA-mRNA

interactions in the next section.
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5.2.3 Identifying putative miRNA-mRNA interactions using multiMiR

In addition to retrieving all validated and predicted target genes of a given miRNA (section 5.1),
the multiMiR package has functionality to retrieve interactions between differentially expressed
miRNAs and a specific set of differentially expressed genes (methods summarised in section
2.12.4 and an overview in Figure 5.2 — Figure 2.26 re-presented for ease of reference). Given that
miRNA lead to down-regulation of their gene targets (an inverse correlation), only down-
regulated mRNA in COPD from the epithelial biopsy differential expression analysis were selected

as possible targets for up-regulated EV miRNA in COPD and vice versa.

miRNA sequencing mRNA sequencing
BALF EVs N=44 Epithelial brushlngs N=44

DE analy5|s DE analysis
COPD vs H-ES COPD vs H-ES
(edgeR) (DESeq2)

miRNA-mRNA
interaction
matrix

DE genes
FDR <0.05

DE miRNA
FDR <0.05

miRNA target Identify putative
Identification miRNA-mRNA
in silico interactions
(MultiMiR) (MultiMiR)

miRNA-mRNA
targets
(validated &
predicted)

Figure 5.2 An overview of the methods used to identify putative miRNA-mRNA interactions
Blue rectangle indicates a process with the software/tool specified in parenthesis, grey trapezium
indicate a data output, yellow diamond is an important checkpoint. BALF, bronchoalveolar lavage fluid;
COPD, Chronic obstructive pulmonary disease; DE, differentially expressed; EVs, extracellular vesicles;
FDR, false discovery rate; H-ES, healthy ex-smoker; miRNA, microRNA; mRNA, messenger RNA

5.2.3.1 Identification of the up-regulated EV miRNA gene targets in epithelial brushings

The multiMiR package identified 54 gene targets of the five EV miRNA up-regulated in COPD when
considering both validated and the top 20% predicted targets. Of these, 16 had been
experimentally validated and 38 were predicted targets, summarised in Table 5.3. All of the
validated targets had been identified using high-throughput methods, such as high-throughput
sequencing of RNA isolated by cross-linking immunoprecipitation (HITS-CLIP). Seven of the target
genes (Pleomorphic adenoma gene 1 (PLAG1), Kruppel Like Factor 10 (KLF10), GLI Family Zinc
Finger 3 (GLI3), Inhibitor Of Growth Family Member 1 (ING1), FXYD Domain Containing lon
Transport Regulator 6 (FXYD6), Cysteine Rich Transmembrane BMP Regulator 1 (CRIM1), F-Box
And Leucine Rich Repeat Protein 14 (FBXL14)), were co-regulated by different up-regulated
miRNA in COPD suggesting synergistic action.
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Table 5.3

within the epithelial brushing transcriptome in COPD

Gene targets of the up-regulated EV miRNA in COPD, identified as down-regulated

miRNA Gene Target* ENSEMBL ID Method of validation Source database
Validated targets

hsa-miR-200b-5p PLAGI ENSG00000181690  HITS-CLIP mirtarbase (477)
hsa-miR-200b-5p KLF10 ENSGO0000155090  HITS-CLIP mirtarbase
hsa-miR-182-5p  THSD7A ENSG00000005108 Degradome sequencing tarbase (478)
hsa-miR-182-5p  JADE1 ENSG00000077684  Degradome sequencing tarbase
hsa-miR-182-5p  GL/3 ENSG00000106571  Degradome sequencing tarbase
hsa-miR-182-5p  SLCI19A2 ENSG00000117479  Degradome sequencing tarbase
hsa-miR-182-5p (3 ENSG00000125730 Degradome sequencing tarbase
hsa-miR-182-5p  CILP ENSG00000138615  Degradome sequencing tarbase
hsa-miR-182-5p  HOMER1 ENSG00000152413  Degradome sequencing tarbase
hsa-miR-182-5p  /ING1 ENSG00000153487  Degradome sequencing tarbase
hsa-miR-182-5p  KLFI0 ENSG00000155090  Degradome sequencing tarbase
hsa-miR-182-5p  SRGAP2C ENSG0O0000171943  Degradome sequencing tarbase
hsa-miR-182-5p  HEGI1 ENSG00000173706  Degradome sequencing tarbase
hsa-miR-182-5p  DPY19L3 ENSG00000178904  Degradome sequencing tarbase
hsa-miR-182-5p  PLAGI ENSG00000181690  Degradome sequencing tarbase
hsa-miR-182-5p  ZDBF2 ENSG00000204186  Degradome sequencing tarbase
Predicted targets

hsa-miR-182-5p  SCUBE3 ENSG00000146197  NA diana_microt (479)
hsa-miR-182-5p  PIEZO2 ENSG00000154864  NA diana_microt
hsa-miR-182-5p  NPR3 ENSG0O0000113389  NA diana_microt
hsa-miR-182-5p  PCDH17 ENSG00000118946  NA diana_microt
hsa-miR-182-5p  SIK2 ENSG00000170145 NA diana_microt
hsa-miR-182-5p  CDKN1C ENSGO0000129757 NA diana_microt
hsa-miR-182-5p  PER2 ENSG00000132326  NA diana_microt
hsa-miR-182-5p  ATOH8 ENSG00000168874  NA diana_microt
hsa-miR-182-5p  FAM69B ENSG00000165716  NA elmmo (480)
hsa-miR-182-5p  SCNN1G ENSG00000166828  NA elmmo
hsa-miR-182-5p  NEURL1B ENSG00000214357 NA elmmo
hsa-miR-182-5p  FLNB ENSG0O0000136068 NA elmmo
hsa-miR-182-5p  LRIG1 ENSG00000144749 NA miranda (481)
hsa-miR-182-5p  FZD8 ENSG00000177283  NA miranda
hsa-miR-182-5p  ARHGAP6 ENSG00000047648  NA mirdb (482)
hsa-miR-182-5p  TLL1 ENSG00000038295  NA mirdb
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miRNA Gene Target* ENSEMBL ID Method of validation Source database
hsa-miR-182-5p  FXYD6 ENSG00000137726  NA pita (483)
hsa-miR-182-5p  CRIM1 ENSG00000150938  NA pita
hsa-miR-182-5p  TOBI ENSG00000141232 NA targetscan (303)
hsa-miR-200b-5p PRDM11 ENSG00000019485  NA diana_microt
hsa-miR-200b-5p CD34 ENSG0O0000174059  NA miranda
hsa-miR-200b-5p CRIM1 ENSG00000150938  NA miranda
hsa-miR-2110 FBXL14 ENSG00000171823  NA diana_microt
hsa-miR-2110 ATP6V1B1 ENSG0O0000116039 NA diana_microt
hsa-miR-2110 SNTB1 ENSG00000172164  NA diana_microt
hsa-miR-2110 ING1 ENSG00000153487  NA diana_microt
hsa-miR-2110 FXYD6 ENSG00000137726  NA diana_microt
hsa-miR-2110 TSPAN11 ENSGO0000110900 NA diana_microt
hsa-miR-2110 INSR ENSG00000171105 NA diana_microt
hsa-miR-2110 FZD8 ENSG00000177283  NA diana_microt
hsa-miR-2110 SusD2 ENSG00000099994  NA mirdb
hsa-miR-223-3p  FAM46A ENSG00000112773  NA diana_microt
hsa-miR-223-3p  CRIM1 ENSG00000150938  NA diana_microt
hsa-miR-223-3p  FBXL14 ENSG00000171823  NA diana_microt
hsa-miR-223-3p  GL/3 ENSG00000106571  NA diana_microt
hsa-miR-223-3p  ADAMTS15 ENSG00000166106  NA diana_microt
hsa-miR-223-3p  ACTR3B ENSG00000133627  NA pita
hsa-miR-625-3p  TBC1D3C ENSG00000278299  NA diana_microt

*Gene target in bold if co-regulated by more than one EV miRNA. miRNA target databases referenced in table. HITS-
CLIP, high-throughput sequencing of RNA isolated by cross-linking immunoprecipitation; NA, non-applicable as a

predicted target.

Only two of the five up-regulated EV miRNA (miR-182-5p and miR-200b-5p) had targets identified

within the significantly down-regulated genes in epithelial brushings that had been validated in

experimental models. Overall miR-182-5p was found to target the most genes with 33, compared

with miR-2110 with nine gene targets, mir-200b-5p with five targets, miR-223-3p with six targets,

and miR-625-5p with just one identified gene target.

5.2.3.2 Identification of the down-regulated EV miRNA gene targets in epithelial brushings.

The multiMiR package identified 53 gene targets in the epithelial brushing transcriptome of the
three EV miRNA down-regulated in COPD when considering both validated and top 20% of
predicted targets. Of these, 22 had been experimentally validated and 31 were predicted targets,

summarised in Table 5.4. In this instance, some of the validated targets were confirmed by low
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throughput techniques such as real-time quantitative polymerase chain reaction (RT-gPCR) (c.f.

section 5.2.3.1), which are considered to have greater specificity than high-throughput platforms.

Six of the target genes (Solute Carrier Family 45 Member 3 (SLC45A3), CD44 molecule (CD44),

Aldo-Keto Reductase Family 1 Member C2 (AKR1C2), Brain-derived neurotrophic factor (BDNF),

Cyclic AMP-Responsive Element-binding Protein 5 (CREBS5), Solute Carrier Family 39 Member 14

(SLC39A14), BTB Domain containing 7 (BTBD7)) were co-regulated by different down-regulated EV

miRNA in COPD suggesting synergistic action.

Table 5.4 Gene targets of the down-regulated EV miRNA in COPD, identified as up-regulated in
the epithelial brushing transcriptome in COPD
miRNA Gene Target* ENSEMBL ID Method of validation Source database
Validated targets
hsa-miR-138-5p  SLC45A3 ENSG00000158715 WB mirtarbase (477)
hsa-miR-138-5p  CD44 ENSG00000026508  Degradome sequencing tarbase (478)
hsa-miR-138-5p  CDC45 ENSG00000093009  Degradome sequencing tarbase
hsa-miR-138-5p  FGFBP1 ENSG0O0000137440  Degradome sequencing tarbase
hsa-miR-138-5p  CYP1B1 ENSG00000138061  Degradome sequencing tarbase
hsa-miR-138-5p  PHLDA1 ENSG00000139289  Degradome sequencing tarbase
hsa-miR-138-5p  MKI67 ENSG00000148773  Degradome sequencing tarbase
hsa-miR-138-5p  AKRIC2 ENSG00000151632  Degradome sequencing tarbase
hsa-miR-138-5p  CABYR ENSG0O0000154040 Degradome sequencing tarbase
hsa-miR-138-5p  PTTG1 ENSG00000164611  Degradome sequencing tarbase
hsa-miR-138-5p  AKR1B10 ENSG00000198074  Degradome sequencing tarbase
hsa-miR-204-5p  ARNTL2 ENSG0O0000029153  PAR-CLIP mirtarbase
hsa-miR-204-5p BDNF ENSG00000176697  IF/RT-PCR/WB mirtarbase
hsa-miR-204-5p CD44 ENSG00000026508  HITS-CLIP mirtarbase
hsa-miR-204-5p CREB5 ENSG00000146592 IF/Microarray/RT-PCR/WB mirtarbase
hsa-miR-204-5p  KCNK6 ENSG00000099337  HITS-CLIP mirtarbase
hsa-miR-204-5p  MDFI ENSG00000112559  HITS-CLIP mirtarbase
hsa-miR-204-5p PLAT ENSG00000104368  Microarray mirtarbase
hsa-miR-338-3p  SLC39A14 ENSG00000104635  Degradome sequencing tarbase
hsa-miR-338-3p  FAM49B ENSG00000153310 Degradome sequencing tarbase
hsa-miR-338-3p  TUBAIC ENSG00000167553  Degradome sequencing tarbase
Predicted targets
hsa-miR-138-5p BTBD7 ENSGO0000011114  NA diana_microt (479)
hsa-miR-138-5p Cl2orf36 ENSG00000180861  NA diana_microt
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miRNA Gene Target* ENSEMBL ID Method of validation Source database
hsa-miR-138-5p SCN2A ENSG00000136531  NA elmmo (481)
hsa-miR-138-5p CREB5 ENSG00000146592  NA elmmo
hsa-miR-138-5p BDNF ENSG00000176697  NA pita (483)
hsa-miR-138-5p C15o0rf37 ENSG00000259642  NA pita
hsa-miR-138-5p CYP3A5 ENSG00000106258  NA targetscan
hsa-miR-204-5p BTBD7 ENSG00000011114  NA elmmo
hsa-miR-204-5p CA12 ENSGO0000074410  NA elmmo
hsa-miR-204-5p CHST15 ENSG0O0000182022 NA elmmo
hsa-miR-204-5p CLEC5A ENSG00000258227  NA elmmo
hsa-miR-204-5p CLIP4 ENSG00000115295  NA elmmo
hsa-miR-204-5p CYP1B1 ENSG00000138061  NA elmmo
hsa-miR-204-5p DSG3 ENSG00000134757  NA diana_microt
hsa-miR-204-5p MKI67 ENSG0O0000148773  NA elmmo
hsa-miR-204-5p RHBDL2 ENSG00000158315 NA elmmo
hsa-miR-204-5p SCN2A ENSG00000136531  NA diana_microt
hsa-miR-204-5p SLC39A14 ENSG00000104635  NA elmmo
hsa-miR-204-5p SLCA5A3 ENSG00000158715  NA elmmo
hsa-miR-204-5p SLC7A11 ENSG00000151012  NA elmmo
hsa-miR-338-3p KIAA1199 ENSG00000103888  NA diana_microt
hsa-miR-338-3p ADAMDEC1 ENSG00000134028  NA diana_microt
hsa-miR-338-3p RASAL1 ENSG0O0000111344 NA diana_microt
hsa-miR-338-3p BTBD7 ENSG00000011114  NA diana_microt
hsa-miR-338-3p SYT8 ENSG00000149043  NA diana_microt
hsa-miR-338-3p CCL22 ENSG0O0000102962  NA diana_microt
hsa-miR-338-3p COL17A1 ENSGO0000065618  NA microcosm(484)
hsa-miR-338-3p AKR1C2 ENSGO0000151632 NA microcosm
hsa-miR-338-3p LILRB2 ENSG00000131042 NA microcosm

*Gene target in bold if co-regulated by more than one EV miRNA. miRNA target databases referenced in table. HITS-
CLIP, high-throughput sequencing of RNA isolated by cross-linking immunoprecipitation; IF, Immunofluorescence; NA,
non-applicable as a predicted target; PAR-CLIP, photoactivatable ribonucleoside-enhanced crosslinking and
immunoprecipitation; RT-qPCR, Real time quantitative polymerase chain reaction; WB, Western blotting;

Compared with the up-regulated EV miRNA, all three down-regulated EV miRNA were found to
have validated targets within the significantly up-regulated gene targets identified in COPD
epithelial brushings. Overall, miR-138-5p had the greatest number of targets with 21, followed by
miR-204-5p with 20 and miR-338-3p with 12 gene targets identified in the up-regulated genes in

epithelial brushings transcriptome in COPD.
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Together these 107 putative miRNA-mRNA interactions (54 gene targets of the five up-regulated
EV miRNA and 53 gene targets of the three down-regulated EV miRNA) formed the “miRNA-
MRNA interaction matrix” that was used for the miRNA-mRNA interaction analysis in the next

section.

5.24 miRNA-mRNA interaction analysis

There is no gold standard method for integrative analysis of miRNA and mRNA expression data.
Therefore, a number of different approaches were used to explore and understand the
interactions between the differentially expressed lung EV miRNA and mRNA from epithelial
brushings in COPD (summarised in Figure 5.3) (394-396, 399-401, 403, 404). The results of each of
these approaches will be covered in this section, with the ultimate aim of determining those
interactions, which require further investigation and potential validation in disease specific

biological models.

miRNA-mRNA interaction analysis

| Correlative analysis Identify significant
(Pearson in R) correlations

Tﬁ:ggiﬁA Network analysis Iden.tlfy MIRNA(s)
—— N (miRmapper & . with greatest
(107 Cytoscape) impact on gene
Interactions) expression
Gene Ontology Identify significant
—> analysis biological pathways
(BINGO) & processes

Figure 5.3 Summary of miRNA-mRNA interaction analyses performed in this thesis.
Blue rectangle indicates a process with the software/tool specified in parenthesis, grey trapezium
indicate a data output, yellow diamond is an important checkpoint.

5.24.1 Pairwise correlations between dysregulated miRNA and mRNA

Pairwise correlations were used to analyse the relationship between the eight differentially

expressed EV miRNA and 196 differentially expressed genes from the epithelial brushings.
In this analysis, a valid miRNA-mRNA interaction was reported based on the following conditions:

l. only significantly (i.e. FDR <0.05) differentially expressed miRNA and mRNA in COPD were
considered for analysis.
1. miRNA normalised expression significantly correlated with normalised gene expression

(i.e. FDR <0.05).
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M. directions of effect sizes of miRNA and gene on COPD were consistent with that from the

pairwise correlation analysis.

A total of 302 pairs were identified were identified by Pearson correlation test with P <0.05, of
those 141 had an FDR of <0.05. Of these, 85 showed negative correlations implying miRNA
regulation of mMRNA (summarised in Figure 5.4). Comparison of these 85 miRNA-mRNA pairs with
the results from the in silico target prediction (section 5.2.1) revealed 13 known target pairs,
defined as “direct” interactions (Table 5.5) and 72 unknown pairs defined as “indirect”

interactions (Appendix A, Supplementary Table 2).

| 8 miRNAs | | 196 genes |
] ! .
. Direct

Pa.lrWIse . interaction

correlation analysis
302 pairs

P<0.05 .
Indirect
:
141 pairs 72 pairs
FDR<0.05
85 pairs with
negative correlations
Comparison with miRNA

target prediction

Figure 5.4 Summary of pairwise correlation analyses to identify mRNA targets of miRNA

Direct interaction = known validated or predicted gene target of miRNA; Indirect interaction = unknown gene target of
miRNA. miRNA, microRNA; FDR, false discovery rate
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Table 5.5  “Direct” miRNA-mRNA interactions from pairwise correlation analyses

miRNA HGNC Log2FC Validated/ r P value FDR
SYMBOL Predicted
Up-regulated miRNA

hsa-miR-182-5p JADE1 -0.27 Validated -0.52 0.0003 0.002
hsa-miR-182-5p PIEZO2 -1.06 Predicted -0.42 0.005 0.02
hsa-miR-223-3p ACTR3B -0.26 Predicted -0.39 0.008 0.02
hsa-miR-182-5p ZDBF2 -0.29 Validated -0.39 0.008 0.02
hsa-miR-182-5p PLAG1 -0.46 Validated -0.38 0.01 0.03
hsa-miR-182-5p ARHGAP6 -0.47 Predicted -0.38 0.009 0.03

Down-regulated miRNA

hsa-miR-138-5p AKR1C2 0.88 Validated -0.46 0.002 0.009
hsa-miR-338-3p AKR1C2 0.88 Predicted -0.44 0.003 0.01
hsa-miR-338-3p CEMIP 1.42 Predicted -0.4 0.007 0.02
hsa-miR-338-3p COL17A1 1.21 Predicted -0.4 0.008 0.03
hsa-miR-338-3p RASAL1 0.94 Predicted -0.37 0.01 0.04
hsa-miR-138-5p CYP1B1 1.83 Validated* -0.37 0.01 0.04
hsa-miR-338-3p ADAMDEC1 0.009 Predicted -0.36 0.02 0.046

*Also a predicted target for miR-204-5p. r — generated using Pearson’s correlation coefficient. FDR, false discovery rate
generated using the Benjamini-Hochberg method, with significance <0.05

Only two of the up-regulated miRNA (miR-182-5p and mIR-223-3p) were found to have
“direct” /known gene target interactions based on the pairwise correlative analysis. Of these direct
interactions, miR-182-5p showed a moderate correlation with both Jade family PHD finger 1
(JADE1) (r = -0.52, FDR = 0.002) and Piezo Type Mechanosensitive lon Channel Component 2
(PIEZO2) (r = -0.42, FDR = 0.02), whereas the rest of the up-regulated miRNA demonstrated only
weak correlations with their direct targets. Of the down-regulated mRNA, miR-138-5p and miR-
338-3p showed a moderate correlation with AKR1C2 (r = -0.46, FDR = 0.009; r = -0.44, FDR = 0.01
respectively), suggesting synergistic action. In addition, miR-338-3p showed a moderate
correlation with Cell migration inducing hyaluronidase (CEMIP) (r = -0.4, FDR = 0.02), whereas the
rest of the down-regulated miRNA-mRNA pairs demonstrated only weak correlations. The
“indirect” interactions (summarised in Appendix A, Supplementary Table 2) showed several
moderate correlations, however these may be considered to be less reliable as they were not

found in the target prediction databases.

