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Lay Abstract

Severe asthma is an airways disease that is characterized by inflamed, twitchy and obstructed
airways. There is remarkable clinical heterogeneity between asthma patients due to the various
mechanisms of disease. Abnormal ventilation is the functional consequence of abnormal airway
pathology in asthma, which can be directly visualized by hyperpolarized 12°Xe magnetic resonance
imaging (MRI). Each ventilation pattern is unique and there is significant inter-patient variability.
Thus, the goal of the thesis was to extract quantitative information from the 12Xe MRI ventilation
patterns of patients with severe asthma, identify novel ventilation phenotypes, and determine their
clinical relevance. An unsupervised machine learning approach using quantitative ventilation MRI
features identified three unique, clinically relevant ventilation phenotypes of severe asthma with
distinct clinical, physiological, and biological characteristics. The discordance in ventilation
between phenotypes, and their characteristics, suggest different mechanisms that may be driving

severe asthma.



Abstract

INTRODUCTION: Abnormal ventilation is the functional consequence of airway obstruction. In
patients with severe asthma, ventilation patterns visualized by magnetic resonance imaging (MRI)
exhibit significant inter-patient heterogeneity. Therefore, our objectives were to identify MRI
ventilation phenotypes of severe asthma using an unsupervised clustering approach and examine
their associated demographic, clinical, physiologic, and inflammatory characteristics.
METHODS: This retrospective analysis included 58 adults with severe asthma who underwent
hyperpolarized %Xe ventilation MRI. Nineteen quantitative variables were extracted from
ventilation MRI (including ventilation defect percent (VDP), ventilation defect size, and
ventilation texture features) and transformed to principal components for hierarchical clustering.
Differences in demographics, clinical characteristics, spirometry, inflammatory biomarkers, and
computed tomography (CT) measurements between phenotypes were evaluated using one-way
ANOVA or Kruskal-Wallis tests.

RESULTS: Three ventilation phenotypes of severe asthma were identified. They were
significantly different with respect to their age, prevalence of obesity, spirometry, sputum
neutrophil percent, sputum cytokines (interleukin-4, interleukin-6, interleukin-15, B-cell activating
factor), total lung capacity, CT air-trapping, and CT mucus score (all p<0.05). They were not
different with respect to their asthma control or medication requirement, and ~75% of each
phenotype reported uncontrolled asthma (ACQ-5>1.5). Phenotype 1 had normal ventilation
(VDP=1.7£0.9%) and predominantly consisted of young, obese females (88% female, 41+11 years
old, 63% obese). They had normal-to-moderately reduced FEV: (80£15%preq), Normal post-
bronchodilator FEV1/FVC, and reduced total lung capacity (85%prea [57-108]). 25% had

intraluminal inflammation (all eosinophilic) and their sputum interleukin-4 levels were elevated.



Phenotype 2 had markedly abnormal ventilation (VDP=6.2+3.8%) and was older than Phenotype
1, but also predominantly consisted of obese females (63% female, 54+13 years old, 59% obese).
They had mildly-to-severely reduced FEV1 (61+£17%preq) and partially reversible obstructive
spirometry (72%, post-bronchodilator FEV1/FVC<0.70). 50% had intraluminal inflammation
(28% eosinophilic/13% neutrophilic/9% mixed-granulocytic) and their sputum interleukin-6 levels
were elevated. Phenotype 3 had severely abnormal ventilation (VDP=24.8+£10.2%) and was also
older than Phenotype 1 but was gender-balanced and not obese (50% female, 56+12 years old,
11% obese). They had moderately-to-very severely reduced FEV1 (41£12%pred) and partially
reversible obstructive spirometry (89%, post-bronchodilator FEV1/FVC<0.70). 72% had
intraluminal inflammation (39% eosinophilic/17% neutrophilic/17% mixed-granulocytic) and
their sputum interleukin-15 and B-cell activating factor levels were elevated. They had the highest
burden of gas-trapping and mucus on CT.

CONCLUSION: Three distinct MRI ventilation phenotypes of severe asthma were identified
through unbiased analysis, all of which reported uncontrolled asthma. The discordance in
ventilation between phenotypes, and their characteristics, suggest different mechanisms that may

be driving severe asthma.
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Chapter 1: Introduction

Severe asthma is driven by multifaceted mechanisms that lead to functional abnormalities and
poor clinical outcomes. This chapter establishes the potential for functional lung imaging to better
characterize the heterogeneity of severe asthma.

1.1  Overview and Motivation

Asthma is a common chronic lung disease that is estimated to affect 400 million individuals
worldwide by 2025 and is a leading cause for hospitalizations.> As communities adopt western
lifestyles, increased urbanization and greater asthma awareness and diagnosis, the prevalence of
asthma continues to rise.® In Canada, in the past three decades, the prevalence of asthma has
increased by 67%, and currently affects over 10% of the population, which is about 3.8 million
individuals.” The primary goal of asthma management is to optimize control of symptoms and
limit the risk of exacerbations. Despite adherence to maximal therapy as recommended by Global
Initiative for Asthma (GINA) guidelines,® and advancements in biologic therapies,® about 5-10%
of the asthma population continues to be poorly controlled and disproportionally contribute to
healthcare utilization.’® This subset of patients have severe asthma and require greater intensive
care with high-dose corticosteroids and perhaps monoclonal therapy for relief and control of their
symptoms. In the next 20 years, the burden of sub-optimal asthma control is projected to cost the
Canadian economy over $200 billion.!

The clinical heterogeneity of severe asthma is a consequence of various etiological mechanisms
that drive airway hyperresponsiveness and inflammation. The heterogeneous presentation of
individuals with severe asthma highlights the complexity of care and the dire need to understand
the underlying mechanisms of disease. The current objective measures for prevention, diagnosis,

and management of lung diseases are obtained from lung volumes derived from pulmonary
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function tests. While these tests are easy to implement and the measurements are reproducible,
they only provide a global measurement of airflow obstruction with no regional information about
the underlying pathophysiology in patients.'? As a result, pulmonary imaging approaches such as
computed tomography (CT) and magnetic resonance imaging (MRI) have been developed to
identify and provide regional measurements of lung structure and function. Understanding the
heterogeneity of severe asthma is crucial for effective disease management and personalized
treatment strategies. Incorporating pulmonary functional imaging to characterize patients with
severe asthma may assist with reducing the gap to achieving optimal care.

In this chapter, the background knowledge relevant to this thesis is provided to support and
motivate the original research presented in Chapters 2 to 5. The relationship between pulmonary
structure and function is described (1.2), followed by the pathophysiology of asthma (1.3), and the
clinical assessments (1.4) and the lung imaging modalities (1.5) to measure asthma. Previously
identified asthma phenotypes from unsupervised clustering studies are discussed (1.6). Finally, the

specific hypotheses and objectives for this thesis are presented (1.7).

1.2 Respiratory Structure and Function

The intricate design and coordinated functioning of the respiratory system is vital for regulating
the transfer of oxygen into systemic circulation and removal of carbon dioxide and other metabolic
by-products. The structure of the lung is comprised of the airways, parenchyma, and vasculature.
The flow of air within the lung structures is known as ventilation, and it is vital for efficient gas-
exchange and maintaining homeostasis.® However, in asthma, the impediment to airflow leads to
a variable degree of ventilation impairment, and an increase in respiratory symptoms. In this
section, the fundamental architecture of the lung will be discussed and subsequently, the effect of

asthma on the structural integrity of the lungs.
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1.2.1 Airways

The respiratory system is a highly integrated network that is subdivided into the conducting and
the respiratory zones. The upper airways connect the lungs to the external environment, bringing
the inspired air from the nasal or oral cavity which converges in the pharynx and travels to the
trachea and bifurcates into the bronchi, which branch into smaller passageways that carry the air
into the respiratory zone for gas-exchange to occur.

The air passages are covered with cells that secrete mucus and have cilia, working to eliminate
inhaled particles. While bigger particles are typically filtered out in the nasal passages, smaller
ones can enter the airways and get trapped by the mucus secreted by goblet cells. The cilia on the
columnar epithelium then rhythmically beat, propelling the mucus upwards. The bronchial tree
dichotomously divides from the trachea to the primary bronchi to the five lobar bronchi that supply
ventilation to the 19 bronchopulmonary segments of the lung. As the cumulative cross-sectional
area of the airway exponentially increases, there is a reduction in the airway resistance promoting
laminar airflow. The conducting zone provides a passageway to the distal lung and holds
approximately 150 mL of air, known as anatomic dead space, that does not participate in gas-
exchange.

As outlined in Figure 1-1, the larger segmental bronchi, extending up to generation 7, are
composed of cartilaginous rings to prevent airway collapse which transition to more smooth
muscle as it becomes narrower into terminal bronchioles (generation 16). These bronchioles are
tethered to the surrounding parenchyma that exerts an outwards force on the airway wall and
contributes to the patency of the airways. Afterwards the bronchioles transition into the respiratory
zone, which is comprised of the remaining 7 generations that directly lead into the alveoli, the

functional units of the lungs.



MSc Thesis — A. Thakar; McMaster University — Medical Sciences

Total cross

Airway Count (2°) Diameter,cm Length,cm sectional
area, cm?

1 1.80 12.0 1 Trachea (Go)

_ Bsegmental

o [ Bronchi (G1.3)
W Tz

Iy

CONDUCTING ZONE

Bronchioles
to
Terminal Bronchioles (Gs-16)

Respiratory Bronchioles (G17.19)

TRANSITIONAL &
RESPIRATORY ZONES

Alveolar Ducts (Gzo-22)

8x10° 0.04 0.05 10
Alveolar Sacs (G2s3)

Figure 1-1 Dichotomous airway branching of 23 generations and approximate airway

morphometric measurements
Adapted from Weibel, Science (1962)*; Bouhuys, The Physiology of Breathing (1977)?
(Created with BioRender.com).

1.2.2 Lung Parenchyma
The lung parenchyma has about 2.5-3 litres of lung volume within the respiratory bronchioles,

alveolar ducts, and alveolar sacs.* In healthy adult human lungs, the average number of alveoli is
approximately 500 million (range: 274-790 million depending on anthropometric characteristics
of the individual),®® with an average spherical diameter of 200-300 um.** The blood-gas barrier
forms a dense network around the alveoli to allow passive diffusion of oxygen and carbon dioxide.
According to Fick’s law the rate of diffusion is proportional to the surface area and inversely
proportional to the alveolar thickness. Thus, the large surface area (50-100 m?)** and thin walls

(0.2-0.3 pm)*® of the alveoli provides an effective interface for diffusion of gas across the one cell

barrier.
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1.3 Pathophysiology of Asthma
Since 2,600 B.C.E., respiratory symptoms related to asthma have been documented in ancient

scriptures. “Asthma” was derived from the Greek word, “aazein” — short drawn breathing, hard
breathing, or death rattle. Despite Hippocrates® humoral view, he observed stress*’ and outdoor
occupations'® as triggers to asthma. One of the earliest accurate descriptions of asthma was
described by Aretaeus, who noted the importance of vital air, recognized exercise-induced asthma
and attributed breathlessness to thick phlegm.® The modern view of asthma has evolved with the
advancement of methods to measure its pathophysiology.

Asthma is an airways disease that is characterized by variable airflow limitation that leads to
respiratory symptoms including cough, wheeze, chest tightness, and shortness of breath. The
pathology of asthma is a complex interplay of various factors related to bronchial
hyperresponsiveness, inflammation, and airflow obstruction. As shown in Figure 1-2, the
asthmatic airway undergoes structural remodeling in both large and small airways, regardless of
disease severity. The main features of airway remodelling include smooth muscle hypertrophy and
hyperplasia, goblet cell and submucosal gland hyperplasia, subepithelial fibrosis, and
angiogenesis.?® Altered airway wall structures are a response to either improper lung development
or persistent chronic inflammation. The cardinal feature of asthma is airway hyperresponsiveness
which is driven by intermittent bronchoconstriction via smooth muscle cells. The exaggerated
response to an external stimulus (e.g., allergen exposure) provokes the smooth muscles to contract
and narrow the airway to prevent airflow to the distal lung. The heightened bronchial reactivity is
augmented by release of inflammatory mediators, and growth factors on the airway smooth
muscle.?* The infiltration of immune cells, and inflammatory mediators sustain the chronic

inflammation processes in asthma. The cellular mechanisms of airway inflammation involve
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eosinophils, mast cells, basophils, lymphocytes, neutrophils, dendritic cells, macrophages, and

epithelial cells.?
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Figure 1-2 Large airway and parenchymal histopathology of a healthy individual and a patient
with severe asthma

Lung tissue was formalin-fixed paraffin-embedded and stained with Hematoxylin and Eosin stains.
Compared to a healthy airway, chronic inflammation in asthmatic airways leads to airway
remodeling and contributes to increasing disease severity. Luminal narrowing and airflow
obstruction is the result of increased deposition of muscle mass, goblet cell hyperplasia, mucoid
impaction, loss of epithelial integrity, airways fibrosis, and angiogenesis.

Adapted from Hsieh, Assadinia and Hackket, Frontier Physiology (2023)3; Mauad and Ferreira,
Pulm&o RJ (2012)*.

The endotype of “T-helper cell type 2 (Th2)-high” asthma is associated with eosinophilia, mast
cell activation, and mucus hypersecretion mediated through cytokines, including interleukin (IL)-

4, 1L-5 and IL-13, as well as other inflammatory mediators (e.g., nitric oxide).?®> Furthermore,
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immunoglobin E (IgE) antibodies primed to environmental allergens facilitates the allergic
response and subsequent degranulation from mast cells and basophils.?* The discovery of non-
classical immune cells such as innate lymphoid cells-type 2 influenced the change in nomenclature
from Th2 to type-2 (T2) to be more inclusive of other cells that release the aforementioned
cytokines.?® “T2-low” asthma is identified in the absence of T2 inflammation and is observed in
patients with neutrophilic or paucigranulocytic inflammation.?®

The various pathological mechanisms of asthma contribute to the structural abnormalities,
oedema, cellular debris, and mucus plugging observed in the airways. Collectively, these
structural, and inflammatory changes reduce the patency of airways, restrict airflow, and make
breathing difficult.
1.4  Clinical Assessments of Asthma

There is a toolkit of assessments to measure the components of airways disease in asthma and
their impact on lung health. This section provides an overview of the various clinical assessments
relevant to the diagnosis and management of asthma including lung physiology, inflammatory

mechanisms, and the burden on the patient’s quality of life and wellness.

1.4.1 Asthma Severity
The classifications of severity are categorized as mild-to-severe asthma based on the degree of

treatment required to control symptoms and prevent exacerbations.?” Adjustments to therapies are
holistically completed to ensure personalized asthma management including compliance to
medications, adequate inhaler technique, and accounting for masqueraders of asthma symptoms.
There are three broad groups of therapies available for patients with asthma 1) bronchodilators to
dilate and open airways, 2) corticosteroids for anti-inflammatory control and 3) monoclonal
antibody biologics to suppress specific targets in the T2 pathway. The Global Initiative for Asthma

(GINA) provides a stepwise approach to guide asthma care.?® Recent modifications recommend

7
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adults with mild asthma a daily controller inhaler of low dose inhaled corticosteroid (ICS).?° As
the severity increases due to lack of control with prescribed treatment, GINA recommends an
incremental increase in the dose of ICS with long acting B2 agonist. All patients are provided with
a reliver inhaler of short acting B2 agonist for rapid relief of asthma symptoms. Individuals are
diagnosed with severe asthma by having poor symptom control, and frequent exacerbations despite
adherence to maximal optimized inhaled therapy and management of comorbid conditions or
patient’s health worsens when high intensity treatment is tapered off.° Patients with severe asthma
require further phenotyping of factors contributing to their disease by examining their T2-
signature, and precisely targeting the molecular pathway with add-on biologic therapies including
anti-lgE (omalizumab),®! anti-IL5 (benralizumab, mepolizumab and reslizumab),*? anti-IL4Ra
(dupilumab),®® and anti-thymic stromal lymphopoietin (tezepelumab).3* Additional non-
monoclonal antibody add-on therapies include tiotropium, leukotriene modifier/leukotriene

receptor antagonist, macrolide, or a maintenance systemic dose of oral corticosteroids.

