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Abstract

The spatial architecture of the lung plays a vital role in maintaining homeostasis, ensuring
effective gas exchange, and mounting immune responses to external respiratory challenges
such as infections and pollutants. Chronic obstructive pulmonary disease (COPD) is a complex,
progressive and heterogeneous lung disease characterised by progressive inflammation in the
lungs, driving airway remodelling and alveolar destruction (also known as emphysema). These
pathological changes ultimately lead to severely impaired lung function and breathing
difficulties. COPD is the third leading cause of illness and death worldwide, with cigarette
smoking being the predominant risk factor, though other exposures, such as air pollution, also
contribute. Current therapies suppress symptoms but fail to halt disease progression or
reverse the disease. This therapeutic limitation stems from an incomplete understanding of
the disease's pathogenesis in humans and its representation in mouse models. Single-cell
transcriptomics has significantly expanded our molecular understanding of COPD, while the

spatial context of the disease mechanisms remains largely unexplored.

Chapters 2 and 3 of this thesis investigate the cellular and molecular dynamics across different
lung regions, offering new insights into the pathogenesis of the development and progression
of COPD. By focusing on the spatial specificity of disease mechanisms, these two chapters
inform future strategies for personalised COPD management. Using experimental COPD
animal models induced by chronic cigarette smoke exposure, we investigated the molecular
mechanisms and their spatial resolution in experimental COPD that has all the hallmark
features of the human disease in a controlled environment. The whole lung was also profiled.
This platform reduced the inherent heterogeneity seen in COPD patients. Spatial
transcriptomics (ST) and single-cell RNA sequencing (scRNA-seq) were employed to define
cell-type-specific gene expression patterns within the lung microenvironment, capturing key
phenotypic features that mirror those observed in human COPD lungs, such as alveolar
macrophages spreading from pulmonary vasculature to distal parenchyma and lymphoid
follicle of increasing size along with continuous smoking. These chapters show two regions—
distal parenchyma and lymphoid follicles—as areas of previously unexplored pathogenesis,

providing novel insights into the development and progression of COPD.
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Chapter 4 of this thesis investigated the epigenetic effects of cigarette smoking on human
airways. A distinct "smoking signature" gene set was identified, effectively distinguishing
current smokers from non-smokers across cohorts. ST and scRNA-seq mapping revealed that
smoke-induced damage predominantly affects the airway surface epithelial layer. Since the
advent of cooking with fire, smoke exposure has been a consistent aspect of human history,
potentially leading to adaptations in the human airway to counteract the harmful effects of
smoke. Comparative analysis between the lungs of human and non-human primate species
revealed a group of genes we termed the “human lung evolution signature” specifically
expressed in the airway surface epithelial layer of human smokers, suggesting an evolutionary
adaptation to smoke exposure. We hypothesised that this adaptation may have resulted from
prolonged smoke exposure throughout human history, potentially leading to epigenetic
modifications. The transcription factors (TFs) NRF2 and AhR were identified as master
regulators within the smoking signature. Further epigenetic analysis uncovered their binding
sites at NQO1 and ALDH3A1, both of which are upregulated in human airways in response to
smoke exposure. Functional knockout studies of these genes demonstrated their protective

role in aiding human airways to adapt to smoke.

In chapter 5, we evaluated the role of cellular senescence in COPD using our animal model of
experimental COPD. Our findings show that senescent cells accumulate in COPD lungs,
contributing to disease pathology. Administering senolytics successfully eliminated these cells,
reduced immune cell infiltration, and improved structural damage associated with alveolar
destruction. However, while this intervention alleviated certain aspects of lung damage, it did
not fully restore impaired lung function. This is likely due to either the relatively small number
of senescent cells or the clearance of senescent structural cells that still provide the structural
support. Nevertheless, senolytics could serve as a first line therapy for selected patients or
complementary therapy alongside other treatments aimed at managing COPD symptoms,
because preclinical evidence highlights their ability to alleviate specific disease features, such

as reduced immune cell infiltration and emphysema.

In conclusion, this thesis provides a comprehensive framework for understanding COPD
pathogenesis, leveraging spatial and molecular insights to uncover novel therapeutic avenues.
By bridging basic research with translational potential, this work represents a significant step

toward precision medicine in COPD.
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Chapter 1: General Introduction

1.1 Overview of COPD and Smoking

Chronic obstructive pulmonary disease (COPD) is a complex, progressive and heterogeneous
lung disease characterised by progressive inflammation in the lungs, driving airway
remodelling and alveolar destruction (also known as emphysema)!. These pathological
changes ultimately lead to severely impaired lung function and breathing difficulties. The
Global Initiative for Chronic Obstructive Lung Disease (GOLD) provides the most widely
adopted guidelines for diagnosis, prognosis, and management of COPD?. Following the GOLD
definition, approximately 391 million people aged 30-79 years worldwide were estimated to
have COPD in 20192, representing approximately 10% of the global population. It is now the
third leading cause of morbidity and death worldwide®. The major current risk factor for COPD
is cigarette smoking but its aetiology is multifactorial. Chronic exposure to air pollution,
cooking smoke, toxic pollutants, lifetime asthma and childhood events such as infections,

passive smoke exposure and prematurity are also significant contributors?.

The link between smoking and COPD was established decades ago, with early expert
consensus in 1984 noting that 80-90% of COPD cases in the United States could be attributed
to smoking3. In the 2000s, it was suggested that potentially more than 15% of smokers develop
COPD?% and a large-scale systematic review further identified smoking and ageing as the two
biggest risk factors?. Although nonsmokers can also develop COPD, smokers exhibit a higher
prevalence of respiratory symptoms, a faster annual decline in lung function, and a higher

COPD mortality rate compared to non-smoker COPD>.

1.2 Management of COPD

In clinical practice, a diagnosis of COPD is often considered in patients presenting with
respiratory symptoms such as shortness of breath, chronic cough, or sputum production, as
well as a history of recurrent lower respiratory tract infections and/or exposure to risk factors
for the disease, notably cigarette smoking. Confirmation of COPD diagnosis requires

spirometry, with a post-bronchodilator FEV1/FVC ratio of less than 0.7. The FEV1 value is often
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used to determine the severity of airflow obstruction, categorised by GOLD grades 1 to 4 (mild,

moderate, severe, and very severe; Table 1).

Table 1: GOLD diagnostic criteria for different stages of COPD.

Grade Stage FEV1 (% Symptoms
predicted)
GOLD 1 Mild >80% Chronic cough and sputum

production may be present, but

many are asymptomatic.

GOLD 2 Moderate 50-79% Increased dyspnoea, cough, and
sputum production. Symptoms

may affect daily activities.

GOLD 3 Severe 30-49% Further increased shortness of
breath, fatigue, and reduced

exercise tolerance.

GOLD 4 Very severe <30% Chronic respiratory failure
symptoms (e.g. hypoxemia,
hypercapnia), frequent
exacerbations, and a significant

impact on quality of life.

COPD, chronic obstructive pulmonary disease; FEV1, forced expiratory volume in 1 second;

GOLD, Global Initiative for COPD.

Pharmacological interventions for COPD primarily involve inhaled therapies, typically
consisting of either a bronchodilator monotherapy or a dual combination of two long-acting
bronchodilators to improve airflow. In addition, inhaled corticosteroid is often added to the
dual bronchodilator combination to control inflammation. Surgical or endoscopic lung volume
reduction may be considered in selected severe patients with symptomatic emphysema and
lung hyperinflation, and lung transplantation is an option for patients with very severe COPD.
However, there are currently no pharmacological therapies that stop the progression or

reverse the disease. For most patients, non-pharmacological and non-invasive approaches are
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currently central to COPD management, primarily including smoking cessation for current

smokers, oxygen therapy for COPD exacerbations and pulmonary rehabilitation.

Collectively, current mainstream management plans for COPD primarily focus on symptom
control rather than addressing the underlying pathogenesis of the disease, let alone
incorporating precision medicine approaches. Furthermore, approximately 40% of current
smokers continue smoking after a COPD diagnosis, which accelerates disease progression for
the majority of COPD cases®. Therefore, basic science research is essential to develop new

treatments that target disease pathogenesis and advance precision medicine.

1.3 Pathogenesis of COPD and Smoking

A puff of cigarette smoke contains millions of liquid droplets the size of approximately 0.45um,
each carrying a complex mix of toxic chemicals from tobacco and additives for flavour’. In the
upper respiratory tract (nose, mouth, larynx) and central conducting airways, larger inhaled
particles leave the flowing stream of gas and collide with the airway walls. In the lower
respiratory tract, gas flow slows due to their much larger cross-sectional area, and smaller
particles reach the deeper airways. Overall, toxic gases and particulates spread throughout
the lungs, with particles decreasing in size from upper to lower airways (Fig. 1.1). Smoking
damages tissues at all levels, both directly through oxidative stress and indirectly by inducing

inflammation.

Elucidating the immunology that underpins pathogenesis is central to understanding the
molecular and cellular pathogenesis of COPD. COPD typically involves activation of innate
immune responses, with neutrophils and macrophages infiltrating the lungs®. Among immune
cells, macrophages are the most representative population in the respiratory tract due to their
crucial roles in airway surveillance, clearance of cellular debris, immune regulation, and
resolution of inflammation®. Pulmonary macrophages can be broadly classified into two major
populations residing in distinct anatomical compartments: alveolar macrophages, which line
the alveolar surface, and interstitial macrophages, which occupy the space between the
alveolar epithelium and vascular endothelium. Alveolar macrophages are generally more
active in pathogen phagocytosis and can originate from recruited monocytes, whereas

interstitial macrophages exhibit lower phagocytic activity and are thought to play a more
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regulatory role®. In the lungs of COPD patients, numbers of both types of macrophages are

markedly increased, correlating with disease severity and regions of tissue destruction®2,

Chapter 2 contributes new insights into the spatial characteristics of innate immunity in
smoking-induced experimental COPD. In severe COPD, lymphocytes can form tertiary
lymphoid structures known as “lymphoid follicles”, suggesting that adaptive immune
responses may be a pathological feature. Chapter 3 investigates the role of lymphoid follicles
in experimental COPD, documenting their origin, development and progression for the first

time.

In COPD, structural changes are primarily observed in the airways and lung parenchyma.
Airway remodelling results in thickened walls involving the epithelium, lamina propria,
smooth muscle, and adventitia of the upper and lower airways. Micro-computed tomography
(micro-CT) has shown a 40% reduction in the number of small airways in mild-to-moderate
COPD® and an 80% reduction in severe-to-very-severe COPD!. In the alveoli-rich lung
parenchyma, alveolar destruction and collapse (emphysema) occurs. Historically, an
imbalance in protease and anti-protease activity, often due to neutrophilic infiltration or
reduced anti-protease activity (i.e. a-anti-trypsin deficiency), was thought to drive
emphysema?’®. However, since the 2000’s, additional emphysema-driving factors have been
proposed, including increased apoptosis!® and necroptosis'’, maintenance failure in the
lungs®®, as well as oxidative stress, autoimmunity, malnutrition, or a combination of these
factors'®?!, Chapter 2 provides new insights into the translocation of alveolar macrophages
(AlvMs) in emphysema, and Chapter 5 investigates cellular senescence as a contributing factor
to emphysema and also demonstrates that eliminating senescent cells can improve

emphysema.

Pulmonary circulation can be altered in COPD. A reduction in capillary surface area is often
associated with emphysema, increased hypoxic pulmonary vasoconstriction, or both in
patients with severe disease??. In those with milder airflow limitation, pulmonary vascular
inflammation and endothelial dysfunction have also been observed?3. Chapter 2 illustrates the

changes of pulmonary capillaries in COPD.
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Cigarette smoking remains the leading risk factor for COPD, but the transition from
asymptomatic smoking to COPD is not fully understood. Using a comprehensive approach,
Chapter 3 examines the spatiotemporal changes in the lungs over time to profile the

development of COPD from smoking and the progression of smoking-induced COPD.

In summary, clinical COPD is a highly heterogeneous disease, encompassing a wide range of
features that may or may not manifest in individual cases. To address this complexity, Chapters
2, 3, and 5 focus on studying COPD using experimental animal models. The use of
experimental COPD animal models provides a controlled environment to investigate the
effects of key exposures, such as cigarette smoke?*, enabling in vivo exploration of disease

mechanisms while minimising the variability inherent in clinical COPD.
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Fig. 1.1: Schematic illustration of the spread of harmful particles from cigarette smoke

through the airways.

1.4 Single-Cell Transcriptomics

The transcriptome of individual cells can vary significantly, even within the same tissue. Single-
cell RNA sequencing (scRNA-seq) provides an unbiased approach to studying the dynamic
cellular transcriptome at single-cell resolution. scRNA-seq technology was recognised as the
“Method of the Year 2013” by Nature Methods?®, highlighting its already proven
transformative potential in uncovering new insights into human physiology and disease by

characterising unique gene expression profiles in specific cell types. Briefly, scRNA-seq
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employs next-generation sequencing (NGS) to capture nucleic acid sequence information from
individual cells. Unlike traditional bulk RNA sequencing, which measures RNA expressions
from a mixture of all cells in a sample, scRNA-seq offers cellular resolution by capturing
transcripts from each single cell. This enables a deeper understanding of the cellular

composition within tissues and the discovery of rare or previously uncharacterised cell types.

Since its’ introduction in 2009, the use of scRNA-seq has grown exponentially, with thousands
of publications annually?® and the development of over 1,000 bioinformatic pipelines to
process the data?’. This rapid advancement underscores the sophistication and versatility of
scRNA-seq. In respiratory medicine, scRNA-seq has proven particularly impactful. In 2018, two
independent studies using scRNA-seq on human and mouse airway tissues identified
ionocytes as a rare airway cell type?®?°. These pulmonary ionocytes were found to be the
primary source of the cystic fibrosis transmembrane conductance regulator gene, and whose
expression was muted in cystic fibrosis. Using scRNA-seq, our lab uncovered why COPD
patients tend to experience more severe symptoms following SARS-CoV-2 infection, revealing
the emergence of IFN-responsive club and goblet cells in the airway epithelium during

infection3°.

1.5 Spatial Transcriptomics

Despite the success of scRNA-seq, a significant practical challenge remains in isolating viable
cells from whole tissues without inducing stress, cell death, or cell aggregation. Immunology
research has benefited greatly from scRNA-seq, as many immune cells are relatively easy to
isolate from blood, lymphoid organs, peripheral tissues, and even tumours, where they are
often not anchored. In contrast, certain cell types, such as neurons, are less suited to sScRNA-
seq, requiring specialised dissociation protocols to isolate them. Most importantly, scRNA-seq
does not provide spatial resolution needed to elucidate cellular crosstalk and how disease
networks operate. This has driven interest in performing transcriptomic experiments on intact

tissues, preserving spatial information, known as spatial transcriptomics (ST).

Although gene profiling in tissues has existed for decades, spatial transcriptomics was only
named "Method of the Year 2020" by Nature Methods3!. The use of spatial transcriptomics is

growing rapidly, fuelled by factors such as reduced costs of next-generation sequencing (NGS),
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initiatives such as the Human Cell Atlas, computational advancement, and imaging

improvements.

Two main platforms for whole-transcriptome spatial transcriptomics are Visium or Visium HD
by 10x Genomics and GeoMx by nanoString Technologies. Visium and Visium HD enable
whole-transcriptome profiling across the entire tissue within the capture region, whereas
GeoMx allows whole-transcriptome profiling only within user-defined regions. Chapters 2 and

3 utilise Visium and GeoMx platforms, respectively.

1.6 Spatial Transcriptomics in Respiratory Medicine

As a technology introduced after 2020, ST remains a very new field in respiratory medicine. In
2023, a spatial atlas of healthy human lungs, covering both the upper and lower respiratory
tracts, was established as a baseline®2. This identified a new immune niche in human lung
physiology, where airway submucosal gland epithelial cells recruit B cells and IgA* plasma cells,
supporting their longevity and local antibody secretion through CCL28, APRIL, and IL6

expression.

In a disease context, researchers spatially characterised three key disease-specific niches in
idiopathic pulmonary fibrosis, revealing interactions within these niches®3. These include a
fibrotic niche with myofibroblasts and aberrant basaloid cells around the airways, adjacent to
an airway macrophage niche in the airway lumen containing SPP1* macrophages, and an
immune niche with lymphoid cell foci in fibrotic tissue, surrounded by remodelled endothelial

vessels.

In COPD, the GeoMx ST platform was used to profile differences in lymphoid follicles in the
lungs of COPD patients with and without emphysema3*. They found that off-target B cell
activation within lymphoid follicles was associated with the pathogenesis of autoimmune-
driven emphysema. Building on this work, Chapter 3 profiles the spatiotemporal changes of B
cells in relation to lymphoid follicles during the development and progression of experimental
COPD. To date, little is known about the spatial aspects of COPD pathogenesis, with Chapters

2 and 3 pioneering this field.
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Chapter 2: Spatially Resolved Transcriptomic Mapping
Reveals Immune Changes in Lung Parenchyma in
Cigarette Smoke-Induced COPD

2.1 Declaration

Chapter 2 is a thesis-adapted version of a manuscript currently under review in Nature
Communications, in which the author of this thesis is the first author. Additionally, Chapter 2
includes a large single-cell atlas of mouse lungs, titled the “Mouse Lung Disease Cell Atlas,”
associated with another manuscript in preparation, where the author of this thesis is the

second author.

2.2 Abstract

COPD is a prevalent heterogeneous lung disease often driven by prolonged exposure to
inhaled noxious particles, notably cigarette smoke. Animal models particularly those induced
by cigarette smoke exposure enable the unravelling of disease pathogenesis. Conventional
omics technologies lack spatial context, limiting insight into spatial dynamics in diseased lungs.
Here, for the first time we employed ST and scRNA-seq to define the spatially resolved gene
expression profile of lung tissues from mice with cigarette smoke-induced experimental COPD
and controls. Through multi-modal data integration, we identified spatial and cell type
changes in pathogenic processes. Initially, we identified deeper penetration of COPD-
associated signals into lung structures compared to smoking-related signals in both mouse
and human lungs. We then found that AlvMs near vasculature migrated towards the distal
parenchyma in experimental COPD lungs. This finding was consistently mirrored by the
dispersal pattern of AlvMs from the vasculature to the parenchyma in the lung of a human
current smoker. We defined the changes (e.g. increased Lcn2 and decreased Klf2) and the role
of the microvasculature in tissue injury and repair processes in the distal parenchyma in COPD.
Our study defines how the intricate spatial communication between the distal parenchyma
and the vasculature interact to induce inflammation in COPD. Specifically, we spatially

determined the mechanisms of the induction of migration of AlvMs from the vasculature to
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the distal parenchyma, where they release inflammatory signals that cause damage to

alveolar structures in the distal parenchyma.