142



Chapter 5

5.24.2 Identifying the dominant miRNAs of the miRNA-mRNA interactions using

miRMapper

The most relevant miRNAs in a cellular context are not necessarily those with the greatest change
in expression levels between healthy and diseased tissue. Differentially expressed miRNAs that
modulate a large number of mMRNA transcripts ultimately have a greater influence in determining
phenotypic outcomes and are sometimes considered more important than miRNA that modulate

just a few mRNA transcripts.

Using the 107 miRNA-mRNA interactions (54 between up-regulated miRNA and down-regulated
mRNA and 53 between down-regulated miRNA and up-regulated mRNA) generated by the
analysis in section 5.2.3; and the 196 differentially expressed mRNA identified in section 5.2.2, the
mirMapper package was used to identify the dominant miRNA in the miRNA-mRNAs interaction

network.

5.24.2.1 Adjacency matrix to determine gene targets with the greatest centrality

Firstly, an adjacency matrix was produced, which organises the data for downstream analysis and
defines the gene targets with the greatest degree centrality (the number of edges and so in this

example regulatory miRNAs) in the miRNA-mRNA interaction network (Table 5.6).

Table 5.6  Adjacency matrix for the gene targets with the greatest degree centrality

Gene miR- miR- miR- miR- miR- miR- miR- miR- sums
2110 223-3p 182-5p 625-3p 200b-5p 138-5p 204-5p 338-3p
CRIM1 0 1 1 0 1 0 0 0 3
BTBD7 0 0 0 0 0 1 1 1 3
GL/I3 0 1 1 0 0 0 0 0 2
ING1 1 0 1 0 0 0 0 0 2
KLF10 0 0 1 0 1 0 0 0 2
PLAG1 0 0 1 0 1 0 0 0 2
FXYD6 1 0 1 0 0 0 0 0 2
FBXL14 1 1 0 0 0 0 0 0 2
FZD8 1 0 1 0 0 0 0 0 2
SLC45A3 0 0 0 0 0 1 1 0 2

0 = not a gene target of the specified miRNA; 1 = known gene target of the specified miRNA

In the epithelial brushings, the genes CRIM1 and BTBD7 have the greatest degree centrality in the
miRNA-mRNA interaction network, with three regulatory miRNAs in each case (miR-223-3p, miR-
182-5p and miR-200b-5p target CRIM1 and miR138-5p, miR-204-5p and miR-338-3p target
BTBD7). Interestingly, both CRIM1 and BTBD7 had relatively small differential expression in the
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epithelial brushings in COPD (Appendix A, Supplementary Table 1 log2FC = -0.39, FDR = 0.01 and
log2FC = 0.00044, FDR 0.006 respectively). In contrast, both the most down-regulated gene
transcript in COPD (atrial Natriuretic Peptide Receptor 3 (NPR3), log2FC = -2.34, FDR = 0.01) and
the most up-regulated gene transcript in COPD (Aldo-Keto Reductase Family 1 Member B10
(AKR1B10), log2FC =2.03, FDR < 0.00001) identified as a miRNA target had a degree centrality of 1,
with just one miRNA target each (miR-182-5p and miR-138-5p respectively).

5.2.4.2.2 miRNA impact on gene expression in epithelial brushings

The adjacency matrix is also used as input to define the degree centrality of the miRNA itself,

shown in Table 5.7 and in Figure 5.5.

Table 5.7 miRNA impact on the differential gene expression

mMiRNA Predicted genes Percentage of gene Percentage of differentially
identified targets expressed genes

hsa-miR-182-5p 33 393 16.8

hsa-miR-204-5p 20 23.8 10.2

hsa-miR-138-5p 18 21.4 9.2

hsa-miR-338-3p 12 14.3 6.1

hsa-miR-2110 9 10.7 4.6

hsa-miR-223-3p 6 7.1 3.1

hsa-miR-200b-5p 5 6.0 2.6

hsa-miR-625-3p 1 12 0.5

Although miR-223-3p was shown to be the most up-regulated miRNA in lung-derived EVs in COPD,
(log2FC = 2.97, FDR = 0.02, Table 4.7), it appears to have only a small effect on the gene targets
identified, impacting only 3.1% of all the differentially expressed genes and regulating only 7.1%
of all genes targeted by the miRNA. However miR-182-5p, with a linear expression nearly three
times smaller than miR-223-3p (log2FC = 1.52, FDR = 0.04, Table 4.7), has the greatest number of
targets, impacting on 16.8% of all the differentially expressed genes and regulating 39.3% of all
the genes targeted by a miRNA in the dataset (Table 5.7 & Figure 5.5).
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Figure 5.5 Predicted miRNA impact on genes.
Data are presented in the order of the greatest number of impacted genes to the lowest, with
percentage of total targets affected by the miRNA in red and the percentage of total differentially
expressed genes affected by the miRNA in blue.

5.2.4.2.3 Identification of synergistic miRNA action on differential gene expression

The mirMapper package also identifies those miRNA that are working synergistically (Figure 5.6),
which is important as it is normally the action of more than one miRNA on a gene target to cause
a significant impact on transcript levels (485). As shown in the dendrogram (Figure 5.6), miR-204-
5p and miR-138-5p are represented in a single clade (branch of a dendrogram), with the shortest
branch points indicating the greatest similarity based on the miRNAs’ Jaccard similarity index (a
statistical measure of similarity for two sets of data (486). These two down-regulated miRNA
belong to two distinct miRNA clusters (487) and therefore it is not possible to infer synergistic
action from their sequence analysis alone. The two up-regulated miRNA, miR-223-3p and miR-
200b-5p are also present in a single clade, but have a longer branch point indicating less similarity
than miR-204-5p and miR-138-5p. In addition, miR-625-3p is represented as a single leaf (terminal

end of a clade) of a clade demonstrating no similarity to the other differentially expressed miRNA.
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Figure 5.6 Dendrogram showing clustering of differentially expressed EV miRNA based on the
similarity of the miRNAs' Jaccard index values to each other

5.3 miRNA-mRNA interaction network topology

The 107 miRNA-mRNA interactions were mapped and visualised in a network using a programme
Cytoscape. The network of the up-regulated miRNA and their down-regulated gene targets are
shown in Figure 5.7 and the network of the down-regulated miRNA and their up-regulated gene
targets are shown in Figure 5.8. These networks display a summary of the findings from the

analysis so far in this chapter, with the following attributes:

l. The circular nodes correspond to the differentially expressed genes identified in section
5.2.2. The size of the node is proportional to the differential expression (log2FC) in COPD,
i.e. for the up-regulated miRNA network, the larger the node, the more down-regulated
the gene was in COPD epithelial brushings.

II.  The edges represent an interaction between a miRNA and mRNA. If the edge is a solid
line, this represents a validated mRNA target, whereas a dotted line represents a
predicted mRNA target (both of these would be considered “direct” interactions from the
correlation analysis in section 5.2.4.1).

.  The nodes coloured in orange are those identified as significant (FDR<0.05) from the

correlative analysis (section 5.2.4.1).
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V. The nodes coloured purple are those mRNA regulated by more than one miRNA and

therefore have a degree centrality >1 (identified in section 5.2.3 & 5.2.4.2.1).

V. The nodes coloured yellow satisfy both iii. and iv. and therefore may be of greater

significance.
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Figure 5.7

Up-regulated EV miRNA- mRNA interaction network in epithelial brushings in COPD
Red triangular nodes correspond to up-regulated EV miRNA in COPD, circular nodes correspond to
down-regulated genes in COPD, these are coloured according to significance, with purple nodes showing
a degree centrality >1, orange nodes identified as significant interactions from the Pearson correlation
analysis, yellow nodes showing both attributes and blue nodes showing neither. The size of the circular
node is proportional to the differential expression in COPD (i.e. the bigger the circle, the more down
regulated it is in COPD). The edges are solid if the genes are validated targets of the miRNA and dotted if
predicted targets

The miRNA with the highest node degree (number of edge incidents to the node) and the

highest betweenness centrality (indicator of a node’s centrality in a network) is miR-182-5p

(Figure 5.7). This reinforces the results presented in section 5.2.4.2.2, which demonstrated

miR-182-5p has the greatest number of targets, impacting on 16.8% of all the differentially

expressed genes. Whereas, miR-625-3p has only one gene target, TBC1 Domain Family

Member 3C (TBC1D3(C), and is separate from the rest of the network, suggesting this EV
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miRNA has the least regulatory effect on the differentially expressed genes and the network
as a whole. Interestingly, the genes with the greatest differential expression levels (largest
circles) such as NPR3, Tolloid-like 1 (TLL1), Sushi domain containing 2 (SUSD2), PIEZO2 and
CD34 molecule (CD34) are not co-targeted by any of the up-regulated miRNA. In addition,
with the exception of PIEZO2 (r = -0.42, FDR = 0.02), they were not significant in the pairwise

correlation analysis (section 5.2.4.1).
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Figure 5.8 Down regulated EV miRNA-mRNA interaction network in epithelial brushings in COPD
Green triangular nodes correspond to down-regulated EV miRNA in COPD, circular nodes correspond to
up-regulated genes in COPD. These are coloured according to significance, with purple nodes showing a
degree centrality >1, orange nodes identified as significant interactions from the Pearson correlation
analysis, yellow nodes showing both attributes and blue nodes showing neither. The size of the circular
node is proportional to the differential expression in COPD (i.e. the bigger the circle, the more up
regulated it is in COPD). The edges are solid if the genes are validated targets of the miRNA and dotted if

predicted targets.

In the down-regulated EV miRNA-mRNA interaction network (Figure 5.8), miR-204-5p showed the
highest node degree (20 gene targets) and the highest betweenness centrality, indicating it may
be the most important miRNA in the network. All three down-regulated EV miRNA demonstrate
possible synergistic activity with several co-targeted genes. In particular, Cytochrome P450 1B1
(CYP1B1) (one of the most up-regulated genes in the network, log2FC = 1.83, FDR = 0.02) is

targeted by both miR-138-5p and miR-204-5p, and CYP1B1 gene expression negatively correlated
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with expression of miR-138-5p (r =-0.37, FDR = 0.04, Table 5.5). In addition, AKR1C2 (log2FC = 0.9,
FDR = 0.01) is targeted by both miR-138-5p and miR-338-3p, and AKRIC2 gene expression
negatively correlated with both expression of miR-138-5p and miR-338-3p (r = -0.46, FDR = 0.009
and r = -0.44, FDR = 0.01 respectively). This synergism suggests coordinated activity by the down-
regulated EV miRNA and may lead to a greater impact on post-transcriptional gene expression

and further downstream pathway effects.

5.3.1 Cluster analysis of networks

Usually in biological networks, the nodes that work together (i.e. play a role in the same
pathway), are highly interconnected. These interconnected nodes or clusters may represent an
important cellular module. These nodes can be identified by visual exploration of the network.
The tool ClusterViz within Cytoscape was used to analyse the miRNA-mRNA network using the
EAGLE clustering algorithm to identify key clusters/modules within the network. This approach
identified five major sub-networks (Figure 5.9).

CD34 DSG3
PRDM11 SCN2A CREB5

\ !
h R b 5 C120rf36
sa-miR-200b-5p cYP1B
/

\ [ C150rf37

SRGAP2C V. ADAMTS15 @
DPY19L3/ KLF10 CABY SLC7A11 " MDFI
ZDBF2 \ ! / hsa- -5p
EURLis TLNB T 3 hsa- - -3p AKR1BT0 /
\

CHST15/ RHBDL2ARNTL2

CLIP4
CA12

PLAG1 PLAT

RHGAP

CTR3B \ | CLECS5A
%DKN‘I(‘/GLIB CYP3A5 SLC39A14
CDH17

F’HLDA'I BDNF BTBD7
__—TOB1 //
FAMB9B S

‘\\\ FBXL14 y W \ SYT8
TOHg—,
FXYDG /
_PIEZO2 cCILP/ | PER2 UBA1C
INSR

ING'I
HOMERA RN hsa-
SIK2 / HEG

LILRB
! SCNN1G FZDS / \ coL22
LRIG1 1 0
SCUBES3 PAN11 KIAA1199 FAM498
A

/ DAMDECH
ATPBVABA &P RASAL1

TBC1D3C SNTBT  susp2

hsa-miR-625-3p

Figure 5.9 Cluster analysis of miRNA-mRNA interaction network

Each colour represents a cluster: Cluster 1 (purple), Cluster 2 (Pink), Cluster 3 (Green), Cluster 4 (Orange), Cluster 5
(Blue). Triangular nodes represent differentially expressed EV miRNA. Circular nodes represent differentially expressed
gene targets in epithelial brushings.

The attributes of these five clusters are summarised below Table 5.8. The largest cluster (Cluster 1
- purple) involving two down-regulated EV miRNA (miR-204-5p and miR-138-5p) encompassed 30

nodes, with an in-degree (number of edges within the cluster) centrality of 36, and the highest
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modularity of 12. This supported the findings of the miRMapper analysis (section 5.2.4.3.2), which
used a different method (similarity of miRNAs’ Jaccard’s index values) to determine miRNA
synergism, and showed that miR-138-5p and miR-204-5p were the most similar of the
differentially expressed miRNA (Figure 5.5). Cluster 2 (pink) involving only miR-182-5p, contained
27 nodes and the greatest out-degree (number of edges outside the cluster) centrality (Table 5.8).
The smallest cluster (Cluster 5 — blue) involved two up-regulated miRNA (miR-2110 and miR-625-
3p) that did not interconnect and had the lowest modularity of 2.25. As mentioned previously,
miR-625-3p is likely to be of least importance to the network as a whole with only one interaction
(edge) and no shared targets. Whereas, miR-204-5p, miR-138-5p and miR-182-5p are the most

central miRNAs to the network and therefore likely to have more biological significance.

Table 5.8  Attributes of the five clusters identified from the miRNA-mRNA network cluster

analysis
mMiRNA Number Number of Modularity Number of
of nodes  edgesinside edges outside
the cluster (In- the cluster (Out-
degree) Degree)
Cluster 1 miR-204-5p, miR-138-5p 30 36 12 3
(Purple)
Cluster 2 miR-182-5p 27 26 3.71 7
(Pink)
Cluster 3 miR-338-3p 12 11 3.67 3
(Green)
Cluster 4 miR-200b-5p, miR-223-3p 12 11 2.2 5
(Orange)
Cluster 5 miR-2110, miR-625-3p 11 9 2.25 4
(Blue)
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5.4 Gene Ontology Enrichment Analysis

To identify the key biological processes, molecular functions and pathways, which the identified
miRNA-mRNA interactions are involved in, Gene Ontology (GO) enrichment analysis was
performed using the Biological Networks Gene Ontology tool (BiNGO) within Cytoscape. BINGO
identifies the GO categories that are statistically overrepresented in a set of genes or a sub-graph
of a biological network. BINGO maps the predominant functional themes of a given gene set on
the GO hierarchy and outputs this mapping as a Cytoscape graph. From this analysis, the intention
is to prioritise one or a few gene targets to perform functional studies for their interaction

validation.

5.4.1 Gene ontology enrichment analysis for GO: biological process

In this analysis the BINGO output was generated using the hypergeometric statistical test followed
by an FDR correction (<0.05) for overrepresentation of the target genes against the
GO_biological_process dataset. This output was used to generate an enrichment map using a p

value < 0.01 (Figure 5.10).
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Figure 5.10 Enrichment Map from BiNGO output with most significant GO terms for biological process and their interactions.
Circles represent GO: biological process, with a darker red colour corresponding to increasing significance. Edges in blue represent an interaction between biological processes.
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Although this analysis identified several significant (p<0.01) GO: biological processes for the
miRNA-mRNA network, none passed the FDR <0.05 threshold. This is likely due to the interaction
network being small and only involving 107 target genes. The most significant GO terms for GO:
biological processes are summarised in Table 5.9. These include several GO terms relating to
regulation of phospholipase activity, which mapped to the following target genes NPR3, Homer

scaffold protein 1 (HOMER1) and Rho GTPase activating protein 6 (ARHGAPG6).

Table 5.9 Most significant GO terms generated from BiNGO output for GO biological process

GOID Description #Genes Mapped Genes Pvalue FDR
G0:7588 Excretion 3 SCNN1G|NPR3|ATP6V1B1 0.0002 0.08
G0:7202 Activation of 3 NPR3|HOMER1|ARHGAP6 0.0003 0.08
phospholipase c activity
G0:10863 Positive regulation of 3 NPR3|HOMER1|ARHGAP6 0.0003 0.08
phospholipase c activity
G0:60193 Positive regulation of 3 NPR3|HOMER1|ARHGAP6 0.0004 0.08
phospholipase activity
G0:10517 Regulation of 3 NPR3|HOMER1|ARHGAP6 0.0005 0.08
phospholipase activity
G0:60193 Positive regulation of 3 NPR3|HOMER1|ARHGAP6 0.0005 0.08
lipase activity
G0:1501 Skeletal system 5 NPR3|ATP6V1BI|KLF10| 0.0007 0.09
development TLL1|GLI3
G0:60191 Regulation of lipase 3 NPR3|HOMER1|ARHGAP6 0.001 0.09
activity
G0:32583 Regulation of gene- 4 GLI3|CDKNI1C|PER2|INSR 0.001 0.09
specific transcription
G0:48731 System development 13 NPR3|ATP6V1B1|HOMER1 | 0.001 0.09
KLF1O|TLL1|GLI3|CDKNIC]|
INSR|PLAG1|CRIM1|FZD8)|
ATOHS8|FLNB
FDR, False discovery rate; GO, Gene ontology
5.4.2 Gene ontology enrichment analysis for GO: molecular function

In this analysis, the BINGO output was generated using the hypergeometric statistical test
followed by an FDR correction (<0.05) for overrepresentation of the target genes against the
GO_molecular function dataset. This output was used to generate an enrichment map using a p

value < 0.01 (Figure 5.11).
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Figure 5.11 Enrichment Map from BiNGO output with most significant GO terms for molecular function and their interactions.
Circles represent GO: molecular functions, with a darker red colour corresponding to increasing significance. Edges in blue represent an interaction between molecular functions.
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Again, although this analysis identified several significant (p<0.01) GO: molecular function terms
for this miRNA-mRNA network, however none passed the FDR <0.05 threshold. The most
significant GO terms for GO molecular function are summarised in Table 5.10. These include
several GO terms relating to regulation of hormone activity, with the following mapped genes

Insulin receptor (INSR), CRIM1 and NPR3.

Table 5.10 Most significant GO terms generated from BiNGO output for GO molecular function

GOID Description # Genes Mapped Genes P value FDR

G0:5200 Insulin-like growth 2 INSR | CRIM1 0.001 0.1
factor binding

G0:17046 Peptide hormone 2 INSR|NPR3 0.002 0.1
binding

GO:5009 Insulin receptor activity 1 INSR 0.002 0.1

G0:15234 Thiamine 1 SLC19A2 0.002 0.1
transmembrane

transporter activity

G0:43423 3-phosphoinositide- 1 INSR 0.005 0.1
dependent protein
kinase binding

G0:5070 Sh3/sh2 adaptor 2 ARHGAP6|TOB1 0.006 0.1
activity

G0:42562 Hormone binding 2 INSR|NPR3 0.007 0.1

G0:51425 Ptb domain binding 1 INSR 0.007 0.1

G0:16941 Natriuretic peptide 1 NPR3 0.007 0.1
receptor activity

G0:16004 Phospholipase activator 1 ARHGAP6 0.009 0.1
activity

FDR, False discovery rate; GO, Gene ontology
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5.5 Discussion

Chapter 5 presents the findings of EV miRNA gene target identification, differential expression
analysis of the epithelial brushing transcriptome in paired samples, and the interactions of the
differentially expressed lung EV miRNA with the differentially expressed genes in these epithelial
brushings. The chapter explores these miRNA-mRNA interactions further to identify key pathways

and biological processes under miRNA regulation that may be pertinent to COPD pathology.

5.5.1 Identifying differentially expressed EV miRNA target genes within epithelial

brushings

The results of the in silico analysis identified over 21,000 target genes of the eight differentially
expressed lung-derived EV miRNA. The majority of these genes were predicted targets (64.3%)
rather than validated in experimental models. This distinction is important to note as miRNA
target prediction methods mainly focus on programming alignment to identify complementary
elements in the 3’-untranslated region (UTR) within the seed sequence of the miRNA and the
phylogenetic conservation of the complementary sequences in the 3’-UTRs of orthologous genes.
Although, evidence suggests that perfect seed pairing may not necessarily be a reliable predictor
for miRNA interactions (488). Therefore experimental validation is important to endorse the
physiological functions and clinical relevance of specific miRNA on their predicted gene targets.
However in this study, using both predicted and validated targets for analysis may reveal both

novel and known miRNA-mRNA interactions that could be important in COPD pathogenesis.

A major strength of the overall MICA Il study is the paired sampling approach, which
encompassed epithelial brushings, alveolar macrophages and epithelial biopsies from the same
patients as the lung EVs were isolated from. Epithelial brushings were chosen as a focus of miRNA
regulation as they demonstrated the greatest differential gene expression between COPD and
healthy ex-smokers, compared with the alveolar macrophage and epithelial biopsy samples (489).
Furthermore, they are a key regulatory cell in COPD, not only forming a physical barrier to harmful
pathogens and toxins, but also a coordinator of the innate immune response (98-100). In addition,

there is clear evidence of epithelial cell compromise in COPD (94-97, 302).