1.4.2 Spirometry
Spirometry is a forced single-breath maneuver that measures the volume of air that an individual

can expire with maximal effort.®® It is often used as a screening test of general lung health in
patients reporting respiratory symptoms.® The parameters derived from spirometry measure the
volume of exhaled air over a function of time. The classification of lung function is based on forced
expiratory volume in one second (FEVi) and forced vital capacity (FVC). To improve
interpretation of the results, the absolute volume in litres is corrected for anthropometric
differences by comparing to a healthy population similar in sex, age, and height.®® The severity of
airflow limitation is based on the normalized FEV1, and can be used to assess the degree of
bronchoconstriction or bronchodilation. Moreover, spirometric patterns can be used to classify

ventilatory impairments as obstructive, restrictive, or mixed.%’

8
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1.4.3 Airway Inflammation and Methods of Assessment

T2 immunity protects the host from helminth parasitic infections, and the overexpression of this
inflammatory pathway is associated with allergic driven diseases including asthma, chronic
rhinosinusitis with nasal polyposis, atopic dermatitis, and eosinophilic gastrointestinal disorders,
among others.® In asthma, the pathologic molecular drivers of T2 inflammation are alarmin
cytokines: IL-25, IL-33, thymic stromal lymphopoietin and effector cytokines: IL-4, IL-5, IL-13.%°
The exposure of environmental stimuli (e.g., noxious particles, allergens, and pathogens) disrupts
the airway epithelium to release alarmins triggering a downstream cascade of effector cytokines
secreted by type 2 helper lymphocytes and innate lymphoid cells resulting in IgE-specific
antibodies to inhaled allergens, influx of effector cells (eosinophils, basophils, and mast cells), and
remodelling of the airway epithelium.®

As Lord Kelvin once said “If you cannot measure it, you cannot improve it”,* therefore it’s
important to use validated assessments to accurately endotype patients according to their
underlying inflammatory pathway. Quantitative sputum cytometry is a direct measurement of
intraluminal inflammation and is the most clinically validated non-invasive method to determine
the dominant airway inflammatory endotype.** The use of hypertonic saline improves sputum
production and expectorated sputum can be used to measure the relative airway count of
neutrophils, eosinophils, basophils, macrophages, and lymphocytes. In addition, free eosinophilic
granules and smoker’s inclusion macrophages can also be observed and stratified by prevalence.*?
In clinical practice absolute blood eosinophil counts are used to measure T2 inflammation due to
its accessibility and associations with asthma severity,** asthma control and exacerbations.**
Greater counts of eosinophils in the blood have predicted response to corticosteroid*® and
biologic*® treatment. However, sputum eosinophil counts have greater sensitivity to poorly

controlled asthma than blood eosinophils.*” Sputum guided management in patients with severe

9
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asthma have demonstrated greater reduction in exacerbations than traditional guidelines based on
symptoms and airflow limitations.*® Albeit modest correlations were previously reported between
systemic and localized measures of eosinophils in asthma,*® the relationship becomes weaker as
the severity of asthma increases.®® The discordance between blood and sputum eosinophils may
be attributed to ILC-2 induced in situ eosinophilopoiesis.>* Other surrogate biomarkers of T2
inflammation include serum IgE® and fractional exhaled nitric oxide (FENO)®® to provide
complementary information about the underlying processes contributing to asthma pathology. In
clinical practice, a patient’s T2-signature is based on validated cut-offs from abovementioned

inflammatory assessments.

1.4.4 Airway Responsiveness
A comprehensive review of symptoms and spirometry with a reversibility test is recommended

to confirm a diagnosis of asthma.?® A positive bronchodilator response is based on baseline
recovery of at least 200 mL and 12% of FEV: or FVC after bronchodilator administration
(commonly 400pg of salbutamol).>* However bronchoprovocation is a recommended investigative
assessment in symptomatic individuals suspected of asthma?’ to measure airway
hyperresponsiveness (AHR) defined as an exaggerated response of the airways to a stimuli
resulting in airflow obstruction. Airway smooth muscle is the primary tissue that mediates acute
airway narrowing and can be stimulated by direct (acts on the smooth muscle receptors) and
indirect (acts through an intermediate pathway) bronchoconstrictors.>

Direct stimulation (e.g., methacholine or histamine) on the smooth muscle receptors evokes a
contractional response. In clinical practice, AHR is prominently measured with methacholine, a
cholinergic agonist that stimulates the muscarinic receptors of the airway smooth muscle to induce
bronchoconstriction.® The standardized procedure of incremental increases of stimuli aims to

measure a provocative concentration that results in a 20% reduction in FEV1 (PC2o). The definition

10
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of the degree of AHR by methacholine is defined as: PC2o more than 16 mg/mL, normal; 4 to 16
mg/mL, borderline; 1 to 4 mg/mL, mild AHR; 0.25 to 1 mg/mL, moderate AHR; and less than
0.25 mg/mL, marked AHR. Direct bronchial provocation tests are performed to rule out asthma’s
contribution to presenting respiratory symptoms.?*

Indirect bronchial stimuli (e.g., hyperventilation, cold/dry air, exercise, hypertonic saline,
mannitol, or adenosine) evokes airflow limitation by acting on the intermediate pathway (i.e.,
inflammatory cells and neuronal cells) to induce secondary bronchoconstriction.®” In patients with
asthma, bronchial responsiveness from the indirect challenge is associated with airway
inflammation, and can be used to differentiate and confirm the diagnosis of current asthma.>®

Individuals with controlled airway inflammation and significant airway hyperresponsiveness
may benefit from bronchial thermoplasty to reduce the smooth muscle dysfunction in their
airways. This specialized procedure delivers localized thermal energy to airway wall with the goal
of ablating smooth muscles and reducing hyperactive airways. In previous studies, bronchial
thermoplasty has demonstrated clinically meaningful reductions in airway hyperresponsiveness,*
improvement in quality of life,%° greater asthma control,% and reduction in exacerbations.5?
Bronchial thermoplasty is a viable procedure that has long term effects in a specific cohort of

patients with asthma.®

1.4.5 Validated Asthma Questionnaires
The severity of asthma is associated with reported symptoms, healthcare utilization and disease

burden on the patient.®* There is marked variability in the occurrence of symptoms and requires
monitoring with standardized and validated assessments of asthma control and asthma-related
quality of life. The most used questionnaires are the Asthma Control Questionnaire (ACQ)® and
Asthma Quality of Life Questionnaire (AQLQ).%® The ACQ is a method to evaluate patient

reported asthma control by assessing respiratory symptoms (5 self-administered questions), short-
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acting B2-agonist use (1 self-administered question), and airway calibre (FEV1 measurement). It
is scaled on a 7-point Likert scale ranging from 0 to 6, with a higher score indicating worse asthma
control. An ACQ of less than 0.75 indicates well-controlled asthma, while ACQ greater than 1.5
indicates poorly controlled asthma.®” The AQLQ is used to understand the physical and emotional
impact of asthma. It has 32 questions that evaluate four primary categories: symptoms, activity
limitation, emotional function, and environmental exposure. It is scaled on a 7-point Likert scale
ranging from 1 to 7, with a lower score indicating severe impairment.®® The minimal clinically
important difference is 0.5 for both questionnaires.®®® The primary goals of asthma management
are to reduce or eliminate manifestations of asthma by achieving optimal control and minimization
of future exacerbation risk.”® Accordingly, these questionnaires are important clinical assessments
commonly used as clinical trial endpoints.”
1.5 Imaging of Lung Structure and Function

Chest radiography (x-ray or CT) in asthma supports clinicians with identifying alternative
diagnosis or evaluating complications that may be contributing to the severity of the disease.”
Advancements in non-invasive lung imaging modalities shown in Table 1 can quantify severe

asthma’s underlying pathologic features and evaluate the efficacy of therapeutic strategies.
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Table 1 Comparison of different lung imaging modalities

CT HP 2Xe MRI SPECT PET
Spatial Resolution High High Low Low
Breath Maneuver Breath Breath Free Free
hold hold breathing breathing
Scan Length Seconds Seconds Minutes Minutes
Purpose Structure Function Function Function
lonizing Radiation Yes No Yes Yes
- Lung Density - Ventilation - Ventilation - Ventilation
" - Lung Volume - Alveolar-airspace size - Perfusion - Perfusion
Applications .
- Airway - Gas-exchange

- Vasculature
Definition of abbreviations: CT=computed tomography; HP=hyperpolarized; MRI=magnetic resonance imaging;
SPECT= single-photon emission computed tomography; PET = positron emission tomography

1.5.1 Structural Lung Imaging
Chest computed tomography (CT) is currently the gold-standard imaging modality to evaluate

and assess thoracic abnormalities and guide clinical decisions.”® The absorption or attenuation
coefficient of x-rays are used for CT reconstruction into greyscale images, and the linear
transformation of attenuation coefficient generates a relative quantitative measurement of
radiodensity called Hounsfield units (HU). The Hounsfield scale arbitrarily defines water as 0
HU, air as -1000 HU and the denser tissues such as bone are 1000 HU.” While CT imaging has
superior spatial resolution (e.g., 0.625 mm in all three dimensional planes) than other imaging

modalities, the exposure to ionizing radiation creates a disadvantage.
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Figure 1-3 Quantitative CT parenchymal and structural airway endpoints

A) Gas trapping can be quantified by quantifying the percentage of low attenuation areas
less than a threshold of -856 Hounsfield units on expiratory CT.

B) Emphysema can be quantified by quantifying the percentage of low attenuation areas less
than a threshold of -950 Hounsfield units on inspiratory CT.

C) Segmented airway tree from inspiratory CT to assess large airway morphology.

D) Apical segmental airway of the right upper lobe

Radiologists currently contribute to the management of asthma by qualitatively assessing chest
CTs for structural airway abnormalities, bronchial wall thickening, and gas-trapping on expiratory
CT. Advances in post-processing software for CT has enabled detailed quantitative assessment of
the airway tree, pulmonary vessels, and lung parenchyma.” As shown in Figure 1-3, quantitative
imaging endpoints of lung structure and function complement traditional visual assessments, by
providing an enhanced understanding of the pathophysiology of lung diseases.” The airways can
be segmented by semi-automated or fully automated approaches by relying on tubular morphology
and attenuation differences between the lumen, airway wall and the parenchyma. The airway tree
is restricted from growing smaller airways (diameter < 2mm) due to resolution limitations and
partial volume effects that result in extra-luminal leaks from the region-based growing algorithm.”®
The larger airway morphology by CT assessment has shown to be accurate to anatomical and
histopathological measurements, and can be a surrogate tool to assess airway remodeling.””"® As
shown in Figure 1-4, structural airway abnormalities in asthma can be observed and quantified on

CT including bronchial wall thickness (WT), bronchial dilation, and luminal narrowing.
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Figure 1-4 CT airway morphometric quantification

Various airway measurements can be quantified from the segmented large airways on inspiratory
CT.

For the first time in 1998, quantitative CT (QCT) measurements of segmental and subsegmental
airways in asthma patients unsurprisingly demonstrated greater airway wall thickening than
healthy individuals, and was observed in more severe patients than those with milder asthma.”
Subsequent studies examining QCT measurements of increased airway thickness have
demonstrated associations with airway remodeling,®® airflow obstruction 8 asthma severity,®

8 and therapeutic response.®*85 Asthmatic lungs with thickened

airway hyperresponsiveness,
airway walls, narrowed lumen and/or intraluminal occlusion can terminate the airway branching
on CT and result in missing terminal airways. CT visible total airway count (TAC) was modestly
correlated with lung function, airway lumen area and wall area fraction.®® Based on GINA
guidelines, TAC has been shown to be significantly lower in patients with severe asthma.®®

Another important mechanism to asthma severity is mucus accumulation and plugging of the

airway lumen.®” Mucus plugs occluding the airways are recognized as a contributory factor to
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impaired mucociliary clearance and airflow obstruction.®® In 2018, Dunican et al.® created the
first radiographic CT mucus score to quantify the burden of mucus in the airways. Across various
cross-sectional cohort studies,3®%* the prevalence of mucus plugging assessed by CT was observed
in approximately 60% of patients with asthma. Interestingly, in a longitudinal cohort study of the
Severe Asthma Research Program (SARP)-3, airway mucus plugging was discovered to be a
persistent asthma phenotype in a subset of patients with severe asthma.®?

While it is difficult to directly visualize the small airways in-vivo due to limitations in resolution
and exposure to high ionizing radiation, air trapping on expiratory CT is an indirect marker of
small airways disease. The regional differences in small airways disease can be measured by low
lung attenuation on expiratory CT. Airway closure prevents air from being exhaled and becomes
trapped in the distal lung.®® The magnitude of air trapping is quantified as the proportion of the
lung less than -856 HU (%LAA gs6). Since the attenuation value of a normally inflated lung is
about -856 HU, the attenuation of a healthy lung should be greater than the -856 HU threshold.**
Functional small airways disease is associated with decline in lung function and exacerbations in

asthma.®®

1.5.2 Functional Lung Imaging
The functional consequence of the above-mentioned airway structure abnormalities in asthma

can be evaluated by functional lung imaging. Nuclear medicine and magnetic resonance imaging
methods provide spatial localization of lung pathophysiology in asthma. Asthma is an airways
disease and therefore, the primary focus of this section will be on functional lung imaging
modalities that measure ventilation. The capability of imaging to assess perfusion and gas-

exchange is acknowledged, but not discussed.
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Ventilation Scintigraphy and Single Photon Emission Computed Tomography (SPECT)

Ventilation scintigraphy and SPECT imaging approaches use radioisotopes to assess ventilation
by detecting the emission of gamma rays in the lungs. The radioactive decay by the injected or
inhaled radionuclides are detected by gamma cameras to convert the emitted energy into an
electrical signal to produce an image. Scintigraphy is a two-dimensional projection of the
radioactivity within the body and regions of greater radioisotope deposition are seen as hot spots
in the image. The radiotracer gases commonly used to measure ventilation are 133Xe and krypton-
81m (81MKr) and the radionuclide technetium-99m (**™Tc) is used to label **"Tc-diethylene-
triamine pentaacetate (DTPA) aerosol and Technegas (**™Tc-labelled carbon).®® Ventilation
scintigraphy was the first method to regionally identify uneven inhaled **3*Xe gas distribution in
asthmatic lungs."®® The inhalation of Technegas has a similar deposition pattern as **Xe and is
the preferred agent because of its temporal stability of adhering to the airway wall for more than
20 minutes.®® In patients with asthma there was increased ventilation heterogeneity observed with
scintigraphy after direct bronchoprovocation with methacholine!® and histamine.*%

While scintigraphy produces planar images, ventilation single photon emission computed
tomography (V-SPECT) offers three-dimensional topographical analysis of ventilation
distribution by inhaling 3Xe, 8™Kr or Technegas. In asthma, there is increased abnormal
ventilation measured with V-SPECT than in healthy individuals,’®? the severity of ventilation
heterogeneity at baseline in asthma was associated with methacholine-induced airway changes, %
and low ventilation regions are related to multiple breath nitrogen washout index of peripheral
ventilation heterogeneity.'® V-SPECT has also been used to investigate the regional deposition of
inhaled aerosol labeled **™Tc to evaluate treatment efficacy.l®% A few limitations of
scintigraphy/V-SPECT includes the exposure to radionuclide-dependent radiation, poor spatial

resolution, and long acquisition times.
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Positron Emission Tomography

Positron emission tomography (PET) is similar to SPECT by providing three-dimensional
information of radioactivity, however PET uses emission of positrons from radioisotopes to
reconstruct an image. Inhaled tracers of nitrogen-13—labeled nitrogen (**NN),%” neon-19 (**Ne)*
and gallium-68 labeled carbon particles (Galligas)!®® provide regional information about
pulmonary ventilation. NN injected into systemic circulation is completely diffused into the
alveolar airspace due to low solubility in tissues. Thus, low ventilated regions due to gas-trapping
would have greater retention of tracer. Conversely, inhalation route of *NN reaches the well-
ventilated regions of the lungs.!® In mild to moderate asthma patients, PET images of pulmonary
13NN tracer kinetics revealed greater abnormal ventilation during acute methacholine-induced
bronchoconstriction in the large and small airways.'* A subsequent study from the same research
group demonstrated redistribution of perfusion away from non-ventilated regions in asthmatic
lungs.!? In clinical practice, PET is often accompanied with fluorine-18-fluorodeoxyglucose (*8F-
FDG) tracer, a glucose analogue that is taken up by metabolically active cells such as malignant
cells. The uptake of F-FDG in airway inflammatory cells during an allergen challenge has
sparked interest in the utility of 3F-FDG-PET as a pulmonary biomarker of cellular inflammation

in asthma.l!?

Magnetic Resonance Imaging
Magnetic resonance imaging (MRI) is a non-ionizing radiation modality that generates images

by aligning the spin of specific nuclei in biological tissue to an external magnetic field. As the
excited nuclei relax to their original spin, they emit a radiofrequency energy that is detected and
reconstructed into an image. Anatomical *H MRI is inadequate to assess lung function because of
the low *H density of the lungs (~0.1 g/cm®) and the numerous air-tissue interfaces leads to

magnetic field inhomogeneities resulting in the loss of *H signal.*** Therefore, pulmonary *H MRI
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appears as a dark thoracic cavity with limited physiological information. As shown in Figure 1-5,
hyperpolarized gas MRI enables the visualization of pulmonary function by imaging inhaled *He
or °Xe gas in the lungs. Noble gases are inert and require hyperpolarization to increase the signal
by 10*-10° fold in order to be captured by the MRI.1®> Hyperpolarization is commonly achieved
by a technique called spin-exchange optical pumping (SEOP).™® In brief, SEOP is a two-step
process whereby a circularly polarized laser is directed at an alkali metal, usually rubidium, to
transfer angular momentum to the metal’s electrons. Subsequently, the spin polarization is
transferred from the valence electrons to the nuclei of the 3He or '?°Xe gas-atoms through
collisions.**” Using hyperpolarized *He or 1?°Xe as an inhaled contrast agent in lung MRI provides
functional information with high temporal and spatial resolution in healthy subjects and patients
with various lung diseases including asthma,*8 cystic fibrosis,**® idiopathic pulmonary fibrosis,*?
and chronic obstructive pulmonary disease (COPD).*?* Due to the limited availability and cost of
3He, hyperpolarized *°Xe is currently the commonly used gaseous agent to image, and
interestingly, it was used to acquire the first reported ventilation images from MRI.122122 With the
recent advances in polarization equipment, high polarization values (10-40%)*?*1%5 can be reached
in 12%Xe, thus reducing the signal-to-noise ratio (SNR) gap between the aforementioned noble
gases.'?® Using hyperpolarized noble gas as inhaled contrast agents for lung imaging produces
high-resolution images that can quantify ventilation and parenchymal microstructure.
Furthermore, 12°Xe is modestly solubilized in biological tissues and can be used to probe gas
exchange.!® It is important to mention that the distribution of airflow can be visualized with other
functional lung MRI techniques including inhaled fluorinated gas,'?” oxygen-enhanced

techniques,'?® and free-breathing *H approaches.*?
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Figure 1-5 Hyperpolarized 2*Xe ventilation MRI of a healthy individual and patients with
severe asthma

The centre coronal '*Xe MRI slice shows homogeneous ventilation of a healthy individual and
abnormal ventilation for two patients with severe asthma.