2.3 Introduction

COPD is a heterogeneous lung condition characterised by inflammation that commences in
airways and progresses to lung parenchyma, leading to alveolar destruction. It is now the
third leading cause of morbidity and death worldwide?. The major current risk factor for COPD
is cigarette smoking but its aetiology is multifactorial. Chronic exposure to toxic pollutants,
lifetime asthma and childhood events such as infections, passive smoke exposure and

prematurity are significant contributors.

The fine spatial architecture of the lung is critical for maintaining homeostasis and its function,
to enable effective gas exchange and mount inflammatory and immune responses to protect
from respiratory challenges such as infections or inhaled pollutants. It is now well-established
that organ-intrinsic niches can dictate effective differentiation of immune cells such as
macrophages®, yet how their spatial organisation determine responses to respiratory
challenges remains largely unexplored. Our molecular understanding of COPD has recently
been expanded using single-cell transcriptomics3¢#!, however, the spatial context of disease
mechanisms is largely unexplored. Identifying the cellular and molecular dynamics in different
regions of the lungs will provide crucial insights and improve the understanding of COPD
disease development and progression in the lungs and inform the development of

personalised management with spatial specificity and precision.

The use of experimental animal models enables us to assess the impact of driving exposures
such as cigarette smoke?*, offering a controlled setting to study disease mechanisms in vivo
while mitigating the inherent heterogeneity of COPD. In this study, we employed Visium spot-
based ST and analysed scRNA-seq data to comprehensively examine the cell-type-specific
gene expressions within the tissue microenvironment in the lung. We analysed mouse lungs
following 8- and 12-week exposures to cigarette smoke that drive the development and
progression of experimental COPD, respectively, capturing key phenotypic features of disease

that closely resemble those observed in human lungs.
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We performed Visium spot-based ST on n=6 lung tissue cryo-sections from cigarette smoke-
exposed mice and two from normal air-exposed control mice, generating a mouse lung ST
dataset of 8,981 spots with an overall median of 15,558 genes detected per spot. We mapped
the spatial locations of subpopulations of epithelial, endothelial, stromal, and immune cells.
We also investigated intercellular communication between neighbouring cells, uncovering
new insights into the recruitment of AlvMs from circulation to the lung periphery in COPD.
Key changes in the distal parenchyma, such as increased Lcn2 and decreased Kif2, were
identified. In addition, we found that pulmonary endothelial cells, particularly capillary
endothelial cells in the distal parenchyma, play a crucial role in the development (when
disease features emerge) and progression (increased severity of disease features) of COPD.
Our study provides a spatially resolved gene expression profile of the lungs in cigarette smoke-
induced experimental COPD. This introduces a new paradigm of spatial heterogeneity of
cellular and molecular dynamics in the lung. We have made our spatial gene expression data
publicly available as an interactive data-exploratory platform in the Mouse Lung Disease Cell
Atlas (manuscript under review in preparation) providing a valuable reference map for future

studies and the potential development of novel therapeutics.

2.4 Methods

Ethics

The Animal Welfare Committee of Sydney Local Health District approved all experimental
procedures (protocol no.: 2018-030). This study was conducted in accordance with the

Australian responsible use of animal code.
Cigarette smoke-induced experimental COPD

The approach for inducing experimental COPD via nose-only cigarette smoke inhalation was
performed as previously described!’4?->3, Briefly, 8-week-old wild-type female C57BL/6J mice
(n=6) were simultaneously exposed to cigarette smoke using a custom-designed and purpose-
built nose-only, directed flow inhalation and smoke-exposure system (CH Technologies, USA).
The mice inhaled the smoke of 12 3R4F reference cigarettes (University of Kentucky, USA)
twice per day, five days per week, for 8-12 weeks, with each smoke exposure lasting 75

minutes. Age-matched control mice (n=2) were exposed to normal air. The procedure of
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cigarette smoke exposure was approved by the Animal Welfare Committee of Sydney Local
Health District (protocol no.: 2018-030). After 8-12 weeks of exposure, mice were euthanised,

and the upper left lobes of the lungs were harvested for analysis.
Lung tissue processing

Fresh murine lung cryo-sections were stained with haematoxylin and eosin. Region selection
of cryo-sections was not required, as the capture area of ST platform (6.5 x 6.5 mm) was able
to include the entire lung sections. Detailed descriptions are in the online methods

supplement.
Spatial gene expression assay

Lung cryo-sections (8um) were placed on pre-chilled optimisation slides (Visium, 10x
Genomics, PN-1000193). The optimisation process determined that the optimal digestion and
RNA release from the tissue slide occurred after 18 minutes of permeabilisation. Spatial gene
expression slides (Visium, 10x Genomics, PN-1000187) were used for ST according to the
manufacturer's instructions. Brightfield histological images were captured with a 10x
objective on an ECLIPSE TiE (Nikon) microscope, and the raw images were stitched together
using NIS-Elements software (Nikon). NGS libraries were prepared as per the Visium user guide.
Libraries were loaded at 300pM and sequenced on a NovaSeq 6000 System (/llumina) as
recommended by 10x Genomics. Each lung tissue covered ~1,000 of the 5,000 barcoded spots

available of the capture area.
Pre-processing of spatial gene expression data

SpaceRanger software (v1.2, 10x Genomics) was used to pre-process the sequencing data. The

{

option ‘—reorient-images’ was enabled to allow for automatic image alignment, and the
mouse reference genome (mm10) was used for data alignment. Filtered feature-barcode
expression matrices from SpaceRanger were used as input for the ST analysis in Seurat (v4.2)°*
>’ Data were filtered to include only spots on the tissues. Individual count matrices were
normalised with sctransform®®, and the scaled matrices were calculated for comparative

analyses using Seurat’s default settings.

scRNA-seq data for experimental COPD
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We employed a scRNA-seq dataset of murine lungs derived from the same experiment to
ensure a maximally transcriptionally similar reference dataset for cell deconvolution and
decomposition of ST. This scRNA-seq dataset was normalised with sctransform using Seurat,
and a shared nearest neighbour (SNN) graph was built with the first 30 principal components
(PCs) using Seurat’s FindNeighbours. Cells were clustered with a Louvain algorithm with

FindClusters and annotated at resolution of 0.8.
Cell-type deconvolution of spatial transcriptomic data

Cell-type composition of the sctransform normalised spot-based ST data was decoded to
single-cell resolution using SpaTalk (v1.0)° through the RCTD deconvolution method (v2.2)®°
as implemented in dec_celltype. We applied a non-negative linear model (NNLM) to obtain
the optimal proportion of cell types for each ST spot using the matched scRNA-seq dataset
with 27 cell types as a reference. Cell types with varied proportions were then used to project

cells from the scRNA-seq dataset onto ST spots.

As recommended by the SpaTalk pipeline developers®®, and others®'®3, we assumed a
maximum number of 30 cells in each capture spot to determine the optimal cellular
combination for reconstruction of the single-cell ST data matrix. The intra-spot positions of
cells are simulated, and the cell-type proportion per spot wes calculated according to the

estimated intra-spot cell count.
Spatial map of cell dependencies

We used MISTy’s implementation in mistyR (v1.8.0)%* to infer the importance of the
abundance of each cell type in explaining the abundance of the other cell types. We estimated
cell-type abundances for all slides using a multi-view model that considered three different
spatial contexts: (1) an intrinsic view that measured the relationships between the
deconvolution estimations within a spot, (2) a juxta view that summed the observed
deconvolution estimations of immediate neighbours (effective radius = 5 spots), and (3) a para
view that weighted the deconvolution estimations of more distant neighbours of each cell
type (effective radius = 15 spots). The aggregated estimated standardised importances (mean)
of each view of all slides were interpreted as cell-type dependencies in different spatial

contexts, such as co-localisation or mutual exclusion.

29



Functional characterisation of spatial transcriptomic data

We estimated all 11 validated signalling pathway activities in each spot of normalised ST data
in the PROGENy (v1.20) package®®® using the top 1,000 responsive genes ranked by p-value
in each pathway gene set. The spatial domains and spatially variable genes were identified by
SpaGCN (v1.2.5)%7 using log-normalised ST spots. The hyperparameters pf SpaGCN were set
to a=1 and b=49 in calculate_adj_matrix, and n_clusters=5 was used to calculate the optimal
resolution for model training. Additionally, we constructed meta genes with optimal
performance as markers for individual spatial domains of murine lungs. To locate the smoking-
and COPD-associated biological processes in the lungs, we obtained (1) a microarray dataset
comparing the lungs of control mice to those exposed to cigarette smoke for a shorter
duration (4 weeks, data available upon request), which represents the molecular changes
induced by cigarette smoke inhalation, and (2) a human COPD-related gene set from a
microarray study comparing smoker's lungs with and without COPD®8. Hypergeometric tests
using these two gene sets were conducted on each ST spot. The module scores of these gene

sets were calculated using Seurat’s AddModuleScore function.
Definition of molecular niches in spatial gene expression

To generate an integrated atlas of all lung tissue samples, we merged sctransform normalised
matrices and performed dimensionality reduction with principal component analysis (PCA)
using the top 3,000 most variable genes that were shared between all samples. PCA correction
was conducted using Harmony (v0.1.1)%° to remove sample variability. A SNN graph was built
with the first 30 PCs using Seurat’s FindNeighbours, and the spots were clustered with a
Louvain algorithm with FindClusters at resolution of 0.7 and 0.2. We termed the resulting

clusters molecular niches.
Definition of cell-type niches in lung structure

We identified niches in murine lungs, representing clusters of spots that were similar in cell
composition and were potentially shared “structural building blocks”. Briefly, we transformed
estimated cell-type proportions of each ST spot into isometric log ratios and clustered spots
into groups. To create a SNN graph, we used scran’s (v1.26.2)7° buildSNNGraph function with
k=50 for the numbers of neighbours and performed Louvain clustering. The optimal clustering

resolution was determined by selecting the value that maximised the mean silhouette score
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of each resulting cluster. To define cell-type niches in ST, we assigned the over-represented
cell types in each spatial domain by comparing the distribution of cell-type composition within

a cell-type niche and the rest using Wilcoxon tests (FDR < 0.05).
Cell-cell communications

To estimate pairwise ligand-receptor (LR) interactions between the cells in ST, we used the
find_Ir_path function in SpaTalk®® to infer spatially resolved LRT signalling networks between
each pair of single neighbouring cells in each lung tissue. We focused on manually curated
mouse LR pairs provided by CellTalkDB’!. True cell-cell communications in each sample (the
ratio of LR co-expression in receiver cells compared to other cell pairs, P <0.01) were included
in the downstream analyses. We extracted the unique cell-cell communications that were
specifically present in all COPD lung samples and absent in either of the control samples, and
the cell-cell communications that are shared between all samples. In addition, we also
obtained the common cell-cell communications that were shared between all mouse lungs
exposed to smoke for 8 or 12 weeks. We then compared the combined scores of intracellular
and intercellular signalling networks in all shared cell-cell communications using unpaired t-
tests. The significance threshold was defined as BH-adjusted P <0.05 for shared cell-cell
communications between the corresponding groups of samples in each comparison. LR
analysis of the experimental COPD lung scRNA-seq dataset was performed using CellChat

(v2.1.2)72 with default settings. Detailed descriptions are in the online methods supplement.

2.5 Results

Integrative spatial map of cell-type dynamics in the lungs in experimental COPD

COPD is characterised by chronic, non-resolving inflammation, and ineffective wound repair
of the small airways and alveolar tissues®. It involves complex intercellular interactions that
likely dictate mechanistic pathways, from aberrant intracellular and molecular signalling to
macroscopic alveolar destruction. We hypothesised that defining disease-related gene
expression spatially in the lungs would provide novel insights into the development and
progression of COPD. To assess this, we applied an integrative transcriptomic strategy
combining spot-based ST (Visium, 10x Genomics) and scRNA-seq (Chromium, 10x Genomics)

from the same mouse lung tissues to spatially map gene expression patterns and cellular
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interactions during homeostasis and in cigarette smoke-induced experimental COPD at
unprecedented resolution. We interrogated our established mouse model of experimental
COPD that entails chronic cigarette smoke inhalation for 8 or 12 weeks (Fig. 2.1a). After 8
weeks, smoke-exposed mice develop the hallmark features of COPD with lung inflammation,
airway fibrosis, emphysema, and impaired lung function, all characteristic features of COPD in
human lungs'’4253, We have shown that the damage associated with smoke exposure drives
the development of COPD (8-week exposure to cigarette smoke) and progresses and is non-

resolving (12-week exposure), resembling severe progressive COPD in humans®2.

We profiled spatial gene expression in lung tissues from 8 mice, including normal air-exposed
controls (n=2), and mice exposed to cigarette smoke for 8 (n=3) and 12 weeks (n=3) (Fig. 2.1a).
For each lung specimen, we obtained 8um cryo-sections from the upper left lobe for spot-
based spatial gene expression profiling. After quality control, the dataset consisted of a total
of 8,981 spots (average 1,122 spots per sample) with an overall median of 15,558 genes
detected per spot. This dataset represents the first spatial profiling of mouse lungs with
experimental COPD. We devised an integrative data analysis approach spanning two
modalities containing ST and scRNA-seq to define cell-specific information and interactions in
space, deciphering cellular, molecular and functional characteristics of tissue structure in

control lungs and in lungs with cigarette smoke-induced experimental COPD (Fig. 2.1b).

The ST dataset comprised barcoded spots, with each spot containing multiple cells. To
deconvolute the cells in each spot most reliably and accurately, we employed our scRNA-seq
dataset generated from the same mouse lungs as a referencing map. Our reference dataset
was built by clustering all cells based on the integrated scRNA-seq data from all samples after
batch correction to determine all cell populations present in the murine lungs irrespective of
disease status. The clusters were annotated with curated marker genes from existing
knowledge, and a total of 27 cell types were identified (Fig. 2.1c). In the scRNA-seq dataset,
AlvMs and neutrophils were predominantly enriched cells in cigarette smoke-induced COPD
mouse lungs (Fig. 2.1d), which is consistent with expected immune cell infiltration in the lungs
after chronic exposure to inhaled irritants especially cigarette smokel”42->37374 Next, we
deconvoluted each ST spot based on the catalogue of cell types in the reference scRNA-seq

data, generating a comprehensive cell-type spatial map of mouse lungs (Fig. 2.1c and e).
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Fig. 2.1: Spatial transcriptomic analysis of murine lungs with and without cigarette smoke-

induced experimental COPD.

a, Schematic of experimental design. COPD, chronic obstructive pulmonary disease; ST, spatial
transcriptomics. b, Schematic of ST data analysis pipeline. ¢, Uniform manifold approximation
and projection (UMAP) of reference scRNA-seq data from the same experiment (cells
n=69,592). aCap, alveolar capillary endothelial cells; aEC, arterial endothelial cell; AlvFibro,
alveolar fibroblast; AlvM, alveolar macrophage; Antilnflam_mono, anti-inflammatory
monocyte; aSMC, airway smooth muscle cell; AT1, pulmonary alveolar cell type 1; AT2,

pulmonary alveolar cell type 2; B, B cell; Cd4_Cd8 T, Cd4-Cd8 double-positive T cell; DC,
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dendritic cell; gCap, general capillary endothelial cell; ILC2, group 2 innate lymphoid cell; IntM,
interstitial macrophage; lymphEC, lymphatic endothelial cell; MastBaso, mast cell and
basophil; Meso, mesothelial cell; Neut, neutrophil; NK, natural killer cell; Peri, pericyte;
PeriBronc_fibro, peribronchial fibroblast; Prolnflam_mono, pro-inflammatory monocyte; veC,
venular endothelial cell; vSMC, vascular smooth muscle cell. d, Average number of alveolar
macrophages and neutrophils per mouse lung in COPD and control groups. e, Marker genes

for individual cell types in scRNA-seq data.

Spatial organisation of biological process in the lungs in experimental COPD

The localisation of structural cells were spatially restricted to lung anatomical structures,
including club cells (markers: Scgb3a2, Cyp2f2; location: airway lining), alveolar cell type-2
(AT2; markers: Sftpd, Sftpal; location: parenchyma), peribronchial fibroblasts (markers: Dcn,
Collal; location: airway satellite) and mesothelial cells (markers: Msin, Upk3b; location: lung
edge) (Fig. 2.2a). Interstitial macrophages and dendritic cells were mainly located in the
parenchymal region, and AlvMs were restricted to distal parenchyma, particularly in COPD
(Fig. 2.2b, left). These immune cells are the major proportion of infiltrated immune cells in
human COPD lungs’>’%. We observed higher proportions of inflammatory immune cells,
including AlvMs, interstitial macrophages, neutrophils and dendritic cells, in the parenchyma
of COPD compared to control lungs (Fig. 2.2b, right), which is consistent with the recruitment
of those inflammatory cells into the lungs of human COPD. Thus, we confirmed the localisation
of structural cell types in normal lung structures and aggregated inflammatory immune cells

mainly in the parenchyma associated with COPD disease features (e.g. emphysema).

The spatial organisation of cell types mirrored spatially resolved functions in the lungs. To
investigate the localisation of common biological processes, we evaluated the activities of 11
well-established signalling pathways using PROGENy®>% in each ST spot. Visualisation of the
pathway activity in each lung tissue enabled us to link information on cellular abundance and
tissue structure to molecular pathways and function in the spatial context of the lung. Notably,
we detected over-represented PI3K signalling activity mainly in the regions of airways,
indicative of heightened cell metabolism, proliferation and/or mTOR activity in the airways

(Fig. 2.2c top left), likely associated with fundamental airway functions such as mucus
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production, and increased susceptibility to infection and exacerbations**. Conversely,
signalling activities for TNF, TGFf3, and NFkB were lower in the airways but elevated in the
parenchyma (Fig. 2.2c), suggesting that the parenchyma has higher levels of pro-inflammatory
signals than the airways. These tissue-wide localisations of signalling pathway activities across

the mouse lungs were relatively conserved across experimental COPD and control lungs.