The differential expression analysis of the epithelial brushing transcriptome revealed 196
differentially expressed genes (FDR <0.05). Nearly 40% of these had a log2FC >1/-1 demonstrating
significant up/down regulation in COPD. Although not all of these genes were found to be

regulated by the differentially expressed miRNA, these dysregulated genes are discussed in more
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detail in the next section, as they may be key to mechanisms and pathways important to the

pathophysiology in COPD.

5.5.1.1 Up-regulated genes in COPD epithelial brushings

Several of the up-regulated genes in the epithelial brushings have been identified previously as
dysregulated in COPD. Fetuin B (FETUB) was the most up-regulated gene in the COPD epithelial
brushings compared with healthy ex-smokers (Table 5.2, log2FC = 2.87, FDR = 0.01). FETUB is a
liver-derived plasma protein (490) and has been reported to influence glucose metabolism (491).
Raised plasma FETUB in COPD compared with controls was identified by isobaric tags for relative
and absolute quantitation (iTRAQ)-based proteomics and validated in a second cohort by enzyme-
linked immunosorbent assay (ELISA) (492). This latter study also showed that plasma FETUB
predicted the occurrence of acute exacerbations and levels negatively correlated with disease
severity (FEV1 % predicted) (492). Furthermore, the EVA study identified FETUB and retinoic acid
early transcript-1 (RAETL1) (another of the up-regulated genes in this study) as two of the top
differentially expressed genes in epithelial brushings of patients with COPD and high blood
eosinophil counts (>200 eosinophils/pL) (493). This suggests that FETUB and RAETL1 may play a

role in eosinophilic COPD (to be explored further in Chapter 6).

Additionally, other up-regulated genes in the COPD epithelial brushings included arachidonate 15-
lipoxygenase type B (ALOX15B) (Table 5.2, log2FC = 2.61, FDR = 0.008), which is a member of the
lipoxygenase family and is involved in resolution of inflammation (494). ALOX15B is implicated in
conditions that complicate inflammatory lung disease such as nasal polyps and chronic
rhinosinusitis (495), and the mechanism by which roflumilast (phosphodiesterase - 4 (PDE4)
inhibitor) works in COPD (496). The matrix metalloproteinase 12 (MMP12) gene was also
significantly up-regulated in COPD epithelial brushings (Table 5.2, log2FC = 2.49, FDR = 0.02).
MMP12 is considered to play a key role in the development of emphysema and small airway
remodelling (497). Interestingly there is also published data suggested that selective inhibition of
MMP12 might be a viable therapy for COPD (497), raising the possibility of miRNA post-
transcriptional regulation of MMP12 as a possible future therapy. Interleukin 1 receptor type 2
(ILIR2) was also found up-regulated in COPD epithelial brushings compared with healthy ex-
smokers (Table 5.2, log2FC = 2.34, FDR = 0.0005). Baines et al. demonstrated raised IL1R2 in
sputum of patients with COPD and that sputum IL1R2 may predict future exacerbations (498).
Importantly, the ILIR2 gene encodes for one of the IL-1 cytokine receptors that binds IL-1B, a
potent activator of alveolar macrophages in COPD leading to MMP-9 production (108), and thus

together these findings further illustrate the importance of /L1R2 dysregulation in COPD.
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5.5.1.2 Down-regulated genes in COPD epithelial brushings

Atrial natriuretic peptide receptor 3 (NPR3) was the most down-regulated known transcript in
COPD epithelial brushings compared with healthy ex-smokers (Table 5.2, log2FC = -2.01, FDR =
0.0003), and has been implicated in COPD previously (499). NPR3 encodes for one of the three
natriuretic peptide receptors, which have an essential role in the regulation of blood pressure,
intravascular volume and electrolyte homeostasis (500). Specifically, the NPR3 receptor is
primarily responsible for clearing circulating and extracellular natriuretic peptides (501). However,
several studies indicate that NPR3 receptor activation may also trigger several intracellular
signalling pathways, including cyclic adenosine monophosphate (cAMP) inhibition (501), a potent
regulator of innate and adaptive immune cell functions, and phospholipase C signalling (502) (to
be discussed in more detail in section 5.5.3). NPR3 can also activate mitogen-activated protein
kinase (MAPK)/ phosphoinositide 3-kinase (PI3K) signalling pathways, which are involved in cell
proliferation in vascular smooth muscle cells (503). Furthermore, in the context of the lung, NPR3
gene expression is selectively down-regulated in the lungs of rats and mice in response to hypoxia
and may enhance the vasodilator effects of atrial natriuretic peptide (ANP) in the lung, thus
modulating hypoxic pulmonary vasoconstriction/hypertension (504). Most recently, Kachroo et al.
showed NPR3 was differentially methylated in smoke exposed fetal lung samples (505) and NPR3
presence (along with TLL1), another significantly down-regulated gene in this study) correlated
with diseased parenchyma in lung biopsies (506). Furthermore, in a COPD mouse model, NPR3
regulation was implicated in treatment responsiveness to a glucagon-like peptide (GLP)-1 agonist

(499).

In contrast to this study (where subjects were all ex-smokers and TLL1 was down-regulated), TLL1
expression was found significantly up-regulated in bronchial brushes compared with nasal
epithelium after exposure to smoke, implying that TLL1 gene expression may vary depending on
the temporal nature of smoke exposure (507). In addition, TLLI was found significantly
dysregulated in subtypes of asthma (508), and importantly encodes a metalloprotease that is

involved in degradation of the extracellular matrix suggesting a role in airway remodelling (509).

CD34 is a protein coding gene for haemapoietic stem cells, these are found be reduced in
peripheral blood of smokers (510) and patients with COPD (511), and are important for vascular
endothelial repair (512). CD34 transcript was down-regulated in COPD epithelial brushings
compared with healthy ex-smokers (Table 5.2, log2FC = -1.27, FDR = 0.02), which may suggest a
lack of recruitment of these stem cells to the lungs in COPD, impairing tissue repair and

regeneration. In addition, other down-regulated genes, WNK lysine deficient protein kinase 4
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(WNK4) and SUSD2 have been identified as altered in co-methylation analysis in lung tissue in
COPD (505). Integral membrane protein 2A (ITM2A) has previously been identified as down-
regulated in COPD lung tissue (513), whereas metallothionein 1G (MT1G) was up-regulated in the
same study in contrast to the results of this study (Table 5.2, log2FC = -1.12, FDR = 0.012). It is
worth noting that MT1G codes for the protein metallothionein 1 which is transcriptionally
regulated by glucocorticoids, with increased metallothionein expression reflecting steroid

resistance (514).

A number of the transcripts identified from the differential expression analysis were new
transcripts with very little literature base, such as ENSG00000287059, ENSG00000287771,
ENSG00000198787, ENSG00000214870, ENSG00000283413.

Overall the differentially expressed genes in the epithelial brushings in COPD revealed several
possible (and some novel) mechanisms underlying COPD pathophysiology. Encouragingly, many of
these dysregulated genes were already found in the COPD literature (e.g. ALOX158, MMP12 and
ILIR2), which increases the likelihood of their significance to underlying biology. Several of the
genes were shown to be epigenetically modified in COPD, (NPR3, WNK4, SUSD2 modified by DNA
methylation rather than miRNA (505)) suggesting that there may be dual epigenetic control of
some genes related to COPD pathogenesis. Furthermore, certain genes were found to have
implications for treatment in COPD, such as steroid resistance (e.g. MTIG) or an association with
eosinophilic disease (e.g. FETUB). Finally the dysregulation of CD34 raised important insights into
the role of stem cells in vascular remodelling in COPD and whether this is a key modifiable factor

that is currently under-explored in this disease.

5.5.2 Identifying putative miRNA-mRNA interactions

The multiMiR package identified 107 putative interactions between the eight differentially

expressed EV miRNA and the 196 differentially expressed genes in the COPD epithelial brushings.

Further analysis suggested 13 of these interactions had a significant negative correlation when
comparing their normalised expression profiles, increasing the likelihood of a meaningful
interaction within this sample. The strongest correlation in the up-regulated EV miRNA was JADE1
expression with miR-182-5p (Table 5.5, r = -0.52, p = 0.0003). JADE1 is a negative regulator of
Wingless/Integrase-1 (WNT) signalling, where previous studies have suggested the shift from
canonical to non-canonical WNT signalling in the COPD alveolar epithelium promotes emphysema
through abnormal alveolar repair (515). JADE1 has previously been shown to be differentially

methylated in COPD and was one of the biomarkers shown to predict future risk of COPD (516).
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Of the down-regulated EV miRNA gene targets, AKR1C2 showed significant negative correlations
with both miR-138-5p and miR-338-3p. This synergistic activity increases the likely biological
impact of these interactions. The AKR1C family, including AKR1C2, code for enzymes implicated in
steroid metabolism and their expression levels are localised in the normal tissues of the lung,
liver, prostate, testis and mammary glands (517). Their regulation is associated with several
cancers, however their exact mechanism in promoting tumourigenenis is not known (518).
Furthermore, AKR1C2 has been found up-regulated in the airways of COPD and healthy smokers
(519), in keeping with this study (Table 5.3, log2FC = 0.88, FDR = 0.01).

The gene CEMIP was up-regulated in COPD epithelial brushings (Table 5.2, log2FC = 1.42, FDR =
0.002) and significantly correlated with miR-338-3p (Table 5.5, r = -0.4, FDR = 0.02). CEMIP has
been implicated in pulmonary fibrosis (520), inflammation (521) and tumorigenesis (522) and
therefore may have a significant role in COPD pathogenesis. Collagen type XVII alpha 1 chain
(COL17A1), a protein-coding gene for XVII collagen, was also found up-regulated in COPD
epithelial brushings and negatively correlated with miR-338-3p expression (Table 5.5, r = -0.39,
FDR = 0.03). Up-regulation of COL17A1 has been shown previously in COPD (523) and given its
role in collagen formation, dysregulation of COL17A1 has implications for extracellular matrix

remodelling and emphysema pathogenesis (524).

5.5.2.1 Identifying the most dominant miRNA-mRNA interactions

Overall, several of these interactions have biological importance to COPD pathogenesis. However,
using this correlative approach to analyse the relationships between miRNA and mRNA can
miss/under-represent targets of biological importance that are regulated by multiple miRNA
(525). The mirMapper analysis focused on identifying the most dominant miRNA-mRNA
interactions. This analysis identified CRIM 1 and BTBD7 as the two most targeted genes with three
miRNA targets each (Table 5.6). The gene CRIM1 was found to be down-regulated in COPD
epithelial brushings and is targeted by three up-regulated EV miRNA (miR-223-3p, miR-182-5p and
miR-200b-5p). CRIM1 has been implicated in inhibiting the invasion and metastasis of lung
adenocarcinoma cells via regulation of miR-182 (526), and may play a role in capillary formation
and maintenance during angiogenesis (527). Furthermore, BTBD7 was found to be up-regulated in
COPD epithelial brushings and is regulated by all three down-regulated miRNA. Altered
methylation of BTBD7 has been described in asthma (528) and implicated in lung cancer
progression (529). Yet, although these findings suggest both CRIM1 and BTBD7 have the greatest
degree of centrality to the miRNA-mRNA interaction network, their relatively small differential

expression in the COPD epithelial brushings (log2FC = -0.39 FDR = 0.02; log2FC = 0.0004, FDR =
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0.006 respectively) are unlikely to translate into a large impact on disease specific pathways. In
contrast, BDNF and sodium voltage-gated channel a subunit 2 (SCN2A) had much higher
differential expression in COPD epithelial brushings (log2FC = 1.44 and 0.97 respectively), and
were also co-regulated by miRNA (miR-138-5p and miR-204-5p) suggesting a greater potential
impact on downstream pathways. Levels of serum BDNF have been shown in a number of studies
to correlate with disease severity in COPD (530-532) and its role as a mediator of neuronal
plasticity, has been shown to be key in acute and chronic inflammatory conditions of the airways
(533, 534). Furthermore, mutations in the SCNA family have a strong association with pulmonary
emphysema (535) and therefore modulation of SCN2A in the airway epithelium may have

important consequences for COPD pathogenesis.

In addition to focusing on gene targets, the miRmapper analysis also highlighted the miRNA with
the greatest degree centrality in the miRNA-mRNA interaction network and any synergism within
the differentially expressed EV miRNA. The up-regulated EV miRNA, miR-182-5p, had the highest
degree centrality, targeting 39.3% of all differentially expressed targets (Table 5.7) and therefore
is presumed to have a greater impact on biological function, even though it is not the most
differentially expressed miRNA. However, more recent studies suggest rather than a single miRNA
leading to meaningful biological effect, that cooperative regulation of miRNA on a group of genes
is far more likely (536). Therefore, two cluster-based methods (Jaccard similarity index and EAGLE
algorithm) were used to interrogate the miRNA-miRNA interaction network, and these methods
both identified miR-204-3p and miR-138-5p with the greatest synergistic activity based on shared
targets (Figure 5.5 and Figure 5.8). Interestingly, two of these gene targets have already been
discussed as potentially important to COPD pathogenesis (SCN2A and BDNF). In addition, the up-
regulated CYP1B1 gene in epithelial brushings in COPD (Table 5.5. log2FC = 1.83, FDR = 0.01) is
also co-targeted by miR-204-3p and miR-138-5p, and was found to be negatively correlated with
miR-138-3p expression (Table 5.5, r = -0.37, FDR = 0.04). The gene CYP1B1 encodes a member of
the cytochrome P450 superfamily of enzymes, which catalyse many reactions involved in drug
metabolism and synthesis of cholesterol, steroids and other lipids (537). Specifically, CYP1B1 has
been shown to metabolically activate polycyclic aromatic hydrocarbons (PAHs), such as those
found in tobacco smoke, to ultimately generate carcinogenic compounds (538). Moreover,
Smerdova et al. demonstrated pro-inflammatory cytokines, such as tumour necrosis factor (TNF)-
a augmented the effects of PAHs through CYP1B1 (539). Finally, in keeping with this study, up-
regulation of CYPB1 expression has been previously shown in type Il alveolar epithelial cells from
patients with COPD (540). Taken together these findings suggest an important role for CYPB1

regulation in the development of lung cancer in pro-inflammatory lung conditions.

161



Chapter 5

5.5.2.2 Visualising the miRNA-mRNA interactions in a network

To summarise the findings of the miRNA-mRNA interaction analysis, an open source network
visualisation software (Cytoscape) was used (398). Although node attributes, such differential
expression, are often incorporated into the network structure, to my knowledge this is the first
miRNA-mRNA network representation to include results of the analytical approaches used in this
thesis. In order to determine the important miRNA-mRNA interactions, results of the in silico
analysis identifying predicted and validated gene targets, correlation analysis and miRmapper
analysis were all displayed in the network to give a comprehensive overview of the analytical
methods and results. This enabled specific miRNA-mRNA interactions with likely greater biological
significance to be highlighted and these interactions have been discussed above. However,
although network visualisation gives insights into the individual miRNA-mRNA interactions and
clusters, GO enrichment analysis highlights biological pathways where these interactions are

prominent and thereby identifies processes that may by key to COPD pathogenesis.

5.5.3 GO enrichment analysis to identify key pathways regulated by miRNA-mRNA

network

Gene ontology enrichment analysis identified several significant biological processes, however
none passed the FDR of <0.05. This is likely due to the small sample size, but despite this
conclusions can be drawn from those processes highlighted in this analysis. Strikingly, processes
involving regulation of phospholipase (PL) were repeatedly found to be significant in this analysis
and mapped to three significantly differently expressed genes NPR3, HOMER1 and ARHGAPG6. PLs
are a ubiquitous group of enzymes that have a diverse set of functions, and include the signalling
effector PLC family which regulate various cellular activities through activated protein kinase C
and calcium metabolism (541). In this study, activation and regulation of PLC activity were
highlighted in the top three GO: biological processes. Studies have shown that PLC activation is
important for influenza virus infection of lung epithelial cells (542), and is involved in up-
regulation of pro-inflammatory cytokines (via NFkB-MAPK signalling), as well as the generation of
intracellular reactive oxygen species (ROS) (543). Furthermore, accumulated evidence has
suggests that the PLC signalling inhibitor U73122 attenuates both acute and chronic inflammation
(544). Little is known about PLC function and expression in COPD and therefore these findings

highlight possible novel pathways for exploration in this disease.

Of the genes mapped to these biological processes, NPR3 was identified as the most down-

regulated in epithelial brushings (see above for activity related to COPD), whereas ARHGAP6
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significantly correlated with miR-182-5p expression (Table 5.5 r = -0.38, FDR = 0.03). The latter
encodes a member of the rhoGAp family of proteins, which play a role in the regulation of actin
polymerization at the plasma membrane during several cellular processes and have also been
implicated in COPD pathogenesis (25). HOMER1 encodes proteins that serve as adaptors linking
receptors that activate the phosphoionositide 3-kinase (PI3K) - mammalian target of rapamycin
(mTOR) pathway (545), which plays a key role in cellular senescence and autophagy. Therefore,
dysregulation of HOMER1 is may be implicated in the accelerated ageing process implicated in

COPD progression (see section 1.1.3.2).

The GO enrichment analysis for molecular function again identified several significant molecular
functions, however none passed the FDR of 5% for the same reasons outlined above. These
results identified a number of hormone regulatory pathways such as insulin-like growth factor
(IGF) binding with key mapped genes INSR, NPR3 and ARHGAP6. IGF-1 signaling modulates the
development and differentiation of many types of lung cells, including airway basal cells, club
cells, alveolar epithelial cells, and fibroblasts. Although, the components of the IGF-1 signalling
pathway are potentiated as biomarkers as they are dysregulated locally or systemically in COPD,
much of data may be inconsistent or even paradoxical among different studies (546). Therefore,
further work elucidating the exact mechanisms of this dysregulation in COPD is required. The
significance of this dyrsegulation of insulin receptor activity may also have a bearing on the
systemic nature of COPD and provide insights into the pathological mechanisms linking COPD with

metabolic multimorbidity such as diabetes and obesity (547).

5.5.4 Strengths and limitations

A major strength of this work is the paired dataset between the EV miRNA and epithelial
brushings from the same lung lobe, in the same subject. This enables a more accurate description
of the miRNA-mRNA interactions, rather than relying on in silico analysis alone or even
experimental models, which are an over-simplification of the disease process. Next the
combinatorial analytical approach of these miRNA-mRNA interactions, with correlations,
synergistic analysis, network visualisation and clustering enables emphasis of specific interactions,
which may have more biological relevance. This enables a more focused insight into the
interaction network and highlights targets that could be taken forward for validation in

experimental or therapeutic models.

As mentioned above, there is a limitation to mining miRNA target prediction databases which

mainly focus aligning complementary features in the 3’- UTR within the miRNA and genes (488). In
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addition, the in silico analysis was limited to the top 20% of predicted genes, which may have
missed some additional novel findings. However, the search identified over 21,000 target genes
and subsequent analysis has focused on narrowing these to a few for further investigation, which

ultimately will provide more certainty into the importance of these miRNA-mRNA interactions.

As seen with the GO enrichment analysis, the interaction miRNA-mRNA network was relatively
small and therefore did not highlight biological processes or molecular functions that passed the
FDR of 5%. The sample size was restricted by the availability of large volumes of BALF for EV
isolation, which can be hard to achieve particularly in patients with COPD. Regardless, this study is

the largest looking at lung derived EV miRNA and their impact on target genes in the epithelium.

One of the questions this study raises, is whether the airway epithelium is the most applicable
target cell type to study. Lung EVs are known to target several cell types and an alternative
approach could include analysis of the alveolar macrophage and bronchial biopsy transcriptomes.
The epithelial brushing mRNA data was chosen initially as it had the greatest number of samples
available which matched the EV miRNA lung samples and the greatest number of differentially
expressed genes. However, given alveolar macrophages are key inflammatory cell mediators in

COPD, the macrophage transcriptome may be the next dataset to explore.

5.5.5 Summary

In conclusion, these analyses describe the possible interactions and regulation of lung-derived EV
miRNA with differentially expressed genes identified in the epithelial brushings of patients with
COPD. Using combinatorial bioinformatic methods, these results identified a novel miRNA-mRNA
interaction network and highlighted key signalling pathways, which may be helpful in

understanding the pathophysiological changes of COPD at a transcriptome level.
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Chapter 6  Diagnostic use of extracellular vesicle miRNA
and the relationship with COPD inflammatory

endotypes

6.1 Introduction

Chronic Obstructive Pulmonary Disease (COPD) is an umbrella diagnosis currently defined by the
presence of airflow limitation (measured by spirometry) and characteristic symptoms alone.
Although spirometry is the most reproducible and objective measurement of airflow limitation,
there are concerns that spirometry is an effort dependent test and can be insensitive to early
disease (141). Therefore exploring additional diagnostic strategies may improve early diagnosis

and give potential insights into the underlying biology of the disease.