The most common application of hyperpolarized noble gas MRI is the acquisition of static
ventilation images. To acquire three-dimensional whole-lung images, the patient is positioned
supine in the scanner and hold their breath for about 10-12 seconds after inhaling up to one litre
of gas from functional residual capacity (FRC). An individual with no history of lung pathology
will have homogeneous distribution of the gas throughout the lung, while a lung with airways
disease will have regions of signal void or ventilation defects. In asthma, low ventilation can arise
from airways that are partially or completely occluded by mucus plugging,*° airway
remodeling,**® and/or intraluminal cellular inflammation.’®* The earliest quantification of
abnormal ventilation was visually scored,32*3 however was limited by intra- and inter-observer
variability. Thus, semi-automated®*'® and automated!®®'*"  segmentation methods were
developed to generate objective measures of ventilation. Quantitative imaging biomarkers of
ventilation include ventilated volume, ventilated defect volume and the widely reported ventilation
defect percent (VDP), which is defined as the ventilation defect volume normalized to the thoracic
cavity volume. In patients with asthma, MRI VDP is predictive of exacerbation frequency,*

associated with clinical biomarkers of disease pathophysiology,®! spatially correlated with air
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139 and mucus plugging,*® and is responsive to therapy.'31138140-148 Ag expected,

trapping
methacholine induced bronchoconstriction in asthma patients and healthy volunteers resulted in
increased MRI VDP and administration of salbutamol resolved the abnormal ventilation.**® There
is concealed information within the ventilated regions that can be extracted with texture features.
Previous studies have shown good evidence that MRI ventilation texture features can differentiate

150

between patients with asthma and healthy volunteers, are sensitive to eosinophilic

151 140

inflammation, ™" can assess bronchodilator response,** and can predict biologic response in severe
asthma.’®? The use of ?°Xe MRI is limited in clinical and investigative settings, at the moment
clinical use of *°Xe ventilation MRI is approved in the United Kingdom, and most recently in the
United States of America. In the past 30 years, the research in this field has demonstrated the
usefulness of ventilation *Xe MRI to provide quantitative regional insight about lung
physiology.!>®
1.6 Unsupervised Clustering in Asthma

Asthma is now considered to be an umbrella term that encompasses a heterogeneous population
of patients with unique characteristics and distinct underlying mechanisms. The clinical
heterogeneity of asthma makes it challenging to optimally mange patients who respond poorly to
first-line inhaled therapies.’™> To address the urgent need for precision medicine in asthma,
unsupervised machine learning approaches have been previously employed to group patients with
similar features/characteristics (phenotypes) to tailor treatment and guide research.

In 2008, Haldar et al.'® were the first to apply unsupervised machine learning to identify
clinical asthma phenotypes. The authors independently examined a primary care asthma

population and secondary-care refractory asthma care population by completing a k-means cluster

analysis on clinical parameters. Focusing on the refractory asthma population they identified 4
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clinical phenotypes: Cluster 1 had early-onset atopic asthma with evidence of airway dysfunction,
symptoms, and eosinophilic airway inflammation; Cluster 2 was an obese, female predominant
subgroup with asthma symptoms and absence of airway inflammation; Cluster 3 had greater early-
onset asthma with uncontrolled symptoms and minimal inflammation; Cluster 4 had late-onset
disease with greater proportion of males and eosinophilic inflammation predominance. They
observed discordance with symptoms and airway inflammation within the clusters, and this led to
a prospective sub-analysis that titrated ICS therapy according to either symptoms or airway
eosinophil count. Those managed with sputum cell counts had a 10-fold reduction in exacerbation
frequency in the inflammation predominant cluster and decrease in ICS dosage in the early
symptoms predominant cluster.'® Thereafter, the SARP, Airways disease Endotyping for
Personalized Therapeutics (ADEPT), and Unbiased Biomarkers for the Prediction of Respiratory
Disease Outcomes (U-BIOPRED) project conducted one of the first multicentre machine-learning
driven studies to unbiasedly identify clinical phenotypes of mild-to-severe asthma derived from
demographic, lung function, and questionnaire variables.'>"% Interestingly, severe asthma
participants defined by GINA?® were found across all five SARP clusters, and four U-BIOPRED
clusters. Collectively, there was substantial overlap between asthma clusters identified from the
Leicester cohort,’>® SARP,'®" and U-BIOPRED® unsupervised clustering studies. The clusters
ranged from well-controlled, atopic asthma with normal lung function to late-onset asthma with
poor control and obstructed lung function. Despite different geographical cohorts, all produced
phenotypes that discriminated based on age of asthma onset, obesity, inflammation, airflow
limitation, and biological sex. Furthermore, clinically driven asthma phenotypes were validated on

independent asthma cohorts and demonstrated stability of characteristics from previously
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identified clusters.’®® Subsequent clustering approaches with various “-omics” techniques
including radiomics has provided novel insights into the pathophysiology of asthma.6!
Radiomics is an emerging field that quantifies high-throughput imaging data into quantitative
variables.*®? Thoracic imaging provides regional information of lung structure-function and has
shown to recognize disease severity and progression at an earlier onset than spirometry in various
lung diseases including cystic fibrosis,'® COPD,%* and asthma.'®?> A follow-up study reviewed a
subset of previously clustered individuals in the SARP cohort by examining their CT
characteristics and determined airway morphometry had limited discernability, while lung
deformation and functional small airways disease distinguished well between previously defined
clinical SARP phenotypes.'® However, to my knowledge, as tabulated in Table 2, there only have
been four studies that solely performed image-based clustering of patients with asthma. Each of

these studies utilized CT derived airway and/or parenchymal measurements to differentiate asthma

patients. 1%
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Table 2 Radiomic unsupervised clustering in asthma

Study Severity g/laorgﬂgéf; Approach Cluster Characteristics
11 QCT
1) RB1 WA/BSA
2) RB1 WA/BSA
i; Egi tLO\tfl area PCA Cl_uster_ 1: severe _air-trappin_g, _bronchial wall
Gupta et al. 17 Non-severe 5) RB1 WV HierarcHicaI thickening and bronch_lal Iume_n dilation
(2014) (n=17) and 6) RBIWV% and Cluster 2: moderate air-trapping _
severe (n=48) 7) VI -856 K-means Cluster 3: severe air-trapping and bronchial lumen
8) MLD E/I narrowing
9) A voxels
10) Fractal LAC
11) Dy airway
57 QCT Cluster 1:_younger, early onset, non-severe, reversible
32) Local lung function, easy to control symptoms .
26 Cr. WT. WT* Cluster 2: non-severe and severe patients, perswteptly
_ Dh’ Dh’* ’ i al_te_red lung function, marginal to no inflammation,
Choi et al. 6 Non-severe 20)’ Lobar PCA and difficult to control symptoms
(2017) (n=106) and Cluster 3: obese, female dominant, severe asthma,
-%LAAgs6, ADI K-means . : A
severe (n=142) AV JacoBian ' reversible lung function, blood lymphopenia, difficult
5) gi’obal to control symptoms _
“ADI. Jacobian Cluster 4: (_)Ider, late-onset, male dpmlnant, severe
U/[M’+L] v ' asthma, persistently altered lung function, neutrophilic
inflammation, difficult to control symptoms
Cluster 1: older females with late-onset asthma, no
previous smoking history, normal lung function, and
lowest total serum IgE
4 QCT Cluster 2: younger females with early asthma onset,
' Non-severe 1) WT* and 27% were on OCS therapy _
Kim et al 168 (n=28) and severe 2) Dn* PCA and Cluster 3: mostly severe asthma with about a even
(2022) (n=33) 3) fSAD% K-means split in biological sex, high total serum IgE and
4) Emph% reduced lung function
Cluster 4: males with severe asthma, a previous
smoking history with the highest pack-years, lowest
PC20 methacholine at diagnosis and severely reduced
lung function
Cluster 1: moderately abnormal ventilation and
airway thickening but only mildly abnormal total
airway count and luminal narrowing. No evidence of
gas-trapping or airflow limitation.
Cluster 2: female dominant, moderately abnormal
3QCT ventilation and total airway count, severe airway wall
1) TAC thickening, mild luminal narrowing, with moderate
Eddy etal.1® Non-severe 2) LA Hierarchical airflow limitation, gas-trapping, and airway re_sistance
(2022)' (n=26) and severe  3) WA% and C_Iuster 3: mc_)derat_ely a_bnqr_mal ventilation and
(n=19) K-means airway wall thickening, significantly reduced total
1 129Xe MRI airway count and luminal narrowing along with
4) VDP moderate airflow limitations and mild to negligible gas

trapping.

Cluster 4: male dominant, severely abnormal
ventilation with significant gas trapping and airflow
obstruction. Reduced total airway count, moderately
thickened airways with significant luminal narrowing.
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Notably, Choi et al.'®® performed a multiscale CT cluster analysis of asthma patients by
examining 57 postprocessed variables related to segmental, lobar, and whole lung density and
geometry, respectively. The derived four clusters were identified based on imaging features of
luminal area, wall thickness, air-trapping, and lung deformation. The majority of patients with
severe asthma were in clusters 3 and 4. Cluster 3 was described as an obese, female, dominant
cohort with reversible lung function and blood lymphopenia, and cluster 4 was a late-onset, older,
male dominant cohort with fixed airflow obstruction, increased gas-trapping, and airway
neutrophilia.®® Overall, CT imaging based clustering of structural parameters produced cluster
memberships of clinical interest, however quantitative CT variables are unable to directly measure
the functional consequences of the asthmatic lung structure. As discussed previously, '?°Xe
ventilation MRI can visualize and quantify ventilation abnormalities from airway obstruction, a
characteristic feature of severe asthma.’'® Eddy et al.*®® most recently demonstrated the use of
guantitative CT and functional MRI to generate asthma clusters, but only used ventilation defect
percent (VDP), the most commonly reported quantitative measurement of abnormal ventilation
derived from hyperpolarized 1?Xe MRI. Incorporating MRI VDP into their unsupervised pipeline
allowed them to distinguish cluster 4, a small severely abnormal ventilated group with greater
obstruction and gas-trapping from Cluster 3 which had similar CT morphometric characteristics.
129% e ventilation MRI provides functional insight of the whole lung (i.e., large, and small airways),
and this strength of the imaging platform compelled us to investigate the research question: Are

there unique, clinically relevant ventilation phenotypes of severe asthma?
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1.7  Thesis Hypotheses and Objectives

As shown in Figure 1-6, ventilation patterns in patients with severe asthma are unique, and
there is significant inter-patient heterogeneity. The clinical relevance of this heterogeneity and
inter-patient variability is not known. Inhaled hyperpolarized ?°Xe MRI may be exploited to

extract inherent physiological information residing within the ventilation patterns.

:’7‘ ‘ "‘nt

Flgure 1-6 Representatlve pre- bronchodllator 129%e ventllatlon MRI centre coronal slice of
patients with severe asthma

129%e MRI of the ventilation distribution (cyan) co-registered to the *H MRI of the thorax (in
greyscale) for the centre coronal slice of eighteen patients with severe asthma.

Various radiomic approaches have explored the heterogeneity of severe asthma to profile
disease phenotypes and guide treatment decisions. To our knowledge, none have solely used
functional lung MRI biomarkers. We hypothesized that novel ?Xe MRI-based ventilation
phenotypes of severe asthma will be unbiasedly identified with unique clinical, physiological, and
biological characteristics. Therefore, the objectives of this thesis were to (1) extract 12°Xe MRI
features of ventilation, (2) identify 2°Xe MRI-based ventilation phenotypes of severe asthma using
unsupervised clustering, and (3) to examine their clinical, physiological, and biological

characteristics.
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Chapter 2: Methods

2.1 Study Design and Participants
This was a single-centre retrospective analysis of 61 adults (>18 years of age) with severe

asthma. All participants were recruited from the Firestone Institute for Respiratory Health, were
well-characterized, and had severe asthma in accordance to the 2023 GINA guidelines.?® They had
no changes in respiratory medications in the previous 4 weeks, and had demonstrated post-
bronchodilator reversibility (>12% and 200 mL FEV: improvement) or PCz <4mg/mL in the
previous 12 months. They underwent ?®Xe ventilation MRI, and spirometry pre- and post-
bronchodilator, fractional exhaled nitric oxide (FeNO), blood draw, sputum induction, and
completed the Asthma Control Questionnaire (ACQ-5)% and Asthma Quality of Life
Questionnaire (AQLQ) ® during a clinic visit or under an ethics-board-approved research protocol
(Hamilton Integrated Research Ethics Board #7585, #11471 and #12763; recruitment criteria for
each protocol summarized in Table 3). Short-acting f-agonists were withheld for >6 hours, long-
acting B-agonists for >48 hours and long-acting muscarinic antagonists for >72 hours prior. For
post-bronchodilator measurements, four 100 pg doses of Novo-Salbutamol® HFA (Teva

Novopharm Ltd.; Toronto, Canada) were delivered through a metered dose inhaler using a spacer.
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Table 3 Recruitment criteria

Study name n Inclusion criteria Exclusion criteria
Exploring the 31 Male or female aged 18-85 with current or previously - Age < 18 years or >85 years
Utility of diagnosed lung disease or respiratory virus including but | - Pregnancy prior to or during study
Hyperpolarized not limited to: asthma, emphysema, COPD, - In the opinion of the investigator, subject is mentally or
129X e Magnetic bronchiectasis, sarcoidosis, pulmonary fibrosis, alpha 1- legally incapacitated preventing informed consent from
Resonance anti-trypsin deficiency, eosinophilic granulomatosis with being obtained, or cannot read or understand the written
Imaging in polyangiitis, bronchopulmonary dysplasia, and COVID- material
Healthy 19 - Patient is unable to perform spirometry or
Volunteers and Subject understands the study procedure and is willing plethysmography maneuvers
Patients with to participate in the study as indicated by the signature - Patient is not MRI compatible
Lung Disease on the informed consent
(NCT03455686) Subject is judged to be in otherwise stable health on the
basis of medical history
Able to read and/or understand English
Dupilumab on 26 Able and willing to provide written informed consent - Acute or chronic parasitic, bacterial, fungal, or viral
Airway Hyper- Able and willing to comply with study protocol infections that required, or currently requires,
responsiveness Males and females > 18 years of age hospitalization or antimicrobial treatment during the last
and Ventilation Asthma diagnosed by a respiratory physician > 12 four weeks
Heterogeneity in months prior to study enrolment based on the GINA - Acute asthma exacerbation event treated with increased
Patients with 2014 guidelines doses of oral or any dose of intramuscular or intravenous
Asthma ACQ>1 during the screening period corticosteroids within six weeks prior to screening
(NCT03884842) Airway hyperresponsiveness (methacholine PC < 4 - Other relevant pulmonary diseases (e.g., chronic
mg/mL or > 15% decreased in FEV; during saline obstructive pulmonary disease, idiopathic pulmonary
inhalation for sputum induction or > 25% improvement fibrosis, cystic fibrosis, pulmonary arterial hypertension,
in FEV; after bronchodilator) during the screening tuberculosis) requiring treatment within 12 months prior to
period screening
FeNO >25 ppb and either > 3% sputum eosinophils - Alcohol or substance abuse within 12 months prior to
(preferred) or blood eosinophils > 300/uL during the screening
screening period - Current smoker defined as having smoked at least one
ICS dose > 500 mcg of fluticasone equivalent/day. cigarette (or pipe, cigar, or marijuana) per day for>30 days
Patients on prednisone would not be excluded as long as within the three months prior to the screening
they meet the rest of the inclusion criteria - Ex-smokers with > 10 pack-year smoking history
- Treatment with anti-1G-E, anti-IL-4, anti-IL-5, or anti-IL-
13 targeted therapy current or within three months prior to
screening.
- ACQ>30
- Patient is not MRI compatible
Tezepelumab on 4 Able and willing to provide written informed consent - Participation in any clinical trial of an investigational agent

Airway Structure
and Function in
Patients with
Uncontrolled
Moderate-to-
severe Asthma
(NCT05280418)

Able and willing to comply with study protocol
Males and females > 18 years of age

Asthma diagnosed by a respiratory physician > 12
months prior to study enrolment based on the GINA
2021 guidelines

ACQ>1.5 at screening

Airway hyperresponsiveness (methacholine PCy < 4
mg/mL or > 15% decreased in FEV during saline
inhalation for sputum induction or > 15% improvement
in FEV; after bronchodilator) during the screening
period

Criteria met for moderate or severe asthma defined by
GINA 2021 guidelines, i.e., treatment with low,
medium, or high dose ICS (<250 mcg, 251-500 mcg,
>500 mcg of fluticasone equivalent/day, respectively)
plus another controller. Patients on prednisone would
not be excluded as long as they meet the rest of the
inclusion criteria

FeNO >25 ppb or > 3% sputum eosinophils (preferred)
or blood eosinophils > 300/uL during the screening
period

History of > 1 exacerbation in the previous year

or procedure within six months prior to screening or during
the study

History of anaphylaxis to any previous biologic therapy
received

Receipt of live attenuated vaccine within 30 days, receipt
of COVID vaccine within 28 days, known or suspected
COVID infection at the time of enrolment

Acute or chronic parasitic, bacterial, fungal, or viral
infections that required, or currently requires,
hospitalization or antimicrobial treatment during the last
four weeks

Acute asthma exacerbation event treated with increased
doses of oral or any dose of intramuscular or intravenous
corticosteroids within six weeks prior to screening

Other relevant pulmonary diseases (e.g., chronic
obstructive pulmonary disease, idiopathic pulmonary
fibrosis, cystic fibrosis, pulmonary arterial hypertension,
tuberculosis) requiring treatment within 12 months prior to
screening

Alcohol or substance abuse within 12 months prior to
screening

Current smoker defined as having smoked at least one
cigarette (or pipe, cigar, or marijuana) per day for > 30 days
within the three months prior to the screening

Ex-smokers with > 10 pack-year smoking history
Pregnancy

Treatment with anti-1G-E, anti-1L-4, anti-IL-5, or anti-IL-
13 targeted therapy current or within three months prior to
screening.