To interrogate the relationship between spatially resolved gene expression and COPD-relevant
pathology, we applied two gene sets representing the activities of (1) smoking-associated and
(2) COPD-associated signals®®. Upon mapping human smoking-associated signals onto our
mouse lung ST dataset, we observed that the molecular changes induced by smoking largely
accumulated proximal to the airways (Fig. 2.2d, top left). Conversely, mapping of the human
COPD-associated signal revealed its over-representation in the periphery of COPD mouse
lungs, exhibiting a diffused pattern (Fig. 2.2d, top right). This implies that the pathogenic
signals occur beyond the small airways, and that smoking signals could signify early disease.
To validate and translate these findings, these two signals were mapped onto a publicly
available healthy human lung Visium ST dataset®2. Consistent results emerged, with the
smoking-associated signal predominantly restricted to the airway lining rather than deeper
lung structures (Fig. 2.2d, bottom left); while the COPD-associated signal penetrated through
the airway lining to reach deeper lung tissue (Fig. 2.2d, bottom right). Collectively, our findings
demonstrate a deeper penetration of pathogenic signals into the lungs resulting from cigarette
smoke-induced COPD pathogenesis compared to smoking alone, likely reflecting progressive
changes in pathogenic signalling from the airways to the parenchyma during the progression

from cigarette smoking to COPD (Fig. 2.2e).
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Characterisation of spatial transcriptomic data using cell-type deconvolution for a, structural
cells and (b, left), myeloid cells, and ¢, common pathway activity for mouse lung samples; blue
arrow indicates regions with lower signalling score of a pathway; red arrow indicates regions
with higher signalling score of a pathway. b, right, Mean proportions of myeloid cells in
parenchyma of COPD and control groups (adj. p-value using unpaired t-test is shown); d,
Spatial mapping of human smoking (left) and human COPD (right) gene sets on mouse lungs
(top) and human lungs (bottom); e, Schematics of the distinct patterns of spatial localisation
of smoking and COPD effects in the lungs. In each panel box or circle indicates the focused

region of the tissue.

Structural variations of experimental COPD lungs

To directly relate cell localisation to lung structures, we used unsupervised clustering of ST
spots based on the similarity of cell-type compositions. This generated 5 clusters, that we
referred to as cell-type niches (Fig. 2.3a). These cell-type niches provide a framework of
cellular co-localisation with structural building blocks of the mouse lungs, facilitating
downstream comparisons of cell-cell distance within lung tissues between COPD and control
groups. Among these niches, four (niches 2-5) exhibited enrichment in various immune cells,
and one (niche 1) was predominantly composed of structural cells (Fig. 2.3b). Three immune
cell-enriched niches (niches 2, 4, 5) were also enriched with parenchyma-located cells (i.e. AT1,
AT2 cells, and AlvFibro), indicating co-localisation in the parenchyma with AlvMs, pro-
inflammatory monocytes, dendritic cells, and natural killer cells. Likewise, the composition of
immune cell-enriched niche 3 suggests that anti-inflammatory monocytes, Cd4- and Cd8-high

T cells, and type-2 innate lymphoid cells co-localised with general capillaries.

We next investigated whether the abundance of cell types within a spot could be predicted
by cell types in neighbouring spots, reflecting the distance between target cell types and
predictor (neighbouring) cell types at a wider-tissue level rather than in focused areas. This
spatial analysis generated an overview of broad tissue landscape based on cell types, which
enabled us to compare the lung architecture at cellular resolution between COPD and control
lungs. To cover neighbourhood patterns in different ranges, we evaluated three different

neighbourhood area sizes using MISTy®*: (1) cell-type abundances within each spot of 55um
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diameter as intra-spot neighbourhood, (2) in an immediate neighbourhood within a diameter
of 5 spots that is 275um across, and (3) in an extended neighbourhood that expanded to a
diameter of 15 spots that is 825um across (Fig. 2.3c). Our analysis revealed that the overall
spatial contexts are different between COPD and control lungs (Fig. 2.3d and Supplementary
Table 1). For example, the abundances of structural cells were the most predictive cell types
in control lungs, whereas immune cells were more predictive in smoke-exposed lungs,
indicating that altered lung architecture is caused by immune cell infiltration. In particular, we
found that the distribution of AlvMs was best predicted by nearby vascular smooth muscle
cells (vSMC) (intra-spot and immediate neighbourhood) in control lungs, reflecting the close
proximity of AlvMs to the vasculature in the lungs during homeostasis (Fig. 2.3f, left). In
contrast, we observed reduced proximity of AlvMs to vasculature in COPD compared to
normal lungs (Fig. 2.3e and 2.3f, right). This reflects an infiltration pattern of AlvMs during the
pathogenesis of COPD. We validated this co-localisation of AlvMs and pulmonary vasculature
in a publicly available spot-based ST dataset of an asymptomatic current smoker’s lung?,
where we observed that alveolar macrophages dispersed from the blood vessels (Fig. 2.3g).
Our findings show a transport route of AlvMs from the vasculature to the distal parenchyma

in COPD.
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Fig. 2.3: Cell-type compositions in relation to tissue architecture of murine lungs with and

without cigarette smoke-induced experimental COPD and human current smokers.

a, UMAP of spatial transcriptomic spots based on cell-type compositions forming cell-type

niches in murine lungs. b, Scaled median cell-type compositions within individual cell-type
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niches. Asterisks indicate more abundant composition of a cell type in a niche compared with
other niches (one-sided Wilcoxon rank sum test, adjusted P <0.05). ¢, Schematic of the
definition of cell-cell localisation relationship. d, Top 10 cell types whose localisations are
associated with localisations of other cell types in broader lung tissues of control (top) and
COPD (bottom) groups. e, Importance of vascular smooth muscle cells (vSMC) abundance
(target) in the immediate neighbourhood for prediction of alveolar macrophages (predictor)
abundance in COPD and control groups (adj. p-value using unpaired t-test is shown). The
center line corresponds to the median, the left and right hinges delineate the first and third
quartiles, respectively. COPD group: n=6, control group: n=2. f, Broad and focused view of
abundances of alveolar macrophages and vSMC in a lung tissue in COPD group (left) and
control (right) groups. g, Broad and focused view of abundances of alveolar macrophages and
pulmonary arterial endothelial cells in a current smoker’s lung. Box indicates the region of
high abundance of a cell type; red arrows indicate the position of blood vessel; yellow arrows

indicate the spread pattern of alveolar macrophages. BV, blood vessel.

Molecular variations of experimental COPD lungs in space

To characterise molecular variations in tissue structures across samples, we employed an
unsupervised clustering of gene expressions in each spot, generating a set of molecular niches
(Fig. 2.4a). Based on the marker genes in each niche (Fig. 2.4b), we identified molecular niches
associated with inflammatory processes (niches 2-4 lung periphery), B and plasma cells (niche
6 equally dispersed in lung tissue), mesothelial cells (niche 7 on the lung edge), club cells
(niche 8 in the airway), and vascular smooth muscle cells (niche 10 in the blood vessels) (Fig.

2.4c).

Notably, we observed apparent variations in the expression of marker genes associated with
inflammation-featured niches (niches 2-4) between COPD and control groups (Fig. 2.4b).
Comparable differentially expressed genes (DEGs) were identified within the inflammation-
featured niches, with increased expression of Lcn2, Chill and Ccl6, as well as decreased
expression of KIf2 in COPD lungs (Fig. 2.4c). A recent study found a strong association of
augmented LCN2 levels in the lungs of smokers with COPD compared to smokers without

COPD, probably due to the inflammatory role of LCN2”7. Those authors reanalysed a publicly
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available dataset of airway brushings from smokers with and without COPD’® and observed
that the elevated expression of LCN2 in COPD airway brushings was attenuated by inhaled
steroid treatment. Our analysis of molecular features across the lung tissue revealed the
elevated expression of Lcn2 in the lung periphery instead of the airways in smoke-induced
experimental COPD, suggesting that the periphery is a site to validate therapeutic targets or
biomarkers. The upregulated genes that we identified (Fig. 2.4c) underpin inflammatory
processes, and downregulated KIf2 expression marked impaired barrier function of the
pulmonary microvasculature’®, both in the periphery of experimental COPD lungs. These
spatially resolved disease-specific DEGs that can only be identified at this level of granularity
remain largely unexplored by traditional targeted or untargeted approaches. Thus, here we
provide a new molecular map of COPD lungs where inflammatory processes predominantly

occur in the lung periphery that may be therapeutic targets.

The molecular niches displayed a segmentation of lung regions in a layer-like gene expression
pattern from the periphery (parenchyma-enriched) to core (airway-enriched). To decipher the
spatial context of lung tissues, we elucidated the spatial domains in each segment of lung
tissue identified by a machine learning approach®’. The positions of lung domains were in
close agreement with our observations of a layer-like pattern of spatial gene expression in the
lungs (Fig. 2.4d). We named each domain based on its position in the lungs and its specific
marker genes. Interestingly, one domain (the “injury domain”) was uniquely present in COPD
lungs, and its location resembled one of the inflammatory niches (molecular niche 4) (Fig. 2.4e
and Fig. 2.4c middle right). Apart from the structural cells, AlvMs were the most abundant cell
type (~¥10%) in the injury domain (Fig. 2.4f). A long non-coding RNA, Gm42418, was the top
gene in the meta gene set of the injury domain and also an upregulated gene of molecular
niche 4 in COPD lungs. It is common practice to remove Gm42418 gene or Gm42418-high cell
clusters from scRNA-seq datasets®%82, mainly due to its association with ribosomal RNA
contamination. Gm42418 has been found to be enriched in NLRP3 inflammasomes which
trigger inflammatory cell death and the release of cytokines®3. Additionally, the chemokine
Ccl6 and the inflammasome activator Malatl were highly expressed in the injury domain
compared to other regions, suggesting an inflammasome-enriched activity in the injury

domain. For the first time, our analysis detected a clear spatial cluster marked by Gm42418
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associated with lung injury in COPD mouse lungs, providing new biological insights into this

transcript in space.
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a, UMAP of spatial transcriptomic spots based on gene expression forming molecular niches
in murine lungs (left), and spatial mapping of molecular niches in a COPD and control mouse
lung sample (right). b, Heatmap of marker genes for individual molecular niches. ¢, Volcano
plots of differentially expressed genes (DEGs) of molecular niches 2 (top left), 3 (top middle)
and 4 (top right) that are inflammatory genes-enriched in COPD compared to control lung
samples, and spatial mapping of molecular niches 2-4 in a COPD (middle) and control (bottom)
mouse lung sample. d, Spatial domains of mouse lungs identified by a machine learning
algorithm in a COPD (top) and control (bottom) mouse lung sample. e, Spatial map of the
expression of prominent meta genes (represent the expression pattern of a spatial domain) of
the injury domain in a COPD mouse lung sample. f, Heatmap of cell-type composition in the
injury domain in mouse lung samples. Grey indicates the absence or unclear annotation of a

domain.

Intercellular communications in COPD lungs

Our study leveraged ST to gain insights into cell-cell communications that regulate lung
homeostasis and drive COPD pathogenesis. We analysed cell-cell communication in our
scRNA-seq data derived from experimental COPD lungs, focusing on the ligand-receptor-target
signalling networks (Fig. 2.5a) between each pair of cell types. We found a pivotal role for
general capillary endothelial cells (gCap) in mediating intercellular signalling in the lungs. In
experimental COPD, AT2 cells receive more communication signals (Fig. 2.5b), which are
indicative of impaired structural integrity, such as those mediated by LAMIN, FGF, and JAM
(Fig. 2.5c). This signalling pattern correlates with the observed alveolar destruction (data in
another manuscript, available upon request) characteristic of COPD. Furthermore, we
documented the altered signalling dynamics between AlvMs (sender) and gCap cells (receiver)
in experimental COPD (Fig. 2.5d). Notably, there was an upregulation of signals associated
with inflammatory infiltration (e.g. Spp1, Cxcl2, Ccl6, Ccl9, Anxal), alongside reduced signals

linked to angiogenesis (e.g. Vegfa) and macrophage migration inhibitory factor (Mif).

As a consequence of the spatial constraints of juxtacrine and paracrine signalling, our ST data
is particularly useful in understanding the cellular interplay that occur in the immediate

proximity between cells. In addition to analysing cell-cell communications between different
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cell types, we also evaluated the communication between individual neighbouring cell pairs,

which allowed us to identify spatially distinct patterns of intercellular dynamics in the lungs.

We first investigated the spatially proximal cell-cell communications commonly present in all
samples and compared the signalling scores between COPD and control groups (Fig. 2.5e). We
focused on the top significant cell-cell communication, TIin1-Itgb2, between AlvMs-dendritic
cells, that was enhanced in the COPD group. This TIn1-Itgb2 signalling was spatially restricted
to the lung periphery and was more prevalent in the COPD group. The effector function of
dendritic cells is crucially linked to their remarkable migratory plasticity, such as the ability to
transition from mesenchymal to amoeboid migration mode®. Amoeboid migration is well-
suited for the rapid movement of leukocytes including dendritic cells in cellular networks®>.
Leukocytes including dendritic cells express various integrins that bind to cell adhesion
molecules on endothelial cell surfaces. TIn1 connects integrins to actin and contributes to the
regulation of integrin adhesion complexes®®. This AlvMs-dendritic cell crosstalk may mediate
firm adhesion and spreading of dendritic cells along the endothelium, which leads to dendritic
cell crawling and eventually transmigration through the endothelium to sites of

inflammation®”.

Next, to evaluate the cellular interplay driving the progression of smoke-induced COPD, we
tested the spatially proximal signalling with differential signalling scores generated by (v1.0)>°
between the establishment (8-weeks) and progression (12-weeks) of experimental COPD in
the lungs (Fig. 2.5g). We focused on the top significant cell-cell communications, Tgfb1-Tgfbrl1,
between interstitial macrophages-capillary endothelial cells, which was more enhanced in the
lung tissues exposed to smoke for 12 compared to 8 weeks (Fig. 2.5g). Tgfb1 bound to Tgfbr2
recruits Tgfbrl and induces the trans-phosphorylation of the latter, which subsequently
phosphorylates Smad proteins 2 and 3. These proteins can interact with Smad4 and regulate
the expression of target genes, or with inhibitory Smad proteins like Smad7, which functionally
inhibit the cascade. This signalling process marks an impairment of the angiogenic capacity of
the microvasculature®®. The elevated score of this cellular interplay in the 12-week smoke-
exposed group suggests a greater extent of microvasculature injury during the progression of

COPD.

In summary, we developed a new concept of spatial-cellular heterogeneity and intercellular

crosstalk between neighbouring cells in the lungs in COPD, where the importance of the lung
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periphery in COPD spatial pathogenesis is emphasised. Pulmonary endothelial cells, especially
capillary endothelial cells, play a key role in cell-cell communications associated with COPD

disease and progression that increases their potential as therapeutic targets.
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Fig. 2.5: Alterations of cell-cell communications in murine lungs with and without cigarette
smoke-induced experimental COPD, and during the progression of experimental COPD

disease features.

a, Schematic of the definition of spatially proximal cell-cell communication via a ligand-
receptor-target (LRT) signalling network. b, The total incoming and outgoing communication
probability of each cell type from the scRNA-seq dataset, separated into mouse lungs with
and without cigarette smoke-induced experimental COPD. Dot size reflects the number of
inferred signals. ¢, All significant signalling pathways were ranked based on their differences
of relative information flow within the inferred networks in AT2 cells as the receiver cell type
between mouse lungs with and without COPD from the scRNA-seq dataset. The top signalling
pathways colored red are more enriched in COPD lungs, those colored black are equally
enriched in COPD and control lungs, and those colored green are more enriched in control
lungs. d, Comparison of the significant ligand-receptor pairs between COPD and control lungs,
which contribute to the signalling from alveolar macrophages (AlvM) to general capillary
endothelial cells (gCap). Dot color reflects communication probabilities. Empty space means
the communication probability is zero. p-values are computed from one-sided permutation
test, and only ligand-receptor pairs with p-values <0.01 are shown. e, Scores of the top 10
significantly differential spatially proximal cell-cell communications in COPD and control lungs
(left), and in mouse lungs exposed to smoke for 8 and 12 weeks (right), from the ST dataset. f,
Spatial maps of the locations of the top spatially proximal cell-cell communications, including
cell-cell communications with significantly different scores in between all COPD and control
lung samples, as well as g, in between all lungs exposed to cigarette smoke for 8 and 12 weeks.
Black-lined box on hematoxylin and eosin-stained tissue indicates the region of focus. Each

dot in a cell-cell communication figure represents the simulated position of a single cell.

2.6 Discussion

COPD is a highly heterogeneous respiratory condition often influenced by infections,
accompanying comorbidities, and a wide range of environmental risk factors, with cigarette
smoking being the foremost among these. The use of experimental COPD animal models in

this study allows for the examination of the effects of cigarette smoke, providing a controlled
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environment to explore disease mechanisms in vivo and reduce the inherent heterogeneity in
COPD. Our findings, for the first time, highlight the critical role of the lung periphery in COPD
pathogenesis, identifying the lung periphery as the destination of AlvM transport and a site
of AlvM accumulation. Indeed, our findings could be combined with screening of patients with
early COPD, which already revealed the occurrence of small airway disease defining
opportunities to prevent COPD development and progression®>°, One promising avenue is
the use of targeted molecular imaging, such as ligand- or receptor-specific positron emission
tomography tracers, to non-invasively visualise disease-associated cellular or molecular
signals in the distal parenchyma, potentially enabling early detection and stratification

without the need for invasive lung biopsy.

The interaction between neighbouring cells is crucial for normal function and tissue
maintenance in the lungs, which can become aberrant and drive the pathogenesis of diseases.
The use of scRNA-seq can identify cellular and molecular changes in diseases, however it lacks
spatial context, making it difficult to understand how different cell types interact to regulate
tissue functions in space. Little is known about pathogenesis of respiratory diseases in spatial
contexts, largely due to tissue homogenisation in many studies. Very recently, the respiratory
research community has begun to address this gap by using spatial transcriptomics in human
lung specimens, especially for COPD34°1, However, the large size of human lungs presents
challenges for ST platforms, leaving the spatial profiling unable to cover the entire lung tissue.
To address this, we created a detailed map of healthy murine lungs and those affected by
cigarette smoke-induced COPD by integrating ST with scRNA-seq data. This enabled us to
characterise the spatial arrangement of different cell types and uncover the spatially
coordinated changes that occur in experimental COPD validated in human disease. By
combining single-cell and spatial data, we gain a more comprehensive understanding of COPD
pathogenesis and identify new potential therapeutic targets such as increased Lcn2 and
decreased KIf2 in the microvasculature in the lung periphery. Promisingly, monoclonal
antibodies targeting Lcn2 proteins have shown efficacy in reducing breast cancer metastasis
to the lungs in animal experiment®2. Indeed, biologic therapies using antibodies have very
recently begun entering the market for respiratory diseases. This underscores the value of our

spatial data as a rich resource for discovering novel therapeutic targets for COPD.