Despite the clinical heterogeneity of COPD, it has proved difficult to identify distinct endotypes of
disease. Endotypes are important as they describe a distinct pathophysiological mechanism at a
cellular or molecular level, with the aim of identifying specific treatment targets for a greater
impact on disease control. Different inflammatory patterns have been described in COPD and are
referred to as “inflammatory endotypes” (described in section 1.5), however the true molecular
mechanisms underlying these remain uncertain. Most patients have increased neutrophils and
macrophages in their lungs reflecting the inflammatory nature of the disease (548). Some patients
also have increased eosinophils, which are associated with more frequent exacerbations (549)
and importantly, predict good response to corticosteroid treatment (549, 550). However, studies
have failed to show the same improvement with other treatments targeting eosinophilia (e.g.
anti-interleukin (IL)-5 antibodies) (178) therefore further research is needed to understand the

mechanisms behind these inflammatory endotypes in COPD.

Chapter 6 describes the clinical characteristics of the subjects included in the bronchoalveolar
lavage fluid (BALF) extracellular vesicle (EV) microRNA (miRNA) validation analysis (section 4.5)
and their relationship with lung-derived EV miRNA expression. Furthermore, it explores the
predictive ability of these differentially expressed miRNA to differentiate between health and
COPD and whether they can differentiate between different inflammatory endotypes in COPD.
Finally, this chapter explores whether the differential EV miRNA expression is translated from the
lung into the peripheral blood, which would lead to a greater potential for its clinical utility as a

possible biomarker of disease.
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6.2 Characteristics of the subject included in the analysis exploring the
predictive ability of EV miRNA to differentiate COPD from health

and associate with inflammatory endotypes

For the analyses covered sections 6.3, 6.4 and 6.5, the larger cohort from the differential miRNA
expression analysis performed in the validation study (section 4.5) was used as this cohort
contained the greatest number of subjects (N=44), with 24 COPD subjects and 20 healthy ex-
smokers included. The clinical characteristics are summarised in Table 6.1.

Table 6.1 Characteristics of subjects included in the analysis exploring the diagnostic use of
BALF EV miRNA and associations with inflammatory endotypes, N=44

Subject/sample characteristics COPD Healthy ex- P value
(n=24) smoker (n=20)
Age, mean £SD 70.1 £6.9 68 +7.3 0.34
Male, n (%) 20 (83) 11 (55) 0.06
Smoking pack years, mean +SD 47 £29.2 27.8 £13 0.06
BMI, mean +SD 29.6 £4 28.4 4 0.3
FEV1 (% predicted), mean +SD 77.5+14.8 101.8 +14.6 <0.00001
FVC (% predicted), mean +SD 102.8 16 100.6 +16.4 0.65
FEV1/FVC%, mean +SD 57.7 8.3 78.2 £4.2 <0.00001
FEF 25-75 (% predicted), mean +SD 41.2 £16.7 106 +25.4 <0.000001
DLCO (% predicted), mean +SD 75.1+13.3 88.39+4.4 0.004
COPD status, GOLD stage, n (%) 0.41
Mild 10 (42) NA
Moderate 14 (58) NA
Baseline & historic blood counts
Total blood leucocytes (10%/L), mean +SD 7.4+1.4 6.7+1.4 0.09
Absolute neutrophil count (10°/L), mean +SD 45+1.2 39+1.1 0.12
Absolute eosinophil count (10%/L), median 0.2 (0.18) 0.1(0.1) 0.01
(IQR)
Historic eosinophils (10%/L), median (IQR) 0.35(0.2) 0.1(0.1) <0.0001
HRCT measurements
E/I MLD, mean £SD 0.85 £0.05 0.8 £0.05 0.003
%LAA 950, mean £SD 10.915.1 6.6 £4.5 0.005
BALF differential cell count
Neutrophil %, median (IQR) 3.6 (8.4) 0.8(1.2) 0.02
Macrophage %, median (IQR) 63.7 (53.2) 70 (28.4) 0.4
Eosinophil %, median (IQR) 1(2.95) 0.4 (0.6) 0.04
Lymphocyte %, median (IQR) 0(0.55) 0(1.85) 0.08

Fisher’s exact test was performed for gender given small sample size. Chi-squared test used for COPD status. Shapiro-
Wilk test for normality was performed for all continuous variables. Welch two sample t test was performed for normally
distributed data; Age, BMI, FEV1, FVC, FEV1/FVC and FEF 25-75, TLCO, RV/TLC SR, total blood leucocytes, absolute
neutrophil count, E/I MLD and %LAA<-950. Mann-Whitney U test was performed for skewed data; smoking pack years,
eosinophil blood counts and BALF differential cell count. BMI, body mass index; FEV1, forced expiratory volume in 1 sec,
FVC, forced vital capacity; FEF, Forced expiratory flow rate; DLCO, diffusion capacity of the lung for carbon monoxide;
E/I MLD, ratio of mean lung attenuation on expiratory and inspiratory scans; HRCT, high resolution computer
tomography; %LAA<-950, percent of lung voxels on the inspiratory scan with attenuation values below -950 Hounsfield
Units; IQR, interquartile range; NA, non-applicable; SD, standard deviation.
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The subjects were matched for age, smoking pack years and body mass index (BMI). There were
more males in both groups, and although it appeared as though the COPD subjects had a greater
proportion of males, this wasn’t statistically significant (p = 0.06). As expected post-
bronchodilator forced expiratory volume in one second (FEV1) % predicted, FEV1/forced vital
capacity (FVC) ratio, and forced expiratory flow rate (FEF) 25-75% predicted were all significantly
reduced in the COPD group. The COPD subjects varied from mild to moderate disease, with a

mean FEV1% predicted of 77.5% (SD+14.8).

Similar to the smaller cohort (n=35 — see section 3.2), COPD patients had higher levels of historic
eosinophil counts (p <0.0001). However, in addition, in this larger cohort they also demonstrated

higher levels of blood eosinophils at their baseline test (p = 0.01).

As expected, COPD subjects demonstrated more evidence of small airways and emphysema, with
a higher ratio mean lung attenuation on expiratory and inspiratory scans (E/I MLD) (p = 0.02) and
lower diffusion capacity of the lung for carbon monoxide (DLCO) % predicted (p = 0.004)
respectively compared with healthy ex-smokers. Furthermore, in contrast to the smaller cohort
(n=35 — see section 3.2), COPD patients also had higher percent of lung voxels on the inspiratory
scan with attenuation values below -950 Hounsfield Units (%LAA<-950), suggestive of underlying

emphysema (p = 0.005).

In addition, COPD subjects also demonstrated higher proportions of neutrophils and eosinophils
in the BALF, which is in keeping with the findings from the smaller cohort (n=35, see section 3.2).
Again, similar to the smaller cohort macrophages were the predominant cell type in the BALF
(median proportion 68% across the whole cohort), and there was no difference in macrophage
proportions between COPD and healthy ex-smokers (p = 0.4). Relative numbers of lymphocytes in
BALF were low and there were no significant differences between groups (p = 0.08). The BALF
differential cell counts in relation to COPD inflammatory endotypes will be explored further in

section 6.5.

6.3 Lung-derived EV miRNA in relation to COPD clinical characteristics

Spearman correlation coefficients were generated for the lung-derived EV miRNA normalised
expression data and the clinical phenotypic characteristics of COPD (Table 6.2). Although
significant correlations between clinical variables and EV miRNA expression data were shown
when analysing the cohort as a whole (n=44), most of these became non-significant when

analysing just the COPD subjects alone (n=24) (Table 6.2). These results suggest significant
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correlations are due to the presence of disease, rather than disease specific characteristics. Of
note, significant correlations were identified for miR-2110 and miR-200b-5p expression with DLCO
% predicted (r = -0.43, p = 0.04 and r = -0.6, p = 0.003 respectively) in COPD patients alone,
suggesting these associations may be due to a specific disease pathology (e.g. emphysema in the

context of DLCO %).

Table 6.2 Correlations of up-regulated lung-derived EV miRNA expression with COPD
phenotypic disease characteristics

FEV1 FvC FEV1/ FEF 25- DLCO E/L %LAA Historic
FvC 75 MLD <950 Eosinophils
(10°/L)

Whole cohort, N=44

miR-2110 -04**  -0.07 -0.46** -0.47** -0.37* 0.19 0.26 0.43%*
miR-223-3p -0.26 0.05 -0.42** -0.44** -0.38* 0.34* 0.14 0.43**
miR-182-5p -0.3* 0.05 -0.43** -0.38* -0.4* 0.18 0.24 0.32*
miR-625-3p" 0.005 -0.06 0.007 -0.0005 0.11 -0.05 0.03 0.08
miR-200b-5p -0.16 0.07 -0.24 -0.23 -0.35* 0.08 0.14 0.28

COPD subjects alone, N=24

miR-2110 -0.19 -0.04 -0.12 -0.18 -0.43* -0.04 0.04 0.01
miR-223-3p 0.02 0.17 -0.07 -0.03 -0.22 -0.03 -0.37 0.02
miR-182-5p 0.04 0.09 -0.07 -0.06 -0.3 -0.25 -0.04 0.03
miR-625-3p" 0.18 0.01 0.19 0.17 -0.21 -0.07 -0.12 0.1

miR-200b-5p 0.22 0.25 0.07 0.05 -0.6** -0.05 0.01 -0.04

missing data for 13 COPD subjects, N=11. Spearman’s correlation coefficient.*p<0.05, **p<0.005. FEV1, FVC, FEF 25-75
and DLCO are all measured as percent predicted. Historic eosinophil refers to highest ever recorded eosinophil count.
FEV1, forced expiratory volume in 1 sec, FVC, forced vital capacity; FEF, Forced expiratory flow rate; DLCO, diffusion
capacity of the lung for carbon monoxide; E/I MLD, ratio of mean lung attenuation on expiratory and inspiratory

scans; %LAA<-950, percent of lung voxels on the inspiratory scan with attenuation values below -950 Hounsfield Units

Likewise, in the down-regulated lung-derived EV miRNA correlations with clinical characteristics of
COPD (Table 6.3), all of the miRNA significantly correlated with FEV1% predicted, (a marker of
disease severity), FEF 25-75% predicted, (a marker of small airways disease), and historic
eosinophils when analysing the cohort as a whole (n=44). However, when examining the
associations in COPD subjects alone (n=24), only miR-338-3p expression correlated significantly
with FEF 25-75% suggesting possible association with small airways disease (r = 0.44, p = 0.03) and

DLCO % suggesting a possible link with underlying emphysema (r = 0.48, p = 0.03).
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Table 6.3  Correlations of down-regulated BAL EV miRNA expression with COPD phenotypic
disease characteristics

FEV1 FvC FEV1/ FEF 25- DLCO E/L %LAA 950 Historic
FVC 75 MLD Eosinophils
(10°/L)

Whole cohort, N=44

miR-204-5p 0.35* -0.13 0.52** 0.47** 0.2 -0.31* -0.2 -0.33*
miR-138-5p 0.32* -0.07 0.43** 0.42** 0.28 -0.3 -0.22 -0.35*
miR-338-3p 0.34* -0.06 0.41** 0.4** 0.4* -0.26 -0.24 -0.35*

COPD subjects alone, N=24

miR-204-5p 0.28 -0.08 0.36 0.33 0.13 -0.2 -0.05 -0.03
miR-138-5p 0.2 -0.05 0.2 0.26 0.3 -0.2 -0.07 0.008
miR-338-3p 0.29 -0.21 0.43* 0.44* 0.48* -0.25 -0.28 0.004

Spearman’s correlation coefficient.*p<0.05, **p<0.005. FEV1, FVC, FEF 25-75 and DLCO are all measured as percent
predicted. Historic eosinophil refers to highest ever recorded eosinophil count. FEV1, forced expiratory volume in 1 sec,
FVC, forced vital capacity; FEF, Forced expiratory flow rate; DLCO, diffusion capacity of the lung for carbon monoxide; E/I
MLD, ratio of mean lung attenuation on expiratory and inspiratory scans; %LAA<-950, percent of lung voxels on the
inspiratory scan with attenuation values below -950 Hounsfield Units

6.4 Predictive ability of miRNA to differentiate between COPD and
health

Given the lung-derived EV miRNA were associated with many of the clinical phenotypic
characteristics across the cohort as a whole, the predictive ability of the up-regulated miRNA to
differentiate between health and COPD was assessed. Importantly, these up-regulated miRNA
were identified from comparison of a relatively mild COPD cohort, with a mean post-
bronchodilator FEV1 % predicted of 77.5% (SD+14.8) with a healthy ex-smoker age-matched

population.

Receiver operative characteristic (ROC) curves were generated using the miRNA normalised

expression data in SPSS® and results are summarised in Table 6.4.
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Table 6.4 ROC analysis for predictive ability of up-regulated miRNA to differentiate between
COPD and healthy ex-smokers

miRNA Log2FC AUC (95% Cl) Standard P value
Error?

miR-2110 2.12 0.81 (0.68 -0.93) 0.06 <0.0001

miR-223-3p 2.97 0.79 (0.65-0.93) 0.07 0.001

miR-182-5p 1.52 0.78 (0.64 —0.92) 0.07 0.001

miR-625-3p" 1.85 0.76 (0.59-0.93) 0.09 0.02

miR-200b-5p 1.52 0.71(0.56 — 0.87) 0.08 0.02

Mdata missing for 13 COPD subjects, N=11. & under the nonparametric assumption. AUC, area under receiver operator
characteristic curve; Cl, confidence interval; miRNA, microRNA.

The ROC curve analysis showed that in isolation miR-2110, miR-223-3p and miR-182-5p have
moderate predictive ability to differentiate between COPD and healthy ex-smokers, with an area
under the curve (AUC) either >0.8 for miR-2110 or approaching 0.8 for the latter two. Although
miR-625-3p performed nearly as well, this was excluded from further analysis based on the
number of missing data points (n=11 for this analysis only). MiR-200b-5p performed least well

with an AUC 0.71.

Different combinations of the miRNA were tested using the ROC curve analysis to determine the

best combination of miRNA for predicting disease presence (Table 6.5).

Table 6.5 ROC analysis to determine optimal combination of EV miRNA in differentiating
between COPD and healthy ex-smokers

miRNA AUC (95% CI) Standard P value
Error®

miR-2110, miR-223-3p, miR-182-5p 0.91 (0.8 -0.98) 0.05 <0.0001

miR-2110, miR-223-3p, miR-182-5p, miR-200b-5p  0.85 (0.73 — 0.97) 0.06 <0.0001

miR-2110, miR-223-3p 0.84 (0.72 —0.96) 0.06 <0.0001

miR-2110, miR-182-5p 0.84 (0.73 - 0.96) 0.06 <0.0001

miR-223-3p, miR-182-5p 0.83 (0.72 - 0.96) 0.06 <0.0001

& under the nonparametric assumption. AUC, area under receiver operator characteristic curve; Cl, confidence interval;
miRNA, microRNA.

These analyses showed that using the combination of miR-2110, miR-223-3p and miR-182-5p
improved the predictive ability to discriminate between COPD and healthy ex-smokers, with an

AUC 0.91 (Figure 6.1).
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Figure 6.1 ROC curve for miR-2110, miR-223-3p and miR-182-5p for the predicting the presence
of COPD in the cohort

AUC = area under the curve.

6.5 EV miRNA in relation to COPD inflammatory endotypes

6.5.1 Describing inflammatory endotypes in COPD subjects

BALF differential cell counts were analysed in all 24 COPD subjects and 20 healthy ex-smokers. As
previously described each subject had two lobes sampled and for this analysis the cell counts
which corresponded to the lobe from which the EVs were recovered were used. There were
significantly increased neutrophils and eosinophils in the BALF of COPD subjects compared with
the healthy ex-smokers. However, there was no difference in macrophage proportions between
COPD subjects and healthy ex-smokers (Figure 6.2). Macrophages were the predominant cell type
in the airways (median proportion 68%). However the 95% confidence intervals for the proportion
of macrophages found in COPD BALF samples were wide (Figure 6.2 C), reflecting heterogeneity

across disease and the limits of a proportional analysis.
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Figure 6.2 BALF expression of immune cells in COPD subjects and healthy ex-smokers.
(A) Neutrophils, (B) Eosinophils, (C) Macrophages. Data represents median with 95% confidence

interval. Each dot represents BALF concentration of individual value in a specific patient. N=44; COPD,
n=24. **p<0.01, *p<0.05 using Mann-Whitney U test.

6.5.2 Relationship between EV miRNA expression and levels of inflammatory cells in BAL

The relationship between BAL EV miRNA expression and levels of inflammatory cells was assessed

using Spearman’s correlations in the COPD subjects alone (N=24), (Table 6.6).

Table 6.6  Correlations between EV miRNA expression and immune cells proportions within

BALF
BALF EV miRNA Neutrophils % Eosinophils %
Up-regulated in COPD
miR-2110 0.47* 0.2
miR-223-3p 0.35 0.47*
miR-182-5p 0.46* 0.1
miR-625-3p" 0.12 0.23
miR-200b-5p 0.33 0.02
Down-regulated in COPD
miR-204-5p -0.49%* -0.57**
miR-138-5p -0.11 -0.22
miR-338-3p -0.22 -0.42*

"missing data for 13 COPD subjects, N=11. Spearman’s correlation coefficient. N = 24 *p<0.05, **p<0.005. BAL;
bronchoalveolar lavage fluid; EVs, extracellular vesicles; miR, microRNA.

There were significant positive correlations between levels of neutrophils and two of the up-
regulated miRNA in COPD (miR-2110 and miR-182-5p). Whereas, miR-223-3p significantly
correlated with eosinophil expression. Conversely, in the down-regulated miRNA, miR-204-5p
showed significant negative correlations with both neutrophils and eosinophil expression,

whereas miR-338-3p only significantly correlated with eosinophils.
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The significant correlation with miR-223-3p, miR-204-5p and miR-338-3p with BALF eosinophil
levels, prompted further analysis with blood eosinophil levels given the clinical utility of highest-
ever historic blood eosinophil count in defining eosinophilic disease in COPD. However, there was
no correlation between BALF eosinophil levels and highest-ever historic blood eosinophil count (r
= 0.1, p = 0.65). Furthermore, there was no association between highest-ever historic eosinophil
count and miR-223-3p (r = 0.02, p = 0.9), miR-204-5p (r = -0.03, p =0.9) and miR-338-3p (r = 0.004,

p = 0.9) expression levels in the lung-derived EVs.

6.5.3 Using EV miRNA to predict inflammatory endotypes in COPD

Given the significant correlations between levels of inflammatory cells and specific EV miRNA in
COPD subjects, this raises the possibility of EV miRNA ability to predict specific inflammatory
endotypes in COPD.

The above analyses were used to categorise the COPD subjects into inflammatory endotypes
based on the cut-offs defined in the American Thoracic Society Clinical Practice Guidelines for BAL

analysis (551), which determined neutrophilia as >3% and eosinophilia as >1%.

Using these criteria, the 24 COPD subjects were classified into four inflammatory endotypes based

on the inflammatory cut-offs defined below (summarised in Table 6.7).

Table 6.7  Definitions of inflammatory endotypes in COPD using %neutrophil and eosinophil
pre-defined cut-offs

Inflammatory endotype % Neutrophils in BALF % Eosinophils in BALF
Eosinophilic NA >1%

Neutrophilic >3% NA

Mixed granulocytic >3% >1%
Paucigranulocytic <3% <1%

BALF, bronchoalveolar lavage fluid; NA, non-applicable
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The Venn diagram below describes the distribution of inflammatory endotypes within this cohort,
with 10 COPD subjects defined as eosinophilic (41.7%), 13 defined as neutrophilic (54.2%), 6

defined as mixed granulocytic (25%) and 7 defined as paucigranulocytic (29.2%).

Pure airway
/neutrophilia =
Pure airway
7 (29.2%)
eosinophilia =
4 (16.7%)
Airway Eosjnaphilia Airway Neutrophilia
=10 (41\7%) =13 (54.2%)

Paucigranulocytic =

7 (29.2%)

Mixed granulocytic = 6 (25%)

Figure 6.2 Venn diagram to describe the inflammatory endotypes in the COPD subjects based
on pre-defined cut-offs

A series of ROC analyses were performed to determine the predictive ability of miRNA to
determine inflammatory endotypes. Firstly, the eosinophilic subjects with COPD (n=10) were
compared against the non-eosinophilic COPD subjects (n=14; pure airway neutrophilia, n = 7 and
paucigranulocytic, n = 7), to determine the predictive ability of the dysregulated miRNA in
distinguishing between eosinophilic and non-eosinophilic disease (Table 6.8).