Patient is not MRI compatible
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As shown in Figure 2-1, we conceptualized an unsupervised machine learning workflow to
generate data-driven ventilation phenotypes of severe asthma from 12°Xe ventilation MRI features.
The methodology used to unbiasedly identify the ventilation clusters or phenotypes is extensively
detailed below. Briefly, we acquired 61 pre-salbutamol 2°Xe ventilation MRI scans of patients
with severe asthma. Then nineteen features related to signal intensity, ventilation defect size and
ventilation texture were extracted from each MRI dataset. Afterwards, the unlabelled or
unclassified data of only quantitative ventilation MRI variables were partitioned by various
unsupervised machine learning models to generate stable clusters, which we termed “ventilation
phenotypes.” Finally, to understand the clinical relevance of each ventilation phenotype, a
description of each phenotype was generated by comparing the clinical, physiological, and

biological characteristics between phenotypes.

Severe Study Segmentation & Unsupervised Ventilation Clinical
Asthma Visit Feature Extraction Machine Learning Phenotypes Relevance

e & o
Clinical
® [ 9 w Characteristics
[
lw Physiological

. -
o | .
o — —_— E—
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Figure 2-1 Proposed study design to generate MRI ventilation phenotypes of severe asthma

A heterogeneous group of patients with severe asthma (n=61) were recruited to undergo same day
129%e ventilation MRI, pulmonary function testing, fractional exhaled nitric oxide, sputum
induction, blood collection and a subset of patients (n=43) also completed a non-contrast chest CT.
Pre-bronchodilator 12°Xe MRI scans were segmented, and nineteen features were extracted for each
patient. Principal component analysis was performed to reduce the dimensionality of the highly
correlated dataset and ideal clustering conditions were determined to generate ventilation
phenotypes. The clinical relevance of each phenotype was determined by extensively characterizing
their clinical, physiological, and biological characteristics. (Created with BioRender.com).
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2.2 MRI Acquisition, Segmentation, and Feature Extraction

2.2.1 MRI Acquisition

Participants underwent proton (*H) and hyperpolarized *?°Xe ventilation MRI using a 3 Tesla
Discovery™ 750MR system (GE Healthcare, Milwaukee, USA) and previously described
methods.® A custom-built, unshielded quadrature-asymmetric bird-cage coil, tuned to the
resonant frequency of 12°Xe was used to enable hyperpolarized *2*Xe MRI. Spin exchange optimal
pumping polarizer systems (Polarean 9800 or 9820, Polarean, Durham, NC, USA) were used to
polarize isotopic ?°Xe gas (86% enriched). Participants were coached and instructed to inhale a 1
L gas mixture (*H MRI: 1 L N2 gas, and **Xe MRI: ~600 ml 12°Xe / ~400 ml N, gas) from a
Tedlar® bag (Jensen Inert Products, Coral Springs, USA) at their functional residual capacity
(FRC) and image acquisition was performed under breath-hold conditions at FRC+1L. The
inhalation of 100% polarized, 100% isotopically enriched 1?®Xe during the acquisitions was a
median dose equivalent volume! of 56 mL (25-159). Hyperpolarized 2°Xe static ventilation MRI
was acquired using a three-dimensional fast gradient recalled echo sequence (acquisition time=10
s, field of view = 40x40x24cm?®, matrix size=128x128x16, voxel size=3.125x3.125x15 mm?). A
matching *H MRI was acquired prior to the 12°Xe static ventilation MRI to delineate the thoracic
cavity. After inhaling 1L of N2 gas from FRC, an anatomical *H MRI was acquired using a whole-
body radiofrequency coil and a fast-spoiled gradient echo sequence (FOV=40x40 cm, matrix
size=128x128x16, voxel size=3.125x3.125x15 mm?).
2.2.2 MRI Segmentation

Anatomical *H and *?°Xe ventilation MRI were used to generate a binary mask of unventilated
and ventilated lung from registration and semi-automated segmentation performed in MATLAB

R2022a (The MathWorks Inc., Natick, MA, USA).3* Briefly, a hierarchical K-means method was
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employed to classify the pixel signal intensity values of 12°Xe static ventilation images into five
clusters which included a ventilation defect cluster (C1), hypo-intense cluster (C2), normal cluster
(C3) and hyper-intense clusters (C4, C5). The boundaries of the thoracic cavity were delineated
from *H MRI with a seeded region-growing algorithm and co-registered with the *2°Xe cluster map
to generate the binary lung masks and quantify the ventilatory parameters.
2.2.3 MRI Feature Extraction

Nineteen whole-lung quantitative variables were derived from '%Xe ventilation MRI as
illustrated in Figure 2-2 and are summarized in Table 4. Briefly, five variables corresponding to
the normalized ventilation signal intensity, and two variables related to defect size were extracted
from the ventilation defect lung mask. The coefficient of variation (CoV) of the signal intensity,
and eleven second order texture features were extracted from the ventilated lung mask to provide

further information about the spatial arrangement of ventilation patterns.
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Figure 2-2 Schematic of 12Xe ventilation MRI segmentation and feature extraction of nineteen
whole-lung variables from a representative patient with severe asthma

All acquired 1?°Xe MRI slices underwent semi-automated segmentation to classify the pixel
intensity into five clusters of no signal (C1), and hypointense to hyperintense signal (C2-C5). The
ventilation defect mask generated from the 2°Xe signal void cluster was used to quantify the
maximum and median three-dimensional defect sphere size. The ventilation lung mask was
generated from 2°Xe low to high ventilation clusters was used to quantify the coefficient of
variation and eleven second-order texture features. (Created with BioRender.com).
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The 2°Xe MRI VDP and other cluster percentages (i.e., C2 to C5) were determined by
normalizing the cluster-specific volume to the thoracic cavity volume. Ventilation defect size was
evaluated from the ventilation defect lung mask using a previously described sphere packing

algorithm?2

and the median and maximum sphere sizes (i.e. ventilation defect size) were
calculated from the ventilation defect mask. The CoV was calculated on a voxel-by-voxel basis
using a 5x5 neighborhood and then averaged only over the ventilated lung mask as previously
described.’*' Eleven second-order texture features from the gray-level run-length matrix
(GLRLM) were generated from the ventilation lung mask using an open source MATLAB toolbox
as previously described.'*® Texture features provide information about the spatial relationship of
the 12°Xe signal and characterized the coarseness, smoothness, and regularity of the ventilation
patterns. Texture features were extracted from the ventilation mask of varying run-lengths (a
directional measurement of pixels with same signal intensity) and gray-levels (measures the
relative magnitude of signal intensity). Texture features with joint descriptors of run-length (e.g.,
long, or short) and gray-levels (e.g., high, or low) were incorporated to capture combined
information related to pixel distribution and varying intensities in the ventilated lung.

The image quality of the acquired *?°Xe ventilation MRI datasets were objectively measured
with the signal-to-noise ratio (SNR) to account for non-physiological cofounders affecting 2°Xe
ventilation features. SNR was determined by sampling four representative regions within the lung
parenchyma, each with a 5x5 cm? region of interest (ROI). The average signal intensity in these
ROIs was then divided by the average standard deviation of the signal in four 5x5 cm? ROIs

selected outside of the thoracic cavity.*?! 2°Xe ventilation MRI datasets with a signal-to-noise

ratio (SNR) of less than 15 were excluded due to noise contributing to the ventilatory features.
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Table 4 12Xe MRI ventilation features

129%e MRI Features

Equation

Description

Ventilation Defect
Percentage (VDP) and
Cluster Volume
Percentage

~ Thoracic Cavity Volume

Cluster Volume
X 100%

The volume of each cluster
normalized to the total thoracic cavity
volume. VDP is equal to the Cluster 1
volume percentage.

Coefficient of Variation
(CoV)

__ Ventilation Signal Standard Deviation

Ventilation Signal Mean

The variation in signal intensity within
a neighborhood of pixels to quantify
ventilation heterogeneity.

3D Ventilation Defect Size

Spherical Defect Packing Algorithm 172

The median and maximum sphere
volumes were generated based on
segmented ventilation defect mask.

M N
Gray-Level Nonuniformity Pei i Evaluates the variability of gray-level
(GLNU) _ @) intensities in the image.
nT
i=1 \ j=1
Run-Lenath 1 & & 2 Evaluates the variability in the length
Nonuniformityg(RLNU) —Z (Z P(i,j)> of sequential pixels of the same gray-
e\ level.
n, Evaluates the homogeneity and
Run Percentage (RP) - distribution of runs of an image in a
P specific direction.
Low Gray-Level Run 1 s P, ) Evaluates the distribution of relatively
Emphasis (LGRE) n_ Z 2 lower gray-level signal intensity
Ti=1=1 values.
Hiah Grav-Level Run M N Evaluates the distribution of relatively
Egm has)ils (HGRE) —ZZ P(i,)) x i? higher gray-level signal intensity
P i j=1 values.
M N . setrib it ;
Short-Run Emphasis 1 p(i,j) Evaluates the dlstrlbutlc_m of relatively
(SRE) — = shorter run lengths and is correlated to
== finer textures.
M N . setrib it ;
Short-Run, Low Gray- 1 p(i, j) Evaluates the dlstrlbutl_on of relatively
Level Emphasis (SRLGE) n— 7 12 shorter_ run-_length_s with lower gray-
Ti=15=1 J level signal intensity values.
M N . . - - - -
Short-Run, High Gray- 1 p(i,j) X i? Evaluates the distribution of relatively
Level Emphasis (SRHGE) . =~ shorter_ run-l_ength_s with higher gray-
' "= = J level signal intensity values.
M N L. - - - -
Long-Run Emphasis 1 p(i)) Evaluates the dlstrlbutlt_)n of relatively
(LRE) — —— X longer run lengths and is correlated to
i j=1 J coarser textures.
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Long-Run, Low Gray-
Level Emphasis (LRLGE)

i

=1

-

j=1

1oy p(, J)><J
9 S

Evaluates the distribution of relatively
longer run-lengths with lower gray-
level signal intensity values.

Long-Run High Gray-
Level Emphasis (LRHGE)

1
_n

Mz

i

1l
fay
-

=

1l
fay

p(i,j) X i? x j?

Evaluates the distribution of relatively
longer run-lengths with higher gray-
level signal intensity values.

P(i,j)= original run-length matrix, n,= total number of runs, np=total number of pixels, M=number of gray levels,

N=maximum run length
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2.3 Unsupervised Machine Learning Model

Pre-bronchodilator 2°Xe ventilation MRI datasets, each with nineteen postprocessed
quantitative variables, were normalized using z-score standardization prior to implementation of
machine learning models using R software (www.r-project.org). A Kaiser-Meyer-Olkin measure

173

of sampling adequacy~'° was used to evaluate sufficient proportion of variance in the MRI features

are caused by underlying factors. In addition, a Bartlett’s test of sphericity’*

was performed to
compare the correlation matrix of MRI features to an identity matrix (i.e., values along the diagonal
are 1 and all of the other values are 0) in order to confirm suitability for data reduction. A principal
component analysis (PCA) was performed to reduce the dimensionally of the highly correlated
dataset and to obtain a set of linearly uncorrelated components.!’”® Horn’s parallel analysis
determined the optimal number of principal components, and the clustering tendency was assessed
with Hopkins statistic (>0.5) to confirm non-random grouping.1’®’” Hierarchical agglomerative,
K-means and Gaussian mixture model unsupervised clustering algorithms were investigated with

the clValid!’® and NbClust!’® R Stats package to validate the internal properties and determine the

optimal number of the clusters, respectively.
2.4  Demographic, Clinical, Physiologic and Biologic Variables

2.4.1 Demographics and Asthma Characteristics

Age, biological sex, body mass index (BMI), smoking history, atopic status, and age of asthma-
onset were recorded. All participants completed ACQ-5% and AQLQ®® to assess asthma control
and burden on quality of life, respectively. Dosage of inhaled and oral corticosteroids, biologic

therapy, and previous history of bronchial thermoplasty were documented.
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2.4.2 Spirometry

Spirometry was performed according to American Thoracic Society (ATS) technical
guidelines®+=® using an Elite Series plethysmograph (MGC Diagnostics Corporation, Saint Paul,
USA) to measure FEV1, FVC, and FEV1/FVC.
2.4.3 Inflammation

Biomarkers of inflammation were assessed including sputum eosinophil percentage, sputum
free eosinophil granules, sputum neutrophil percentage, blood eosinophil count, and FeNO.
Intraluminal cellular inflammation was evaluated by quantitative cytometry of spontaneous or
induced sputum. Sputum was induced, processed, and quantified according to standardized
methods, as previously described.** Patients were retrospectively classified into the following
airway inflammatory endotypes determined by sputum cell counts'®: [1] eosinophilic (>2.3%
eosinophils and/or moderate or many eosinophil-free-granules), [2] neutrophilic (>64%
neutrophils and total cell count (TCC) >9.7x10° cells/g without eosinophilia), [3] mixed-
granulocytic (eosinophilic and neutrophilic), [4] trivial neutrophilic (>64% neutrophils or total cell
count (TCC) >9.7x10° cells/g, but not both) and [5] paucigranulocytic (TCC<9.7x10° cells/g,
<2.3% eosinophils, and <64% neutrophils). Patients who were unable to provide a sufficient
sputum sample (<0.08g of sputum separated from saliva)!®! following three rounds of saline
inhalation were considered paucigranulocytic. Cytokines and chemokines including IL-1p, IL-4,
IL-5, IL-6, IL-12p70, IL-10. IL-13, IL-15, IL-17a, IL-18, B-cell activating factor (BAFF),
interferon-gamma (INF-y), and tumour necrosis factor-alpha (TNF-a) levels in sputa were

measured using Ella™ automated ELISA system (Bio-Techne, Minneapolis, USA).

2.44 ChestCT
A subset of participants underwent a paired full inspiratory-expiratory, non-contrast chest CT

scan with previously described parameters'®? using a 64-slice Lightspeed VCT system (GE
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Healthcare, Milwaukee, USA). They were coached and instructed to inhale to total lung capacity
and residual volume to ensure adequate inspiratory and expiratory lung volume for CT analysis.
Quantitative CT evaluation was performed by a single observer using semi-automated airway
segmentation on the Apollo 2.0 software package (VIDA Diagnostics Inc., Coralville, USA). CT
airway measurements were quantified from the inspiratory chest CT and included airway lumen
area (LA), wall area percent (WA%), wall thickness (WT) in absolute and normalized to the
external airway diameter, and CT visible total airway count (TAC).8%8 The burden of mucus
plugging was quantified using the CT mucus score, assessed by a pulmonologist blinded to any
clinical details.?® A CT density mask was applied to quantify the extent of gas-trapping on
expiratory chest CT as the percentage of low attenuation area of lung voxels below -856 HU and
the extent of emphysema on inspiratory chest CT as the percentage of low attenuation area of lung
voxels below -950 HU.!83
2.5 Statistical Methods

Data were tested for normality using the Shapiro-Wilk normality test and when data were not
normal, non-parametric tests were performed. One-way ANOVA or Kruskal-Wallis tests were
performed to compare patient characteristics, pulmonary function, inflammatory biomarkers,
MRI, and CT measurements between ventilation clusters/phenotypes. To correct for multiple
comparisons, a Tukey’s or Dunn’s correction was applied, respectively. Chi-square or Fisher’s
exact tests were performed to compare proportions between clusters. Statistical analyses were
performed using SPSS version 28.0 (IBM, Armonk, NY, USA) and GraphPad Prism version 9.00
(Graphpad Software Inc., La Jolla, CA, USA) and all results were considered statistically

significant when the probability of making a Type | error was < 5% (p < 0.05).
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Chapter 3: Results

3.1 Study Participants
Sixty-one patients with a clinical diagnosis of severe asthma (37 females and 24 males; mean

+ SD age, 53+13 years old) were recruited and underwent hyperpolarized '*Xe ventilation MRI
between July 2018 and April 2023. Three participants were excluded from our analysis due to low
SNR (participant 08: 14.8; participant 13: 12.5; participant 26: 6.4) of 12°Xe ventilation MRI. 2°Xe
ventilation MRI datasets from 58 participants were suitable for feature extraction and subsequent

cluster analysis.

3.2 Unsupervised Clustering to Identify Ventilation Phenotypes of Severe
Asthma

A single MRI dataset was composed of 19 imaging features related to the ventilation
characteristics of each participant. Inspection of the correlation matrix revealed the presence of
many MRI features of 0.3 or greater correlation strength. The Kaiser-Meyer-Olkin (KMO) test
gave a value of 0.59, which exceeds minimum threshold of 0.5 for sufficient sampling adequacy*®*
and is reasonably near the recommended value of 0.6 or greater.1” Bartlett’s test of sphericity was
significant (p<0.0001) which confirmed the appropriateness of a principal component analysis to
reduce highly dimensional quantitative MRI features to generate uncorrelated eigenvectors.™ In
Figure 3-1, the original eigenvalues were compared to a simulated random dataset, and Horn’s
parallel analysis” retained two principal components to accurately explain ~64% of the variance

in the original dataset.
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Parallel Analysis
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—— Adjusted Ev (unretained)
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—— Random Ev
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Figure 3-1 Plot of eigenvalues to principal components to determine optimal number of principal
components.