49



Our computational analyses enabled an increased resolution of ST by estimating cell-type
compositions for each location and also pathway activities. These different layers of biological
information enabled us to link the organisation in lung tissue specimens of different
histomorphological regions to changes induced by chronic cigarette smoke exposure. Our
findings reveal deeper penetration of COPD-associated signals into lung structures compared
to smoking-related signals alone. We found that AlvMs near the large vasculature relocated
towards the distal parenchyma in cigarette smoke-induced COPD lungs. We also observed
inflammation-enriched niches located in the peripheral zone of COPD lungs. Gm42418 was
the best marker for the injury domain associated with AlvMs accumulation and inflammatory
cell aggregation in COPD lungs, which was not previously known. Indeed, this was also
reflected in our cell-cell communication analysis where we observed increased Tgfbr-Tgfb
interactions, possibly reflecting direct crosstalk between interstitial macrophages and capillary
endothelial cells. For the first time, we used comprehensive spatial gene expression to
segment the whole mouse lung tissue into a layer-like pattern and identified the over-
represented biological functions in each layer in experimental COPD. Respiratory researchers
often rely on easily accessible samples such as airway brushings and sputum to study COPD,
which primarily reflect airway pathogenesis, making it challenging to decode the pathogenesis
of deep lung tissue. Our identification of the layer-like pattern of gene expression in the lungs
provides a novel perspective on the spatial heterogeneity of molecular features and improves
the understanding of disease processes in COPD, which facilitates respiratory researchers to

obtain insights from deep lung tissues.

Through intercellular communications, we identified that AT2 cells display signals of structural
impairment in COPD, mirroring alveolar destruction as a hallmark feature of COPD. The
interplay between AlvMs and general capillaries revealed upregulation of inflammatory
cytokine signals (including Anxal) and reduced angiogenesis signals, suggesting that general
capillaries play a central role in driving COPD pathogenesis. Although targeting the pulmonary
microvasculature presents challenges, therapeutics aimed at modulating the disrupted signals
between AlvMs and general capillaries may offer benefits. For instance, the mimetic peptide

AC2-26 of Anxal has demonstrated positive effects in experimental COPD animal model®3.

By leveraging the spatial information, we characterised the intercellular crosstalk in the lungs,

which specifically highlighted the importance of the pulmonary microvasculature associated
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with tissue injury and repair processes in peripheral lung region under COPD, centred by
impaired angiogenesis of microvasculature. The neighbouring cellular interplay added a
spatial heterogeneity on top of cellular and molecular heterogeneity, increasing the
understanding of COPD pathogenesis. While some studies have investigated microvasculature
impairment in COPD, they predominantly focus on airway regions®*®, often overlooking
deeper lung tissues. In this study, we highlight the significance of microvasculature in the
peripheral regions of the lungs. By exploring multiple approaches, we provided a ground to
shift the focus of future COPD research toward these critical but frequently neglected
peripheral lung regions. However, we acknowledge that these findings are based on mouse
lung data, and secondary validation, particularly of the spatially identified pathways, is
essential in human lung tissues to confirm their translational relevance. Future studies
integrating spatial transcriptomics or proteomics in human COPD samples will be valuable for

validating these pathways and further elucidating their role in disease progression.

Our ST dataset serves as a valuable reference for future investigations that combine single-
cell genomics with spatial gene expression data in mouse lungs. Our findings also aid in
comprehending gene expression patterns and gene regulatory networks in the lungs and
represent a useful resource for future research aimed at understanding the spatial-cellular-

molecular aspects of pulmonary disease and homeostasis in and beyond COPD.
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Chapter 3: Spatiotemporal Trajectory of B cells in the
Lymphoid Follicles of COPD

3.1 Declaration

Chapter 3 is a thesis-adapted version of a manuscript currently in preparation, in which the
author of this thesis is the first author. Chapter 3 also includes a large single-cell atlas of mouse
lungs, titled the “Mouse Lung Disease Cell Atlas,” associated with another manuscript under

review in Nature Methods, where the author of this thesis is the second author.

3.2 Abstract

Lymphoid follicles, primarily composed of B cells, are a known pathogenic feature of COPD,
but their role remains under-explored. Most studies lack the spatial and longitudinal data
necessary to understand their contribution to COPD pathogenesis. Using the nanostring
GeoMx spatial transcriptomics (ST) platform, this study examines the spatiotemporal
formation and progression of lymphoid follicles in a mice exposed to cigarette smoke for
different durations (n=8 per timepoint across 2, 4, 6, 8 and 12 weeks) to replicate the onset
and progression of human smoking-induced COPD. Early smoke exposure (2 weeks) was
sufficient to cause immune cell infiltration, airway inflammation, with emphysema observed
at the onset of COPD (8 weeks). B cell levels initially declined in the parenchyma with early
smoke exposure. Soon before COPD onset, recruitment of B cells from the circulation through
the arteries increased substantially. Instead of distributing evenly, B cells accumulated within
these clusters, forming lymphoid follicles that expanded over time due to increased B cell
content. Within lymphoid follicles, autoimmune signals (e.g., Enpp2) progressively increased,
while inflammatory signals (e.g., Cc/7) declined over time. We traced follicular B cells to their
origins in bone marrow, transitioning through the circulation before homing to lymphoid
follicles in the lungs. This study provides novel insights into the spatiotemporal trajectory of B
cells in COPD. For the first time, we defined the translocation and accumulation of B cells to
form and expand lymphoid follicles along a trajectory of smoke exposure over time, which

mirrors the trajectory of the development and progression of human COPD.
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3.3 Introduction

COPD is a heterogeneous disease characterised by dysregulated inflammatory and immune
responses in the lungs to noxious particles and gases, particularly cigarette smoke. To defend
against harmful inhaled exposures in the lower respiratory tract, the airways and lungs rely on
innate immune mechanisms, including the epithelial barrier, mucociliary clearance, humoral
factors, and innate immune cells such as macrophages, dendritic cells, monocytes, neutrophils,
natural killer cells, and mast cells. Dendritic cells bridge innate and adaptive immune
responses®®, ultimately leading to the development of lymphoid follicles through activated

adaptive immunity in COPD.

Lymphoid follicles are small ectopic tissue masses containing aggregations of inflammatory
cells, predominantly B cells, alongside some T cells and dendritic cells. In COPD, B cell-rich
lymphoid follicles have been observed in parenchymal regions in close proximity to small
airways®® and within the distal parenchyma®’, particularly in patients with severe and very
severe disease. The cellular arrangement of lymphoid follicles facilitates T cell and B cell
priming and clonal expansion®®. The oligoclonal nature of B cells within the follicles suggests
antigen-specific induction®”. However, the specific antigens involved remain unclear, microbial
antigens, cigarette smoke-derived antigens, extracellular matrix breakdown products, and
autoantigens have been proposed®®. Therefore, the pathogenic role of follicular B cell
responses in COPD is controversial. They may provide a protective benefit by combating
microbial colonisation and infection. Conversely, they may be detrimental if the responses are
directed against lung tissue antigens, implying an autoimmune component in the

pathogenesis of COPD.

Lymphoid follicles, as localised tissue microenvironments, are emendable for the application
of ST to study the pathogenesis of COPD at a local niche level. A recent study using ST has
identified off-target B cell activation within lymphoid follicles, further supporting a role for
autoimmunity in COPD3“. To advance our current understanding, it is critical to determine the
origin of the B cells forming the lymphoid follicles and how these structures change over time.
To address this, we exposed mice to cigarette smoke for 2, 4, 6, 8, and 12 weeks, alongside

control mice exposed to normal air for 2 and 12 weeks (n=8 per time point), providing a
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comprehensive time-course model. ST was performed on the mouse lungs, and scRNA-seq
was applied to the systemic samples including bone marrow and blood to profile the
extrapulmonary changes. Follicular B cells were traced to their origins in the bone marrow,
transitioning through the circulation before localising to lymphoid follicles in the lungs. For
the first time, we mapped the spatiotemporal trajectory of B cells forming and expanding

lymphoid follicles, mirroring the changes of lymphoid follicles in human COPD over time.

3.4 Methods

Ethics

The Animal Welfare Committee of Sydney Local Health District approved all experimental
procedures (protocol no.: 2018-030). This study was conducted in accordance with the

Australian responsible use of animal code.
Time-course of cigarette smoke-induced experimental COPD

The induction of experimental COPD via nose-only cigarette smoke inhalation in the mouse
model was performed as previously described!”#>>3, The establishment of this model, similar
to that in Chapter 2, included a time-course of smoke exposure. Eight-week-old wild-type
female C57BL/6J mice were exposed to cigarette smoke for 2, 4, 6, 8, and 12 weeks, alongside
time-matched control mice exposed to normal air (n=8 per time point). Female C57BL/6J mice
typically exhibit more stable body weights, lower rates of aggression, and better tolerance to
repeated smoke exposure compared to males, which reduces variability and stress-related

confounders in long-term inhalation studies.

Airway and lung inflammation, airway remodelling, emphysema and Lung function

measures

The approaches to measure baseline structural and cellular changes in respiratory samples
from animal model were described previously'”42>3, Airway inflammation was determined by
differential cell counts in bronchoalveolar lavage (BAL) fluid. Formalin-fixed lung samples were
sectioned at 6um thickness, stained with hematoxylin and eosin, and parenchymal
inflammation was assessed by counting inflammatory cells in 10 randomised fields (x100

magnification). Airway remodelling was evaluated by measuring airway epithelium thickening.
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Emphysema was quantified using the mean linear intercept method, a standard approach for
assessing alveolar diameter in mice. Lung function parameters were evaluated using the

flexiVent system with forced oscillation and forced manoeuvre techniques.
Spatial gene expression assay

ST was performed using the nanoString GeoMx Digital Spatial Profiler. Formalin-fixed lung
sections (6um) were prepared according to the nanostring Manual Slide Preparation guide.
Sections were mounted on charged slides (Epredia Colormark Plus, CM-4951WPLUS-001),
baked (60°C, 1 hour), and stored at 4°C in vacuum-sealed containers with desiccant for up to
2 weeks. All subsequent steps were conducted under RNase-free conditions with DEPC-
treated water. Slides were deparaffinised in 3 sequential 5-minute xylenes washes, followed
by ethanol washes (100%, 95%) and PBS rinses. Target retrieval was performed using 1x target
retrieval reagent (Invitrogen 00-4956-58 EDTA, pH 9.0, 95°C, 10 minutes). Proteinase K
(0.1pg/mL; Invitrogen, 25530-049) treatment (37°C, 10 minutes) was followed by post-fixation
in 10% neutral-buffered formalin and washes in Tris-Glycine NBF stop buffer. Lung sections
were hybridised with the GeoMx Mouse Whole Transcriptome Atlas (v1.0, nanoString) probes

diluted in Buffer R (37°C, 16—20 hours).

Post-hybridisation stringent washes were performed with formamide/SSC buffer at 37°C,
followed by SSC buffer rinses. Tissue morphology was visualised using fluorescently labelled
antibodies for Sytox13 - FITC (525nm) for nucleic acid stain, pan-cytokeratin - Cy3 (568nm) for
epithelial cell stain, and CD45-Texas Red (615nm) for immune cell staining. Imaging on the
GeoMx Digital Spatial Profiler determined the regions of interest (ROIs) representing airways,
arteries, proximal parenchyma (ParencNear), distal parenchyma (ParencFar), and lymphoid
follicles, where distal and proximal parenchyma were defined based on the proximity to
airways. The selection of ROIs was blinded to information about the animal experiment, with
a separate individual maintaining records in annotation files to ensure the association
between lung tissues and their respective mice was preserved. ROls were selectively
illuminated with ultraviolet light, releasing DNA barcodes hybridised to mRNA targets. The raw
data are provided upon request, and the codes used in all analyses are publicly available

(https://github.com/HAOLUNG/GeoMx COPD mouse lungs).

NGS library preparation and sequencing for spatial transcriptomics
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The barcodes from each ROl were deposited in a collection plate, and polymerase chain
reaction (PCR) was used to uniquely index each ROI’s barcodes with specific lllumina i5/i7 dual
indexing primers. Amplified, indexed libraries were then pooled, purified with SPRI beads
(Beckman Coulter), and their quality was assessed with capillary electrophoresis using the
Fragment Analyser (Agilent). Sequencing was performed on /llumina NovaSeq6000. Base
calling was done by lllumina RTA3, and output was demultiplexed and converted to fastq
format with bcl2fastq (v1.9.0). The fastq files were then processed through GeoMx NGS

Pipeline (v2.0.21) to generate digital count conversion (DCC) files for subsequent analysis.
Analysis of spatial transcriptomics datasets

Raw data files, including DCC files, annotation files, and nanoString panel definition files, were
imported to construct the GeoMxSet object through GeomxTools (v3.5.0). QC was performed
comprehensively to evaluate data reliability and segment performance. Key metrics, including
minimum segment reads, percent trimmed, percent stitched, percent aligned, and negative
probe geometric means, were assessed, and segments that failed to meet predefined
thresholds were excluded. Normalisation of the raw data was carried out using quantile
normalisation, scaling the counts to the 75™ percentile within each segment, as well as
background correction with negative control probes. Following normalisation, UMAP was
applied to visualise global transcriptomic patterns and identify clustering of segments
according to the ROIs. High-coefficient-of-variation genes were further investigated using
hierarchical clustering and heatmaps to delineate their expression across ROIs and exposure
condition with time-points. To identify marker genes for each ROI, differentially expressed
genes were (DEGs) identified using a linear mixed-effects model, which incorporated both
fixed and random effects to account for inter-slide variability while assessing gene expression

differences between experimental groups.
Cell-type deconvolution of spatial transcriptomic data

We used nanoString’s cell-type deconvolution algorithm, SpatialDecon®, to estimate cell-type
proportions in our spatial transcriptomic data. SpatialDecon’s log-normal regression method
was applied, using the deconvolution matrix of our Mouse Lung Disease Cell Atlas (manuscript

under review) as the reference.

Estimated proportions of cells in ROIs
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The relative abundance of B cells in each ROl was quantified and analysed using the spatially
deconvoluted data. The cell type proportion matrix was processed to extract the composition
of cell types across all ROIs. Deconvolution results were normalised by column sums to
calculate cell type proportions for each ROIl. We then stratified the processed data by ROI,
time-point, and cell type. For statistical analysis, the estimated proportions of cell types were
then compared across each time-point separating by exposure condition using one-way

ANOVA with Tukey’s multiple comparisons test.
Time-series differentially expressed genes

Time-series DEG analysis was performed to investigate transcriptomic changes in each ROI
with air- or smoke-exposure across time-points through DESeq2 (v1.42.1). Raw expression
counts were firstly subsetted for each ROIl. Metadata were adjusted to include experimental
conditions (air- vs. smoke-exposure), time-points (e.g., 2, 12 weeks), and their combinations,
ensuring proper stratification for downstream analyses. DEG analyses were conducted
separately for each ROI. For lymphoid follicles that were only present under smoke conditions,
a time-course design was applied to evaluate gene expression trends over the time series. For
the other ROls, a more complex design was used to model the interaction between exposure
condition and timepoint. Likelihood ratio tests were performed to compare the full models to
reduced models, assessing the significance of time-course-related changes or interactions.
Genes with FDR-adjusted p<0.05 were deemed differentially expressed. Clustering analysis
was conducted on significant genes in lymphoid follicles to classify them based on their
temporal expression trends, identifying two groups of genes that showed gradual

upregulation or downregulation over time.
scRNA-seq data of experimental COPD lungs

We utilised a scRNA-seq dataset of murine lungs derived from a time-course of smoke
exposure. This was from 8-week-old wild-type female C57BL/6J mice exposed to cigarette
smoke for 2, 4, 6, 8, and 12 weeks, along with control mice exposed to normal air for 12 weeks
(n=8 per time-point). This scRNA-seq dataset was normalised with sctransform using Seurat,
and a shared nearest neighbour (SNN) graph was built with the first 30 principal components
(PCs) using Seurat’s FindNeighbours. Cells were clustered with a Louvain algorithm with

FindClusters and annotated at a resolution of 0.8. In addition to lung samples as local

58



respiratory data, we incorporated two published scRNA-seq datasets of systemic samples,
bone marrow and blood, from mice exposed to cigarette smoke or normal air for 12 weeks,

generated using the same approach'®,

Clusters of B cells and plasma B cells were extracted from each scRNA-seq dataset. These
extracted cells were then integrated, and cells were annotated based on canonical markers

for B cell subtypes and plasma B cells.

Integration of B cells extracted from scRNA-seq data of experimental COPD bone marrow,

blood, and lungs

scRNA-seq datasets of bone marrow and blood from mice exposed to either cigarette smoke
or normal air for 12 weeks were obtained from our previous study'®. B cells and plasma B
cells were isolated from the scRNA-seq datasets of murine bone marrow, blood, and lungs,

and subsequently integrated using the Harmony algorithm®°.

Trajectory analysis of B cell scRNA-seq data

Integrated scRNA-seq of B cells was analysed to investigate the differentiation trajectory of B
cells using Monocle3°?, Clustering was performed with a resolution of 0.001. A trajectory
graph was constructed without partitioning the dataset, and cells were ordered along
pseudotime, with the root defined by S-phase B cells. To further explore differentiation
pathways, a branch associated with follicular B cells was identified by subsetting cells from
clusters of interest. Pseudotime progression and associated gene expression patterns were
analysed within this branch. Significant genes driving the trajectory were identified using
graph-based statistical testing, and genes with an FDR<0.05 were considered. Among these,
key TFs were identified by cross-referencing with a curated list of mouse TFs from AnimalTFDB

(v4.0)%02,

3.5 Results

Baseline time-course pathogenic changes in cigarette smoke-induced COPD

COPD is characterised by chronic, unresolved inflammation and impaired wound repair in

small airways and alveolar tissues®. It involves intricate intercellular interactions that drive the
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disease, spanning from abnormal intracellular and molecular signalling to macroscopic
alveolar destruction. Cigarette smoking remains the primary risk factor for COPD, but the
transition from asymptomatic smoking to COPD, as well as the progression to more severe
stages, is not fully understood. This study provides a spatiotemporal trajectory of changes
from asymptomatic smoking to COPD and its progression due to continuous smoking, offering

valuable insights for therapeutic target discovery in respiratory medicine.