Table 6.8 ROC analyses to determine predictive ability of miRNA to differentiate between
eosinophilic and non-eosinophilic subtypes in COPD

miRNA AUC (95% Cl) Standard P value
Error?
miR-2110 0.51(0.2-0.8) 0.14 0.9
miR-223-3p 0.78 (0.6-1) 0.14 0.04
miR-182-5p 0.57 (0.3-0.8) 0.14 0.6
miR-625-3p" 0.30 (0.04-0.6) 0.14 0.14
miR-200b-5p 0.51(0.2-0.8) 0.14 0.9
miR-204-5p 0.74 (0.5-0.9) 0.05 0.05
miR-138-3p 0.60 (0.4 -0.8) 0.41 0.4
miR-338-3p 0.74 (0.5-0.9) 0.05 0.046

 Standard error under the nonparametric assumption
"data missing for 13 subjects
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MiR-223-3p and miR-338-3p showed fair predictive ability to distinguish between eosinophilic and
non-eosinophilic disease with AUC >0.7 (p <0.05). When combining these measures the AUC
improved to 0.83 (95% Cl 0.7 — 0.9, p = 0.007) and therefore using a combination of miRNA

markers may be a more accurate approach.

Given the combination of miR-223-3p and miR-338-3p showed good predictive ability in
distinguishing eosinophilia when also including the subjects with a mixed granulocytic picture;
further analysis was performed to see whether these miRNA were even more specific at

distinguishing eosinophilic disease when considering just pure eosinophilic disease (n=4).

Table 6.9 ROC analysis to differentiate between pure eosinophilic COPD and paucigranulocytic
or neutrophilic COPD

miRNA AUC (95% Cl) Standard P value
Error®
miR-2110 0.75(0.3-1) 0.21 0.25
miR-223-3p 0.94 (0.8-1) 0.09 0.04
miR-182-5p 0.81(0.5-1) 0.18 0.15
miR-625-3p" 0.75 (0.4 — 1) 0.19 0.25
miR-200b-5p 0.88 (0.6 —1) 0.14 0.08
miR-204-5p 0.86 (0.6 -1) 0.13 0.06
miR-138-3p 0.68(0.3-1) 0.18 0.35
miR-338-3p 0.85(0.6-1) 0.08 0.03
miR-223-3p, miR-338-3p 0.81 (0.6-1) 0.09 0.04

# Standard error under the nonparametric assumption
"data missing for 13 subjects

MiR-223-3p showed excellent predictive ability of differentiating pure airway eosinophilia from
paucigranulocytic and pure airway neutrophilic disease with an AUC 0.94 (p = 0.04). MiR-338 did
not perform as well, but was significant in this analysis at distinguishing pure airway eosinophilia
with an AUC 0.85 (p = 0.03). The combination of the two miRNA did not improve the specificity
with an AUC 0.81 (see Table 6.9).

Next, the neutrophilic subjects with COPD (n = 7) were compared against the non-neutrophilic
COPD subjects (n=11; pure airway eosinophilia, n= 4 and paucigranulocytic, n = 7)) to determine
the predictive ability of the miRNA in distinguishing between neutrophilic and non-neutrophilic

disease (Table 6.10).
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Table 6.10 ROC analyses to determine predictive ability of miRNA to differentiate between
neutrophilic and non-neutrophilic subtypes in COPD

miRNA AUC (95% Cl) Standard P value
Error?
miR-2110 0.69 (0.5-0.9) 0.12 0.2
miR-223-3p 0.67 (0.4-0.9) 0.12 0.2
miR-182-5p 0.58 (0.3-0.9) 0.14 0.6
miR-625-3p" 0.34 (0.09 - 0.6) 0.13 0.2
miR-200b-5p 0.52 (0.2-0.8) 0.14 0.9
miR-204-5p 0.60 (0.4 —0.8) 0.12 0.4
miR-138-3p 0.4 (0.2—-0.6) 0.12 0.4
miR-338-3p 0.44(0.2-0.7) 0.12 0.6

 Standard error under the nonparametric assumption
"data missing for 13 subjects

However, none of the miRNA showed significant predictive ability for distinguishing between

neutrophilic and non-neutrophilic disease.

6.6 Differences in serum extracellular vesicle miRNA expression

Given the promise of the ROC analyses showing specific BAL EV miRNA (miR-2110, miR-223-3p
and miR-182-5p) had good predictive ability in differentiating between COPD and healthy ex-
smokers, serum EV miRNA were analysed to assess whether the changes were also present in
blood. Peripheral blood was chosen as if EV miRNA were to be used as an additional diagnostic
marker for COPD, it would need to be identified via a non-invasive method (i.e. blood test rather

than bronchoscopy) to have clinical utility.

6.6.1 Subject characteristics

Fourteen COPD subjects and ten healthy ex-smokers were included in the serum EV miRNA
guantification by RT-gPCR based on sample availability. Not all of the subjects included in this
analysis were part of the larger cohort (N=44). To increase sample numbers, an additional seven
serum samples were used from an additional seven COPD subjects from the overall MICA I

cohort. The characteristics of this smaller cohort (N=24) is summarised in Table 6.11.
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Table 6.11 Characteristics of subjects included in serum EV miRNA target validation by RT-qPCR,

N=24

Subject/sample characteristics COPD Healthy ex-smoker P value
(n=14) (n=10)

Age, mean +SD 69.1 £6.6 67.719.3 0.68
Male, n (%) 5 (36%) 4 (40%) 1
Smoking pack years, mean +SD 63.8 £50.3 25.5+15.6 0.003
BMI, mean £SD 28.2 3.6 27.5+4.5 0.66
FEV1 (% predicted), mean +SD 62.9+13.2 101.8 +11.9 <0.00001
FVC (% predicted), mean +SD 93.3+£18.2 101.6 £12.5 0.17
FEV1/FVC%, mean +SD 52.919.6 77.5%3.7 <0.0001
FEF 25-75 (% predicted), mean +SD 28.1+12.9 103.6 £+21.8 <0.000001
COPD status, GOLD stage, n (%) 0.003
Mild 1(7) NA
Moderate 11 (79) NA
Severe 2 (14) NA

Fisher’s exact test for Gender given small sample size. Chi-squared test used for COPD status. Shapiro-Wilk test for
normality was performed for all continuous variables. Welch two sample t test was performed for normally distributed
data; Age, BMI, FEV1, FVC and FEF 25-75. Mann-Whitney U test was performed for skewed data; smoking pack years
and FEV1/FVC. BMI, body mass index; FEV1, forced expiratory volume in one sec, FVC, forced vital capacity; FEF, Forced

expiratory flow rate; NA, non-applicable; SD, standard deviation.

Despite the smaller cohort, the subjects were still matched for age, gender, and BMI. However
there were a higher number of smoking pack years in the COPD subjects (mean 63.8 years,
1+SD50.3) than the healthy ex-smokers (mean 25.5 years, +SD15.5). This is likely to be due to
including COPD subjects that had more severe disease (mean FEV1 % predicted 62.9, +SD13.2),
and therefore were not eligible for a research bronchoscopy. As expected FEV1% predicted,
FEV1/FVC and FEF 25-75% predicted was significantly reduced in the COPD group. Due to the
additional seven patients to this cohort, the COPD subjects now included a full spectrum of
disease, with mild (7%), moderate (79%) and severe (14%) GOLD stage represented. Not all of
these patients underwent gas transfer measurement (DLCO) and HRCT assessment and therefore

these parameters were not included in any analysis.

It is important to note that the serum EVs were isolated using the ExoMiR™ filtration kit, a
different method to the BALF EV isolation (see section 2.5.5). This method was chosen due to the
previous experience of the laboratory group and the abundance of EV RNA recovered from serum
using this approach. This may have a significant bearing on the results obtained from this analysis,

especially when comparing them to the BALF EV miRNA results.
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6.6.2 Differential miRNA expression analysis from serum EV miRNA

The five up-regulated and three down-regulated miRNA identified from the differential expression
analysis of the BAL EV miRNA were chosen for analysis in serum EVs by RT-gPCR. In addition, two
mMiRNA (miR-16-5p and miR-24-3p) known to be most stably expressed in serum EVs (552) were

chosen as normalisers.

The normaliser miRNA showed stable expression across the data set and between groups, with a
mean Ct 24.6 (+SD 1.6) in healthy ex-smokers and a mean Ct 24.5 (xSD 1.2) in COPD for miR-16-5p
and a mean Ct 27.1 (£SD 1.0) in healthy ex-smokers and a mean Ct 26.9 (£SD 1.2) in COPD for miR-

24-3p. These data were combined as a geomean to normalise the results of the other miRNA.

Only four of the eight miRNA were detectable in serum EVs (miR-2110, miR-223-3p, miR-625-3p
and miR-338-3p), with miR-223-3p showing the highest level of expression in serum EV with a
mean Ct 24.6 (xSD 2.2) in all samples (compared with mean Ct >30 for the other three miRNA).
However, only miR-2110 was found to be differentially expressed in COPD compared with healthy
ex-smokers in the serum EV samples (Figure 6.4). This significance may in part be driven by the
sample from MICA_Il_052 which had the highest normalised expression level of 0.054. This
subject had the most severe disease with a post-bronchodilator FEV1 % predicted of 46%.

Upregulated miRNA in COPD BAL EVs detected in serum EVs
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Figure 6.3 Normalised expression levels for miRNA in serum EVs

2% normalised expression levels. Median and 95% confidence intervals shown. Unpaired, Welch’s t
test, *p <-0.05. N=24; COPD, n=14
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This prompted a further analysis to examine whether miR-2110 expression in serum EVs
correlated with disease severity (post-bronchodilator FEV1 % predicted). There was a significant
association between miR-2110 expression and post-bronchodilator FEV1 % predicted (Figure 6.4),
with a higher miR-2110 expression in the more severe COPD subjects (r = -0.51, p = 0.03). There

was no association with other markers of disease severity such as FEF 25-75% predicted (r = -0.33,

p = 0.25).
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Figure 6.4 Relationship between Post FEV1% predicted and miR-2110 expression in serum.
Pearson correlation performed given FEV1% predicted normally distributed as determined by Shapiro-
Wilk test with a one-tail hypothesis. N=14.

6.7 Discussion

Chapter 6 presents the clinical characteristics of the cohort used for BALF EV miRNA validation
study and their relationship with the differentially expressed miRNA. It presents the findings of
the ROC curve analysis examining the predictive ability of the EV miRNA to discriminate between
COPD and healthy ex-smokers and explores the potential of these miRNA to differentiate
between different inflammatory endotypes of COPD, which may have important implications for
treatment strategies. Finally, this chapter explores the potential of these dysregulated EV miRNA

to be used as biomarkers for early disease in the serum of patients with COPD.

6.7.1 Predictive ability of EV miRNA to differentiate between health and disease

Results from the ROC curve analysis demonstrated the combination of miR-2110, miR-223-3p and
miR-182-5p had excellent predictive ability (AUC 0.91) in discriminating between COPD and
healthy ex-smokers. Importantly this was shown in a relatively mild COPD cohort (mean FEV1 %
predicted 77.5%; SD+14.8). Currently the diagnosis of COPD depends on the use of spirometry to

define lung function impairment, however lung function decline can occur before the disease is
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clinically apparent and therefore decline in FEV1 may not detect early stage disease. Therefore
having a more sophisticated biomarker of disease that is able to detect pre-clinical disease could

have significant implications for treatment initiation and long term prognosis in COPD.

MicroRNA are posed as ideal biomarker candidates as they are easily measurable in liquid
biopsies (e.g. blood, urine, sputum and BALF) and have demonstrated high sensitivity for
differentiating stages of disease and even treatment responsiveness (553). Specifically urinary
exosomal miRNA have been shown to detect early renal fibrosis in lupus nephritis (554) and a
nine-miRNA multimarker panel for breast carcinoma has been shown to significantly improve
reliability of breast cancer diagnosis (555). Furthermore, the technologies for detection of these
small non-coding RNAs are advancing at speed with the development of newer assays requiring

less time and lower costs in comparison to producing new antibodies for protein biomarkers.

However in this study, although, a differential EV miRNA signature was found in the lungs of
patients with COPD, this did not translate into serum. Only four of the differentially expressed
miRNA were found in the serum EVs and of these, only one (miR-2110) showed differential
expression in COPD compared with healthy ex-smokers. Interestingly, miR-2110 was also shown
to correlate with disease severity and therefore highlights its utility as a possible marker of early
disease. EV miRNA content is known to vary depending on sample type and even plasma and
serum EVs have shown differences in miRNA expression (556). Therefore, it is perhaps
unsurprising that the signal detected in the lungs was not translated into peripheral blood.
Furthermore a different method of EV isolation was used in the serum (ExoMiR™ kit, section
2.5.5) compared with BALF (ultrafiltration and SEC, sections 2.5.1 and 2.5.2). Thus direct

comparison of the two EV populations may not be possible.

One of the challenges of working in the EV field is the lack of cell/tissue of origin specificity
exosomes display. As discussed in section 1.7, exosomal surface markers correspond to proteins
from the endosomal compartment (CD9, CD63 and CD81), endocytic pathway (Tsg101 and alix),
and cytosol (actin and tubulin) (207, 227), which are generic cellular markers. However, unlike
microvesicles, which express the same surface antigens found on the parent cells, there is no
consensus on markers that distinguish the origin of exosomes once they have left the cell (557).
Ideally when evaluating the lung EV miRNA signature in serum, one would be able to stratify the
EV serum sample for the lung “specific” EVs and hope to find a more specific disease signature.
More work needs to be done to characterise markers of exosomal origin to allow more specific
characterisation, particularly in circulatory EV populations which may originate from multiple

organs and tissue types.
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Although this thesis highlights novel differences in BALF-derived EV miRNA between health and
COPD, for this work to be translated into a useful clinical biomarker, the EV miRNA signature
needs to be measureable in easily accessible biofluids. Given the above mentioned challenges of
measuring a lung EV specific signature in the peripheral blood, next steps should perhaps focus on
lung-derived biofluids such as sputum and exhaled breath. Sputum microparticles have already
been identified in patients with COPD (247) and differential miRNA expression has been identified
in both induced sputum (309, 327) and exhaled breath (337). Therefore, methodology focused on
rapid EV isolation and miRNA quantification in these samples may provide a useful platform to
translate this novel, COPD specific EV miRNA signature into clinical practice. Furtherwork also
needs to be done to establish the stability of the EV miRNA signature over time and whether
miRNA expression correlates with disease severity, with studies so far showing high stability in
blood in cancer (558). In addition, the study of a lung EV miRNA signature in pre-clinical disease
(i.e in smokers with normal spirometry) may have huge potential in broadening understanding of

why only some smokers go on to develop COPD.

6.7.2 Relationships between lung EVs and inflammatory endotypes in COPD

The heterogeneous clinical manifestations of COPD and differences in response to therapy
suggest there may be different endotypes of disease that in future may be treated with more
precision than the current broad-spectrum therapies. Endotypes imply that the underlying
molecular mechanisms that drive the clinical manifestations of the disease are known but this is
rarely the case in COPD. Therefore exploring the relationship with lung EV miRNA expression and

inflammatory cells within the lung may shed new light on these poorly defined pathways.

Correlative analysis showed there were significant positive correlations between neutrophil
expression and miR-2110 and miR-182-5p, and eosinophil expression and miR-223-3p. In the
down-regulated miRNA, miR-204-5p showed significant negative correlations with both
neutrophil and eosinophil expression, whereas miR-338-3p only significantly correlated with
eosinophils. These associations raise questions about the origin of these lung-derived EVs and
their possible target cells. For example, a positive correlation may suggest that a specific cell type
(e.g. neutrophil) may be the dominant source of a particular EV miRNA (e.g. miR-182-5p) or the

primary recipient.

MicroRNA-182-5p is already known to regulate neutrophils, with Li et al. showing miR-182-5p
enhances neutrophil migration into the vascular endothelium as a mechanism for coronary artery

scar formation in Kawasaki patients (559). In addition, miR-182 has been shown to regulate
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granulopoiesis via inhibition of C/EBPa (a master regulator of granulopoiesis) suggesting a role in
neutrophil generation (560). To date this is the first study linking miR-2110 to neutrophil
accumulation in the airways, where previous work has focused solely on its role in tumorigenesis
(450). Interestingly, previous work demonstrated gene ontology (GO) terms enriched among
genes down-regulated by miR-204 (e.g. transforming growth factor 2 (TGFB2) and complement
C3a receptor 1 (C3AR1)), were related to neutrophil chemotaxis (561), which is in keeping with
the negative correlation with neutrophil expression seen in this study. Furthermore, studies show
that miR-204-5p inhibits inflammation and chemokine generation in renal tubular epithelial cells
by modulating IL-6 expression (562). This may suggest an anti-inflammatory role within airway
epithelium, where IL-6 is a potent recruiter of neutrophils during acute inflammation (563). Thus,
down-regulation of lung-derived EV miR-204-5p may lead to airway neutrophilia via an IL-6
dependant pathway in patients with COPD. This may suggest targeted treatment promoting miR-
204-5p expression may prevent excessive airway neutrophilia and lead to a reduction in airway
inflammation and tissue destruction. Thus, exploring the mechanisms of miRNA regulation of
neutrophil function in COPD may provide key insights into neutrophil dysfunction in this disease

and identify alternative targets for treatment.

In this study, eosinophil expression was shown to significantly correlate with miR-204-5p, miR-
223-3p and miR-338-3p expression (Table 6.5, r =-0.57, p =0.003; r=-0.47, p=0.03;r=-0.42,p =
0.03 respectively). MiR-204-5p has been shown to regulate toll-like receptor (TLR) 4 protein
expression via targeting the transcription factor (SRY-related HMG-box) SOX-11 (564). TLR4 is a
known activator of eosinophils (565) and therefore miR-204-5p modulation of TLR4 may play a
role in driving eosinophilia in COPD. MiR-223-3p expression in bronchial biopsies was previously
shown to correlate with eosinophils in asthmatics (566). Overexpression of miR-223-3p
significantly reduced granulocyte-macrophage colony stimulating factor (GM-CSF) at baseline and
in response to house dust mite, poly-(I:C) and cigarette smoke extract stimulation (567). GM-CSF
is known to promote eosinophil recruitment and cell survival (568) and therefore miR-223-3p may
be involved in a negative feedback loop, whereby miR-223-3p reduces GM-CSF expression, when
eosinophil levels are high. Furthermore, miR-223-3p levels are significantly increased in the serum
and nasal epithelium of patients with allergic rhinitis (569), where it is shown to enhance
eosinophilic infiltration by targeting the inositol phosphatase INPP4A (a molecular checkpoint in
control of the phosphoionositide 3-kinase (PI3K) - mammalian target of rapamycin (mTOR)
pathway (570)). In another study of allergic rhinitis and asthma, miR-338-3p was found down-
regulated in plasma of allergic rhinitis patients and was shown to target selected inflammatory

genes mitogen activated protein kinase (MAPK)-8 and inhibitor of nuclear factor kappa-B kinase
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subunit beta (/IKK8), but had no specific relationship with eosinophil expression (463). A more
recent study exploring the role of miR-338 specifically in obstructive airways disease
demonstrated that the expression level of miRNA-338 in the sputum was higher in all patient
groups compared to controls; however, asthmatics showed a significantly higher miR-338
expression compared to COPD patients (464). Although these results are in contrast to the above
results, where lung EVs from COPD patients had reduced levels of miR-338-3p, Lacedonia et al.
data are from a different compartment (sputum) and did not explore the relationship with

eosinophilia (464).

Further analysis exploring the predictive ability of EV miRNA discriminating between different
inflammatory endotypes in COPD demonstrated miR-223-3p and miR-338-5p showed good
predictive ability at identifying eosinophilic disease when using a pre-defined cut-off of >1%
eosinophils in BALF. Furthermore this predictive ability improved when using these miRNA in
combination, or, when discriminating pure airway eosinophilia from neutrophilic or
paucigranulocytic disease. This study in combination with previous work suggests that both these
mMiRNA (miR-223-3p and miR-338-5p) may play a role in defining eosinophilic airways disease in

COPD, however the underlying mechanisms are yet to be elucidated.

There has been considerable interest in the role of blood eosinophil count in predicting treatment
responsiveness to corticosteroids in COPD patients, based on the premise that they reflect and
correlate with tissue eosinophilic inflammation (549, 571). However in this study, further analysis
of historic blood eosinophil expression in COPD patients showed no relationship with lung EV miR-
223-3p, miR-204-p and miR-338-3p expression. This is in keeping with more recent work which
suggests blood eosinophils do not correlate with lung tissue eosinophilia (411). Therefore the
mechanisms underlying the treatment responsiveness seen with corticosteroids in high blood
eosinophilic patients’ needs to be explored further, as it is unlikely this is mediated by lung tissue

eosinophilic inflammation alone.