The proportion of variance and standardized loadings for both principal components are
reported in Table 5. The contribution of each imaging feature to the derived principal components
can be interpreted from the correlation strength with the corresponding PCA loadings. Thus, the
first principal component was primarily composed from VDP (0.88), C2 (0.68), C4 (-0.90), CoV
(0.90), medium and maximum defect size (0.84), short-run emphasis (0.86), long-run emphasis (-
0.84), short-run low-gray level emphasis (0.85), short-run high-gray level emphasis (0.84), long-
run low gray-level emphasis (-0.83), and long-run high gray-level emphasis (-0.83); the second
was mainly related to C3 (0.79), C5 (0.63), and run-level non-uniformity (-0.77). Hopkins statistic
was greater than 0.5 (H=0.60), which confirmed non-random grouping and favoured towards the

clustering tendency of the principal components.
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Table 5 Principal component analysis and correlation of quantitative ?°Xe ventilation MRI
measurements

Principal Components

1 2
Principal Component Analysis
Standard Deviation 2.98 1.80
Proportion of Variance, % 46.77 17.10
Cumulative Proportion, % 46.77 63.87
Correlation of Standardized Loadings
VDP 0.88 0.18
Cluster 2 0.68 -0.19
Cluster 3 -0.13 0.79
Cluster 4 -0.90 0.02
Cluster 5 -0.48 0.63
CoV 0.90 0.00
Median Defect Size 0.84 0.14
Maximum Defect Size 0.84 0.16
SRE 0.86 0.29
LRE -0.84 0.44
GLNU -0.25 -0.52
RLNU 0.13 -0.77
RP -0.30 -0.38
LGRE 0.21 0.27
HGRE 0.17 0.39
SRLGE 0.85 0.29
SRHGE 0.84 0.32
LRLGE -0.83 0.44
LRHGE -0.76 0.48

Definition of abbreviations: VDP = ventilation defect percent; CoV = coefficient of variation; SRE = short-run
emphasis; LRE = long-run emphasis; GLNU = gray-level non-uniformity; RLNU = run-level non-uniformity; RP =
run percentage; LGRE = low gray-level run emphasis; HGRE = high gray-level run emphasis; SRLGE = short-run,
low gray-level emphasis; SRHGE = short-run, high gray-level emphasis; LRLGE = long-run, low gray-level emphasis;
LRHGE = long-run high gray-level emphasis.

To identify the optimal clustering method, Figure 3-2 shows the internal validation (i.e.,
evaluates the compactness, connectedness, and separation) of the three commonly used
unsupervised approaches across two to four clusters. Based on the outputs, k-means or hierarchical
clustering were the ideal approach to partition the unclassified quantitative MRI data. The various
statistical tests for determining the optimal number of clusters using NbClust R package!’® had a
majority consensus for a membership of 3 clusters. To ensure stability of clusters, the average
Jaccard similarity index was determined on 1000 bootstrapped datasets and cluster analysis was
performed on each dataset. If the index score of greater than 0.75 was achieved for all simulated

clusters, than it had acceptable stability to procced with the analysis.!® After collectively
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reviewing the internal validation results and Jaccard similarity index, the optimal method was

hierarchical clustering to produce 3 distinct cluster memberships.
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Figure 3-2 Internal properties and cluster stability validation of different clustering algorithms

Hierarchical clustering plotted as black; k-means plotted as red; Gaussian mixture model plotted as green.

A)

B)

C)

D)

Connectivity is the degree of connectedness of clusters and corresponds to the k-nearest neighbours
being placed in the same cluster. The ideal cluster number should be close to zero. Hierarchical
(Cluster 2=4.4, Cluster 3=11.0, and cluster 4=16.7); k-means (Cluster 2=4.4, Cluster 3=11.6, and
cluster 4=17.3); Gaussian mixture model (Cluster 2=11.0, Cluster 3=19.6, and cluster 4=36.0)
Dunn’s index evaluates the separation of clusters by taking the ratio of the between-cluster variance
by the within-cluster variance. Higher the index, better the dispersion of clusters. Hierarchical (Cluster
2=0.13, Cluster 3=0.16, and cluster 4=0.19); k-means (Cluster 2=0.13, Cluster 3=0.15, and cluster
4=0.19); Gaussian mixture model (Cluster 2=0.12, Cluster 3=0.04, and cluster 4=0.08)

Silhouette score measures the distance between clusters. Observations that are well compacted and
separated from neighbouring clusters have a higher score. Hierarchical (Cluster 2=0.47, Cluster
3=0.43, and cluster 4=0.40); k-means (Cluster 2=0.47, Cluster 3=0.42, and cluster 4=0.40); Gaussian
mixture model (Cluster 2=0.38, Cluster 3=0.41, and cluster 4=0.26)

The membership stability of 2 to 4 clusters with hierarchical and k-means algorithms were assessed
with Jaccard similarity coefficient on 1000 bootstrapped datasets. Hierarchical clustering with 3
clusters was determined to be the ideal approach. Dotted line at 0.60 indicates the lower limit of cluster
stability. Red symbols=k-means clustering, and black symbols=hierarchical clustering. Circle=2
clusters; square=3 clusters; triangle=4 clusters.
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3.3 MRI features of Ventilation Phenotypes of Severe Asthma

Figure 3-3 shows the hierarchical clustering heatmap of the original normalized nineteen
ventilation MRI features and the composite principal component hierarchical clustering heatmap
of the 58 patients with severe asthma. Three unigue ventilation phenotypes of severe asthma were
identified from the unsupervised clustering of 12°Xe ventilation MRI variables. Shown in Figure
3-4 are four representative 12°Xe ventilation MRI coronal slices of patients with severe asthma for
each ventilation phenotype. Cluster 1 had the smallest proportion of asthmatics (n=8, 14%) with a
homogeneous distribution of 12°Xe gas with minimal ventilation defects, quite similar to a healthy
individual*®® (VDP=1.7+0.9%). Cluster 2 had the highest proportion of asthmatics (n=32, 55%)
with markedly abnormal ventilation (VDP=6.2+3.8%) and a mottled ventilation pattern throughout
the lung. Cluster 3 (n=18, 31%) consisted of asthmatics with significantly abnormal ventilation
(VDP=24.8+10.2%) due to the large defects and sparsely hyperintense regions from the
accumulation of '?°Xe gas presumably in the limited unobstructed airways. Table 6 shows
nineteen MRI features that were incorporated into the machine learning algorithm and fifteen were
significantly different between phenotypes. Notably, the signal-to-noise ratio was not different
between clusters (p=0.32). A stepwise-forward discriminant analysis was performed to identify
the major variables that contributed to the cluster memberships. Of the nineteen MRI variables
VDP (Wilk 2=0.183), LRE (Wilk A=0.214), and SRLGE (Wilk A=0.157) were determined to be
the dominant MRI parameters with the lowest Wilk A values that significantly discriminated

between ventilation patterns of each cluster.
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Figure 3-3 Distinct expression of 12°Xe MRI features within each ventilation phenotype

Heatmaps show the expression of nineteen normalized ?Xe MRI features and composite score of principal components for 58
participants with severe asthma stratified by unsupervised cluster membership.
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CLUSTER 1- Normal Ventllatlon

Figure 3-4 Representatlve pre-bronchodilator 29Xe ventllatlon MRI coronal slices of patients
with severe asthma by ventilation phenotype

Centre coronal slice ?°Xe MRI ventilation in cyan was co-registered to anatomical *H MRI in
grayscale. Patient A: 60 years old male; ACQ-5=2.2; pre-BD FEV1=65%pred; pre-BD
FEV1/FVC=82%; pre-BD VDP = 1%. Patient B: 30 years old female; ACQ-5=1.0; pre-BD
FEV1=96%pred; pre-BD FEV1/FVC=76%); pre-BD VDP = 1.2%. Patient C: 36 years old female;
ACQ-5=1.6; pre-BD FEV1=91%preq; pre-BD FEV1/FVC=67%); pre-BD VDP = 2.8%. Patient D:
37 years old female; ACQ-5=2.2; pre-BD FEV1=94%preq; pre-BD FEV1/FVC=82%; pre-BD
VDP = 1%. Patient E: 49 years old female; ACQ-5=3.4; pre-BD FEV1=42%pred; pre-BD
FEV1/FVC=54%; pre-BD VDP = 6.5%. Patient F: 55 years old female; ACQ-5=3.8; pre-BD
FEV1=41%pred; pre-BD FEV1/FVC=60%); pre-BD VDP = 10.2%. Patient G: 55 years old female;
ACQ-5=2.6; pre-BD FEV1=81%preq; pre-BD FEV1/FVC=67%; pre-BD VDP = 11.3%. Patient
H: 63 years old female; ACQ-5=4.2; pre-BD FEV1=67%preq; pre-BD FEV1/FVC=57%; pre-BD
VDP = 4.3%. Patient I: 53 years old female; ACQ-5=3.4; pre-BD FEV1=38%preq; pre-BD
FEV1/FVC=45%; pre-BD VDP = 29.2%. Patient J: 58 years old female; ACQ-5=1.8; pre-BD
FEV1=34%pred; pre-BD FEV1/FVC=41%; pre-BD VDP = 19.9%. Patient K: 40 years old male;
ACQ-5=4.4; pre-BD FEV1=38%preq; pre-BD FEV1/FVC=45%; pre-BD VDP = 21.7%. Patient
L: 62 years old male; ACQ-5=1.4; pre-BD FEV1=27%pred; pre-BD FEV1/FVC=38%; pre-BD
VDP =41.9%.
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Table 6 2Xe MRI measures of ventilation signal intensity, ventilation heterogeneity, spherical
defect size, and second-order texture features of severe asthma ventilation phenotypes

p-value*
Cluster 1 Cluster 2 Cluster 3 All Clyvs. C2 vs. C3vs.
C2 C3 C1

n 8 32 18
SNR 38+14 3617 45423 0.32 -- -- --
Ventilation Intensity
VDP, % 1.7+£0.9 6.243.8 2484102  <0.001 0.03 <0.001 <0.001
Cluster 2, % 10.6+1.3 14.0+2.2 16.3+2.2 <0.001  <0.001 <0.001 <0.001
Cluster 3, % 30.0+2.4 38.247.1 31.846.8 <0.001 0.003 0.006 >0.99
Cluster 4, % 36.4+1.9 31.9+3.8 20.3+5.4 <0.001 0.02 <0.001 <0.001
Cluster 5, % 21.6+3.3 10.2+6.9 8.445.7 <0.001 0.001 0.85 <0.001
Ventilation Heterogeneity
CoV 0.24+0.02 0.30+0.05 0.4240.05  <0.001 0.01 <0.001 <0.001
Spherical Ventilation Defect Size
Median Defect Size, voxels 1.5(0-3) 3(1-4) 5 (2-7) <0.001 0.07 <0.001 <0.001
Maximum Defect Size, voxels 2 (0-3) 5 (1-7) 9 (3-13) <0.001 0.03 <0.001 <0.001
Second-Order Texture Features
SRE 0.036+0.004 0.053+0.014 0.106+0.032 <0.001 0.11 <0.001 <0.001
LRE 73.6+8.33 52.746.34 415+7.47 <0.001 <0.001 <0.001 <0.001
GLNU 1034+143 1097+135 1009+159 0.11 -- -- --
RLNU 160+34 187+31 182+28 0.10 -- -- --
RP 0.081+0.012 0.090+0.017 0.075+0.011  0.004 0.25 0.003 0.66
LGRE 0.76+0.03 0.75+0.06 0.78+0.04 0.34 -- -- --
HGRE 2.63+0.36 2.48+0.37 2.59+0.40 0.40 -- -- --
SRLGE 0.030+0.003 0.042+0.011 0.083%+0.025 <0.001 0.14 <0.001 <0.001
SRHGE 0.083+0.019 0.137+0.050  0.297+0.11 <0.001 0.16 <0.001 <0.001
LRLGE 55.845.7 41.4+4.9 33.615.4 <0.001  <0.001 <0.001 <0.001
LRHGE 224.3+49.8  134.2+25.9 97.2428.4  <0.001 0.005 0.002 <0.001

Definition of abbreviations: SNR = signal-to-noise ratio; VDP = ventilation defect percent; CoV = coefficient of
variation; SRE = short-run emphasis; LRE = long-run emphasis; GLNU = gray-level non-uniformity; RLNU = run-
level non-uniformity; RP = run percentage; LGRE = low gray-level run emphasis; HGRE = high gray-level run
emphasis; SRLGE = short-run, low gray-level emphasis; SRHGE = short-run, high gray-level emphasis; LRLGE =
long-run, low gray-level emphasis; LRHGE = long-run high gray-level emphasis.

Values are mean + standard deviation or median (minimum - maximum) except when indicated otherwise.

*Significance of difference between clusters determined using ANOVA with Tukey’s correction, or Kruskal Wallis

with Dunn’s test.
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3.4  Clinical Characterization of Ventilation Phenotypes of Severe Asthma

3.4.1 Demographics and Comorbidities

Ventilation phenotype demographics, smoking history, and comorbidities are summarized in
Table 7. The ventilation phenotypes were significantly different with respect to age (p=0.02), BMI
(p=0.02), and history of chest infections (p=0.008). Cluster 1 was predominately young females
who were obese (88% female, 41+11 years old, 63% obese). Cluster 1 had the highest prevalence
of common asthma masqueraders including gastroesophageal reflux (n=4, 50%),
anxiety/depression (n=2, 25%) and vocal cord dysfunction (n=1, 13%). Cluster 2 was significantly
older than Cluster 1, but also predominately obese females (63% females, 54+13 years old, 59%
obese). Cluster 2 had a high prevalence of concomitant cardiovascular disease (n=12, 38%).
Cluster 3 was also significantly older than Cluster 1, with an equal proportion of males and
females, who were not obese (50% female, 56+12 years old, 11% obese). Cluster 3 had a higher
proportion of participants with frequent respiratory tract infections (8 of 18, 44%), compared to
Clusters 1 (0 of 8, 0%) and 2 (4 of 32, 13%). Most participants were never-smokers, and all
phenotypes had a similar pack-year smoking history (p=0.65). The prevalence of atopy (p=0.95),
chronic rhinosinusitis (p=0.80) and nasal polyps (p=0.88) were similar between the ventilation

phenotypes.
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Table 7 Demographics and comorbidities of severe asthma ventilation phenotypes

p-value*
Cluster1  Cluster2  Cluster 3 All ClvsC2 2vsC3 CawsCl

Demographics
n 8 32 18
Age, years 41411 54+13 56+12 0.02 0.04 0.84 0.02
Female, n (%) 7 (88) 20 (63) 9 (50) 0.19 -- -- --
BMI, kg/m? 3148 3216 2714 0.02 0.96 0.01 0.18

Underweight/normal, n (%) 2 (25) 4 (13) 5 (28) 0.37 -- -- -

Overweight, n (%) 1(13) 9 (28) 11 (61) 0.02 0.65 0.04 0.04

Obese, n (%) 5 (63) 19 (59) 2 (11) 0.002 >0.99 0.001 0.01
Smoking History
n 8 32 18
Never n (%) 5 (63) 19 (59) 13 (72) 0.66 -- -- --
Past n (%) 2 (25) 12 (38) 5 (28) 0.69 - - -
Current n (%) 1(13) 1(3) 0 0.56 -- - -
Pack-years 0 (0-10) 0 (0-33) 0 (0-35) 0.65 -- -- -
Comorbidities & Life Factors
n 8 32 18
Premature birth, n (%) 0 3(9) 0 0.28 - - -
Atopy, n (%) 5 (63) 20 (63) 12 (67) 0.95 -- -- -
Chronic rhinosinusitis, n (%) 3(38) 16 (50) 8 (44) 0.80 -- - -
Nasal polyps, n (%) 3(38) 13 (41) 6 (33) 0.88 -- - -
Gastroesophageal reflux, n (%) 4 (50) 10 (31) 5 (28) 0.52 -- - -
Vocal cord dysfunction, n (%) 1(13) 1(3) 0 0.27 -- - -
Anxiety/depression, n (%) 2 (25) 4(13) 1(6) 0.37 -- -- -
Cardiovascular disease, n (%) 0 12 (38) 3(17) 0.05 -- -- -
Frequent infections, n (%) 0 4 (13) 8 (44) 0.008 0.57 0.02 0.03

Definition of abbreviations: BMI = body mass index
Values are mean + standard deviation or median (minimum - maximum) except when indicated otherwise.