Here, the temporal changes induced by smoking were captured by exposing mice to cigarette
smoke for 2, 4, 6, 8, and 12 weeks, and spatial information was obtained using nanoString
GeoMx ST to analyse the whole transcriptome of key lung anatomical sites, including airways,
arteries, lymphoid follicles, and distal and proximal parenchyma (Fig. 3.1a). Our animal model,
previously reported to replicate key features of human COPD4253, demonstrated hallmark
pathological changes. Airway epithelial thickening, collagen deposition in the airways, and
emphysema were evident in the lungs of mice after experimental COPD is established (Fig.
3.1b). We observed significant immune cell infiltration in the lungs at all timepoints of smoke
exposure, along with compromised lung function from the earliest stage, while emphysema
became apparent only after 8 weeks of exposure, confirming the onset of experimental COPD
at this timepoint (Fig. 3.1c). The trajectory of intrapulmonary changes aligns with our previous
study, demonstrating that smoke-induced lung damage drives the onset of COPD after 8 weeks
of exposure, followed by progressive and non-resolving pathology at 12 weeks, replicating

severe, progressive COPD in humans®2.

Spatial gene expression analysis revealed clear separation between the selected anatomical
sites, with no segregation based on time-points (Fig. 3.1d, e). The exception was the proximal
and distal parenchyma, which shared similar transcriptomes due to both being parenchymal
tissues but differing in proximity to the airways. Notably, Cxc/13 and Tmtc1 were identified as
markers to distinguish proximal and distal parenchyma, respectively, a finding corroborated
by reproducible visualisation from 10x Visium ST (Chapter 2, Supplementary Fig. 1). To
characterise the cellular composition within each anatomical site, we applied nanoString’s
SpatialDecon®® cell-type deconvolution algorithm, using the Mouse Lung Disease Cell Atlas as
the reference scRNA-seq dataset. We accurately mapped cell types to their corresponding
regions, aligning with the defined anatomical site characteristics (Fig. 3.1f). Similarly, marker

genes for airways (Scgb3a2), arteries (Acta2), lymphoid follicles (Cxcl/13), and parenchyma
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(Ager) corresponded appropriately to the correct cell types and functions within their
respective sites (Fig. 3.1g). For example, B cells were the predominant component of lymphoid
follicles, supported by secondary populations of T cells and dendritic cells. The relatively high
presence of AT1 and AT2 cells confirmed the localisation of lymphoid follicles within the
parenchymal region, mirroring their predominant presence in the parenchyma of human
COPD lungs®*. Altogether, the spatial gene expressions and cell compositions in key lung
anatomical regions of our animal model closely resemble those observed in humans,

providing a robust baseline for studying human COPD pathogenesis.
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Fig. 3.1: Baseline pathogenic changes of the development and progression of cigarette

smoke-induced experimental COPD.
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a, Schematic of experimental design. COPD, chronic obstructive pulmonary disease; ROI,
region of interest. b, Representative histological images showing alveolar size, airway
epithelial thickness, and airway collagen in mouse lungs exposed to 12 weeks of cigarette
smoke or normal air. ¢, Quantitative analysis of leukocyte counts in BAL fluid, inflammatory
cells in the parenchyma, alveolar diameters, and lung function (FVC) in smoke- and air-
exposed mice across time-points, 2, 4, 6, 8, and 12 weeks (n=8 per timepoint). Statistical
analysis was performed using two-way ANOVA with Sidak’s multiple comparisons test.
*p<0.05, **p<0.01, ***p<0.001, ****p<0.0001. BAL, bronchoalveolar lavage; FVC, forced vital
capacity. d, UMAP representation of selected ROIs of key lung anatomical sites, including
airways, arteries, lymphoid follicles (LymphFoll), proximal (ParencNear) and distal
parenchyma (ParencFar). e, Heatmap of all detected transcriptomes in ST. f, Cell composition
of selected ROIs of key lung anatomical sites, with Mouse Lung Disease Cell Atlas as the
reference scRNA-seq data for cell deconvolution in ST data. ATI, pulmonary alveolar cell type
1; ATII, pulmonary alveolar cell type; NK, natural killer. g, Representative marker genes of

airways, arteries, parenchyma, and lymphoid follicles (LymphFoll).

Spatiotemporal changes of B cell levels in arteries and parenchyma leading to lymphoid

follicle expansion during cigarette smoke exposure

Lymphoid follicles, small B cell-rich tissue aggregates, are predominantly observed in the lung
parenchyma of patients with severe-to-very-severe COPD8%%, and also in those with mild
disease3*. The presence of lymphoid follicles appears to be specific to smoking, as several
studies report little to no lymphoid follicles in individuals without a history of smoking,
regardless of COPD diagnosis3497:193, Despite this strong association with smoking, it remains
unclear when lymphoid follicles begin to develop during smoke exposure. Our mouse model
faithfully replicated the morphology of lymphoid follicles observed in human lungs (Fig. 3.2a),
providing a valuable platform to study their formation and progression during smoking, which

is challenging to explore in humans.

Lymphoid follicles of observable size were first detected at 4 weeks of cigarette smoke
exposure, defined as the early stage of smoke exposure and representing the induction phase

of COPD features*’. Although lymphoid follicle formation is traditionally considered a late

63



event in COPD progression, the use of animal models of COPD suggests that early adaptive
immune responses are sufficient to drive lymphoid follicle formation during early COPD.
Notably, B cell proportions within lymphoid follicles gradually increased with prolonged smoke
exposure (4 vs. 12 weeks, p<0.05; Fig. 3.2b), facilitating the expansion of tissue masses and a

local adaptive immune niche.

We also analysed B cell levels across other lung regions to address the broader spatial
distribution of B cells. In arteries, B cell levels began to rise at 4 weeks of smoke exposure (Fig.
3.2c¢), coinciding with the first appearance of observable lymphoid follicles. This surge in B cell
levels at 4 weeks suggests a dramatic recruitment of B cells from circulation into the lungs at
this time-point, likely driven by the presence of lymphoid follicles. Before the 4-week time-
point, upon the onset of smoke exposure, B cell levels in the parenchyma declined and did not
return to baseline during continued exposure (Fig. 3.2d). This indicates that alveoli are not the
primary sites where recruited B cells reside at any time-point during cigarette smoking; rather,

the parenchyma loses its B cells.

Collectively, this data shows that B cells trafficked from the parenchyma and were re-directed
into smaller tissue aggregates in the beginning of smoke exposure. There they act as
precursors for the formation of lymphoid follicles after 4 weeks of exposure, where additional
B cells are recruited from circulation to aggregate in the follicles (Fig. 3.2e). For the first time,
our study provides a comprehensive map of the central role of B cells in the formation and
expansion of lymphoid follicles across multiple lung regions and over time during cigarette

smoke exposure and the development and progression of experimental COPD.
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Fig. 3.2: Spatiotemporal changes of B cell levels associated with lymphoid follicles during
cigarette smoking.

a, Representative histological image of a lymphoid follicle. DNA is stained with Sytox13 - FITC
(525nm), epithelial cells with PanCK - Cy3 (568nm), and immune cells with CD45 - Texas Red
(615nm). b-e, Quantitative analysis of the proportions of B cells in lymphoid follicles (b),

arteries (c) and parenchyma (d) across timepoints from smoke- and normal air-exposed mice.

Statistical analysis was performed using one-way ANOVA with Tukey’s multiple comparisons
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test. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001. e, Schematic representation of B cell
trafficking within the lungs in response to cigarette smoke, based on multi-site changes in B

cell levels over time.

Local immune niche of lymphoid follicles primes autoimmunity

The oligoclonality of B cells within lymphoid follicles over time during cigarette smoking shows
the presence of local immune responses. To investigate this further, we first compared the
morphology of lymphoid follicles from their initial formation to the end-stage of smoke
exposure and experimental COPD. Over time, lymphoid follicles became denser with
increased follicular cellular contents, enhanced local macrophage trafficking, and reduced
attachment to extracellular matrix as a structural base (Fig. 3.3a). To provide molecular
evidence supporting these morphological observations, we performed a time-series of DEG
analysis to track gene changes in lymphoid follicles with smoke exposure. The gene changes
corroborated the morphological changes, revealing a progressive increase in the expression
of genes associated with autoimmunity in lymphoid follicles over time during smoking (Fig.
3.3b). Enpp2, the most DEG, produces lysophosphatidic acid, which facilitates lymphocyte
trafficking to lymphoid follicles, a hallmark of many autoimmune diseases'®*. However, the
autoimmune component of lymphoid follicles remains complex due to the concurrent gradual
increase in Mfge8 expression. Mfge8 is an inhibitor of autoimmunity, facilitating the clearance
of apoptotic lymphocytes by macrophages®1%, This may explain the observed increase in
macrophage trafficking to lymphoid follicles at later time-points of smoke exposure. The rise
in Mfge8 likely represents a compensatory mechanism to counteract the pro-autoimmune
signals driven by Enpp2. Interestingly, genes associated with type | interferon signalling (e.g.,
Ifit1, Ifit3) were downregulated in lymphoid follicles over time (Fig. 3.3c), suggesting a shift
from T-cell-driven or antiviral-like immune responses to B-cell-mediated immunity. In addition,
the detachment of lymphoid follicles from lung structures such as vascular and alveolar walls
over time was reflected in the decreased expression of Col1al, which encodes collagen. This
detachment may result from alveolar destruction in later time-points of smoke exposure,

causing lymphoid follicles to become standalone tissue masses.
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Further investigation identified two distinct gene clusters within the lymphoid follicles: one
with a gradual increase in expression (LymphFoll_up) and the other with a gradual decrease
(LymphFoll_down). These gene signatures were mapped onto scRNA-seq data from lungs of
mice exposed to cigarette smoke over the same time-course. The majority of upregulated
genes in lymphoid follicles during smoke exposure were expressed by B cells, followed by
dendritic cells, monocytes, and macrophages (Fig. 3.3d), indicating progressive local
autoimmune priming. Conversely, the majority of downregulated genes were expressed by
stromal cells, supporting the observed detachment of lymphoid follicles from their structural

base over time.

Thus, for the first time, we characterised the lymphoid follicle as a local adaptive immune
microenvironment in COPD, revealing its role in priming autoimmunity during continuous

smoking signified by gradual increase of Enpp2.
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Fig. 3.3: Local immune microenvironment of lymphoid follicles induced by cigarette smoke

exposure.

a, Representative histological image of a lymphoid follicle. DNA is stained with Sytox13-FITC
(525nm), epithelial cells with PanCK-Cy3 (568nm), and immune cells with CD45-Texas Red
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(615nm). b, Expression profiles of the top 50 genes altered across time-points of cigarette
smoke exposure in lymphoid follicles. Differentially expressed genes (DEGs) were identified
through a time-series analysis of each ROI at all time-points. Likelihood ratio tests were used
to compare full models against reduced models, with DEGs determined by a false discovery
rate (FDR)-adjusted p<0.05. ¢, Mapping of the type | interferon gene set onto the lymphoid
follicles, across time-points of cigarette smoke exposure. d, Contribution of cell types to the
expression of genes showing increases (LymphFoll_up) or decreases (LymphFoll_down) in
lymphoid follicles over time. LymphFoll_up and LymphFoll_down clusters were derived from

the time-series DEG analysis in lymphoid follicles.

Systemic-to-lung developmental trajectory of follicular B cells in experimental COPD

The development and migration of B cells follow a tightly regulated process, beginning in the
bone marrow, passing through circulation, and ultimately reaching target organs. Using an
animal model across different experimental batches, we analysed B cells extracted from
scRNA-seq datasets of bone marrow'®, blood° and lungs of mice exposed to cigarette smoke
across the time-course. This approach enabled us to create a multi-organ integration of B cells

affected by cigarette smoking (Fig. 3.4a).

Tnfrsf17, a key marker of lymphoid follicles was identified in our ST data and is known as a
marker of immunoglobulin-secreting plasma B cells, was mapped onto the multi-organ B cell
dataset. We observed dominant Tnfrsf17 expression in a sub-cluster within the plasma B cell
sub-population (Fig. 3.4b), which was predominantly present in the lungs (Fig. 3.4c),
identifying a follicular B cell component within lymphoid follicles. Indeed, the hallmark of
lymphoid follicles is the intra-follicle plasma cells producing high titres of antibodies. We then
extracted the top 10 marker genes of follicular B cells and mapped them onto the entire
plasma B cell population in the lungs. We observed a general gradual upregulation of the
follicular B cell signature with prolonged smoke exposure (Fig. 3.4d). Interestingly, the
follicular B signature in lung plasma B cells declined at 8 weeks of smoke exposure in the
scRNA-seq dataset, mirroring the absence of lymphoid follicles in the GeoMx ST dataset at the
same time-point. This alighnment between datasets, despite being generated from separate

experiments, indicates that temporal changes of lymphoid follicles are not linear. This
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exception at 8 weeks of smoke exposure coincided with the onset of the emergence of chronic
features of COPD such as emphysema. Here, structural changes in the lungs, such as alveolar
destruction, may have disrupted the aggregation of follicular B cells, as alveoli provide a

structural base for lymphoid follicles.

Integrating B cells from bone marrow, blood, and lungs allowed us to construct a systemic-to-
lung trajectory of B cell development. Pre-B cells in the bone marrow were identified as the
root of this trajectory, which progressed through maturation stages in the blood and
culminated in follicular B cells in the lungs, marking the terminal stage of a developmental
branch (Fig. 3.4e). Next, we investigated the TF genes driving their development from
immature B cells, predominantly present in the blood, to follicular B cells, that dominated B
cell populations in the lungs. Notable TFs included Foxp1, Hmgb1, Xbp1, and Mxd3 (Fig. 3.4f).
Foxp1 plays a critical role in the early stages of B cell development®’, but is downregulated as
B cells differentiate into plasma B cells'®®. Using primary human B cells differentiating into
plasma cells, van Keimpema et al.,'%° demonstrated that Foxpl repression is essential for
further differentiation beyond the plasma B cell stage. Additionally, trajectory analysis
confirmed known driver TFs of B cell maturation, such as Xbpl, which is essential for
differentiation into plasma B cells*?. Hmgb1 and Mxd3 emerged as newly identified regulators
of the development of follicular B cells in association with lymphoid follicles. Both Hmgb1 and
Mxd3 reached their highest expression at the terminal point of the developmental trajectory,
predominantly located in the lungs (Fig. 3.4g). Hmgb1 is released into the extracellular milieu

111

by plasma B cells during maturation***, where it exerts pro-inflammatory effects, promoting

autoimmune disease and chronic inflammation. Mxd3 confers anti-apoptotic effects on B

112

cells**4, reflecting resistance to apoptosis of follicular B cells within lymphoid follicles at the

terminal stages of B cell development.
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Fig. 3.4: Systemic-to-lung fate of follicular B cells during cigarette smoke exposure and the

development and progression of experimental COPD.
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a, Schematic illustration of the integrated B cell dataset extracted from scRNA-seq of bone
marrow, blood, and lungs of mice exposed to cigarette smoke for 2-12 weeks. b, Expression of
Tnfrsf17, a marker gene of lymphoid follicles identified in the GeoMx ST dataset, mapped in
the multi-organ integrated B cell dataset. Zoomed-in regions (top) highlight the plasma B cell
population with predominant Tnfrsf17 expression, and (bottom) indicates the organ origin of
the plasma B cell population. ¢, Number of follicular B cells identified across murine blood,
bone marrow, and lungs. d, Mapping of the top 10 marker genes of follicular B cells, identified
from the multi-organ integrated B cell dataset, onto the plasma B cell population in the lungs,
along the time-course of cigarette smoke exposure. e, Developmental trajectory of B cells
spanning bone marrow, blood, and lungs in mice exposed to cigarette smoke over the time-
course. Highlighted populations include pre-B cells in the bone marrow, immature B cells in
the blood, and follicular B cells in the lungs. f, Representative transcription factor genes with
altered expression along the developmental trajectory from immature B cells in the blood to
follicular B cells in the lungs. g, Mapping of representative transcription factor genes onto the

plasma B cell population across blood, bone marrow, and lungs.

3.6 Discussion

COPD is a highly heterogeneous respiratory disease affected by infections, comorbidities, and
a variety of environmental risk factors, with cigarette smoking being the most significant risk
factor. The interplay between smoking-related factors such as the duration and intensity of
smoke exposure, airflow dynamics, and the different cross-sectional area across lung
compartments, suggests the presence of a spatiotemporal spectrum during the transition
from smoking to clinical COPD and its advance to more severe disease. Although screening
for these spatiotemporal changes in the lungs of smokers is critical, it remains challenging in
humans due to the difficulty of obtaining whole-lung biopsies from pre-clinical smokers. Our
study addresses this gap by providing, for the first time, a comprehensive spatiotemporal
profile of gene expression changes within key lung anatomical structures using a mouse

model of cigarette smoke-induced experimental COPD.

Initially, we observed increased immune cell influx into the lungs and a decline in lung function

from the beginning of smoke exposure in the animal model, which parallels observations in
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human smokers without chronic respiratory symptoms*!3. Emphysema emerged at 8 weeks in
the animal model, marking the onset of chronic COPD features. This timing is consistent with
previous findings from experimental COPD mouse models conducted in different studies”#>
>3, Together, these baseline observations confirm that the animal model accurately replicates
the effects of human smoking and COPD, providing a robust platform to investigate

spatiotemporal gene changes in the lungs during smoke exposure.

Immunopathology is a hallmark feature of lung damage in COPD. Innate immune responses
have been the primary focus for decades, whereas adaptive immunity has been overlooked
but has recently garnered increased attention. The presence of lymphoid follicles in the lungs
is a marker of adaptive immune responses in smoking-induced COPD. In our study, lymphoid
follicles were first observed in the lungs of mice exposed to cigarette smoke for 4 weeks, prior
to the onset of emphysema, highlighting the role of smoking in their formation. Lymphoid
follicles were captured using ST for gene profiling. Early in smoke exposure, B cells trafficked
from the parenchyma into smaller aggregates, which served as precursors of lymphoid follicles
formed after 4 weeks of exposure. Subsequently, B cells were recruited from circulation and
accumulated within these lymphoid follicles. Over time, lymphoid follicles became denser,
with increased follicular cellular content, enhanced local macrophage trafficking, and reduced

attachment to the extracellular matrix.