6.7.3 Strengths and limitations

Importantly, these results showed the excellent predictive ability of specific lung EV miRNA (miR-
2110, miR-223-3p and miR-182-5p) to discriminate between COPD and healthy ex-smokers. These
findings were shown in a relatively mild COPD cohort, and the importance of early diagnosis as
well as the limitations of the current diagnostic method — spirometry, has been discussed in
section 1.3. However, to be used as a diagnostic tool, a biomarker must be easily measurable in

an easily accessible biofluid. Bronchoscopy is an invasive procedure with risk in those with
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significant respiratory failure. It therefore is not an appropriate method of diagnosis and exploring
the role of EVs miRNA found in blood is an important one. There is little consensus in the
literature with regards to the specificity of circulating EV miRNA in health or disease and extensive
literature has shown the importance of standardization in EV isolation and analysis techniques to
facilitate comparison of results (291). A major limitation in this study was the use of different EV
isolation techniques in serum and BALF, which limited the comparisons between the two EV
populations. However, these methods were employed at the time as a result of the current
expertise within the research group and have now evolved to reflect these identified limitations.
As mentioned above, one of the key challenges is identifying the origin of these circulating EVs
and until we have fully identified a method of doing this, it will be hard to justify their use as a

biomarker of disease.

A major strength of this study is the phenotypic characterisation of the subjects included. This
allows exploration into the association of the differentially expressed lung EV miRNA with
different subgroups of disease. A fascinating discovery was the association between certain lung
EV miRNA (specifically mir-223-3p and miR-338-5p) and eosinophilia within the lungs of patients
with COPD. Although associations do not imply a causal relationship and the subgroups in this
analysis are small, these findings are promising for discovery of new inflammatory endotypes in

COPD and possible identification of new targets for precision based medicine.

6.7.4 Summary

In conclusion, these findings suggest specific lung-derived EV miRNA are a strong predictor of
disease presence in COPD, even in mild disease, and further work should be directed into whether
these findings could be translated into other bodily compartments (e.g. blood or exhaled breath)
to increase their utility as a diagnostic biomarker. Furthermore, specific lung EV miRNA correlate
with expression of inflammatory cells in COPD, and may have a role in defining inflammatory

endotypes, which could be important in future treatment stratification.
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Chapter 7 Summary discussion and future work

7.1 Overview

COPD morbidity and mortality continues to rise (3), in marked contrast to other chronic diseases,
where considerable progress has been made due to targeted treatments (2). COPD is a complex,
heterogeneous disease with many distinct phenotypes and this complexity has limited
understanding of disease mechanisms and therefore hindered development of effective, novel

therapies.

COPD is characterised by persistent airway inflammation with several known underlying
mechanisms described such as oxidative stress, protease-anti-protease imbalance and immune
cell dysfunction (548). However, therapy targeted towards these pathological mechanisms have

had limited success, suggesting that there is more to discover and understand in this disease.

Extracellular vesicles (EVs) are a novel area of biology to explore in the context of COPD. EVs are
key intercellular messengers and have been identified as playing an important role in
inflammatory regulation. They encompass several components including miRNA, which are
important epigenetic modulators of gene expression in recipient cells. Therefore, understanding
the impact of EV miRNA in the lungs of COPD patients may uncover new insights and pathological
mechanisms which could be pertinent to disease progression, but also manipulated for novel

therapies.

Thus, the primary goal of my PhD was to understand the targets and functions of EV miRNA in the

lungs of COPD patients with the main hypothesis being:

MicroRNA is differentially expressed in extracellular vesicles in the airways of patients with COPD,

and leads to differential gene expression, which drives chronic inflammation in COPD

Many of my findings are novel and support the above hypothesis. The main findings are as
follows:-
e EVs can be isolated from the bronchoalveolar lavage fluid (BALF) of patients with COPD
and healthy ex-smokers using a combination of ultrafiltration and size exclusion
chromatography (SEC). The EV yield and resultant RNA quantity and quality is sufficient to

examine the miRNA content using next generation sequencing.
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e There is an increased proportion of miRNA packaged in COPD lung-derived EVs compared
with healthy ex-smokers.

e Lung-derived EV miRNA are differentially expressed between patients with COPD and
healthy ex-smokers, with five upregulated miRNA and three downregulated miRNA in
COPD.

e These differentially expressed lung-derived EV miRNA may be involved in epigenetic
regulation of differentially expressed genes in the airway epithelium in patients with
COPD.

e These targeted miRNA-mRNA interactions form a network which may have a significant
impact on key metabolic and inflammatory pathways and provide new insights into the
biology of COPD.

e Lung-derived EV miRNA are a strong predictor of disease presence in patients with COPD,
even in a mild disease cohort. Although, these findings were not translated into the
peripheral blood in a smaller, sub-cohort of patients.

e Specific lung-derived EV miRNAs correlate with expression of inflammatory cells within
the airways of patients with COPD, which may provide novel insights into the distinct
inflammatory endotypic disease mechanisms, and could help future treatment

stratification.

Next, | will discuss my results in consideration of each of my specific aims (outlined in section 1.5

and below) in the context of the known literature:
Overall study aims:

1. Toisolate EVs from the BALF of COPD subjects and healthy ex-smokers.

2. To identify differentially expressed miRNA in lung-derived EVs in COPD subjects
compared with healthy ex-smokers.

3. To identify the biologically significant targets of these differentially expressed miRNA
in the airway epithelium.

4. To investigate the diagnostic use of the lung-derived EV miRNA and explore their

relationship with specific COPD inflammatory endotypes.
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7.2 Aim 1: Isolate and characterise EVs from bronchoalveolar lavage

fluid of COPD subjects and healthy ex-smokers

To my knowledge, this is the first study demonstrating EV isolation from BALF using SEC. All other
published studies have used ultracentrifugation as their method of choice (232, 233, 354-360).
SEC was chosen on the basis that it resulted in an adequate yield of EV from BALF and ensured
separation of the EV fraction from the soluble proteins. This soluble protein separation was
particularly important for my downstream RNA analysis, as extra-vesicular RNA can be bound to
soluble protein complexes, such as argonaute 2 (AGO2) (362), which would have contaminated

my final EV RNA sample.

During method development, | characterised my EV fractions using a CD9 enzyme-linked
immunosorbent assay and transmission electron microscopy. These techniques demonstrated
expression of CD9 (a known EV surface marker) and the characteristic size (30-150 nm) and cup-
shaped morphology of EVs (279). These results confirmed the presence of EVs from BALF using my
chosen method of isolation. However, | did not compare the EV characteristics between my
healthy and disease populations. In doing so, | may have identified differences in EV surface
markers in those derived from the lungs of patients with COPD compared with healthy ex-
smokers. These EV surface marker differences may have led to important insights into the
biological activity of these EVs or inferred a dominant cell of origin. For example, previous work
has demonstrated that EVs isolated from BALF can express MHC class | and 1l, CD54 and CD63 and
the co-stimulatory molecule CD86 (232). Based on these findings, Admyre et al. concluded that
these EVs were likely to originate from antigen presenting cells (232). Whereas Kesimer et al.
demonstrated that epithelial cells secrete EVs enriched for mucins (234) and thus comparing
these two groups of EV surface markers across health and disease may identify differences in
cellular origin of EVs. Importantly, understanding the origin of these EVs may reveal the key

functions of EV miRNA.

The primary reason for not examining the EV surface markers in more detail was sample
availability. In order to achieve the EV RNA quantity and quality required for next generation
sequencing, the entire sample was processed for RNA isolation. Access to bronchoscopy samples
is limited as this is an invasive procedure for patients to undergo and not without risk. In addition,
it was not always possible to recover adequate volumes of BALF (at least 15 mL) to undergo EV
isolation with adequate yield. Previous studies have already analysed different subtypes of EVs in

samples such as sputum and blood. However, almost all of these studies have focused solely on
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microparticles (the larger subtype of EVs) in patients with COPD (247-252), except for one study
which studied circulating plasma exosomes (254). Interestingly this latter study found circulating
plasma exosome levels were significantly higher in COPD patients and these exosomes were
predominantly CD9 positive which is consistent with my findings in lung EVs, which showed CD9

expression rather than CD63 (see section 2.6.1).

EVs were isolated from serum by filtration using the ExoMir™ kit (methods outlined in section
2.5.5). This method was chosen due to the experience of the wider research group, and resulted
in an abundant EV population for downstream RNA analysis. However, there are several
limitations of using this sample type and method of isolation. Firstly, retrieved vesicles are
consistently more abundant in sera than plasma (572) due to platelet-derived EV released after
blood collection during the process of clot formation (573), which may account for over 50% of EV
in serum. Thus, although serum has been shown to exhibit different EV RNA expression in health
and disease (574), plasma is recommended as the sample type of choice for investigating
circulating EVs (291). However, in preliminary experiments (not shown in the thesis), | compared
serum versus plasma EV miRNA signatures using real time quantitative polymerase chain reaction
(RT-gPCR) and found no detectable levels of miRNA in the plasma EV samples and thus proceeded
to use serum for my subsequent experiments. Secondly, using filtration as a method for EV
isolation may not be the optimal method for studying EV miRNA. Filtration may result in
contamination from non-EV proteins, which are capable of transporting RNA (e.g. AGO2) (575). In
addition, EVs may bind to the filtration membrane resulting in lower yields and the forces applied
during filtration may result in EV deformation or rupture (576). This influenced my choice of EV
isolation method for the BALF samples where | refined the filtration method using the additional

step of SEC to isolate the EVs from soluble proteins.

Given the above factors, it may be difficult to compare the EV miRNA signatures of serum and
BALF using different EV isolation methods. In Chapter 6 (section 6.6), | assessed whether the
differentially expressed EV miRNA in BALF were also found in the peripheral blood. Of the eight
differentially expressed EV miRNA in the lungs of COPD patients, only four were detectable in the
serum. Of these, only one miRNA (miR-2110) was found differentially expressed between COPD
and health. Expression of miR-2110 in the serum EVs was also shown to significantly correlate
with disease severity (FEV1, r =-0.51, p = 0.03). Given, the limited sample numbers (n=24) and
different EV isolation methods, it may be difficult to draw any firm conclusions from these results.
Therefore to further investigate the possibility of a lung EV signature presence in the peripheral

circulation, the methods of EV isolation should be similar but optimised for the sample type and
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involve more in-depth characterisation of the EVs themselves (e.g. proteomic/lipidomic
description). This approach may identify cell/tissue specific markers which may give novel insights

into EV biology.

Although the EV field is rapidly evolving and expanding, there are still several unknowns with
regards to the biology of EVs. A major challenge is the huge and underappreciated vesicle
diversity; with a lack of understanding of EV function stemming from our inability to separate
complex populations of vesicles into subclasses of particular sizes, compositions and biogenetic
pathways (291). Furthermore, most EV research has been conducted in vitro, in which the
experiment specific culture conditions may affect the biochemical and biophysical features of EVs.
However, recent experiments using animal models have tracked EVs to their cells of origin,
provide strong evidence in support of an important EV function in vivo (577-579). Furthermore,
data reproducibility remains a challenge in the field, which is amplified by the EV diversity in both
cell culture systems and bodily fluids. Small deviations in isolation protocols may result in
collection of very different EV populations. The position papers by the International Society for
Extracellular Vesicles (ISEV) and the Extracellular RNA Communication Consortium (ERCC) aim to
address these issues and outline developments of effective technologies and strategies that allow
better EV isolation, size characterisation, and definition of cargo composition (580-582). In future
research, techniques such as single-vesicle analysis (583, 584), will provide greater insights into
vesicle type and diversity and will reveal new functional and structural properties of EVs, which

could be manipulated for the treatment of human disease.

7.3 Aims 2&3: Identify differentially expressed lung-derived EV miRNA
in patients with COPD compared with healthy ex-smokers and their

biological significant targets

Using next generation sequencing, | characterised the small RNA content of the EVs from patients
with COPD compared with healthy controls. Firstly, my results show a higher proportion of miRNA
and smallRNA in COPD BALF EVs than healthy ex-smokers (section 4.2.2). To my knowledge, only
one other study has previously shown altered proportions of miRNAs in EVs in disease, with
Francisco-Garcia et al. showing deficient loading of miRNAs in the BALF EVs of severe asthmatics
(420). During their biogenesis, EVs may selectively capture cell-specific proteins, lipids, RNAs and
DNA, which may become part of the EV’s membrane or cargo (585). However, the exact
mechanism of such selective packaging remains unknown. Specific sequences present in certain

miRNA and/or certain proteins may guide the incorporation of specific miRNA into EVs (586-589).
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These sequences and/or proteins may be dysregulated in COPD leading to higher levels of miRNA

in COPD lung EVs.

Different molecules may be concomitantly incorporated into EVs, as illustrated by the different
subclasses of smallRNA identified in this study (section 4.2.2). In general, biological
communication systems are characterised by redundancies and interdependence, thus if EVs
constitute a system of cell-to-cell communication, it has been suggested that EVs are likely to
harbour some redundancy in surface characteristics and cargo (590). Therefore, to fully
understand the functionality of EV cargo, technologies such as single-vesicle analysis may help
decipher the mechanism of selective encapsulation of EV cargo and identify both active and

redundant elements.

Moreover, this is the first study showing differential miRNA expression in lung-derived EVs in
COPD. Specifically, five miRNA (miR-2110, miR-223-3p, miR-182-5p, miR-625-3p and miR-200b-5p)
were found up-regulated in COPD and three were down-regulated (miR-338-3p, miR-138-5p, miR-
204-5p) when compared to healthy controls. In comparison with previous literature (summarised
in Table 1.2), this study used a cohort of subjects with COPD and healthy ex-smokers, whereas
previous work in the lung used samples from smokers (244) and/or murine models (245). None of
the miRNA identified in the study of smoker BALF EVs (let-7e, let-7g and miR-26b) (244) were
identified as dysregulated in this study. In addition, the sample size was greater in this study
(n=44) in comparison with those previously. Therefore the findings in this study are likely to
represent changes as a result of disease, rather than smoke exposure alone, and are more
applicable to human disease than a murine model, especially as disease continues after smoking

cessation (591).

Several of the differentially expressed lung-derived EV miRNA have been found dysregulated in
COPD in other sample types. Importantly, miR-223 has been identified as a key regulator in the
innate immune response in airway disease (592), and up-regulation of non-EV miR-223 has been
reported in COPD miRNA studies (summarised in Table 1.3). Differential expression of miR-223
has been observed in several lung sample types (e.g. bronchial brushings, lung tissue and BALF) in
smokers and patients with COPD (316, 319, 342). In addition, biomass fuel exposure has been
shown to increase miR-223 expression in serum from women with COPD (345). Yet no studies so
far have linked miR-223 expression to disease stage, inflammatory phenotype or presence of

emphysema.
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In this study of lung-derived EVs, miR-223-3p was the most up-regulated miRNA in COPD
compared with healthy ex-smokers with a log2FC 2.97 (Table 4.7, FDR = 0.016). In addition, miR-
223-3p was one of the three miRNA (along with miR-182-5p and miR-2110) which showed the
greatest predictive ability to discriminate between COPD and healthy ex-smokers (Table 6.5, AUC
0.91). Interestingly, although previous work in asthma suggested that miR-223 expression in
sputum is associated with neutrophilic disease (435), this study shows lung-EV miR-223-3p
expression correlates with airway eosinophilia (Table 6.6, r = 0.47, p = 0.03), and moreover
strongly predicted the presence of pure airway eosinophilia from other inflammatory endotypes
in COPD (Table 6.9, AUC 0.94). In support of this, miR-223-3p expression in bronchial biopsies was
previously shown to correlate with eosinophils in asthmatics (566). Overexpression of miR-223-3p
significantly increased GM-CSF in response to cigarette smoke extract (566), whereby GM-CSF is
known to promote eosinophil recruitment and cell survival (568). Therefore miR-223-3p may be
involved in eosinophil recruitment control by increasing GM-CSF expression leading to an increase

in eosinophil infiltration and cell survival.

MicroRNA-182 is another candidate which has previously been implicated in COPD pathogenesis,
with up-regulation found in BALF of smoke exposed mice (327). This thesis showed up-regulation
of miR-182-5p in lung-derived EVs in COPD compared with healthy ex-smokers (Table 4.7, log2FC
1.52, FDR = 0.04). Furthermore, miR-182-5p expression correlated with airway neutrophilia in the
lungs of patients with COPD (Table 6.6, r = 0.46, p = 0.03). MiR-182-5p is already known to
regulate neutrophil proliferation and migration and therefore EV delivery of miR-182-5p in the
airways of COPD patients may contribute to neutrophilia. In addition, miR-182-5p has been
implicated in vascular remodelling (446) and small airway fibrosis (447), both which are key

pathological processes in COPD.

MiR-182-5p demonstrated the greatest number of putative mRNA targets within the paired
epithelial brushing transcriptome (Table 5.7 — 33 predicted genes identified, Figure 5.4 - 16.8% of
all differentially expressed genes). In addition, cluster analysis identified miR-182-5p to be a
central component to Cluster 2 (shown in pink in Figure 6.9) suggesting miR-182-5p is key to the
miR-mRNA interaction network. In addition, lung-EV miR-182-5p expression significantly
negatively correlated with several target genes, including jade family PHD finger 1 (JADE1)
expression (Table 5.5, r =-0.52, FDR = 0.002). JADE1 is a negative regulator of Wingless/Integrase-
1 (WNT) signalling, which has been previously implicated in promoting emphysema through
abnormal alveolar repair (515). Thus, lung-derived EV miR-182-5p reduction of JADE1 expression
in the airway epithelium could be one mechanism underlying the development of emphysema in

COPD. MiR-182-5p was also found to co-regulate several target genes in the miR-mRNA
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interaction network suggesting synergistic activity. For example, CRIM1, which was down-
regulated in COPD epithelial brushings was targeted by three up-regulated miRNA, miR-223-3p,
miR-182-5p and miR-200b-5p (Figure 5.7). CRIM1 has been implicated in inhibiting the invasion
and metastasis of lung adenocarcinoma cells via regulation of miR-182 (526) and may play a role
in capillary formation and maintenance during angiogenesis (527). Thus, down-regulation of
CRIM1 expression in COPD airway epithelium may have implications for the early development of

lung cancer and the vascular remodelling in COPD.

Of the other up-regulated miRNA, very little is known about their regulation in COPD. MiR-2110
was first reported as one of a group of neurite-inducing miRNAs (449) and may have a role in
tumour suppression in neuroblastoma (450). Furthermore, it has been identified as one of five
miRNAs up-regulated in serum exosomes in patients with active tuberculosis infection (451). In
this thesis, miR-2110 was up-regulated in the lung-derived EVs of patients with COPD compared
with healthy ex-smokers. MiR-2110 showed strong predictive ability to differentiate between
health and disease (Table 6.4, AUC 0.81), correlated with neutrophilic airway inflammation (Table
6.6, r =0.47, p = 0.03) and was also one of two miRNA to correlate with a physiological measure of
emphysema (diffusion capacity of the lung for carbon monoxide, DLCO) in COPD patients alone
(Table 6.2, r =-0.43, p = 0.02). Furthermore, in serum, miR-2110 was the only miRNA significantly
differentially expressed (Figure 6.3, p = 0.03) and correlated with disease severity as measured by
FEV1 (Figure 6.4, r = -0.51, p = 0.03). Taken together, miR-2110 is likely to have a role in COPD
progression and given its association with neutrophilia and DLCO (a surrogate for emphysema), it

may have a role in potentiating neutrophilic tissue destruction in the lungs of patients with COPD.

Interestingly, although miR-2110 had far fewer putative mRNA targets identified in the airway
epithelial transcriptome in COPD (Figure 5.7) than miR-182-5p (likely due to its more recent
discovery), a number of these targets had larger difference in fold change, suggesting more
regulation. For example, miR-2110 targeted Sushi Domain Containing 2 (SUSD2) gene was found
down-regulated in epithelial brushings in COPD (log2FC -1.25, FDR 0.005) and is known to function
as a tumour suppressor in lung cancer (593). Cheng et al. demonstrated that knockdown of SUSD2
promoted cell growth in human alveolar epithelial cells (A549 cells) (593), thus miR-2110
suppression of SUSD2 has implications for COPD as a possible mechanism for aberrant cellular

repair.

It is well known that COPD is a significant risk factor for lung cancer independent of cigarette
smoking (594) and activation of specific inflammatory pathways (such as NFkB signalling) are

common to both pathologies. MiR-200b belongs to the miR-200 family, which controls epithelial-
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mesenchymal transition (EMT) and metastasis in tumour cells (452, 453). EMT has been
implicated in the formation of peribronchiolar fibrosis in COPD (115) and may be a precursor of
lung cancer in these patients (455). Indeed, miR-200b is significantly over-expressed lung cancer
tissue with estimated fold change exceeding 37 times (595). In this thesis, miR-200b was up-
regulated in the lung-derived EVs of patients with COPD compared with healthy ex-smokers. In
addition miR-200b-5p showed a strong negative correlation with the physiological measure DLCO
in COPD patients alone (Table 6.2, r =-0.6, p = 0.001). DLCO is a measure of the total ability of the
lungs to transfer carbon monoxide across into the bloodstream (596). When the alveolar-capillary
membrane is thickened, as in fibrosis, the distance which the test gas has to travel to reach the
blood is increased and the DLCO will be lower. Therefore, these results may suggest that EV
delivered miR-200b-5p is increasing EMT, resulting in increased airway fibrosis and reduced gas
transfer (DLCO) in patients with COPD. Thus, modulating this signal may offer a therapeutic

opportunity to prevent small airway fibrosis and improve gas transfer in patients with COPD.