*Significance of difference between clusters determined using ANOVA with Tukey’s correction, Kruskal Wallis
with Dunn’s test, or Chi-Square test.
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3.4.2 Asthma Characteristics and Medications

Table 8 summarizes asthma onset, control, quality of life and asthma medications for each
ventilation phenotype. The age of asthma onset was not statistically different between phenotypes
(p=0.54). There was however a trend towards Cluster 2 having a higher proportion of participants
with early-onset asthma (<11 year of age, 16 of 31, 52%). Ventilation phenotypes were not
different with respect to their self-reported asthma control (ACQ-5 p=0.23) or quality of life
(AQLQ p=0.66). Notably, nearly 75% of participants in each phenotype had uncontrolled asthma,
indicated by an ACQ-5 > 1.5.%” The prevalence of uncontrolled asthma was therefore high and
not different between phenotypes (p=0.98). The phenotypes were not different with respect to
current ICS dose (p=0.56) or OCS dose (p=0.86), and a similar proportion of participants were
OCS dependent (C1: 2 of 8, 25%; C2: 9 of 32, 28%; C3: 6 of 18, 33%; p=0.89) and/or receiving a
biologic (C1:3 of 8, 38%; C2: 9 of 32, 28%; C3: 5 of 18, 28%; p=0.86) for their asthma.
Considering previous biologic use, nearly all participants in each phenotype had previously
received biologic therapy for their asthma (88% of C1, 88% of C2, and 83% of C3, p=0.91), and
had failed one or more biologics (83% of C1, 75% of C2, and 73% of C3, p=0.95). Cluster 1 had
a significantly higher proportion of participants who previously underwent bronchial thermoplasty

(38% of C1, 3% of C2, and 6% of C3, p=0.007).
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Table 8 Asthma characteristics, medications, and healthcare utilization of severe asthma

ventilation phenotypes

p-value*
Cluster 1 Cluster 2 Cluster 3 Al ClvsC2 C2vs C3 C3vs Gl

Asthma onset, control, and quality-of-life

n 31 18

Age of asthma onset, yrs 23+18 19+17 25+18 0.54 -- -- -
<11 yrs of age, n (%) 3(38) 16 (52) 5 (28) -- -- - -
12-18 yrs of age, n (%) 1(13) 3(10) 2(11) - - - -
19-30 yrs of age, n (%) 1(13) 2(6) 7(39) - - - -
31-40 yrs of age, n (%) 2(25) 6 (19) 0 - - - -
>40 yrs of age, n (%) 1(13) 4(13) 4(22) - - -- -

Asthma duration, yrs 18+13 35+17 30+20 0.08 -- -- -

n 8 32 18

ACQ-5 1.8(0.8-2.2) 2.7(0-48) 2.6(0.8-52) 0.23 -- - -
>1.5n (%) 6 (75) 23 (72) 13 (72) 0.98 -- -- -

AQLQ 4.9(29-64) 4.6(2.0-69) 4.8(2.7-6.3) 0.66 -- - -
Symptoms 5.0(2.7-6.4) 4.3(1.3-6.9) 4.7(3.4-6.5) 0.58 -- - -
Activities 50(3.7-6.1) 4.9(1.9-6.9) 55(3.4-65) 0.53 -- - -
Emotions 45(1.0-70) 3.6(1.2-7.0) 3.4(18-6.6) 0091 -- - -
Environment 5.6 (1.5-6.8) 4.9(15-7.0) 5.8(2.3-6.5) 0.88 -- -- -

Asthma Medications

n 8 32 18

ICS dose, pg/day 1000 1000 875 0.56 __ B 3

(500-2000) (500-2000)  (250-2000) '

OCS dependent, n (%) 2 (25) 9 (28) 6 (33) 0.89 -- - -

OCS dose, mg/day 0 (0-25) 0 (0-20) 0 (0-25) 0.86

n 8 32 18

Bronchial thermoplasty, n (%) 3(38) 1(3) 1(6) 0.007 0.02 >0.99 0.07

Current biologic, n (%) 3(38) 9(28) 1 5(28)* 0.86 -- - -
Omalizumab, n (%) 2 (66) 0 0 - - - -
Mepolizumab, n (%) 1(33) 1(11) 0 - - -- -
Reslizumab, n (%) 0 2(22) 1 (20) - - - -
Benralizumab, n (%) 0 4 (44) 1 (20) - - -- -
Dupilumab, n (%) 0 5 (56) 4 (80) - - - -

Ever biologic, n (%) 7 (88) 28 (88) 15 (83) 0.91 -- - -

Ever failed biologic, n (%) 5 (83) 21 (75) 11 (73) 0.95 -- -- -

Definition of abbreviations: ACQ = asthma control questionnaire; AQLQ = asthma quality of life questionnaire; ICS = inhaled
corticosteroids; OCS = oral corticosteroids.
Values are mean + standard deviation or median (minimum - maximum) except when indicated otherwise.
*Significance of difference between clusters determined using ANOVA with Tukey’s correction, Kruskal Wallis with Dunn’s

test, or Chi-Square test.

fn=3 on dual biologics (n=2 benralizumab and dupilumab; n=1 benralizumab and reslizumab); fn=1 on dual biologics

(benralizumab and dupilumab)
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3.5 Physiological Characterization of Ventilation Phenotypes of Severe
Asthma

Table 9 summarizes spirometry, bronchodilator reversibility, and historical airway
hyperresponsiveness for each ventilation phenotype. The ventilation phenotypes were significantly
different with respect to FEV1%pred, FVC%pred, and FEV1/FVC measured pre- and post-
bronchodilator (all p<0.05). Cluster 1 had normal or near-normal spirometry (pre/post-BD:
FEV1=80£15%pred/87£16%pred;FV C=89+17%pred/ FVC=91+17%pred; FEV1/FVC=7417%/78+5%),
Cluster 2 had obstructive spirometry (pre/post-BD: FEV1=61+17%pred/ FEV1=73£17%pred;
FVC=79£15%pred/ FVC=87214%pred; FEV1/FVC=60£10%/ FEV1/FVC=66+10%), and Cluster 3
had severe airflow obstruction (pre/post-BD: FEV1=41+12%pred/ 47£16%pred; FVC=67+11%pred/
77+13%pred; FEV1/FVC=48+10%/ 51+12%). Cluster 1 had no participants with fixed airflow
obstruction (post-bronchodilator FEV1/FVC<0.70), but the prevalence of fixed airflow obstruction
was high in Clusters 2 (n=23, 72%) and 3 (n=16, n=89%).

Bronchodilator reversibility, evaluated as the post-bronchodilator change in spirometry, was
not significantly different between the ventilation phenotypes. However, Clusters 2 and 3 had
numerically greater post-bronchodilator changes in FEV1 and FVC compared to Cluster 1, with a
trend towards significance in both measurements between clusters (A FEV1 p=0.09; A FVC
p=0.06). There was a significant difference in post-bronchodilator change in MRI VDP (p<0.0001)
in Cluster 3 (VDP = -6% [-28- -2]) compared to Clusters 1 (VDP = 0% [-1-1]) and 2 (VDP =-1%
[-10-2]).

A review of historical methacholine challenge tests revealed a similar proportion of participants
in each cluster had ever documented severe airway hyperresponsiveness (p=0.15), defined as a

PC20<1.0 mg/mL.
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Table 9 Physiological characteristics of severe asthma ventilation phenotypes

p-value*

Cluster 1  Cluster 2  Cluster 3 Al Clvs C2 C2vs C3 Cavs Cl

Spirometry, pre-bronchodilator

n 8 32 18

FEV1, %pred 80+15 61+17 41+12 <0.001 0.06 0.001 <0.001
FVC, Y%pred 89+17 79415 67+11 0.002 0.21 0.02 0.002
FEV1/FVC, % 747 60+10 48+10 <0.001 0.002 <0.001 <0.001
Normal, n (%) 3(38) 3(9) 0 0.01 0.08 0.54 0.02
Non-obstructive, n (%) 2 (25) 2 (6) 1(6) 0.21 -- -- -
Obstructive, n (%) 3(38) 17 (53) 6 (33) 0.36 -- -- -
Mixed, n (%) 0 10 (31) 11 (61) 0.008 0.17 0.07 0.007
Spirometry, post-bronchodilator

n 8 32 18

FEV1, %pred 87+16 73+17 47+16 <0.001 0.41 0.002 <0.001
FVC, Y%pred 91+17 87+14 77+13 0.03 0.67 0.06 0.05
FEV1/FVC, % 7815 66+10 51+12 <0.001 0.006 <0.001 <0.001
FEV1/FVC < 70%, n (%) 0 23 (72) 16 (89) <0.001 0.0003 0.29 0.0001
Normal, n (%) 6 (75) 15 (47) 1(6) 0.001 0.24 0.004 <0.001
Non-obstructive, n (%) 2 (25) 0 0 0.002 0.04 >0.99 0.09
Obstructive, n (%) 0 13 (41) 11 (61) 0.01 0.04 0.24 0.007
Mixed, n (%) 0 4(13) 6 (33) 0.07 -- -- -
Bronchodilator reversibility

n 8 32 18

Reversibility, n (%) 2 (25) 20 (63) 10 (56) 0.16 -- -- -
AFEV1, % 8(5-19) 20 (-7-68) 20 (-5-70) 0.09 -- -- -
AFVC, % 2 (0-6) 8 (-8-50) 15 (-5-37) 0.06 -- -- -

A VDP, % 0(-1-1) -1(-10-2) -6(-28--2) <0.0001 0.45 <0.0001 <0.0001
Airway Hyperresponsiveness

n 8 17 5

PCzo, mg/ml¥ 0.8+9.7 1.1+8.1 2.9+7.8 0.60 -- -- -
Ever PC20<1.0 mg/mL 4 (50) 7 (41) 3 (60) 0.15 -- -- -

Definition of abbreviations: FEV1= forced expiratory volume in one second; FVC = forced vital capacity; PC20= methacholine
concentration causing a 20% decreased in FEV1.

Values are mean + standard deviation or median (minimum - maximum) except when indicated otherwise.

*Significance of difference between clusters determined using ANOVA with Tukey’s correction, Kruskal Wallis with Dunn’s
test, or Chi-Square test.

fGeometric mean and geometric standard deviation of most recent
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3.6 Biological Characterization of Ventilation Phenotypes of Severe Asthma

As shown in Table 10, metrics of inflammation were reported for each ventilation phenotype.
There were no significant differences in clinical biomarkers of type-2 inflammation, including
blood eosinophil count (p=0.20), sputum eosinophil percent (p=0.28), and FeNO (p=0.15),
between phenotypes. The ventilation phenotypes were significantly different with respect to
sputum total cell count (p=0.03), sputum neutrophil percent (p=0.02), and sputum macrophage
percent (p=0.009). Among the ventilation phenotypes, Cluster 3 had the highest total cell count
(sputum TCC=6.5x10° cells/g [1.6-94.6]), relative neutrophil count (sputum neutrophils=70.6%
[17.3-96.7]), and the lowest relative macrophage count (sputum macrophages=16.9% [0.5-61.3]).
Considering sputum cellular endotype, Cluster 1 had significantly more paucigranulocytic sputum
(n=6, 75%) compared to Cluster 3 (17%, p=0.008) and minimal airway eosinophilia (n=2, 25%),
despite having the highest prevalence of elevated blood eosinophils (n=5, 63%). Cluster 2 had an
approximately even proportion of individuals with paucigranulocytic sputum (n=14, 44%) and
active airway inflammation (n=16, 50%), which were eosinophilic (n=9, 28%), neutrophilic (n=4,
13%) and mixed granulocytic (n=3, 9%). Cluster 3 had the highest proportion of participants with
active airway inflammation (n=13, 72%), which were eosinophilic (n=7, 39%), neutrophilic (n=3,
17%) and mixed granulocytic (n=3, 17%). In addition, there was a significant proportion of
individuals with an abnormal relative sputum neutrophil percent (sputum neutrophils > 64%) in
Cluster 3 (n=12, 75%) compared to Clusters 1 (n=0, 0%; p=0.002) and 2 (n=10, 38%; p=0.02).

In a subset of participants with sufficient sample of sputum supernatant, cytokines associated
with type 1/2 signatures (individual measurements n=41, 71%) and autoimmune immunological
pathways (individual measurements n=27, 58%) were measured. All molecular measurements are

summarized in Table 10, and those that were significantly different or had evident outliers between
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ventilation phenotypes are shown in Figure 3-5. The upper limit of normal (90" percentile) of
plotted sputum cytokines were derived from age-matched healthy controls. The ventilation
phenotypes were significantly different with respect to sputum IL-4 (p=0.001), IL-6 (p=0.03), IL-
15 (p=0.02), and BAFF (p=0.04). Cluster 1 had significantly higher sputum IL-4 than Clusters 2
(p=0.008) and 3 (p=0.0007) and all patients in Cluster 1 had sputum IL-4 levels greater than the
upper limit of normal. Cluster 2 had higher IL-6 levels (87 pg/mL [5-764]) than Cluster 1 (p=0.02).
Compared to Cluster 1, Cluster 3 had higher 1L-15 (1.6 pg/mL [0.8-4.7], p=0.02) and BAFF (40

pg/mL [24-463], p=0.04).
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Table 10 Biological characteristics of severe asthma ventilation phenotypes

p-value*
Cluster 1 Cluster 2 Cluster 3 All Clvs C2vs C3vs
C2 C3 C1
Blood eos, 10°cells/L 0.3 (0-0.8) 0.1(0-1.5)% 0.3(0-3.3)% 0.20 - - -
>0.3x10°cells/L, n (%) 5 (63) 13 (42) 8 (50) 0.56 - - --
FeNO, ppb 17 (5-51) 33 (8-140) 26 (5-227) 0.15 - - -
>25ppb, n (%) 3(38) 24 (75) 9 (50) 0.07 - - --
Sputum Cell Counts & Endotype
n 4 26 16
TCC, x10% cells/g 2.2(0.9-3.8)°  4.8(0.6-227.4)" 6.5(1.6-94.6)" 0.03 0.24 0.34 0.03
>9.7x108 cells/g, n (%) 0 9(28) 7 (41) 0.22 - - -
Eosinophils, % 2.6 (0.3-9.3) 0.6 (0-26.3) 2.3(0-22.7) 0.28 - - -
>2.3%, n (%) 2 (50) 11 (42) 9 (56) 0.68 - - --
Neutrophils, % 35.4(16.3-54.7)  49.5(17.3-96.5) 70.6(17.3-96.7)  0.02 0.29 0.11 0.03
>64%, n (%) 0 10 (38) 12 (75) 0.003 0.17 0.02 0.002
Macrophages, % 57.7 (30.7-80) 35.8 (0-77.5) 16.9 (0.5-61.3)  0.009 0.26 0.06 0.02
Lymphocytes, % 3.7 (1.5-5.3) 1.3(0-7.3) 2.0 (0-5) 0.08 -- -- --
Bronchial epithelial, % 0.9 (0-2) 0.2 (0-5.7) 0.0 (0-2.5) 0.57 -- - --
Sputum Cellular Endotype™
n 8 32 18
Paucigranulocytic, n (%) 6 (75) 14 (44) 3(17) 0.02 0.24 0.07 0.008
Eosinophilic, n (%) 2 (25) 9 (28) 7(39) 0.68 -- - --
Neutrophilic, n (%) 0 4 (13) 3(17) 0.48 -- -- --
Mixed-granulocytic, n (%) 0 3(9) 3(17) 0.42 -- - --
Trivial Neutrophilic, n (%) 0 2 (6) 2(11) 0.57 -- - --
Sputum Cytokines
n 6 22 13
IL-4 pg/mL 1.1 (0.6-1.6) 0.3(0.0-1.2) 0.1 (0.0-1.0) 0.001 0.008 0.69 0.001
IL-5 pg/mL 0.4 (0.0-0.5) 0.4 (0.0-11.9) 0.7 (0.0-8.9) 0.80 - - -
IL-13 pg/mL 0.4 (0.0-3.7) 1.7 (0.0-11.8) 0.1 (0.0-11.9) 0.74 - - -
1L-12p70 pg/mL 1.6 (0.1-2.4) 1.2 (0.0-2.5) 1.0 (0.2-6.4) 0.55 -- - --
IL-17a pg/mL 4.7 (0.0-7.8) 2.4 (0-82.6) 1.2 (0-5.6) 0.27 - - -
IL-1B pg/mL 49 (25-166) 76 (15-2021) 156 (16-788) 0.09 - - -
I1L-18 pg/mL 68.5(16.4-447)  74.5 (0.8-287) 33.9(6.9-278)  0.46 -- - --
I1L-10 pg/mL 0.9 (0.0-1.35) 0.9 (0.0-5.1) 0.7 (0.0-1.8) 0.50 - - --
n 4 14 9
IL-15 pg/mL 0.6 (0.4-0.8) 0.9 (0.5-13.6) 1.6 (0.8-4.7) 0.02 0.22 0.45 0.02
INF-y pg/mL 0.1(0.1-0.2) 0.1 (0.0-0.4) 0.2 (0.0-0.2) 0.61 - - --
TNF-a pg/mL 2.2(1.1-3.3) 1.9 (0.7-46.5) 2.9 (1.9-44.6) 0.41 -- - -
IL-6 pg/mL 13 (4-18) 87 (5-764) 38 (15-1137) 0.03 0.02 >0.99 0.11
BAFF pg/mL 10 (4-16) 60 (5-328) 40 (24-463) 0.04 0.07 >0.99 0.04
1L-33 pg/mL 1.6 (0.7-5) 2.4 (0.9-8.9) 2.8 (0.5-8.7) 0.46 -- -- --

Definition of abbreviations: eos = eosinophils; FeNo = fractional concentration of exhaled nitric oxide; IL= interleukin; INF-y =
Interferon gamma; TNF-o = tumor necrosis factor alpha; BAFF = B-cell activating factor.
Values are mean + standard deviation or median (minimum - maximum) except when indicated otherwise.
*Significance of difference between clusters determined using ANOVA with Tukey’s correction, Kruskal Wallis with Dunn’s
test, or Chi-Square test. 'n=31, n=16, $n=5, "'n=27, 'n=17.
“Paucigranulocytic: Total cell count (TCC)<9.7x108 cells/g, <2.3% eosinophils, and <64% neutrophils or produced insufficient
sample after 3 rounds of sputum induction; Eosinophilic: >2.3% eosinophils and/or moderate or many eosinophil-free-granules;

Neutrophilic: >64% neutrophils and TCC >9.7x10° cells/g without eosinophilia; Mixed-granulocytic: eosinophilic and

neutrophilic; trivial neutrophilic: >64% neutrophils or TCC >9.7x108 cells/g (but not both).
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Figure 3-5 Molecular mediators that may be contributing to the pathological mechanisms in
each ventilation phenotype of severe asthma.