The role of lymphoid follicles in promoting autoimmunity over time became evident through
the gradual upregulation of Enpp2, which encodes lysophosphatidic acid. This factor facilitates
lymphocyte trafficking to lymphoid follicles, a hallmark of autoimmune diseases'®*. However,
the autoimmune nature of lymphoid follicles is complex, as evidenced by the concurrent
gradual increase in Mfge8 expression. Mfge8 plays a role in inhibiting autoimmunity by aiding
macrophages to clear apoptotic lymphocytesi®>1%. This explains the observed increase in
macrophage trafficking to lymphoid follicles at later stages of smoke exposure. The rise in
Mfge8 likely reflects a compensatory mechanism to counterbalance pro-autoimmune signals
driven by Enpp2. Interestingly, type | interferon signalling genes (e.g., Ifitl, Ifit3) were
downregulated in lymphoid follicles over time, suggesting a shift from T-cell-driven or
antiviral-like immune responses to B-cell-dominated immunity. Furthermore, the progressive
detachment of lymphoid follicles from lung structures such as vascular and alveolar walls was

marked by reduced expression of Collal over time, a collagen-encoding gene. This
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detachment likely results from emphysema at later stages of smoke exposure, leading to

lymphoid follicles becoming standalone tissue masses in COPD.

To extend our understanding beyond pulmonary changes of B cells, we also incorporated
extra-pulmonary B cells from bone marrow and blood in mice exposed to cigarette smoke,
providing insights into the systemic origins of follicular B cell in experimental COPD. Here, we
constructed a systemic-to-lung developmental trajectory of B cells, starting from pre-B cells in
the bone marrow, progressing through maturation in the blood, and culminating in follicular
B cells in the lungs. The gradual upregulation of follicular B cell signatures during smoke
exposure underscored their progressive role in lymphoid follicle expansion, while a transient
decline at 8 weeks coincided with emphysema onset, likely reflecting structural disruptions in
the lungs. Key TFs (e.g. Foxp1, Xbp1) driving B cell maturation were identified, aligning with
established roles in plasma B cell differentiation®1° Additionally, Hmgb1l and Mxd3
emerged as novel regulators of follicular B cell development, with their highest expression in
the lungs occurring during the progression to more severe experimental COPD. Hmgb1

promotes pro-inflammatory responses, linking follicular B cells to autoimmune and chronic

111 112

inflammatory processes™'. Mxd3 enhances resistance to apoptosis*'4, a characteristic of
follicular B cells within lymphoid follicles. Collectively, the identification of the driver genes
involved in follicular B cell development shed light on the systemic origins and lung-specific
dynamics of lymphoid follicles in smoking-induced COPD, presenting potential therapeutic

targets to inhibit lymphoid follicle formation.

However, this study is limited by the absence of human lung samples for direct comparison.
Future studies could aim to validate these findings in human lungs exposed to cigarette smoke
over varying durations to better understand the temporal dynamics of disease progression.
Obtaining such samples, however, remains a major challenge due to the invasive nature of

distal lung biopsies required for spatial and molecular analyses.

In conclusion, our study offers the first comprehensive spatiotemporal profiling of the lungs
during the development of smoking-induced COPD and its progression to severe disease. By
integrating pulmonary and systemic data, we reveal the critical role of B cells and lymphoid
follicles in COPD immunopathogenesis, emphasising their increasing autoimmune priming
over time. Notably, we identified local autoimmune priming genes within lymphoid follicles

(e.g., Enpp2) and systemic driver genes of follicular B cell development (e.g., Hmgb1, Mxd3),
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which present promising therapeutic targets for intra-pulmonary lymphoid follicle formation

in pre-clinical smokers and COPD patients.
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Chapter 4: Epigenetic Adaptation of Human Airway
Epithelium upon Cigarette Smoking

4.1 Declaration
Chapter 4 is a thesis-adapted version of a manuscript currently under review in Nature

Communications, in which the author of this thesis is the co-first author.

4.2 Abstract

Cigarette smoke first interacts with the lung through airway epithelium, driving the
development of most smoke-associated chronic lung diseases. Here, we profiled a group of
genes (“smoking signature”) that differentiates between current smokers and non-smokers
well across multiple cohorts. By mapping the smoking signature onto single-cell and spatial
transcriptomics of human respiratory tract, we showed the affected site by smoking is
predominately smokers’ airway surface epithelial layer. We then compared the gene
differences of lungs of human and non-human primates, and observed a cluster of human-
specific genes (“human lung evolution”) which is specifically expressed in human smokers’
airway surface epithelial cells, suggesting an evolutionary adaptation to smoke exposure in
human airway. To elucidate this adaptation to smoke, we examined two transcription factors,
NRF2 and AhR, where they were identified as master regulators of gene expressions in the
smoking signature. Transcription factors regulate gene expression by binding to specific DNA
sequences near the target genes. To find the root of the regulation of NRF2 and AhR, we
performed epigenetics study where we identified their binding sites of NQO1 and ALDH3A1,
both of which are also increased in human airway upon smoke exposure in protein level.
Accompanying knockout studies of ALDH3A1 and NQO1 in epithelial cells revealed their roles

in a protective mechanism that aids human airways in adapting to smoke.

4.3 Introduction

Cigarette smoking remains one of the leading causes of preventable death worldwide. It is a

well-known risk factor of developing various serious diseases, including lung cancer,
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cardiovascular disease, and COPD. Smoking, whether acute or chronic, profoundly impacts
gene expressions throughout the airways!'411¢ Airway epithelium provides the first line of
physical defence to protect submucosal layers from inhaled toxicants, such as cigarette smoke,

to minimise cellular damage®'7/118,

Airway epithelium acts as a chemical barrier by releasing antioxidants, antiproteases,
antimicrobial peptides, and bioactive cytokines, thereby initiating innate immune responses
and safeguarding the airways against foreign toxicants and pathogens!!®. Airway lining
comprises a complex structure featuring various specialised cell types such as ciliated cells,
secretory cells, and basal cells within a ciliated pseudostratified columnar and differentiated
epithelial layer, as well as rare epithelial cells such as tuft cells, pulmonary ionocytes, and
pulmonary neuroendocrine cells?®129, Among these cell types, basal cells, located in the inner
layer of the airway epithelium, serve as key progenitors that differentiate into secretory and

ciliated cells in the airway surface epithelial layert?-123,

Our previous findings have demonstrated that cigarette smoke impairs airway epithelial
barrier function'?*, With the evolution of humans and the advent of cooking with fire,
exposure to smoke has been a consistent aspect of human history, potentially driving
adaptations in the human airway to counteract the detrimental effects of smoke exposure.
Over generations, prolonged exposure to smoke may have induced epigenetic modifications,
such as changes in DNA methylation patterns, that influenced the expression of genes critical
for adaptive responses to environmental toxins'?>. These modifications could represent a form
of evolutionary plasticity, where the human genome has responded to repeated smoke
exposure through regulatory changes that enhance protection against lung damage. Here, we
hypothesise that epigenetic changes induce increased expression of genes associated with
oxidative stress response and detoxification, thereby offering adaptive protection against lung
damage in human smokers. Specifically, these DNA methylation sites likely reside within or
near the binding sites of TFs sensitive to cigarette smoke, enabling direct regulation of key

genes that mediate protein-level changes in response to smoke exposure.

In this study, we first identified a "smoking signature" gene set distinguishing current smokers
from never smokers across multiple cohorts. ST showed that this signature is specifically
enriched in the airway of human smokers, not in other lung structures. We mapped smoking

signature onto scRNA-seq datasets of human respiratory tract, revealing predominant effects
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on smokers' airway surface epithelial layer which is in direct contact with inhaled smoke.
Comparison between human and non-human primate lung transcriptomes showed unique
gene expressions in airway surface epithelium of human smokers, indicating that evolutionary
adaptation to smoke in human airway overlaps with smoking signature. We examined two TFs
in smoking signature, NRF2 and AhR, to unravel the adaptation to smoke in epigenetic and
proteomic levels, where we revealed the role of ALDH3A1 and NQO1 as guardians to

maintaining epithelial integrity upon smoke exposure.

4.4 Methods

Study cohorts

The Study to Obtain Normal Values of Inflammatory Variables From Healthy Subjects (NORM;
ClinicalTrials accession no.: NCT00848406) includes asymptomatic smokers and never-
smokers, defined by the absence of respiratory symptoms, normal lung function of
FEV1/FVC >70% and FEV: >80% predicted, and no bronchial hyperresponsiveness to
methacholine. Bronchial biopsies were obtained for comprehensive analysis of whole-
transcriptome expression and methylation patterns using RNA sequencing and 450K

methylation arrays, respectively.
Methylation analysis

Processing and quality control of the Infinium Human Methylation 450K BeadChip has been
previously described?®. Differential methylation analysis was conducted between a subset of
NORM cohort containing current (n=33) and never smokers (n=36) (Supplementary table 2),

using the R package limma'?’

, adjusting for age, gender and principle component analysis
based on technical probes'?®. An Benjamini—Hochberg correction for multiple testing was

applied and an adjusted p-value of <0.05 was considered statistically significant.
Gene expression analysis

RNA extraction, sample preparation and high-throughput sequencing have previously been
described in detail'?°. Bronchial biopsies were taken from segmental divisions of the main
bronchi, 3-6" generation. Biopsies frozen in Tissue-Tek (VWR, Radnor, PA) at =80 °C were

thawed at room temperature and cut from the blocks when they were semi-solid. Total RNA
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was extracted using AllPrep DNA/RNA Mini kits (Qiagen, Venlo, the Netherlands). Samples
were lysed in 600 pL RLT-plus buffer using an IKA Ultra Turrax T10 Homogenizer, and RNA was
purified according to the manufacturer's instructions. RNA samples were dissolved in 30 pL
RNAse free water. Concentrations and quality of RNA were checked using a Nanodrop-1000
and run on a Labchip GX (PerkinElmer, Waltham, MA). RNA samples were further processed
using TruSeq Stranded Total RNA Sample Preparation Kits (lllumina, San Diego, CA), using an
automated procedure in a Caliper Sciclone NGS Workstation (PerkinElmer, Waltham, MA). All
cytoplasmic and mitochondria rRNA was removed (RiboZero Gold kits). The obtained cDNA
fragment libraries were loaded in pools of multiple samples unto an Illumina HiSeq2500

sequencer using default parameters for paired-end sequencing (2x100 bp).
Gene expression quantification

The trimmed fastQ files were aligned to build b37 human reference genome using HISAT
(v0.1.5)%°, allowing for two mismatches. Before gene quantification, SAMtools (v1.2)*3! was
used to sort the aligned reads. Gene-level quantification was performed by HTSeq

(v0.6.1p1)*32 using Ensembl v75 as gene annotation database.

Quality control

QC metrics were calculated for the raw sequencing data, using the FastQC tool (v0.11.3).
Alignments of 77 subjects were obtained. QC metrics were calculated for the aligned reads
using Picard-tools (v1.130), CollectRnaSeqMetrics, MarkDuplicates, CollectinsertSize-Metrics
and SAMtools flagstat. In addition, we checked for concordance between sex-linked (XIST and
Y-chromosomal genes) gene expression and reported sex. All samples were concordant. This
resulted in high-quality RNA-seq data from 77 subjects.

ALl gene expression profiling during smoke exposure

Two publicly available microarray datasets from airway epithelial cells cultured at ALl from
healthy controls were treated with whole gaseous phase smoke were analysed (GSE3066033,
n=3; and GSE82137%3* n =4). ALls in the GSE30660 dataset were exposed for 30 minutes on
four separate days to whole cigarette smoke (n = 4) compared to air exposure. Those from the
GSE82137 dataset were treated with a 48-minute exposure on day one with whole cigarette
smoke and then rested for 24 hours, compared to air exposure. Microarray analysis was

127

conducted using R software v3.02 with limma package**/, and normalised using robust multi-
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array average. A paired linear analysis was conducted using limma comparing treatment and
control.

Transcription factor enrichment analysis

The enrichment analysis for NRF2 and AhR was conducted using GSEA on the following
publicly available databases GSE38332!3> and GSE109576'%¢, respectively. GSE38332
investigated the effects of NRF2 inhibition on A549 expression using siRNA; control A549 cells
(n=3) compared to NRF2 siRNA A549 cells (n=3), while GSE109576 investigated the effects of
AhR inhibition on A549 expression with 4 hours of treatment with CH-223191 (a selective
inhibitor of AHR); control A549 cells (n=3) compared to A549 cells + CH-223191 (n=3).

Transcription factor ChIP-Seq analysis

ChIP-Seq analysis was conducted on two publicly available datasets during the activation of
NRF2 and AhR, respectively. We analysed ChIP-Seq for AhR in the human breast cancer
epithelial cell line MCF-7 in the presence and absence of treatment with TCDD, an activator of
AhR, for 24 hours (GSE90550), as previously described in detail'®’. We analysed ChIP-Seq for
NRF2 in the airway epithelial cell line BEAS-2B in the presence and absence of treatment with
the dietary isothiocyanate, sulforaphane (SFN), an activator of NRF2 (GSE75812), as previously

described in detail3,
Proteomic analysis

Sputum proteomics analysis was conducted on a publicly available dataset (PXD001977) of
current (n=54) and never smokers (n=54)'3°. Briefly, counts were corrected with internal

controls and then analysed using the R package limma'?’.
Comparing gene expression between human and primates

Gene expression profiles of human and non-human primate lung tissue were compared.
Publicly available RNA-seq data from healthy lung tissue of Korean non-smoker females (n =
6) including technical replicates was downloaded from GEO, accession GSE3775. RNA-seq data
from healthy lung tissues of several non-human primates was taken from the Nonhuman
Primate Reference Transcriptome Resource (NHPRTR), including Baboon, Chimpanzee
(technical replicates n=2), Rhesus macaque, Cynomolgus macaque (both Indochinese and

Mauritian), Squirrel monkey, Sooty mangabey, Pig-tailed macaque, Marmoset and Mouse
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Lemur. The quality of all raw RNA-seq data was checked using FastQC. Reads were mapped
against the primary human genome assembly (GRCh38) and quantified with STAR aligner
(v2.4.2a)'*' using release 83 of the human gene annotation from Ensembl

(http://www.ensembl.org). Differentially expressed genes were selected from a list of 232

smoking-related genes requiring an average expression level of at least 1 CPM (n=176 genes).
The normalised CPM expression values were z-transformed before clustering and plotting was

done using pheatmap package.
Spatial transcriptomics analysis

To investigate the specificity of the genes associated with smoking, we applied the gene
signature derived from all significantly upregulated genes in smokers compared to non-
smokers to publicly available spot-based ST dataset of healthy human lungs (ArrayExpress: E-
MTAB-11640)3? obtained through 10x Visium platform. Our analysis focused specifically on
samples extracted from the parenchyma-enriched region of the lungs, comprising data from
asymptomatic current smokers (n=1) and never smokers (n=1), as these were the only relevant
samples available in the dataset relevant to our investigation. Airway club cell marker genes
(5CGB1A1 and SCGB3A1) and visualization of hematoxylin and eosin (H&E)-stained lung tissue
sections were employed to identify and locate the small airways within the lung parenchyma

region.
scRNA-seq analysis

To investigate which cell types express genes that change upon smoke exposure the following
cell types (Club 1, Basal 1, Goblet 1, Basal2, Ciliated 1, Club 2, Goblet 2, Club 3, Ciliated 2) were
analysed from scRNA-seq data from current (n=6) and never smokers (n=6) (GSE131391)42,
In a second analysis these cell types (Basal, Club, Goblet, and Ciliated) were merged. A
signature was created of the genes that were higher in current compared to never smokers
from the RNA-seq data (FC>1, FDR<0.05) and genes that were more highly expressed in the
lungs of humans compared to other primates. UMAPs and violin plots were created based on

smoking status.

CRISPR knockout creation
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To generate CRISPR-Cas9 KO’s the plasmid (Px458) was used as previously described 3. Guide
RNA (gRNA) were designed using the online web tool Benchling (v2018). A single gRNA was
created for each of the four different genes (ALDH3A1, CYP1A1, CYP1B1, NQO1), targeting a
common exon contained in all known splice variants determined by Ensembl. The CRISPR-
Cas9 construct was transfected into A549 cells seeded at 100,000 cells/well in growth medium
(RPMI 1640 medium, Lonza, Basel, Switzerland) supplemented with 10% Fetal Calf Serum (FCS,
Sigma-Aldrich, St. Louis, USA) and 1% Penicillin/Streptomycin (P/S, Gibco, California, USA) in
12 well plates (Sigma-Aldrich). The transfection of the px458 CRISPR-Cas9 construct was
performed with Lipofectamine 3000 Transfection Reagent (ThermoFisher Scientific) according

to the manufacturer's protocol.

After 24 hours of incubation, transfected cells were harvested and sorted based on GFP using
a single cell sorter (SH800S Cell Sorter; Sony Biotechnology, Weybridge, UK) into a 96 well
plate. To validate the knock-out of selected genes, DNA was extracted using QlAamp DNA
Investigator Kits (Ref. No. 56504; QIAGEN) according to the manufacturer's protocol, regions
surrounding the cut site amplified by PCR and the samples sequenced at BaseClear (Leiden,

Netherlands), and subsequently assessed with TIDE web tool and Benchling.
Cigarette smoke extract

Two 3R4F research cigarettes without filters (Tobacco Research & Development Center,
Lexington, KY) were bubbled through 25 mL of RPMI 1640 medium (Lonza) supplemented with
1% P/S (Gibco), using a high flow peristaltic pump (Watson Marlow 603S, Rotterdam, the
Netherlands). The obtained solution was used as 100% cigarette smoke extract. The extract

was prepared freshly for each experiment and used within 30 minutes.
Electric cell-substrate impedance sensing

Electrical resistance was recorded in real-time using the ECIS Z Theta system (Applied
Biophysics) with associated software. 8W10E+ PET electrode chamber arrays were
equilibrated with serum-free growth medium for 2 hours. A549 cells were seeded in
duplicates at 25,000 cells/well. After serum-starvation for 24 hours the cells were exposed to
medium or 20% cigarette smoke extract for 24 hours. Resistance was measured from 0-72

hours at a low-frequency resistance of 40 Hz, to assess cell-cell contacts!#4,
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Annexin-V/PI staining

A549 cells were treated with 0%, 50% and 100% cigarette smoke extract for 4 hours.
Afterwards, cells were incubated with fresh serum-free medium for 20 hours. Cells were
collected and washed twice using Cell Staining Buffer (BiolLegend; Cat. No. 420201) and
centrifuged (1,200 xg, 5 minutes). Cells were resuspended and stained with 40:42 Annexin-V
Binding Buffer (BioLegend; Cat. No. 422201), 1:42 Annexin-V FITC (ImmunoTools; Cat. No.
31490013) and 1:42 Propidium lodide [1.0 mg/mL], and incubated (15 minutes, RT, protected
from light). Fluorescence was assessed using a FACSCalibur (Becton-Dickinson Medical

Systems, Heidelberg, Germany).