As discussed in Chapter 4, miR-625-3p has been implicated in several malignancies (457-459) and
also has a role in CD8+ T cell proliferation in stem cell transplant patients (460). Furthermore it
has been implicated in paediatric asthma (461) and has been shown to suppress inflammation by
targeting protein kinase B2 (AKT2) (462). It is worth noting that there were several missing data
points for miR-625-3p (n=13 missing points) and therefore the up-regulation in COPD lung-EVs
may be a less reliable signal. In keeping with this, miR-625-3p was not as strong predictor of
disease presence in COPD (AUC 0.76) and did not correlate with any inflammatory indices within
the airways. Moreover, in the miRNA-mRNA interaction network (see Figure 5.7), miR-625-3p had
only one mRNA target identified (TBC1D3C) within the paired epithelial brushing transcriptome
and this demonstrated only a tiny down-regulation in COPD with a log2FC -0.0017 (FDR 0.03).
Therefore in this study miR-625-3p regulation is unlikely to have any significant bearing on disease

mechanisms.

In this thesis, miR-338-3p was down-regulated in lung-derived EVs of patients with COPD
compared with healthy ex-smokers. MiR-338-3p has previously been reported to be down-
regulated in COPD plasma compared with asthmatics and healthy controls (341), and down-
regulated in the plasma of allergic rhinitis patients, where it was shown to target selected
inflammatory genes MAPK8 and IKKB (463). In contrast, Lacedonia et al. showed miRNA-338
expression in the sputum was higher in both patients with asthma and COPD compared to
controls, however asthmatics showed a significantly higher miR-338 expression compared to
COPD patients (464). Furthermore, in this thesis, miR-338-3p was the only down-regulated miRNA

to correlate with a clinical characteristic of COPD, with a moderate correlation with a marker of
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small airways disease (FEF 25-75%) in COPD patients alone (Table 6.3, r = 0.44, p = 0.02). In
addition, as with miR-223-3p, miR-338-3p correlated with airway eosinophilia (Table 6.6, r = -0.42,
p = 0.03), suggesting a role in regulating T helper-2 (Th2)-driven inflammation. Thus given this
association with eosinophilia, these miRNAs may serve as biomarkers for steroid responsive

disease in COPD.

MicroRNA-204-5p was the most significantly down-regulated miRNA in the lung-derived EVs in
COPD compared with healthy ex-smokers (Table 4.7, log2FC -2.37, FDR 0.037) and had the
greatest number of putative mRNA targets identified of the down-regulated miRNA (Table 5.7, 20
predicted genes identified; Figure 5.4, 10.2% of the differentially expressed genes). Importantly,
as with miR-200b-5p, research suggests a role for miR-204-5p in direct regulation of EMT through
its targeting of SMAD4, a mediator of TGF- signalling (474). Wang et al. demonstrated that miR-
204-5p overexpression enhanced the repression of TGF-B2—induced EMT in the presence of
SMAD4 small interfering RNA (474). Therefore a reduction in miR-204-5p, as seen in lung-derived
EVs in COPD patients in this study, may lead to an increase in EMT. MiR-204-5p’s regulation of
EMT suggests synergistic activity with miR-200b-5p (452, 453) and together they may contribute

to the small airway fibrosis seen in COPD.

Furthermore, miR-204-5p negatively correlated with both airway neutrophilia and eosinophilia
(Table 6.6, r =-0.49, p = 0.01; r =-0.57, p = 0.002 respectively). Previous research shows that miR-
204-5p inhibits inflammation and chemokine generation by modulating interleukin (IL)-6
expression (562). This may suggest down-regulation of lung-derived EV miR-204-5p may
contribute to airway neutrophilia via an IL-6 dependant pathway in patients with COPD, since IL-6
is a potent recruiter of neutrophils during acute inflammation (563). Thus, enhanced miR-204-5p
expression may prevent excessive airway neutrophilia and lead to a reduction in airway
inflammation and tissue destruction. Whilst there is no direct evidence of miR-204-5p regulation
of eosinophils, miR-204-5p has been shown to regulate TLR4 (564), which in turn activates
eosinophils (565) and therefore miR-204-5p modulation of TLR4 may play a role in driving
eosinophilia in COPD. Moreover neutrophils and eosinophils are both granulocytes with a
common progenitor cell (myeloblast) and therefore regulation of miR-204-5p may occur before

differentiation in precursor cell types within the bone marrow.

MiRNA-138-5p was significantly down-regulated in lung-derived EVs in COPD compared with
healthy ex-smokers (Table 4.7, log2FC = -1.66, FDR = 0.041). Along with miR-338-3p, miR-138-5p
was found to negatively correlate with target gene Aldo-keto reductase type 1C 2 (AKR1C2) (Table
5.5, r = -0.44, FDR 0.01; r = -0.46, FDR 0.009 respectively). The AKR1C family, including AKR1C2,
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code for enzymes implicated in steroid metabolism and their expression levels are localised in the
normal tissues of the lung, liver, prostate, testis and mammary glands (517). AKR1C2 regulation is
associated with several cancers, however their exact mechanism in promoting tumourigenesis is
not known (518). In-keeping with this thesis, AKR1C2 has been found up-regulated in the airways
of COPD and healthy smokers (519),

Cluster analysis (Figure 5.9 — cluster 1 shown in purple) and comparison of the miRNA’s Jaccard
index values to each other (Figure 5.6) revealed similarity of miR-138-5p with miR-204-5p
suggesting possible synergistic action. Several genes were co-regulated by miR-138-5p and miR-
204-5p (Figure 5.8), including brain-derived neurotrophic factor (BDNF) gene and sodium voltage-
gated channel alpha subunit 2 (SCN2A) gene. Levels of serum BDNF have been shown in a number
of studies to correlate with disease severity in COPD (530-532) and its role as a mediator of
neuronal plasticity, has been shown to be key in acute and chronic inflammatory conditions of the
airways (533, 534). Furthermore, mutations in SCN1A have a strong association with pulmonary
emphysema (535) and therefore modulation of this gene in the airway epithelium may have

important consequences for COPD pathogenesis.

The quantity of cargo material carried within an EV is extremely small (597) and therefore it is
assumed that there must be a highly efficient and EV-specific recognition tool in recipient cells
(585). Furthermore, it is unlikely that a single miRNA is responsible for phenotypic change, where
rather a panel or subset specific for the task would be released by the donor cell. Considering this
multi-miRNA regulation, a network approach was employed to understand the synergistic
activities of the dysregulated miRNA, and gene ontology (GO) enrichment analysis of the miRNA

target genes to explore pathway regulation.

To identify the possible EV miRNA—mRNA interactions a number of analytical approaches were
used. A major strength of this work is the paired dataset between the EV miRNA and epithelial
brushings from the same lung lobe, in the same subject. This enables a more accurate description
of the miRNA-mRNA interactions, rather than relying on in silico analysis alone or even
experimental models, which are an over-simplification of the disease process. The combinatorial
analytical approach of these miRNA-mRNA interactions, with correlations, synergism analysis and
clustering enables emphasis of specific interactions, which may have more biological relevance
and highlights targets that could be taken forward for validation in experimental or therapeutic

models.

The miRNA-mRNA interaction network analysis identified several pathways which may be key to

COPD pathogenesis. Specific miRNA-mRNA interactions have been discussed above, however to
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examine the overall impact of the miRNA-mRNA interaction network on biological pathways, GO
enrichment analysis was performed. Pathways involving regulation of phospholipase (PL) were
found to be significantly targeted in this analysis and mapped to three significantly differently
expressed genes NPR3, HOMER1 and ARHGAP6, all of which are regulated by miR-182-5p. As
previously discussed in Chapter 5, PLs are important in cellular homeostasis and are recognised as
an important mediator of lung inflammation and infection (598). In addition, GO analysis for
molecular function, identified insulin-like growth factor (IGF) binding as dysregulated with key
mapped genes INSR, NPR3 and ARHGAP6. Components of the IGF-1 signalling pathway are
potentiated as biomarkers as they are dysregulated locally or systemically in COPD, however
these findings vary among different studies (546). In both GO analyses, NPR3 was identified as a
key target. NPR3 was the most downregulated mRNA in COPD epithelial brushings compared with
healthy ex-smokers (Table 5.2, log2FC = -2.01, FDR = 0.0003) and has been implicated in COPD
previously. Most recently, Kachroo et al. showed NPR3 was differentially methylated in smoke
exposed fetal lung samples (505) and its presence correlated with diseased parenchyma in lung
biopsies (506). Furthermore, in a COPD mouse model, NPR3 regulation was implicated in
treatment responsiveness to a GLP-1 agonist (499). IGF-1 has also been implicated in right heart
failure in COPD via modulation by miR-223-3p (599), and in skeletal muscle wasting (600). This
invites the possibility that EV miRNA may have a role in multimorbidity in COPD, a condition that
has been identified as a key modifiable factor in COPD (601).

In summary, the eight differentially expressed miRNA found in lung-derived EVs in patients with
COPD were found to target 196 differentially expressed genes in epithelial brushings from the
same cohort. Several of these miRNA-mRNA interactions are involved in central cellular
inflammatory and metabolic pathways and are thus likely to play important roles in COPD
pathophysiology. In addition, these novel findings may have therapeutic potential and lead to the

development of disease modifying treatments.

7.4 Aim 4 Explore the diagnostic use of the lung-derived EV miRNA and

their relationship with specific COPD inflammatory endotypes

The combination of miR-2110, miR-223-3p and miR-182-5p showed excellent predictive ability
(AUC 0.91) in discriminating between COPD and healthy ex-smokers. Importantly these findings
were shown in a relatively mild COPD cohort (mean FEV1 % predicted 77.5%; SD+14.8), with no
established emphysema on high resolution computer tomography. Thus, these findings may have

implications for diagnosis and disease mechanisms in early disease.
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There is growing interest in the origins of COPD as it is envisaged that preventative efforts and
treatment can modify its clinical course. Furthermore, it is recognised that our current diagnostic
classifier of FEV1/FVC (4) is a crude tool, which may miss early disease and correlates poorly with
symptoms particularly in mild disease (602). COPD pathogenesis may begin in utero, where
passive smoke exposure is associated with adult COPD risk, independent of active or passive
exposure during lifetime (603). In addition, childhood respiratory impairment, either through
smoke exposure or infection, leads to an increased risk of reduced adult lung function (604). So
far, neither measures of inflammation nor other biomarkers can identify individuals with lung
function in the healthy range who will develop COPD (602), however studies designed
purposefully to investigate the markers of early disease are ongoing (605). Thus, the potential role
of EV miRNA as a biomarker of early disease or as a potential mechanisms for early epigenetic

regulation in COPD may be important to investigate further.

In the present study, to pursue the role of these differentially expressed miRNA as a biomarker for
disease, | investigated whether the lung-derived EV miRNA signature was also present in the
peripheral blood. These results showed only one of the eight miRNA (miR-2110) found in the lung
EVs was also significantly dysregulated in serum EVs in COPD patients. As discussed in section 7.2
this lack of translation into the peripheral circulation may be due to the different methodologies
used for EV isolation. The role of biomarkers in COPD has been the focus of intensive research,
however due to the complexity and heterogeneity of the disease, it has been suggested that
future studies should progress from a simplistic approach of comparing patients with COPD with

control subjects and focus on more specific patient groups or endotypes (606).

Understanding of COPD endotypes is still limited given the poor understanding of the underlying
cellular and molecular mechanisms of COPD and how these mechanisms may vary between
patients. However, the variable clinical manifestations of COPD and differences in response to
therapy suggest that there may be different endotypes of disease that in future may be treated

with more precision than current broad spectrum therapies.

As discussed above, my results suggest that lung-derived EV miR-223-3p and miR-338-5p are
associated with eosinophilia within the lung. These results may have implications for treatment
stratification for eosinophilic targeted therapy, given that eosinophilic COPD patients have more
frequent exacerbations (102, 103) and are more responsive to corticosteroid treatment (104).
However, a major issue facing the COPD research community is the lack of consensus on the
appropriate thresholds used to define eosinophilic inflammation in this disease. Eosinophil

numbers differ during stable disease, exacerbations, and following treatment (607), with blood
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eosinophil counts known to fluctuate in individuals during a 24-hour period (608). Therefore, it is
unlikely that a single threshold will be recommended for guiding all treatment decisions.
Furthermore, evidence varies on whether blood eosinophil levels correlate with eosinophil
expression within the airways (169, 171, 411) and the mechanism of eosinophilia in COPD is not
yet certain. Eosinophilic promoters such as IL-5, are all increased in patients with eosinophilic
COPD (173), however targeted anti-IL-5 treatments (e.g. mepolizumab) have only a minor clinical
benefit (178). Therefore exploring novel mechanisms for airway eosinophilia in COPD, possibly

through an EV miRNA mechanism, could provide new therapeutic targets.

7.5 Summary of the implications of study findings

7.5.1 EV miRNA as a biomarker in COPD

To my knowledge, this is the first study to identify differentially expressed miRNA in lung-derived
EVs in patients with COPD compared with healthy controls. One of the major implications of these
findings, is whether these EV miRNA could be used as biomarkers of disease, particularly given
these results were shown in a mild disease cohort. EVs have been identified as novel disease
biomarkers due to their capacity to reflect parent cells physiological state and microenvironment,
as well as being highly stable in circulating bodily fluids, with the ability to package an array of
disease associated molecules (199, 223). A number of studies have already demonstrated the use
of circulating microvesicles (MVs) as possible biomarker candidates in COPD (250, 260). Although,
my findings did not translate into the peripheral blood, future studies investigating EV miRNA as a
biomarker in easily sampled biofluids, such as blood or exhaled breath, may identify novel
biomarkers for COPD. This could have important implications for early diagnosis and initiation of

treatment in a disease with growing prevalence.

7.5.2 Therapeutic potential of EVs in COPD

Molecular engineering techniques have been employed to modify EV cargo for therapeutic use.
With particular reference to the findings in this thesis, manipulation of EV miRNAs has been
performed, with high efficiency of miRNA delivery to recipient cells (275). EVs provide the ideal
transportation method for therapeutic miRNA cargo given they protect from digestion and
degradation whilst evading the host immune surveillance system due to their surface markers
reflecting host cell origin. Given the implications of some of the differentially expressed miRNA

targets in this study, (e.g. miR-200b-5p and miR-204-3p in possible direct synergistic regulation of
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EMT), manipulation of these EV miRNA either with mimics or antagomiRs could result in a
significant impact on COPD pathological processes, such as small airways fibrosis. Given the lack
of disease modifying treatments, this could be a real step-change in the way we manage this

condition.

In summary, this thesis demonstrates that dysregulated EV miRNA in the lungs of COPD patients
may in part be driving aberrant cellular regulation, specifically in the context of phospholipase C
and IGF-1 signalling. Both of these pathways are integral to cellular homeostasis, and therefore
altered epigenetic control via miRNA post-transcriptional regulation of gene expression may lead
to significant downstream consequences. To further prove this hypothesis, ex vivo modelling
demonstrating the impact on these miRNA on specific gene expression (e.g. NPR3, HOMER1 and
ARHGAP6) would provide experimental validation in a disease relevant system. In addition,
exploring whether altered gene expression is a consequence of a single miRNA target or multiple
miRNA in synergism would be important in determining the role of EVs as targeted messengers of
a specific disease miRNA signature. Importantly, examining the functional consequences of
changes in gene expression (e.g. loss of epithelial barrier integrity) would be an important
additional step in understanding the consequences of this possible epigenetic regulation. Finally,
given the high prevalence of comorbidity in COPD, the role of lung derived EV miRNA in driving
IGF-1 dysregulation may be a key to understanding the complex interplay between lung
inflammation and systemic comorbidity. Future work could focus on the role of lung EV miRNA in
driving systemic disease, such as epigenetic control of IGF-1 signalling in potentiating skeletal

muscle wasting. The full scope of the future work will be discussed in section 7.7.

7.6 Strengths & Limitations

The strengths and limitations of this thesis have been discussed throughout this chapter.
Importantly, the in-depth patient/subject characterisation and paired sampling approach of the
MICA 1l cohort has been crucial in providing a platform for investigation of EV miRNA differences
in COPD. Furthermore, in comparison to other patient focused studies in COPD EV miRNA, the
sample size was comparable if not larger, leading to increased power of these results. To answer
the fundamental unknowns in COPD pathogenesis, detailed characterisation of COPD cohorts is

key to exploring the heterogeneity and complexity of this disease.

COPD is inherently a disease characterised by pulmonary inflammation. Thus, focusing on lung-
derived samples such as BALF and epithelial brushings to explore the differences and key targets

of EV miRNA in COPD is likely to gain novel and relevant insights into COPD biology. However, as
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discussed, bronchoscopy is an invasive procedure with limits on sample availability, and in
particular reference to biomarker discovery, sampling of more readily available biofluids such as
blood or sputum will be key to determining the utility of EV miRNA as biomarkers in future. In this
study, the lack of translatability of the EV miRNA differential signal in the peripheral blood limits
its value as a diagnostic marker. Thus further work should be done to explore the EV miRNA
signature in peripheral blood in COPD, with a focus on cell/tissue specific surface marker

identification, which may have increase EV miRNA disease specificity.

7.7 Further work

To fully understand the role of these differentially expressed lung-derived EV miRNA in COPD and

prove the overall hypothesis, there is a significant amount of further work to be explored.

7.7.1 Ex vivo cell culture models

A next step would be to validate the miRNA-mRNA targets in an established experimental ex vivo
human bronchial epithelial cell model (609). Using a lipofectamine transfection system, which
mimics EV delivery machinery, transfection of primary human bronchial epithelial cells with the
differentially expressed miRNA (either as precursor mimics for up-regulated miRNA or as
antagomiRs for down-regulated miRNA) could be performed. Measurement of downstream target
gene expression with RT-qPCR would validate the predicted targets of the differentially expressed
miRNA in a disease relevant cell system and provide an opportunity to further explore synergistic
activity of different miRNA combinations. The experimental model can be altered to reflect
different disease specific environments, for example EV miRNA function in the context of viral
infection. Furthermore, downstream consequences of altered gene expression could be
measured, for example using immunofluorescence for tight junction proteins (e.g. Zonula

occludens-1) to assess epithelial cell barrier function.

7.7.2 Explore EV miRNA-mRNA interactions in other cell types

As part of the MICA Il cohort study, subjects had epithelial biopsies and alveolar macrophages
collected processed for RNA sequencing. Therefore, it is possible to examine the mRNA targets of
the differentially expressed miRNA in these tissues and cells. Epithelial biopsies contain a mixture
of cell types and may give further insights into the likely EV miRNA functions. Whereas alveolar
macrophages are the dominant inflammatory cell in the airways (67) and have an altered

phenotype in COPD (70-72). Thus exploring the possible interaction of EV miRNA on macrophage
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gene expression could identify disease specific pathological mechanisms. Furthermore, by using
an established in vitro model of naive macrophages derived from monocytes harvested from
healthy blood (610), it is possible to transfect macrophages in culture with the dysregulated
miRNA (or relevant antagomiRs) and measure phagocytic ability using green fluorescent protein
(GFP)-labelled bacteria. In addition, using these established macrophage infection models,
measurement of cytokine production and expression of cell surface markers (e.g. MHC class | and
I, CD54 and TLRs) in transfected cells following infection with influenza (611, 612) would
demonstrate the functional consequences of any miR-mRNA regulation. Together these models
will validate the findings of the in silico analysis and provide novel mechanistic insights into the

pathogenesis underlying COPD.

7.7.3 Interrogate multi-omic readouts to identify downstream effects of EV miRNA

In addition to RNA sequencing, proteomic, metabolomic and lipidomic analysis was performed on
the BALF samples in the MICA |l cohort subjects. Therefore, it is possible to investigate the
potential downstream effects of these miRNA-miRNA interactions in each of these ‘omic outputs.
Importantly, changes in mRNA expression, do not necessarily result in variation at a protein level
and therefore investigating specific mRNA-protein interactions will add further evidence to the
importance of these changes in COPD pathogenesis. Lipidomic and metabolomic changes in COPD
are somewhat under investigated in comparison with the other ‘omic platforms and therefore
exploring these changes in relation to EV miRNA may give novel insights into pathways and
cellular processes involved in COPD pathogenesis. With reference to this work, | have already
started a working collaboration with the AstraZeneca multi-omics bioinformatics team and have
preliminary expertise in interpreting multi-omic results using strategies such as multi omics data

integrative clustering and gene set analysis (MOGSA).

7.7.4 Study of EV miRNA signature in early COPD

Finally, as discussed in section 7.4, there is renewed focus in the early origins of COPD with the
prospect of early intervention leading to more favourable prognostic course. Given the results of
this thesis showing the excellent predictive ability of miR-2110, miR-223-3p and miR-182-5p in
discriminating between mild COPD and healthy ex-smokers, there is a possible role for EV miRNA
as a biomarker of early disease. Therefore investigation of EV miRNA in an early disease COPD
cohort, such as the British Lung Foundation Early COPD cohort (605) may give important insights
into the role of EV miRNA in the potential mechanisms for the development of COPD in some

smokers.