Cytokines related to type-2 inflammation (A, B, C) and dysregulated immunological responses
(D, E, F, G) were quantified in a subset of individuals to better understand the molecular
mechanism within each ventilation phenotype. Dashed lines are the upper limit of normal (90"
percentile) of age-matched healthy controls.

A)
B)
C)
D)
E)

F)

G)

IL-4 was significantly higher in Cluster 1 patients with normal ventilation compared to
abnormally ventilated individuals in Cluster 2 (p=0.008) and Cluster 3 (p=0.0007).

IL-5 was not significantly different between clusters; however, outliers were observed in
patients with abnormal ventilation.

IL-13 was not significantly different between clusters; however, outliers were observed in
patients with abnormal ventilation.

IL-1p was not significantly different between clusters; however, outliers were observed in
patients with abnormal ventilation.

IL-6 was significantly higher in Cluster 2 patients with markedly abnormal ventilation
compared to Cluster 1 (p=0.02).

IL-15 was significantly higher in Cluster 3 patients with severely abnormal ventilation
compared to Cluster 1 (p=0.02). Outliers were observed in markedly abnormal ventilated
patients in Cluster 2.

BAFF was significantly higher in Cluster 3 patients with severely abnormal ventilation
compared to Cluster 1 (p=0.04). Outliers were observed in markedly abnormal ventilated
patients in Cluster 2.
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3.7 Quantitative CT Measurements

CT derived airway measurements, mucus scores, lung volumes, and the lung attenuation are
shown in Table 11. The airway LA, outer area, WA% and WT% were averaged by the five
representative segmental airways (RB1, RB4, RB10, LB1, and LB10) and all nineteen
bronchopulmonary segments, none of which demonstrated significant differences between the
ventilation phenotypes (all p>0.05). Notably, the bronchial dimensions were significantly different
for increased thickness of the airway walls between the ventilation phenotypes (p=0.04); however,
the differences were not significant after normalizing the airway size by expressing wall thickness
as a percentage of external airway diameter (p=0.86). In Figure 3-6, the LA, WT and WT% are
plotted for each of the 19 bronchopulmonary segments. The morphology of the 19 segmental
airways by ventilation phenotypes indicates trends toward Cluster 2 having larger LA and greater
airway calibre relative to Clusters 1 and 3. In addition, a significant difference was observed in
WT% of the RB1 airway being greater in Cluster 1 compared to Cluster 3 (p=0.03). The total
airway count was not different between clusters (p=0.76).

The burden of mucus plugging assessed by the CT mucus score was different between clusters
(p=0.007). The median CT mucus score was 0 (0-7) in Cluster 1, 6 (0-14) in Cluster 2, and 9 (0-
14) in Cluster 3. Compared to Cluster 1, a higher proportion of patients in Clusters 2 (n=19, 90%)
and 3 (n=16, 94%) (p=0.006) had one or more airways completely occluded by mucus.

The CT-derived RV (p=0.002), RV%pred (p=0.001), and TLC%pred (p=0.007) were significantly
different between the ventilation phenotypes. Cluster 3 had a higher RV (RV=3.6L [2.5-5.1];
RV=205%pred [141-292]) than Cluster 1 (RV=1.8L [1.5-2.5]; RV=123%preq [75-164]) and Cluster

2 (RV=3.1L [1.6-4.6]; RV=163%pred [122-238]). The CT-derived TLC%preq Was very low in
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Cluster 1 (85%pred [57-108]), and this was significantly lower than Clusters 2 (98% pred [85-126],
p=0.02) and 3 (100%ypred [82-131], p=0.005).

Quantitative analysis of CT lung attenuation revealed that the clusters were different with
respect to the magnitude of gas-trapping on expiratory CT (%LAA.ss6 at RV, p=0.001) and
emphysema on inspiratory CT (%LAA gs0 at TLC, p=0.05). Cluster 3 had significantly more gas-
trapping (%LAA 856=22% [3-51]) compared to Clusters 1 (%LAA g56=1% [1-3], p=0.003) and 2
(%LAA56=13% [1-38], p=0.04). In addition, Cluster 3 had statistically more emphysema
(%LAA.950=2% [1-16]) compared to Cluster 1 (%LAA.950=1% [1-2], p=0.046), although the

magnitude of emphysema was not clinically meaningful.
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Table 11 Quantitative CT measures of airway morphology, mucus plugging, lung volume, and
gas-trapping of severe asthma ventilation phenotypes

p-value
Cluster 1 Cluster 2 Cluster 3 Al ClvsC2 C2vs C3 C3vs Cl
Airway Morphology
n 5 21 17
Lumen area mm?
5 segments 16+5 2247 18+6 0.07 -- -- --
19 segments 19+4 2316 20+6 0.23 -- -- --
Outer area mm?
5 segments 45x12 58+16 50+11 0.15 -- -- --
19 segments 50+9 60£13 5311 0.12 -- -- --
Wall thickness mm
5 segments 1.4+0.1 1.6+0.2 1.5+0.1 0.08 -- -- --
19 segments 1.5+0.1 1.6+0.2 1.5+0.1 0.04 0.11 0.08 0.82
Wall area %
5 segments 64.2+3.0 63.2+2.5 64.0+4.3 0.69 -- - --
19 segments 63.1+1.8 63.4+2.2 63.6+4.0 0.93 -- -- --
Wall thickness %
5 segments 17.4+1.2 16.7+1.5 17.0+£2.5 0.73 -- -- --
19 segments 17.2+2.0 17.0+£1.0 17.3+2.1 0.86 -- -- --
Total airway count 170(151-204)  185(135-254) 194(117-289) 0.76 -- -- --
Mucus Score 0 (0-7) 6 (0-14) 9 (0-14) 0.007 0.23 0.14 0.008
Presence of mucus plugs 2 (40) 19 (90) 16 (94) 0.006 0.03 >0.99 0.02
>4 mucus plugs® 1(20) 13 (62) 15 (88) 0.01 0.15 0.14 0.009
Lung Volume
n 5 21 17
Residual VVolume
Litres 1.8 (1.5-2.5) T 3.1(1.6-4.6) 3.6(2.5-5.1) 0.002 0.09 0.03 0.003
%Predicted 123 (75-164) T 163 (122-238) 205 (141-292) 0.001 0.13 0.01 0.003
Total Lung Capacity
Litres 4.3 (4.0-6.8) 6.1 (3.8-7.7) 5.8 (4.2-8.8) 0.08 -- -- --
%Predicted 85 (57-108) 98 (85-126) 100 (82-131)  0.007 0.02 0.59 0.005
Lung Attenuation
n 5 21 15
Gas-trapping
%LAA g6 HU at RV 1(1-3) i 13 (1-38) 22 (3-51) 0.001 0.15 0.04 0.003
Emphysema
%LAAgsoHUat TLC 1(1-2) 2 (1-10) 2 (1-16) 0.05 0.28 0.65 0.046

Definition of abbreviations: LAA= low attenuation area; HU = Hounsfield units; RV = residual volume; TLC = total lung
capacity.

Values are mean + standard deviation or median (minimum - maximum) except when indicated otherwise.

*Significance of difference between clusters determined using ANOVA with Tukey’s correction, Kruskal Wallis with Dunn’s
test, or Chi-Square test. 1n=3.
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Figure 3-6 CT airway morphology measurements for each bronchopulmonary segment stratified
by severe asthma ventilation phenotypes.

CT derived airway measurements of lumen area (A), wall thickness (B), and normalized wall
thickness area (C) plotted by average of 5 representative segmental airways, all segmental airways
and each of the 19 bronchopulmonary segments. Whiskers represent minimum and maximum
values. Green=Cluster 1; yellow=Cluster 2; red=Cluster 3. *p<0.05.
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Chapter 4: Discussion

An unsupervised machine learning model was employed to generate three clusters that were
identified as three novel ventilation phenotypes of severe asthma. Utilizing nineteen 2°Xe
ventilation MRI features of 58 patients with severe asthma, we observed significant differences in
their demographic, clinical, physiological, and biological characteristics. Our approach differs
from previous clustering models that employed clinical outcomes,’***" molecular
expression, 8818 or CT structural imaging biomarkers.1616” The majority of clustering studies in
severe asthma have identified phenotypes that, in part, explain the heterogeneity. Taken together,
the findings from the ventilation phenotypes summarized in Figure 4-1 provide novel insights to
the pathophysiology of severe asthma. To our knowledge, this is the only study to date that solely
examined functional lung MRI biomarkers in an unsupervised cluster approach. Also, our analysis
only examined patients with severe asthma to generate functional phenotypes using MRI. Since
one of the integral components of asthma is airway hyperresponsiveness, pre-bronchodilator
ventilation imaging features were examined to account for all three clinical features of asthma

including the burden of airway smooth muscle dysfunction.
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Figure 4-1 Summary of findings from unsupervised clustering analysis of hyperpolarized 2°Xe
ventilation MRI in severe asthma

The significant and clinically relevant observations of severe asthma ventilation phenotypes
reported according to demographic characteristics, clinical outcomes, physiological response,
inflammatory mechanisms, and quantitative CT measurements. (Created with BioRender.com).

4.1 Normal Ventilation Cluster

Cluster 1 was comprised of young females, nearly all of whom were obese with normal-to-
moderately reduced lung function measured by spirometry that had ventilation comparable to a
healthy individual®® and modest prevalence of inflammation (n=2, 25%) and bronchodilator
reversibility (n=2, 25%). Consistent with previous studies,®°11301% this group had minimal
burden of mucus plugging (CT mucus score=0 [0-7]). Interestingly, while these individuals had
clinically significant historical airway hyperresponsiveness, they had minimal ventilation defects
despite withholding medications that prevent hyperreactive airways. It is counter-intuitive to
observe a cohort of patients with severe asthma with normal ventilation and lung function to have
inadequate control of their symptoms despite being on high-dose ICS and previously trialed on
biologics. CT derived lung volumes were significantly lower at total lung capacity, suggesting
these patients may have anatomically smaller lungs or are unable to completely inspire to their
maximum capacity. Moreover, a significant proportion (n=3, 38%) had underwent bronchial
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thermoplasty. Yet, these patients continue to have uncontrolled asthma. Initially we thought these
patients may have normal ventilation due to a positive response to bronchial thermoplasty however
their ventilation patterns were similar before and after the procedure.'*® These observations suggest
cofounders may be contributing to the bronchial hyperresponsiveness in this cohort. Skloot et al**®°
demonstrated that healthy participants restricted from taking a deep inspiration during the
methacholine procedure had airway hyperresponsiveness comparable to patients with asthma. The
cumulative effects of excessive chest and abdominal fat, and inability to fully expand the airways
may augment the methacholine-induced airway hyperresponsiveness in these patients due to
geometric effects.?>!% While the average normalized wall thickness did not differ between
clusters, there was a significantly greater normalized airway thickness in the RB1 airway in these
patients. Post-mortem review of obese individuals with asthma demonstrated accumulation of
adipose tissue in the outer airway wall led to greater airway thickness.'®* In addition to the thoracic
compression, another reason for increased airway hyperresponsiveness in these patients may be
increased airway resistance in select thickened “fatty airways” after bronchial challenge.!?
Interestingly, Eddy et al® demonstrated CT-derived TAC was reduced with abnormal ventilation
and greater asthma severity. But in our analysis, TAC did not differ between phenotypes despite
the varying spectrum of ventilation heterogeneity. This observation may be because Cluster 1 was
unable to fully expand their airways to permit accurate CT segmentation, or perhaps bronchial
thermoplasty in the select individuals led to scarring and narrowing of the airway lumen. Similar
to this thesis, normal ventilation in asthma measured by MRI VDP was previously reported.'*8
However, unlike our observations their patients had mild-to-moderate asthma with minimal
respiratory symptoms and had borderline normal airway hyperresponsiveness measured by

methacholine. MRI VDP is a robust marker of airflow obstruction, and Mummy et al.'*®
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demonstrated the usefulness of it at predicting exacerbations in asthma. Interestingly, a small
subset of patients in their cohort with normal or near-normal MRI VDP*® had exacerbations too.
Though not specified in their analysis, this suggests there are other contributors to breathlessness
including chronic rhinosinusitis, nasal polyps, and gastroesophageal reflux. These asthma
masqueraders were observed in our cohort of patients with normal ventilation and suggest a
plausible explanation for “asthma-like symptoms”.

The discordance between blood and sputum eosinophils is quite evident in this cluster of
individuals with normal ventilation. More participants in this cluster had blood eosinophilia (n=5,
63%) than sputum eosinophilia (n=2, 25%). This observation supports the notion that localized
rather than systemic markers of inflammation are more representative of the airway pathology in
severe asthma.>® All patients in Cluster 1 had IL-4 levels elevated in their sputum compared to the
other phenotypes with significantly abnormal ventilation. The role of IL-4 is crucial in developing
the allergic sensitization phase by directing T2 cell polarization and facilitating IgE synthesis.'%
However, other classical T2 cytokines and eosinophils were not significantly increased in the
lumen, which suggests other cellular sources including basophils and mast cells may be
contributing to the release of IL-4 into the intraluminal space, resulting to inadequate control, and
airway hyperresponsiveness.'® More work is needed to understand the exact mechanism of IL-4
in this cohort of patients with no functional lung impairments, but persistent symptoms (e.g.,
dyspnea). Collectively, our observations suggest currently reported symptoms are not directly
related to airway obstruction but rather may be due to asthma masqueraders and/or deconditioning

and altered lung mechanics related to obesity.
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4.2 Markedly Abnormal Ventilation Cluster

Cluster 2 was predominantly older, obese females with mildly-to-severely reduced FEV1 and
partially reversible obstructive spirometry. They had markedly abnormal ventilation with a trend
towards greater bronchodilator reversibility, and higher prevalence of early-onset asthma. This
largest cluster of patients with severe asthma had substantial mucus plugging (mucus score = 6 [0-
14]) and gas trapping (%LAA.950=13% [1-38]). This phenotype had elevated sputum levels of IL-
6, suggesting pro-inflammatory mechanisms.!® Also, there were a substantial proportion of
individuals with abnormal levels of airway neutrophils (n=10, 38%) and greater co-morbidity for
cardiovascular disease including hypertension (n=12, 38%).

In agreement with our observations, previously reported obese individuals with severe asthma
were shown to have elevated IL-6 inflammation, however it was observed in systemic
circulation.*®>1% Specifically, in the SARP cohort, individuals with high plasma IL-6 had greater
prevalence of females, obesity, hypertension, and blood neutrophils.’®® Adipose tissue and
inflammatory macrophages induce low-grade systemic inflammation by secreting pro-
inflammatory cytokines including IL-6, which may act upon adaptive immune responses.t®"1%
Greater levels of sputum IL-6 were observed to be associated with FEV1 decline!®®2% and poorly
controlled asthma measured with ACQ-5.1%° Interestingly, despite being not significant, there were
evident outliers of patients with abnormally elevated IL-5 and IL-13 levels in their sputum. Both
cytokines are associated with T2 inflammation and shown to contribute to airway remodeling,
mucus hypersecretion, and smooth muscle hyperresponsiveness.?%12%3

In addition, a substantial proportion of patients in this phenotype had elevated FeNO (n=24,
75%) based on the cut-off value of 25 ppb or greater. This may suggest the up regulation of airway
inflammation.2%* Furthermore, morphometric airway measurements of 1L-6 transgenic mice have
demonstrated increased bronchiolar calibre® and this observation was replicated in this unbiased
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analysis for a subset of patients with severe asthma. This was an interesting finding accompanied
with a trend towards increased lumen area in a subset of patients may suggest sub-clinical
bronchiectasis or larger airways. Longitudinal analysis demonstrated IL-6 is a predictive
biomarker of loss of lung function, and exacerbation in asthma.?®® Therefore, these individuals
need to be attentively monitored for accelerated decline in lung health.
4.3 Severely Abnormal Ventilation Cluster

Cluster 3 were older individuals with moderately-to-very severely reduced FEV1 and partially
reversible obstructive spirometry. They had significant ventilation abnormalities, elevated levels
of sputum neutrophils and the highest burden of mucus plugging. Consistent with previous
literature, this cohort with significant gas trapping had a history of recurrent chest infections,
higher count of airway neutrophils, fixed airflow obstruction,?%”2% and mucus plugging.t3%2%° Of
the patients with airway inflammation (n=13, 72%), a substantial portion of patients had
eosinophilic inflammation (n=9 had >2.3% eosinophils, 56%), but localized and systemic
eosinophil count were not significantly different between clusters. Interestingly, despite the
dominant T2 inflammatory endotype, only a small subset of individuals (n=5, 28%) were
prescribed biologic therapy at the time of study visit. Subsequently, many individuals were
enrolled into a phase 3 randomized clinical trial of dupilumab (NCT03884842) or received
biologic treatment through clinical care. This cohort had high total sputum cell count, and high
relative airway count of neutrophils, but many did not meet the clinical criteria of airway infection
due to total cell count being less than 9.7x10° cells/g.*! Soley examining the relative normal cut-
off of airway leukocytes, there were a significant proportion of individuals with elevated airway
neutrophils (n=12 had >64% neutrophils, 75%) and greater proportion of patients with mixed-

granulocytic inflammation (n=7 had >64% neutrophils and >2.3% eosinophils, 44%). Being on
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high-dose ICS, in part, may prevent apoptosis of neutrophils and support their survival in the
airways.?*° Previously, Choi et al.'® unsupervised clustering analysis of 57 quantitative CT local,
lobar, and global structural lung features identified a similar cohort of older patients with severe
asthma that had significant air-trapping, predominance of fixed airflow obstruction, and high
sputum neutrophil count.