4.5 Results

Generation and evaluation of the smoking signature

Cigarette smoke first interacts with the lung through the airway epithelium, contributing to
the development of many chronic lung diseases. Most existing studies used the airway
epithelium in the upper respiratory tract (trachea)'* or in vitro airway epithelial cell culture!4®,
overlooking the direct effect of smoke exposure on the airways within the lungs and the
impact across multiple layers of omics. To address this, we employed a comprehensive multi-
omics approach on respiratory samples exposed to smoke, comparing the transcriptomic
differences between human and non-human primate lungs (Fig. 4.1a). Our study highlights an

evolutionary adaptation in the human airway to withstand smoke exposure.

To precisely define asymptomatic smokers, we first recruited individuals without respiratory
symptoms (NORM; ClinicalTrials accession no.: NCT00848406; Supplementary Table 2). We
then applied bulk RNA-sequencing on bronchial biopsies of asymptomatic current smokers
(n=37) and never smokers (n=40) from the NORM cohort. We identified the 194 significantly
upregulated genes in response to cigarette smoking, referred to as the "smoking signature"
(Fig. 4.1b, Supplementary Table 3). This signature includes genes related to detoxification,
mucus production, and cancer (log2 fold change >1, adjusted p<0.05, Supplementary Table 4),
consistent with known pathogenic effects of cigarette smoking. The robustness of the smoking
signature was confirmed by its upregulation in two independent datasets of in vitro smoke-

exposed airway epithelial cells cultured in air-liquid interface (ALI)*33134 (Fig. 4.1c).
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To verify the specificity of the smoking signature to the airway, we mapped it onto a publicly
available 10x Visium spatial transcriptomics dataset of asymptomatic human lungs®2. Smoking
signature is enriched in the airway of current smokers, even in a lung region predominantly
consisting of alveoli, showing higher expression compared to never smokers (Fig. 4.1d). For
greater cellular resolution, we further examined scRNA-seq data from bronchial brushes of
current smokers (n=6) and never smokers (n=6)%*2. Smoking signature is primarily expressed
by goblet/club cells and ciliated cells from the bronchial brush samples (Fig. 4.1e), with
minimal changes observed in basal cells, indicating that the direct response to smoke occurs
mainly in the airway surface epithelial layer, which is directly exposed to inhaled smoke. We
further validated this observation using the Human Lung Cell Atlas!¥’, confirming the
predominant expression of the smoking signature in goblet, club, and ciliated cells, while basal
cells showed no prominent alterations (Fig. 4.1f). These findings underscore the critical role

of the airway surface epithelial layer in responding to cigarette smoke (Fig. 4.1g).
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Fig. 4.1: Generation and evaluation of the smoking signature at the transcriptome level.
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a, Schematic of experimental design of the study. b, Volcano plot of significantly differentially
expressed genes in bronchial biopsies from current smokers (n=37) compared to never
smokers (n=40) within the NORM cohort (ClinicalTrials accession no.: NCT00848406). A total
of 194 significantly upregulated genes, highlighted within the boxed area, constitute the
“smoking signature”. Significance was determined by a log2 fold change >1 and a Benjamini-
Hochberg (BH) adjusted p-value <0.05. ¢, Boxplot of gene set variation analysis (GSVA)
signalling scores of the smoking signature in two independent datasets of in vitro smoke-
exposed airway epithelial cells cultured in air-liquid interface (ALI)'33134, The centre line
corresponds to the median, the top and bottom hinges delineate the first and third quartiles,
respectively. d, Mapping score of the smoking signature in 10x Visium spatial transcriptomics
dataset?? of lung regions from a current smoker and a never smoker, predominantly consisting
of alveoli with minimal airway presence. The boxed area highlights the airway region. e,
Uniform manifold approximation and projection (UMAP) of a single-cell RNA sequencing
(scRNA-seq) dataset of bronchial brushes of current smokers (n=6) and never smokers (n=6)%2
(top), and mapping score of the smoking signature based on the smoking status (bottom). f,
UMAP of the Human Lung Cell Atlas (left) and the mapping scores of the smoking signature
(right). g, Illustration of the main effect of cigarette smoke on the airway surface epithelial

layer.

Evolutionary adaptation to smoke in human airway

Over generations, prolonged exposure to smoke may have induced epigenetic modifications,
such as changes in DNA methylation patterns, that influenced the expression of genes critical
for adaptive responses to environmental toxins'?>. These modifications could represent a form
of evolutionary plasticity, where the human genome has adapted to repeated smoke exposure
through regulatory changes that enhance protection against lung damage. Since the use of
fire for cooking is a relatively recent development in human evolution, we sought to determine
whether this protective mechanism is unique to humans or conserved across primate species.
To address this, we compared the lung transcriptomes of humans to those of other primates,
including chimpanzee, baboon, cynomolgus macaque, marmoset, pig-tailed macaque, rhesus
macaque, sooty mangabey, and squirrel monkey, all of which were collected from Nonhuman

Primate Reference Transcriptome Resource!®® (Fig. 4.2a). Cross-species transcriptomic
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comparison identified four distinct clusters of genes with lineage-specific upregulation (Fig.
4.2b). Of which, a cluster (named “human lung evolution”) showed significantly higher
expression in human lungs compared to non-human primates. Interestingly, we found a high
overlap of the human lung evolutionary genes with the smoking signature (Fig. 4.2c) as well
as a high expression of human lung evolutionary genes in the bronchial biopsies of human
smokers (Fig. 4.2d), evidenced that evolution plays a role in human’s response to smoke

147 revealed

exposure. Mapping of human lung evolution genes onto the Human Lung Cell Atlas
predominant enrichment in goblet, club, and ciliated cells (Fig. 4.2e), all of which exactly
overlap with the cell types affected by smoking signature, suggesting that the key evolutionary
differences between human and non-human primate lungs lie in the same airway surface

epithelial layer that directly responds to smoke exposure.
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Fig. 4.2: Evolutionary adaptation to cigarette smoke exposure in human airway.

, llustration of cross-species lung transcriptome analysis comparing human never smokers
(n=12) and non-human primate species (n=9 species). b, Heatmap of a total of four clusters
containing significantly differentially expressed genes between the lungs of human never
smokers and non-human primates. The boxed cluster, with higher expression in humans,
represents the “human lung evolution” signature. ¢, Venn diagram showing the overlap
between the “human lung evolution” signature and the smoking signature. d, Boxplot of GSVA
signalling scores of the “human lung evolution” signature in the bulk RNA-seq of bronchial

biopsies collected from current smokers and never smokers from the NORM cohort. The
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centre line corresponds to the median, the top and bottom hinges delineate the first and third
quartiles, respectively. e, UMAP of the Human Lung Cell Atlas (left) and the mapping scores of

the “human lung evolution” signature (right).

NRF2 and AhR as master regulators of the smoking signature

We then investigated whether these human-specific genes are regulated by the same
epigenetic mechanisms controlling gene expressions in the smoking signature. Among genes
in the smoking signature, there are two key TFs, including NRF2 and AhR. Suppression of
NRF2%135 and AhR'3® in A549 human alveolar basal epithelial cells led to decrease in the
smoking signature upon smoke exposure, suggesting their role as master regulator of the
smoking signature (Fig. 4.3a, b). We then investigated the proximity of NRF2 and AhR binding
to other genes in the smoking signature using ChIP-Seq analysis prior- and post-activation with
D,L-sulforaphanel6 and 2,3,7,8-tetrachlorodibenzo-p-dioxin'®’, respectively, in NRF2- and
AhR-inhibited A549 epithelial cell lines. Initially, we examined genes in smoking signature that
are downregulated during AhR suppression (Supplementary Table 5). In AhR-inhibited cells,
60.0% of the suppressed genes in smoking signature exhibit an AhR binding peak within a
100KB region flanking their transcription start site (TSS), indicating direct binding of the
majority of AhR-altered genes by the protein. Next, in NRF2-inhibited cells, only 21.9%
suppressed genes in smoking signature (Supplementary Table 5) show an NRF2 binding peak
within a 100KB region flanking their TSS, suggesting that the majority of NRF2-regulated genes

are indirectly altered by it.
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Fig. 4.3: NRF2 and AhR as master regulators of the smoking signature.

Boxplots of GSVA signalling scores of the smoking signature in NRF2-depleted cells (a) and in
AhR-inhibited cells (b). The centre line corresponds to the median, the top and bottom hinges

delineate the first and third quartiles, respectively.

ALDH3A1 and NQO1 as upstream epigenetic regulators of the smoking signature

Initially, DNA methylation profiling of bronchial biopsies from asymptomatic current (n=33)
and never smokers (n=36) revealed 14,186 differentially methylated CpG sites, well-
differentiated between smokers and non-smokers (Fig. 4.4a-c). Notably, CpG methylation was
over-represented in the 5' UTR and gene body regions (Fig. 4.4d), suggesting direct regulation
of gene expression by smoking-induced DNA methylation given their position in the promotor
region. Key CpG sites include cg00370022, upstream of the detoxification gene CYP1A1, and
cg23576855 in AhR repressor (AhRR), both involve in the AhR signalling (Fig. 4.4e,

Supplementary Table 6).

To bridge how the changes of DNA methylation regulate gene expression of the smoking
signature, we performed cis-expression quantitative trait methylation (eQTM) analysis (1 MB
flanking the gene) using bronchial biopsies from asymptomatic current (n=29) and never
smokers (n=35). Among 1,882 eQTMs identified, 143 (7.6%) are located within the binding
sites of TFs, including NRF2, AhR, and AhRR. Notably, the CYP1B1 gene shows the strongest
eQTM, located upstream of the TSS of CYP1B1 and within the TF binding sites of both AhR and
AhRR (Fig. 14f). Similarly, eQTMs for the ALDH3A1 gene are found within AhR binding sites

90



and positioned 25,000 bp downstream of its TSS (Fig. 14g). Additionally, eQTM for AhRR gene
is situated within the TF binding sites of AhR and AhRR, positioned 50,000 bp downstream to
the TSS of ALDH3A1 gene (Fig. 4.4h). Moreover, eQTMs for NQO1 gene are located 2,500 bp
downstream to the TSS of NRF2 gene (Fig. 4.4i).

We further explored protein-level changes by analysing the sputum proteome of current and
never smokers using a publicly available dataset (PXD001977)%°. Among the 499 proteins
identified across >50% of the samples, 24 showed significantly differential abundance
between current and never smokers (log2 fold change >1.5, adjusted p-value <0.05,
Supplementary Table 8), with 11 upregulated and 13 downregulated in smokers (Fig. 4.4j).
String network analysis of these 24 proteins shows significant enrichment of interactions,
indicating biological connectivity and functional relevance (Supplementary Fig. 2). The
proteome shows enrichment for "RAGE receptor binding", "Toll-like receptor 4 binding",
upregulation of detoxification pathway "Metabolism of xenobiotics by cytochrome P450", and
cancer-related pathway "Chemical carcinogenesis" (adjusted p<0.05, Supplementary Table 9),
paralleling transcriptional findings. Notably, ALDH3A1 and NQOI1, altered at both
transcriptional and epigenetic levels, are among the proteins differentially expressed in

smokers.
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Methylated CpG sites clustering in bronchial biopsies
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Fig. 4.4: ALDH3A1 and NQO1 as upstream epigenetic regulators of the smoking signature.
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Heatmap (a) and volcano plot (b) of the significantly differentially methylated CpG sites in the
bronchial biopsies collected from current smokers (n=33) and never smokers (n=36) from the
NORM cohort. BH-adjusted p-value <0.05. ¢, Manhattan plot of the differentially methylated
CpG sites between current and never smokers and their positions on chromosomes. d,
Positional methylated CpG sites upon smoke exposure. e, Violin plot of the top 5 significantly
methylated CpG sites. Data shown as individual data points, **** p<0.0001. Expression
guantitative trait methylation (eQTM) analysis in relation to transcription factor binding
regions for CYP1B1 (f), ALDH3A1 (g), AhRR (h), and NQOL1 (i). Genes located in the identified
genomic region are shown in the top panel, the black arrows indicate the direction of
transcription. The middle panel shows the binding of transcription factors by ChIP-Seq analysis.
Bottom panel demonstrates the eQTM, the —log10 p-value (y-axis) against genomic location
(x-axis). eQTMs with a false discovery rate (FDR) <0.05 and with a negative association with
gene expression are represented as blue points, while positive associations are represented
as red points. All other eQTMs that were not found to be significant are depicted as grey points.
j, Heatmap of 24 sputum proteins significantly altered between smokers and never-smokers

(log2 fold change >1.5 or <1.5, BH-adjusted p-value <0.05).

ALDH3A1 and NQO1 as guardians of epithelial survival and barrier function upon smoke

exposure

Previous studies have shown upregulation of genes related to aldehyde and ketone
metabolism, including ALDH3A1 and NQO1 in whole lungs'*® and in airway epithelial cells
upon smoking#®1>, To investigate their role in cellular functions such as survival and epithelial
barrier integrity upon smoke exposure, CRISPR/Cas9 knockout (KO) cell lines were generated
using A549 human alveolar basal epithelial cells. Cell death was assessed by measuring
necrosis and apoptosis in CRISPR/Cas9 KO A549 cells after 4 hours of cigarette smoke extract
exposure, followed by a 24-hour recovery. Wild-type A549 cells exposed to 100% cigarette
smoke extract showed decreased viability and increased necrosis (Fig. 4.5a). ALDH3A1-KO
cells exhibited even higher necrosis levels compared to wild-type cells, while no significant

differences were observed in other KO cells.

93



Next, the barrier function in response to smoke exposure was measured in real-time by
monitoring electrical resistance and capacitance during and after the establishment of
epithelial monolayers using ECIS. Although baseline barrier integrity was similar, wild-type
cells exposed to 20% cigarette smoke extract experienced reduced monolayer integrity, which
was further compromised in ALDH3A1- and NQO1-KO cells (Fig. 4.5b, c). In contrast, no
significant differences were observed in CYP1A1- and CYP1B1-KO cell lines. These findings
suggest that ALDH3A1 plays a protective role, as its knockout leads to increased necrosis and

epithelial barrier disruption upon cigarette smoke exposure.
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Fig. 4.5: ALDH3A1 and NQO1 as guardians of epithelial survival and barrier function upon

smoke exposure.

a, A549 epithelial cell death upon 4 hours of exposure to 0-100% cigarette smoke extract in
ALDH3A1 and NQO1 gene knockout condition through CRISPR-Cas9. Epithelial cell barrier
function change in response to 0-20% cigarette smoke extract exposure for 24 hours, which
was measured in real-time monitoring of electrical resistance and capacitance during and
upon the establishment of epithelial monolayers using electric cell-substrate impedance

sensing (ECIS) in ALDH3A1- (b) and NQO1-knockout (c) A549 cells. * p-value <0.05.
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4.6 Discussion

This study represents the first comprehensive investigation employing a broad multi-omics
approach to elucidate the biological responses of airway epithelial cells to chronic smoke
exposure. We delineated the transcriptional and epigenetic profile of the airway epithelium
upon cigarette smoke exposure. Furthermore, we demonstrated a robust association between
epigenetic regulation and the transcriptional response of oxidative stress response and
detoxification genes to this exposure. Cigarette smoke induced epigenetic marks to regulate
gene expression, being positioned within smoking active TF binding sites. The upregulated
genes, particularly ALDH3A1, showed protective effects against cigarette smoke exposure in
lung epithelial cells, as loss of function of these genes exacerbated the loss of epithelial
integrity and increased epithelial cell death upon cigarette smoke exposure. these genes were
predominantly expressed by ciliated and goblet cells, indicating that the oxidative stress and

detoxification response are localised to the surface layer of the airway wall.

Our findings regarding the higher expression of genes related to oxidative stress and
detoxification pathways upon chronic smoke exposure are consistent with previous
studies'>>1>2, Furthermore, these genes are likely under the direct regulation of the TF
candidates NRF2 and AhR of which the binding sites are epigenetically regulated. Both NRF2
and AhR play significant roles in cellular responses to environmental pollutants’>3%>*, Mice
deficient in AhR display more severe pulmonary inflammation upon smoking>>, while mice
deficient in NRF2 are highly susceptible to cigarette smoke-induced emphysema*®®, providing
evidence that both TFs have essential roles in regulating genes that protect against cigarette
smoke. Our enrichment analysis of smoking-induced methylation sites supports the
hypothesis that the expression of detoxification and antioxidant genes is tightly regulated, and
that their upregulation in response to prolonged smoke exposure is likely a result of

hypomethylation of these sites.

Comparative studies showed that the lungs of humans exhibit higher expression of genes
associated with the response to smoke compared to other primates, likely due to our historical
practice of cooking food over open flames, resulting in direct exposure to associated smoke®”,

NQO1 is considered to have an antioxidant role during smoke exposure through the reduction
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of endogenous quinones, such as p-benzosemiquinone, a prominent constituent of cigarette
smoke. In contrast, ALDH3A1 acts as an oxidant to catalyse the oxidation of reactive aldehydes
in cigarette smoke. In our study, knocking out ALDH3A1 led to reduced epithelial barrier
function and cell survival. Supporting these results, a previous study showed that suppression
using siRNA targeting ALDH3A1 or AhR decreased the survival of human bronchial epithelial
cells during smoke exposure®®8. Our study revealed that ADLH3A1 and NQO1 are specifically
expressed in differentiated epithelial cells localized to the lumen, indicating that the oxidative
stress response in the airways is confined to cells on the airway luminal surface directly
exposed to inhaled smoke. In cell culture, our findings and those of others have shown that
these genes are upregulated in undifferentiated basal cells in response to cigarette smoke
extract, indicating that the lack of basal cell responses to smoke exposure is not due to an
inability to respond but likely due to a lack of direct exposure. This has important implications
on the validity of most smoking models, which directly expose cells found deeper in the

airways, such as basal cells.

Although the observed expression patterns raise the hypothesis that certain airway-enriched
genes may have evolved in response to environmental exposures such as cigarette smoke, this
remains speculative. Our study did not include phylogenetic or selective pressure analyses to
directly assess evolutionary adaptation. Future comparative genomic studies, ideally
controlling for smoke exposure across species, would be necessary to confirm this concept.
However, such experiments involving controlled smoke exposure in non-human primates
present considerable ethical and logistical limitations. Here, we sought to provide preliminary
insight by comparing transcriptomes between human non-smokers and non—-smoke-exposed

primates.