201



Chapter 7

7.7.5 Summary of future work

In summary, the investigation of lung-derived EV miRNA in COPD has led to some novel insights
into possible inflammatory and metabolic mechanisms underlying COPD disease progression.
Further work pursing the EV miRNA impact on gene expression and downstream protein function
both at a molecular and cellular level may lead to novel targets for manipulation into new
therapeutics. Moreover, the combinatorial multi-omic analysis approach provides an exciting
opportunity to explore in-depth mechanistic processes in a complex disease, which is vital to the

evolution of novel disease-modifying treatments in COPD.
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Appendix A  Supplementary results from microRNA-

mMiRNA interaction

A.1 Differentially expressed genes in epithelial brushings in COPD

Differential gene expression were assessed with DESeq2 in the 44 epithelial brushing samples (24
COPD and 20 healthy ex-smokers) and this identified 192 differentially expressed genes between
COPD and healthy ex-smokers with a false discovery rate (FDR) of <0.05 (summarised in
Supplementary Table 1).

Supplementary Table 1 Differentially expressed genes in epithelial brushings comparing COPD

subjects with healthy ex-smokers.

ENSEMBL ID HGNC SYMBOL Log2FC P value FDR
ENSG00000090512 FETUB 2.87 0.00004 0.013
ENSG00000179593 ALOX15B 2.61 0.00001 0.008
ENSG00000273331 TMA4SF19-DYNLT2B 2.60 0.00001 0.006
ENSG00000287059 IncRNA 2.55 6.54E-10 2.94E-06
ENSG00000155918 RAETIL 2.52 0.00014 0.028
ENSG00000262406 MMP12 2.49 0.00005 0.015
ENSG00000115590 ILIR2 2.34 2.50E-07 4.50E-04
ENSG00000287771 Lnc-IL1R1-1 2.24 0.00004 0.012
ENSG00000111700 SLCO1B3 2.20 3.13E-06 0.003
ENSG00000255833 TIFAB 2.14 0.00005 0.014
ENSG00000198488 B3GNT6 2.10 0.00001 0.006
ENSG00000238266 LINCO0707 2.09 0.00001 0.006
ENSG00000118785 SPP1 2.07 0.00004 0.012
ENSG00000231683 LOC101927136 2.06 1.08E-06 0.001
ENSG00000198074 AKR1B10 2.03 2.36E-09 9.09E-06
ENSG00000187054 TMPRSS11A 2.01 0.00025 0.039
ENSG00000283994 Lnc-KYNU-14 2.00 0.00032 0.047
ENSG00000180438 TPRXL 1.94 9.44E-12 5.10E-08
ENSG00000134827 TCN1 1.90 2.98E-06 0.003
ENSG00000258227 CLEC5A 1.87 0.00023 0.038
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ENSEMBL ID HGNC SYMBOL Log2FC P value FDR
ENSG00000145832 SLC25A48 1.84 0.00003 0.012
ENSG00000270164 LINCO1480 1.83 0.00023 0.038
ENSG00000138061 CYP1B1 1.83 4.12E-06 0.003
ENSG00000105388 CEACAMS 1.79 1.63E-06 0.002
ENSG00000186832 KRT16 1.77 0.00021 0.036
ENSG00000102962 CCL22 1.73 0.00013 0.027
ENSG00000167680 SEMA6B 1.72 0.00006 0.016
ENSG00000180861 LINCO1559 1.71 1.77E-06 0.002
ENSG00000106178 CCL24 1.69 0.00018 0.033
ENSG00000272405 Lnc-NES-2 1.67 0.00002 0.010
ENSG00000182885 ADGRG3 1.67 0.00017 0.032
ENSG00000137440 FGFBP1 1.66 0.00005 0.015
ENSG00000163421 PROK2 1.66 0.00005 0.014
ENSG00000080031 PTPRH 151 0.00001 0.005
ENSG00000176697 BDNF 1.44 0.00003 0.012
ENSG00000253339 Lnc-RDH10-1 1.43 1.29E-07 3.17E-04
ENSG00000103888 CEMIP 1.42 2.37E-06 0.002
ENSG00000151012 SLC7A11 1.39 4.21E-06 0.003
ENSG00000167210 LOXHD1 1.39 0.00007 0.017
ENSG00000160862 AZGP1 1.34 0.00001 0.005
ENSG00000146013 GFRA3 1.32 0.00006 0.015
ENSG00000104368 PLAT 1.29 5.44E-07 0.001
ENSG00000142224 IL19 1.26 0.00033 0.047
ENSG00000104783 KCNN4 1.23 1.12E-06 0.001
ENSG00000128591 FLNC 1.23 0.00009 0.021
ENSG00000232079 LINCO1697 1.21 0.00003 0.011
ENSG00000065618 COL17A1 1.21 2.48E-07 4.50E-04
ENSG00000100024 UPB1 1.17 0.00016 0.031
ENSG00000148926 ADM 1.16 0.00018 0.033
ENSG00000074410 CA12 1.16 0.00001 0.005
ENSG00000176153 GPX2 1.14 0.00000 0.000
ENSG00000080007 DDX43 1.13 0.00036 0.049
ENSG00000233013 FAM1578B 1.11 0.00030 0.044
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ENSEMBL ID HGNC SYMBOL Log2FC P value FDR

ENSG00000178363 CALML3 1.09 0.00030 0.045
ENSG00000134757 DSG3 1.06 0.00002 0.009
ENSG00000237523 LINCOO857 1.02 0.00007 0.017
ENSG00000248323 LUCATI 1.01 0.00000 0.001
ENSG00000130598 TNNIZ2 0.99 0.00003 0.011
ENSG00000232931 LINCO0342 0.99 0.00002 0.009
ENSG00000187583 PLEKHN1 0.97 0.00004 0.012
ENSG00000136531 SCN2A 0.97 0.00031 0.046
ENSG00000111344 RASAL1 0.94 0.00005 0.015
ENSG00000158292 GPR153 0.93 0.00004 0.012
ENSG00000204264 PSMBS8 0.91 0.00007 0.017
ENSG000000S0659 CD209 0.91 0.00013 0.027
ENSG00000232977 LINCO0327 0.90 0.00007 0.017
ENSG00000093009 CDC45 0.89 0.00013 0.027
ENSG00000151632 AKR1C2 0.88 0.00002 0.010
ENSG00000148773 MKI67 0.87 0.00003 0.012
ENSG00000196344 ADH7 0.87 0.00010 0.024
ENSG00000154040 CABYR 0.85 0.00002 0.009
ENSG00000164611 PTTG1 0.82 0.00001 0.008
ENSG000001495043 SYT8 0.81 0.00013 0.027
ENSG00000112559 MDFI 0.81 0.00019 0.034
ENSG00000106258 CYP3A5 0.80 0.00006 0.015
ENSG00000146592 CREB5 0.79 0.00035 0.049
ENSG00000065911 MTHFD2 0.76 0.00033 0.047
ENSG00000026508 CD44 0.76 0.00013 0.027
ENSG00000029153 ARNTLZ2 0.73 0.00001 0.005
ENSG00000260658 Lnc-CDH8-10 0.68 0.00036 0.050
ENSG00000167553 TUBA1C 0.67 0.00007 0.017
ENSG00000139289 PHLDA1 0.66 0.00016 0.031
ENSG00000065833 ME1 0.65 0.00025 0.040
ENSG00000184731 FAM110C 0.65 0.00005 0.014
ENSG00000099337 KCNK6 0.64 0.00014 0.028
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ENSEMBL ID HGNC SYMBOL Log2FC P value FDR
ENSG00000166401 SERPINBS 0.60 0.00000 0.003
ENSG00000121380 BCL2L14 0.53 0.00004 0.013
ENSG00000259642 ST20-AS1 0.49 0.00022 0.037
ENSG00000112699 GMDS 0.49 0.00014 0.028
ENSG00000104635 SLC39A14 0.49 0.00023 0.038
ENSG00000182022 CHST15 0.47 0.00006 0.017
ENSG00000153310 FAM49B 0.47 0.00020 0.035
ENSG00000158715 SLC45A3 0.46 0.00011 0.025
ENSG00000213186 TRIM59 0.43 0.00018 0.033
ENSG00000115295 CLIP4 0.40 0.00001 0.005
ENSG00000158315 RHBDLZ2 0.32 0.00021 0.036
ENSG00000140374 ETFA 0.21 0.00023 0.038
ENSG00000105641 SLC5A5 0.01 0.00015 0.029
ENSG00000134028 ADAMDECI 0.01 0.00018 0.033
ENSG00000131042 LILRB2 0.0011 2.27€-07 4.50E-04
ENSG00000229186 ADAM1IA 0.0003 8.70E-14 5.87E-10
ENSG00000179886 TIGD5 0.0003 0.00024 0.039
ENSG00000273003 ARL2-SNX15 0.0002 0.00000 0.001
ENSG00000011114 BTBD7 0.00004 0.00001 0.006
ENSG00000234882 EIF3EP -0.0001 2.49E-07 4.50E-04
ENSG00000251992 SCARNA17 -0.0003 2.80E-14 2.52E-10
ENSG00000227508 LINCO1624 -0.0005 1.36E-14 1.83E-10
ENSG00000278599 TBC1D3E -0.0005 3.71E-18 1.00E-13
ENSG00000278299 TBC1D3C -0.0017 0.00023 0.038
ENSG00000285645 AL133410.3 -0.01 0.00016 0.031
ENSG00000165716 DIPK1B -0.01 0.00026 0.040
ENSG00000113721 PDGFRB -0.01 0.00025 0.039
ENSG00000250381 UNC93B4 -0.01 0.00011 0.024
ENSG00000121075 TBX4 -0.01 0.00024 0.039
ENSG00000137726 FXYD6 -0.02 0.00005 0.014
ENSG00000189319 FAMS53B -0.21 0.00012 0.026
ENSG00000171823 FBXL14 -0.21 0.00032 0.046
ENSG00000154930 ACSS1 -0.24 0.00029 0.044
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ENSEMBL ID HGNC SYMBOL Log2FC P value FDR

ENSG00000170145 SIK2 -0.24 0.00008 0.019
ENSG00000133627 ACTR3B -0.26 0.00015 0.030
ENSG00000176842 IRX5 -0.26 0.00016 0.031
ENSG00000077684 JADE1 -0.27 0.00004 0.013
ENSG00000136068 FLNB -0.28 0.00036 0.049
ENSG00000204186 ZDBF2 -0.29 0.00023 0.038
ENSG00000019485 PRDM11 -0.29 0.00009 0.021
ENSG00000154856 APCDD1 -0.31 0.00028 0.043
ENSG00000149929 HIRIP3 -0.31 0.00003 0.011
ENSG00000178904 DPY19L3 -0.32 0.00005 0.014
ENSG00000153487 ING1 -0.32 0.00008 0.019
ENSG00000118960 HS1BP3 -0.33 0.00000 0.001
ENSG00000168350 DEGS2 -0.34 0.00026 0.040
ENSG00000177508 IRX3 -0.34 0.00029 0.044
ENSG00000214357 NEURL1B -0.34 0.00022 0.037
ENSG00000171105 INSR -0.35 0.00003 0.012
ENSG00000144749 LRIG1 -0.35 0.00002 0.010
ENSG00000172164 SNTB1 -0.36 0.00019 0.033
ENSG00000112773 TENT5A -0.36 0.00006 0.015
ENSG00000143365 RORC -0.38 0.00000 0.001
ENSG00000150938 CRIM1 -0.39 0.00007 0.017
ENSG00000141232 TOB1 -0.41 0.00033 0.047
ENSG00000185010 F8 -0.41 0.00031 0.045
ENSG00000132326 PER2 -0.41 0.00005 0.014
ENSG00000137486 ARRB1 -0.42 0.00016 0.031
ENSG00000155090 KLF10 -0.43 0.00004 0.012
ENSG00000117479 SLC19A2 -0.44 0.00002 0.010
ENSG00000171943 SRGAP2C -0.45 0.00001 0.008
ENSG00000181690 PLAGI -0.46 0.00011 0.024
ENSG00000047648 ARHGAP6 -0.47 0.00019 0.033
ENSG00000177283 FZD8 -0.48 0.00011 0.024
ENSG00000152413 HOMER1 -0.49 0.00003 0.012
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ENSEMBL ID HGNC SYMBOL Log2FC P value FDR

ENSG00000106571 GLI3 -0.50 0.00003 0.012
ENSG00000164776 PHKG1 -0.54 0.00036 0.049
ENSG00000169515 CCDC8 -0.55 0.00006 0.017
ENSG00000184986 TMEM121 -0.56 0.00001 0.006
ENSG00000006210 CX3CL1 -0.57 0.00002 0.011
ENSG00000146197 SCUBE3 -0.57 0.00018 0.033
ENSG00000144712 CANDZ -0.58 0.00030 0.045
ENSG00000181458 TMEMA45A -0.59 0.00003 0.011
ENSG00000187987 ZSCANZ23 -0.59 0.00003 0.012
ENSG00000138615 CiLP -0.62 0.00035 0.049
ENSG00000116039 ATP6V1BI -0.63 0.00000 0.003
ENSG00000125730 3 -0.69 0.00029 0.044
ENSG00000152931 PART1 -0.71 0.00010 0.022
ENSG00000166828 SCNN1G -0.72 0.00003 0.011
ENSG00000073067 CYP2W1 -0.76 0.00025 0.040
ENSG00000005108 THSD7A -0.76 0.00021 0.036
ENSG00000197291 RAMP2-AS1 -0.77 0.00004 0.012
ENSG00000118946 PCDH17 -0.77 0.00031 0.046
ENSG00000173706 HEG1 -0.78 0.00004 0.012
ENSG00000079819 EPB41L2 -0.80 0.00001 0.006
ENSG00000205835 GMNC -0.80 0.00014 0.028
ENSG00000255471 Lnc-FZD4-1 -0.82 0.00004 0.012
ENSG00000168874 ATOHS -0.83 0.00005 0.014
ENSG00000110900 TSPAN11 -0.86 0.00012 0.026
ENSG00000161055 SCGB3A1 -0.86 0.00012 0.026
ENSG00000197838 CYP2A13 -0.89 0.00002 0.011
ENSG00000129757 CDKNIC -0.93 0.00000 0.001
ENSG00000205502 C2CD4B -0.96 0.00004 0.014
ENSG00000007216 SLC13A2 -0.98 0.00002 0.010
ENSG00000130988 RGN -1.00 0.00021 0.036
ENSG00000263063 LOC101929552 -1.02 0.00017 0.033
ENSG00000129437 KLK14 -1.04 0.00020 0.035
ENSG00000154864 PIEZO2 -1.06 0.00001 0.006
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ENSEMBL ID HGNC SYMBOL Log2FC P value FDR
ENSG00000166106 ADAMTS15 -1.07 0.0000002 0.0001
ENSG00000149021 SCGB1A1 -1.09 0.00004 0.012
ENSG00000171476 HOPX -1.10 0.00006 0.015
ENSG00000283413 Lnc-IL12B-3 -1.11 0.00018 0.033
ENSG00000125144 MT1G -1.12 0.00004 0.012
ENSG00000078596 ITM2A -1.14 0.00003 0.011
ENSG00000126562 WNK4 -1.20 0.000001 0.001
ENSG00000214870 LOC441204 -1.24 0.00011 0.025
ENSG00000099994 SUSD2 -1.25 0.00001 0.006
ENSG00000174059 CD34 -1.27 0.00009 0.021
ENSG00000038295 TLLI -1.35 0.00003 0.012
ENSG00000113389 NPR3 -2.01 0.00000 0.000
ENSG000001598787 OR7E103P -2.34 0.00003 0.012

HGNC, HUGO Gene Nomenclature Committee; FC, fold change; FDR, False discovery rate.
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A.2 Correlation analysis of miRNA-mRNA interactions

Pearson correlations were generated to explore the relationship between the differentially
expressed miRNA and differentially expressed genes in the epithelial brushings in COPD (see
section 5.2.4.1). A total of 302 pairs were identified were identified by Pearson correlation test
with P <0.05, of those 141 had an FDR <0.05. Of these, 85 showed negative correlations implying
miRNA regulation of mRNA (summarised in Figure 5.3). Comparison of these 85 miRNA-mRNA
pairs with the results from the in silico target prediction (section 5.2.1) revealed 13 known target
pairs, defined as direct interactions (summarised in Table 6.5) and 72 unknown pairs defined as
indirect interactions (summarised in Appendix A, Supplementary Table 2).

Supplementary Table 2 Indirect miRNA-mRNA interactions from pairwise correlation analyses

miRNA HGNC SYMBOL r P value FDR
hsa_mir_182_5p RAMP2-AS1 -0.58 0.00004 0.000
hsa_mir_223_3p PIEZO2 -0.57 0.00005 0.000
hsa_mir_2110 SCGB1A1 -0.53 0.0002 0.002
hsa_mir_223_3p AC008703.1 -0.52 0.0003 0.002
hsa_mir_138_5p SERPINBS -0.50 0.0006 0.003
hsa_mir_223_3p FLNB -0.48 0.001 0.005
hsa_mir_223_3p ZSCAN23 -0.48 0.001 0.006
hsa_mir_204_5p AKR1C2 -0.48 0.001 0.006
hsa_mir_138_5p FAM110C -0.47 0.001 0.007
hsa_mir_2110 ZSCAN23 -0.46 0.002 0.008
hsa_mir_182_5p OR4D12pP -0.45 0.002 0.009
hsa_mir_204_5p AL365181.3 -0.45 0.002 0.009
hsa_mir_338_3p AZGP1 -0.45 0.002 0.009
hsa_mir_338_3p CYP1B1 -0.45 0.002 0.01
hsa_mir_223_3p ACSS1 -0.45 0.002 0.01
hsa_mir_338 3p FAM110C -0.45 0.002 0.01
hsa_mir_138_5p CA12 -0.44 0.003 0.01
hsa_mir_138_5p DSG3 -0.44 0.003 0.01
hsa_mir_182_5p CCDC8 -0.44 0.003 0.01
hsa_mir_138_5p CEMIP -0.44 0.003 0.01
hsa_mir_138_5p ALOX15B -0.44 0.003 0.01
hsa_mir_223_3p PHKG1 -0.44 0.003 0.01
hsa_mir_2110 GMNC -0.43 0.003 0.01

210




Appendix A

hsa_mir_223_3p
hsa_mir_338 3p
hsa_mir_338 3p
hsa_mir_182_5p
hsa_mir_338 3p
hsa_mir_138 5p
hsa_mir_2110
hsa_mir_204_5p
hsa_mir_2110
hsa_mir_223 3p
hsa_mir_200b_5p
hsa_mir_2110
hsa_mir_182_5p
hsa_mir_204 5p
hsa_mir_204 5p
hsa_mir_338 3p
hsa_mir_338 3p
hsa_mir_138 5p
hsa_mir_204 5p
hsa_mir_223 3p
hsa_mir_338 3p
hsa_mir_2110
hsa_mir_223 3p
hsa_mir_138 5p
hsa_mir_2110
hsa_mir_338 3p
hsa_mir_138 5p
hsa_mir_625 3p
hsa_mir_338 3p
hsa_mir_182_5p
hsa_mir_338 3p
hsa_mir_182_5p

hsa_mir_182_5p

DEGS2

CHST15

ALOX15B

WNK4

CLIP4

GPX2

PLAG1

ADAMDEC1

CYP2A13

SNTB1

SCGB1A1

HS1BP3

C2CD4B

CDC45

ALOX15B

SERPINBS

DSG3

ENSG00000287059

SLC25A48

TMEM121

FLNC

PIEZO2

OR4D12P

COL17A1

AC004540.1

CA12

CALML3

LINCO1480

MDFI

ACTR3B

ILIR2

TSPAN11

GMNC

-0.43

-0.42

-0.42

-0.42

-0.42

-0.41

-0.41

-0.41

-0.41

-0.41

-0.41

-0.41

-0.40

-0.40

-0.39

-0.39

-0.39

-0.39

-0.38

-0.38

-0.38

-0.38

-0.38

-0.37

-0.37

-0.37

-0.37

-0.37

-0.37

-0.36

-0.36

-0.36

-0.36

0.004

0.004

0.004

0.004

0.005

0.005

0.005

0.005

0.006

0.006

0.006

0.006

0.008

0.008

0.008

0.009

0.009

0.009

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.03

0.03

0.03

0.03

0.03

0.03

0.03

0.03

0.03

0.04

0.04

0.04

0.04

0.04

0.04

0.04

0.04

0.045

0.047

0.047

0.048
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hsa_mir_204_5p DDX43 -0.36 0.02 0.049

Genes in bold also direct targets for alternative miRNA. r — generated using Pearson’s correlation coefficient. FDR
calculated using the Benjamini-Hochberg method.
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