Regardless of the criteria of airway inflammation, it does not provide any information about
cellular activation, activity, and regulation. Therefore, it was necessary to analyze their sputum
cytokines to better understand the molecular pathways that may be involved in this severe
phenotype. A subset of individuals had a dominant non-T2 signature with increased levels of IL-
15, IL1B and BAFF. These elevated cytokines in this cluster are implicated in severe, steroid-
resistant,?*! neutrophilic inflammation,?'? and autoimmune processes in asthma.?**-21¢ This severe
clinical phenotype aligned with previous findings from a sputum cell transcriptomics analysis in
asthma. In this study, Kuo et al.’®® performed unsupervised hierarchical clustering on the
expression of gene signatures from intraluminal inflammatory cells in eosinophilic and non-
eosinophilic patients. They identified a molecular phenotype of asthma with neutrophilic driven
mechanisms, and excessive nucleotide-binding oligomerization domain-like receptor family,
pyrin domain—containing 3 (NLRP3) inflammasome activation. The gene expression of IL-1p and
NLRP3 were previously demonstrated to be elevated in severe asthma and associated with severe
airflow obstruction and increased sputum neutrophils.?!! The frequent bacterial chest infections
observed in this cohort likely promotes the influx of neutrophils into the local lung milieu to
eradicate and control the infection through phagocytosis and may release neutrophil extracellular
traps (NETS). The increased extracellular DNA content and oxidative stress induced by NETs may

contribute to impaired airway clearance and mucus plugging by increasing the mucus
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viscoelasticity and making the mucus plug more rigid and solid-like.?!” Important to note, mucus
plugging in Clusters 2 and 3 were accompanied with abnormal ventilation, and fixed airflow
obstruction. These observations provide further evidence of the role of mucus plugs as major
contributors to airflow obstruction in asthma.**® Similar to our findings, a bronchoscopy study by
Wenzel et. al®*® reported significantly higher levels of airway neutrophils in patients with severe
asthma who had poor lung function and were on high doses of oral and inhaled corticosteroids. In
addition, the neutrophil count in endobronchial tissue biopsies were greater in patients with severe
asthma compared to milder asthma and healthy participants, and there was a trend towards a greater
neutrophil count in the eosinophilic, severe asthma subgroup.?'® Furthermore, in the SARP cohort,
elevations in both sputum eosinophils and neutrophils were associated with greater lung function
decline.??® Combined with our observations of mixed-granulocytic inflammation, significant
mucus plugging and functional impairment, we speculate airway neutrophils and eosinophils may
be contributing, in part, to abnormal ventilation by releasing mediators?”?%! that make mucus
stiffer, tenacious, and difficult to propel leading to intraluminal plugging. This needs to be further
studied by characterizing the mucus composition in this severe clinical phenotype.

Additionally, the molecular expression of this ventilation phenotype is similar to previously
reported findings of autoimmunity in severe asthma and may suggest a plausible mechanism for a
subset of individuals with abnormal ventilation. The release of nuclear antigens from NETSs has
shown to trigger autoantibody formation promoting eosinophilic degranulation, and subsequent
worsening in clinical indices of pulmonary health.?'6:222

It is important to acknowledge that previous work supports a positive relationship between
abnormal ventilation and sputum eosinophil count.3! However, our results did not demonstrate a

significant difference in airway eosinophils between ventilation phenotypes. The median relative
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airway eosinophil count was less than 3% in all three ventilation phenotypes. This observation
may be due to the suppression of eosinophils by high-dose glucocorticoids and anti-T2 monoclonal

therapies.

4.4 Concordance of MRI Ventilation Phenotypes with Large Cohort
Phenotyping Studies in Asthma

The findings from this unsupervised study design produced phenotypes with similar
characteristics from larger asthma cohorts.**"1*® The normal ventilation phenotype (i.e., Cluster
1) is similar to SARP Cluster 3 and U-BIOPRED Phenotype 4 by consisting of an obese, female
dominant cohort with inadequate control of their asthma despite normal lung function. The
markedly abnormal ventilation phenotype (i.e., Cluster 2) is similar to SARP Cluster 2 by
consisting of the largest group characterized by older females with greater bronchodilator
reversibility and trend towards early-onset asthma. The severely abnormal ventilation phenotype
(i.e., Cluster 3) related to SARP Clusters 4/5 and U-BIOPRED Phenotype 3 by consisting of the
most severe airflow obstructed asthma participants with greater airway inflammation. The novelty
of unsupervised machine learning of ventilation patterns is the clustering of patients was based
solely on the direct functional consequence related to whole-lung asthma pathology. The *2°Xe
MRI features were able to differentiate between Clusters 1 and 2, despite the severity of airflow
limitation (i.e., FEV1) not being significant. Furthermore, the reported asthma control, asthma
quality of life, the dosage of medications and biologic use did not differ between clusters. These
observations from the ventilation phenotypes emphasize the sensitivity of %Xe MRI to
differentiate patients with similar subjectively reported disease burden.

4.5 Clinical Relevance
The outcomes from this unsupervised analysis produced findings consistent with various

findings from other independent asthma studies®:118:130.138.205208 anq sypports the utility of
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ventilation '?Xe MRI in understanding asthma pathophysiology. In a clinical setting,
incorporating functional lung MRI may assist with gauging the extent of airway pathology, and
the potential for efficacy of therapeutic interventions prior to commencement. For example, if
normal ventilation (MRI features of Cluster 1) is observed after bronchorelaxant medications were
withheld in a patient with absent or controlled airway inflammation suggests re-evaluation for
other diagnoses that are masqueraders of asthma symptoms.??® If significant abnormal ventilation
is observed after a positive direct bronchoprovocation challenge, perhaps mechanical/structural
reasons led to the methacholine induced bronchoconstriction. In contrast, individuals with
abnormal ventilation (MRI features of Clusters 2 and 3) with significant airway inflammation and
airway hyperresponsiveness may benefit from monitoring their ventilation after starting treatment
to observe spatial and temporal changes in ventilation. As *Xe MRI begins to be integrated into
clinical settings, it will be necessary to have a consensus to guide clinicians to know 1) when is it
beneficial to use °Xe MRI in the context of severe asthma, and 2) how to accurately interpret the
ventilation images and quantitative metrics.?>*
4.6 Limitations

We recognize and acknowledge that this thesis has several limitations including the
generalizability of the findings due to a relatively small sample size, and recruitment from a single
asthma care centre. However, we would like to note that this is the largest dataset of quantitative
129%e ventilation MRI features of patients with severe asthma. Furthermore, findings from this
thesis were observed in various other unsupervised clustering studies from multidisciplinary
asthma care centres,157:158:166.167.189 T he more confident in the findings of this thesis, an external
validation on an independent dataset is necessary to confirm the generalizability of our

unsupervised model, and if there are sub-populations within identified ventilation phenotypes of
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severe asthma. While unique ventilation phenotypes of severe asthma were identified at our site,
this was a cross-sectional analysis, and it remains to be seen of the predictive and prognostic value
from a longitudinal assessment. In addition, longitudinal studies are required to better understand
the clinical relevance of each ventilation phenotype. Furthermore, there are inherent limitations to
the CT mucus score®® used in our analysis including the difficultly to discern on CT that mucus is
the primary contributor to intraluminal occlusion in the distal, smaller airways. Furthermore, we
used the term “mucus plugs” to describe CT-visible intraluminal plugs, however it may be
comprised of inflammatory cells, extracellular traps, Charcot-Leyden crystals, and plasma
proteins.”?% Due to innate properties of performing a radiomic analysis, we are aware of the
susceptibility of MRI features to skew from the true physiological value due to the background
noise. To circumvent this issue, we set a high SNR threshold of greater than 15 and confirmed the
clusters did not differ based on SNR. Furthermore additional texture features could have been used
to characterize the ventilation patchiness by extracting the size-zone, co-occurrence, dependence,
and neighbourhood gray-tone difference matrices.??® However, these additional texture features

from PyRadiomics,?%

an open source radiomic platform originally intended to address the needs
in cancer research has not been extensively validated in the field of functional lung MRI and
asthma.??” Therefore, we opted to use MRI features that have been previously published and
demonstrated relevant findings.*4%15:152 Fyture unsupervised machine learning studies may be
able to further differentiate the ventilation patterns and perhaps identify sub-populations within
the three ventilation phenotypes that we observed to be clinically relevant. Additionally, we
recognize the whole-lung MRI features used in our analysis do not provide regional information

about asthma pathology, and the unsupervised clustering pipeline may be improved in the future

by incorporating lobar and segmental functional MRI biomarkers. Nevertheless, for the first time
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in severe asthma, we demonstrated the use of an unsupervised machine learning pipeline of
composite functional lung MRI features to identify ventilation phenotypes of clinical relevance.
In summary, for the first time we have shown the use of unsupervised machine learning method
to identify three distinct cohorts of severe asthma with varying degree of abnormal ventilation.
The outcomes from this thesis suggest disease mechanisms within each cluster including age,
obesity, airway remodeling, small airways disease, mucus plugging and airway inflammation. The
discrete patterns of ventilation heterogeneity between phenotypes provides insight to the pathology

of severe asthma and may be used to support precise and personalized asthma management.
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Chapter 5: Conclusion and Future Directions

In the past 30 years, the advancements in understanding the underpinnings of severe asthma,
and subsequent development of therapies has reduced the global mortality.??® However, the high
level of morbidity continues to be a significant issue and underscores the need to better understand
and characterize severe asthma. There have been numerous unsupervised clustering studies with
various assessment tools to identify phenotypes with the goal of improving asthma care. But the
translation of the findings has been difficult to integrate into clinical practice. To identify novel
phenotypes of severe asthma to ultimately support targeted care, we proposed the use of
hyperpolarized %®Xe ventilation MRI, an emerging clinical tool that has been extensively
researched in relation to asthma pathology, progression, and severity,118130132.138,139,150,229

This study was executed in a top-down manner by examining the functional consequence of
disease with ventilation MRI and then examining the underlying pathobiological mechanisms. An
unbiased clustering of nineteen ventilation MRI features identified three novel clusters or
ventilation phenotypes of severe asthma. The severity of abnormal ventilation of each phenotype
had distinct characteristics that likely contribute to uncontrolled symptoms, and the need to use
high intensity treatment. One of the primary objectives of unsupervised clustering of high-
dimensional data is to assist with generating hypotheses. Based on our findings, various research
questions have emerged that may be explored to further understand asthma pathophysiology

including autoimmunity, functional small airways disease, mucus plugging and vascular pruning.
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5.1 Prognostic and Predictive Value of 2Xe MRI Ventilation Phenotypes of
Severe Asthma

Research Questions:
e What is the prognostic and predictive value of these *Xe MRI ventilation phenotypes?
e What are the clinical, imaging, and molecular outcomes of each ventilation phenotype over
a period of time?
e Do the ventilation phenotypes assist with precise and personalized treatment in severe
asthma?

There were unique mechanisms of disease that were identified that may be clinically managed
to relieve symptom burden and improve asthma control. The prognostic and predictive value of
these ventilation phenotypes will be the imminent focus of future work. Majority of the patients in
our analysis completed their ?°Xe MRI and other assessments at least a year ago. They were
subsequently managed at a tertiary care centre for their respiratory symptoms and all their relevant
clinical history was well-documented. This provides a great resource to investigate the association
of the ventilation phenotypes with accelerated lung function decline, healthcare utilization
(emergency room visit/hospitalization), optimal therapeutic response to anti-T2 biologics and
improvement in asthma control and quality of life.

Of great interest, we anticipate obese individuals with normal ventilation and controlled airway
inflammation in Cluster 1 to benefit from lifestyle changes, and/or if warranted semaglutide? to
reduce their weight and improve their asthma control.

In individuals with marked abnormal ventilation in Cluster 2, it may be beneficial to understand
the predominant endotype responsible for pathology in the airways and accordingly modify their
treatment. Lack of targeted treatment in these individuals may make them prone to exacerbations
and lung function decline.?’® For future studies, in this cohort, a subset of patients may benefit
from IL-6 inhibition (e.g., tocilizumab) as a reasonable therapeutic target to alleviate inflammation

and mucus plugging.t%
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In individuals with severely abnormal ventilation in Cluster 3 with aberrant airway
inflammation and highly prevalent mucus plugging need high intense treatment with biologics that
target both the eosinophils, and the mucus burden in the airways to resolve abnormal ventilation,
perhaps treatment with dupilumab.?®! Another complementary treatment is antibiotics such as

macrolides for airway bacterial infection,?

which may likely reduce the neutrophilic
inflammation and in part the mucus plugging in this cohort. However, studies that directly target
T2 low cytokines such as IL-1p may be warranted for patients who fail to improve from the
available therapeutic interventions.?3323

Identifying the prognostic and predictive value of MRI ventilation phenotypes will provide
evidence for the usefulness of functional MRI in asthma management and decision making.

5.2 Autoimmunity and Abnormal MRI Ventilation in Severe Asthma

Research Questions:
e Could alternate autoimmune pathology contribute to sub-optimal response to biologic
therapy in patients with abnormal ventilation?
e Do autoimmune mechanisms contribute to persistent mucus plugging, and abnormal
ventilation?
e Which autoantibodies are highly prevalent in individuals with severe asthma and abnormal
ventilation?

Severe asthma is not an autoimmune disease, however chronic cellular inflammation, and
dysregulated immune responses in the lung microenvironment may induce an autoimmunity
cascade that further exacerbate the decline in lung function, and overall health.???> Select
individuals with abnormal ventilation had elevated indirect airway markers of autoimmunity,
however airway and circulating autoantibodies were not quantified. It is prudent to determine the
array of autoantibody levels to identify possible therapeutic targets that may be contributing to
disease burden. Furthermore, successful responders of biologic therapy may have an overall

reduction in autoimmune markers in severe asthma,??? but is this change in concordance with a
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reduction in mucus plugging, airway remodeling, and ultimately abnormal ventilation still needs

to be investigated.

5.3 Airway Inflammatory Endotypes and MRI Ventilation in Asthma with
Fixed Airflow Obstruction

Research Questions:
e What are the predominant contributors to airway obstruction in this severe phenotype?
e What is the underlying inflammatory endotype that contributes to parenchymal alternations
and abnormal ventilation?
e How does fixed airflow obstruction and abnormal ventilation affect deposition patterns of
first-line inhaled therapies?

To assist with the diagnose of asthma, bronchodilator reversibility criteria and variable airflow
obstruction can be used to support the concept of bronchospasms or twitchy airways. In our
analysis, we identified a substantial proportion of fixed airflow obstructed individuals with severe
asthma in the markedly abnormal (n=23, 72%) and severely abnormal (n=16, 89%) ventilation
phenotypes. Ventilation heterogeneity reflects the pathology in the small and large airways, and
as presented in this study there was greater predominance of small airways disease in severely
abnormal ventilated patients. In a subset of these individuals, there was a lack of resolution in
ventilation abnormalities after bronchodilator administration, and this may signify a possible
mechanism of inadequate response to first line inhaled therapies due to severe narrowing and
closure of small airways preventing the passage of aerosolized drugs to distal sites of
inflammation.23> Many of the patients in our cohort are lifetime non-smokers and were not exposed
to noxious particles to diagnosis them with COPD. It has been well documented that severe airflow
obstruction in asthma is due to airway remodeling and parenchymal alterations driven by chronic

localized inflammation.?*® However the intraluminal cellular inflammation, and pro-inflammatory

molecular expression associated with fixed airflow obstruction still remains to be investigated.
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Physiologic mechanistic studies are needed to better understand the underlying mechanisms

associated with this severe clinical phenotype.

5.4 MRI Ventilation Abnormalities, Pulmonary Vasculature Pruning, and
Small Airways Disease in Severe Asthma

Research Questions:
e How does airway pathology (i.e., remodeling, mucus plugging, and inflammation) affect
pulmonary vasculature redistribution in asthma?
e What is the driving physiological mechanism for pulmonary vascular pruning in asthma?
e What is the spatial relationship between abnormal ventilation, gas-trapping and vascular
pruning in asthma?

Asthma bronchial obstruction is visualized as ventilation defects on hyperpolarized gas MRI
and reflects respiratory disability. Beyond the proximal airways, the significance of gas-trapping
in severe asthma, and its effects on adverse physiological effects on ventilation is well-recognized.
Interestingly, greater asthma severity is related to reduced CT-visible total airway count,®® and loss
of peripheral pulmonary vasculature.?®” There are currently two postulated mechanisms for
vascular pruning in obstructive lung diseases: 1) hypoxic vasoconstriction redirects blood to
ventilated areas and prunes the vessels in the unventilated regions; 2) local airspace hyperinflation
increases alveolar pressure to mechanically force the pulmonary vessels to compress. Pulmonary
vascular pruning has been linked to airway obstruction and airway inflammation.?®” Recently,
Mclntosh et al.?%® reported changes in pulmonary vasculature and ventilation after long-term use
of benralizumab treatment in eosinophilic asthma. However, the regional relationship underlying

the complex interplay between abnormal ventilation, small airways disease, and peripheral

pulmonary vascular pruning still remains to be determined.
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In conclusion, for this thesis we employed an unsupervised clustering algorithm of nineteen
ventilation MRI features and identified three unique ventilation phenotypes of severe asthma. The
composite MRI-radiomic signature provided clinical insight to the pathophysiology and provides

suggestions of therapeutic options in severe asthma.
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