Overall, our study shows that the airways are epigenetically regulated to promote the
expression of oxidative stress-response genes, thereby mitigating the effects of chronic smoke
exposure. Importantly, this response is specific to airway surface epithelial cells and does not

extend to the basal cell layer.
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Chapter 5: Cellular Senescence and its targeting in
experimental COPD

5.1 Abstract

Cellular senescence has emerged as a key driver of chronic lung diseases, particularly COPD.
Senescence is primarily triggered by the activation of p53 and p16'V¥4?, which subsequently
induce p21“P1-mediated cell cycle arrest. In COPD, senescent cells accumulate in the lungs
and contribute to chronic low-grade inflammation through the secretion of inflammatory
proteins collectively known as the senescence-associated secretory phenotype. Senolytics, a
class of drugs that selectively induce apoptosis in senescent cells while sparing healthy cells,
have recently shown potential for therapeutic intervention for other chronic lung conditions
such as pulmonary fibrosis. Here, we used a pre-clinical experimental COPD animal model to
evaluate the efficacy of a senolytic cocktail of the senolytics quercetin and dasatinib in
cigarette smoke-induced COPD. We demonstrated the presence of senescent cells in the
lungs in experimental COPD and showed that oral administration of senolytics effectively
eliminated these cells in the lungs. Senolytic treatment reduced immune cell infiltration to
the lungs and improved pulmonary structural integrity. Our study highlights the potential of
guercetin and dasatinib as a promising front-line therapy and as an adjuvant therapy

alongside conventional symptom-management treatments for COPD.

5.2 Introduction

COPD is a complex and heterogeneous lung condition characterised by persistent
inflammation that originates in the airways and progressively involves the lung parenchyma,
ultimately leading to airway remodelling, alveolar destruction and impaired lung function?.
Cigarette smoking is the primary risk factor for COPD although air pollution and cooking smoke
are also important causal factors. In 2019, it was estimated that approximately 391 million
individuals aged 30-79 years worldwide were affected by COPD?, accounting for nearly 10%
of the global population. COPD is now recognised as the third leading cause of morbidity and

mortality worldwide?. In healthy individuals, FEV1 and FVC typically peak around the age of
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25 and gradually decline with age®®. This age-related decline may be attributed to low-grade
pulmonary inflammation, peripheral airway narrowing, and alveolar space enlargement,

which are features that closely resemble the key pathological hallmarks of COPD.

Cellular senescence is a hallmark of ageing and arises primarily from repeated cellular
divisions, leading to progressive telomere shortening and activation of DNA damage response
pathways. This process activates the tumour suppressor p53. Alternatively, cellular
senescence can also be induced by cellular stressors, such as oxidative stress, radiation, or
cytotoxic therapies, which activate the cyclin-dependent kinase inhibitor p16™%4e, These
pathways may converge to activate p21“"?, a downstream effector that causes cell cycle arrest
by inhibiting cyclin-dependent kinases 2 and 4. Senolytics, a class of drugs that selectively
target senescent cells, induce apoptosis in these cells while having minimal effect on
proliferating cells'®®, Notably, the senolytic cocktail of quercetin and dasatinib (Q+D) has
substantial beneficial effects in aged mice, reducing senescent cell accumulation, extending

lifespan by 36%, and decreasing mortality risk by 65%%°.

Senescent cells, including alveolar epithelial and endothelial cells, have been shown to
accumulate in the lungs of patients with COPD62%4, Similarly, in pulmonary fibrosis, cellular
senescence is observed in alveolar epithelial cells and fibroblasts!®®. To date, the first and only
clinical trial using Q+D senolytic therapy was conducted in patients with idiopathic pulmonary
fibrosis aged over 50 years. This pilot study demonstrated slight clinical improvements, such
as improved 6-minute walk distance, but the findings remained inconclusive due to the small
sample size'®®. To build confidence for future clinical trials of senolytics in COPD, we conducted
a pre-clinical study to evaluate the efficacy of oral administration of the Q+D senolytic cocktail
in an experimental COPD animal model induced by cigarette smoke exposure. We confirmed
the accumulation of senescent cells in the lungs in experimental COPD and demonstrated that
senolytic treatment effectively eliminated these cells. Although spirometry-like lung function
was not restored, senolytic therapy reduced immune cell infiltration in the lungs and improved
pulmonary structural integrity. Our findings underscore the potential of Q+D as a promising
front-line and adjuvant therapy alongside conventional treatments for managing COPD

symptomes.
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Senolytics are administered intermittently to effectively target and eliminate accumulated
senescent cells. The intermittent dosing strategy offers several advantages: allowing for
efficient clearance of senescent cells, while minimising drug exposure to healthy cells thereby
reducing the risk of side effects. Intermittent treatment also prevents complete depletion of

senescent cells, preserving their occasional beneficial roles such as promotion of wound

167 160

healing*®’, and aligns with the natural accumulation cycle of senescent cells**®, ensuring the

therapy is optimally administered when the burden is highest.

5.3 Methods

Ethics

The Animal Welfare Committee of Sydney Local Health District approved all experimental
procedures (protocol no.: 2018-030). This study was conducted in accordance with the

Australian responsible use of animal code.
Animal model of cigarette smoke-induced experimental COPD

The protocol for inducing experimental COPD via nose-only cigarette smoke inhalation in the
mouse model was performed as previously described!”#2>3, The establishment of this model,
similar to those in Chapters 2 and 3. Briefly, 8-week-old wild-type female C57BL/6J mice were
exposed to cigarette smoke for 8 weeks. Mice were treated either weekly or bi-weekly with
oral administration of the senolytic cocktail Q+D or vehicle control on a weekly basis. Time-
matched control groups were exposed to normal air, with or without the same treatments

(n=8 per group).
Senolytic administration

The senolytic cocktail consisting of quercetin (50 mg/kg) and dasatinib (5 mg/kg) was
prepared in 100% PEG400. Mice received the treatment via oral gavage, with three doses
administered per treatment cycle. A treatment cycle was defined as either one week (weekly
administration) or two weeks (bi-weekly administration), depending on the designated
frequency for each group. Vehicle-treated groups received 100% PEG400 following the same

administration schedule.

100



Airway inflammation, emphysema and lung function measures

Airway inflammation was determined by differential cell counts in bronchoalveolar lavage
(BAL) fluid. The approaches to measure baseline structural and cellular changes in respiratory
samples from animal model were described previously!”#>>3, Emphysema was quantified
using the mean linear intercept method, a standard approach for assessing alveolar diameter
in mice. Lung function parameters were evaluated using the flexiVent system with forced

oscillation and forced manoeuvre techniques.

RT-gPCR for Gene Expression Analysis

Total RNA was extracted from mouse lung homogenates. cDNA synthesis was performed
using a high-capacity reverse transcription kit with random primers. RT-gPCR was performed
to assess the expression of genes that were associated with anti-apoptotic (Bcl-w, Bcl-xl),
senescence-related (p21), senescence-associated secretory phenotype (SASP) (Pail, Mmp12),
and the anti-ageing (Sirt1) processes. Gene-specific primers were designed and validated to
ensure amplification specificity. RT-qPCR reactions were conducted using a SYBR Green
master mix on a real-time thermal cycler, with triplicate technical replicates for each sample.
Gene expression levels were normalised to the housekeeping gene Gapdh, and relative

expression was calculated using the AACt method.

SA-B-gal staining

Frozen murine lung tissue sections were used to stain for senescent cells with senescence-
associated B-galactosidase (SA-B-gal). Once thawed, a 5-minute PBS wash was used to remove
OCT from tissues, with two additional PBS washes to ensure thorough cleaning. Tissue
sections were fixed with 100uL of freshly prepared 2% paraformaldehyde (PFA, in PBS, 10
minutes, room temperature, protected from light). After fixation, sections were washed twice
with 100 uL PBS to remove residual PFA. A working solution of the SA-B-gal SGP probe
(ThermoFisher #C10841) was freshly prepared by diluting the probe 1:1000 in pre-warmed
senescence buffer (37°C). Each tissue section was stained with 100uL of the working solution
and incubated (37°C without CO,, 1 hour, protected from light). Following incubation, the

working solution was removed, and the slides were washed three times with PBS. Sections
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were counterstained with DAPI and imaged using a fluorescence microscope with a

488nm/FITC filter set and an exposure setting of 1000.

5.4 Results

Improvement of intrapulmonary immune cell infiltration and alveolar integrity by senolytics

To determine the optimal dosing frequency for targeting senescent cells in the lungs during
regular cigarette smoke exposure, we evaluated the administration of Q+D on a weekly and
bi-weekly schedule in a pre-clinical model of cigarette smoke-induced COPD (Fig. 5.1a).
Smoke-exposed mice had reduced body weight compared to air-exposed mice (Fig. 5.1b),
which is due to a reduction a water content. Q+D treatment did not reverse this effect similar
to most other treatments. In terms of lung function, significant impairment was observed in
the experimental COPD group, whereas Q+D administration did not lead to any measurable
improvement (Fig. 5.1c). In fact, a slight reduction in static compliance (Cst) was observed with
bi-weekly administration of Q+D, potentially due to the senolytics promoting pulmonary

hypertension at this dosing frequency?!®.

Q+D had potent beneficial effects in reducing immune cell infiltration in BAL fluid, with a
marked decrease in macrophages, neutrophils, and lymphocytes (Fig. 5.1d). Furthermore,
while emphysema was clearly observed in the experimental COPD group, senolytic treatment
almost completely inhibited this feature (Fig. 5.1e). These findings highlight the therapeutic
potential of Q+D senolytics in experimental COPD, as evidenced through reductions in
intrapulmonary immune cell infiltration and by improvements in alveolar integrity. This would

be most beneficial in patients with emphysema at a milder stage.

These findings highlight the therapeutic potential of Q+D senolytics in experimental COPD, as
evidenced by reductions in intrapulmonary immune cell infiltration and improvements in
alveolar integrity. Such effects may be most relevant to early or milder stages of COPD,

particularly in cases presenting with inflammatory or emphysematous features.
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Fig. 5.1: Effects of senolytic administration of Q+D in experimental COPD
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a, Schematic representation of the establishment of an experimental COPD mouse model
used as a pre-clinical platform to test the effects of Q+D senolytic treatment. b, Changes in
body weight in mice treated with Q+D or vehicle and/or exposed to ?? weeks of cigarette
smoke compared to normal air (n=8 per group). ¢, Inflammatory cell counts in bronchoalveolar
lavage (BAL) fluid. d, Quantitative analysis of alveolar diameter to evaluate emphysematous
changes. e, Assessment of lung function parameters, including forced vital capacity (FVC),
total lung capacity (TLC), inspiratory capacity (IC), and static lung compliance (Cst). Statistical

analysis was performed using two-way ANOVA with Sidak’s multiple comparisons test.

Elimination of senescent cells in the lungs by oral treatment with senolytics

SA-B-gal is widely recognised as the standard marker for identifying senescent cells, as its
activity is strongly associated with the accumulation of senescence-related lysosomal B-
galactosidase. To evaluate the presence of senescent cells, we stained lung tissues with SA-B-
gal and quantified the number of positively stained cells. Our results confirmed a substantial
accumulation of senescent cells in the lungs of mice with experimental COPD (Fig. 5.2a, b),
consistent with findings from clinical studies in humans with COPD'®2-184, This accumulation
highlights an association of cellular senescence with COPD, particularly in driving chronic
inflammation and tissue damage. Treatment with senolytics via oral administration
substantially reduced SA-B-gal-positive cells in the lungs (Fig. 5.2a, b), indicating the effective
clearance of senescent cells. The reduction in senescent cells aligns with improvements in
immune cell infiltration and pulmonary structural integrity, further supporting the therapeutic

potential of senolytic treatment in COPD.

Next, we investigated the effects of senolytic treatment on the expression of senescence-
related genes in the lungs. First, we analysed the expression of anti-apoptotic BCL family
genes, including Bcl-xI and Bcl-w, both of which were elevated in experimental COPD (Fig.
5.2c). Weekly senolytic administration effectively reduced the expression of these genes,
likely by promoting apoptosis in senescent cells. We then examined the expression of the
senescence-related gene p21 and SASP genes Pail and Mmp12, which were significantly

upregulated in experimental COPD. Weekly senolytic treatment notably downregulated these
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genes, indicating a reduction in senescence-associated signalling pathways (Fig. 5.2d).
Additionally, we assessed the expression of the anti-ageing gene Sirt1, which was reduced in
the lungs in experimental COPD, reflecting accelerated ageing associated with the disease. Bi-
weekly administration of Q+D restored Sirtl expression, suggesting a potential role in
mitigating COPD-related ageing processes. Although senolytics did not significantly improve
lung function in COPD, their ability to reduce immune cell infiltration, enhance lung structure
and eliminate senescent cells via oral treatment highlights their potential as an adjuvant

therapy for COPD.
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Fig. 5.2: Intrapulmonary effects of oral treatment with Q+D senolytics on senescence.

a, Representative histological images of SA-B-gal staining in lung tissues from experimental
COPD and controls. Bright green, senescent cells. b, Quantification of SA-B-gal staining
presented as corrected total cell fluorescence (CTCF). ¢, d, Expression levels of anti-apoptotic

genes (Bcl-x/ and Bcl-w) (c), senescence-related gene (p21), senescence-associated secretory
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phenotype (SASP) genes (Pail and Mmp12), and the anti-ageing gene (Sirt1) (d). Statistical

analysis were evaluated using one-way ANOVA with Dunnett’s multiple comparisons test.

5.4 Discussion

This observational study provides new insights into the importance of senescence and the
therapeutic potential of senolytics in COPD, a condition characterised by chronic inflammation,
alveolar destruction and impaired lung function. Although Q+D senolytic treatment did not
improve lung function, it demonstrated substantial efficacy in targeting senescent cells,
reducing inflammatory cell infiltration, and enhancing lung structure, underscoring its

potential as a therapy for COPD.

Cellular senescence is increasingly recognised as a key driver of COPD pathogenesis,
contributing to persistent inflammation and tissue remodelling through the SASP. Our
findings confirmed the accumulation of senescent cells in the lungs in experimental COPD,
consistent with clinical observations in humans®2-1%4 The senolytic cocktail Q+D, delivered as
an oral treatment, effectively reduced the number of SA-B-gal-positive cells, highlighting their
ability to seliminate senescent cells. Clearance was associated with reductions in
inflammatory cell infiltration to the lungs as evidenced by decreased macrophages,
neutrophils, and lymphocytes in BAL fluid, and improved alveolar integrity and reduced
emphysema. These finding are in line with previous studies demonstrating the role of
senolytics in mitigating inflammatory cell recruitment and improving lung homeostasis in

other situations16>166,

Although Q+D treatment partially reversed emphysematous changes, it failed to improve lung
function parameters. The slight worsening of Cst observed with bi-weekly dosing may reflect
potential off-target effects, such as pulmonary hypertension, which warrants further
investigation. These findings underscore the complexity of COPD pathophysiology, wherein
structural improvements alone may be insufficient to restore physiological function. Senolytic
treatment routes and regimes may need to be optimised and/or combined with other

therapeutic modalities to maximise clinical benefits. Collectively, senolytics administration
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might be most beneficial for patients at a mild stage of COPD (GOLD Stage 1-2) to potentially
halt disease progression. However, future studies need to define the dosage and

administration frequency clinically.

In conclusion, our study highlights the importance of senescence and the potential of Q+D as
a therapy for COPD, with its ability to selectively eliminate senescent cells, mitigate
inflammation, and preserve lung structure. Further pre-clinical and clinical studies are needed
to refine dosing strategies, explore combination therapies, and assess long-term outcomes.
This study represents a step toward understanding the role of senolytics in addressing the

cellular and molecular drivers of COPD pathogenesis.
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Chapter 6: General Discussion

6.1 Overview

This thesis investigates the complex pathogenesis of COPD through the lens of ST, scRNA-seq,
and other advanced omics techniques. The overarching aim was to elucidate the cellular,
spatial, and molecular mechanisms driving COPD progression, particularly in response to
cigarette smoke exposure. COPD is a highly heterogeneous disease characterised by airway
inflammation and chronic bronchitis, systemic immune dysregulation and lung parenchymal
destruction and emphysema, with cigarette smoking as the current leading risk factor.
Despite the availability of pharmacological and non-pharmacological interventions, effective

treatments targeting disease pathogenesis remain limited and are poorly effective.

The integration of ST and scRNA-seq enabled the profiling of spatially resolved gene
expression, uncovering novel insights into the interplay of immune cells, structural lung
changes, and senescence-driven inflammation. Each chapter 2-5 contributes unique
perspectives on these aspects, from spatial immune dynamics (Chapter 2), spatiotemporal
evolution of lymphoid follicles (Chapter 3), epigenetic regulation in airway epithelial cells
(Chapter 4), to the therapeutic potential of senolytics in addressing senescence-related
pathologies in COPD (Chapter 5). Together, these findings pave the way for precision medicine

approaches targeting COPD pathogenesis.

6.2 Spatial Immune Dynamics in COPD Pathogenesis

Chapter 2 emphasised the critical role of the lung periphery in COPD pathogenesis. AlvMs
were shown to migrate from the vasculature to the distal lung parenchyma during chronic
cigarette smoke exposure, forming inflammation-enriched niches near the edge of the lungs.

This study expands the conventional airway-centric view of COPD.

Spatial profiling revealed specific transcriptional changes, such as upregulated Lcn2 and

downregulated KlIf2, implicating microvascular dysfunction as a driver of COPD. The potential
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of Lcn2 as a therapeutic target is supported by preclinical studies demonstrating the efficacy
of monoclonal antibodies against Lcn2 in limiting tumour metastases to the lungs®2. However,
they have not yet been applied to COPD. These findings underscore the translational value of

our ST study in identifying actionable therapeutic targets potentially in the form of biologics.

Inter-cellular communication highlighted that impaired angiogenesis signals and upregulated
inflammatory pathways, particularly Anxal-mediated cytokine signalling, were elevated in
experimental COPD. The peptide AC2-26, mimicking Anxal, demonstrated therapeutic
potential in reducing inflammation and tissue damage in COPD animal models®®. These
insights underscore the importance of targeting the pulmonary microvasculature and

inflammatory crosstalk to mor holistically address COPD pathogenesis.

6.3 Spatiotemporal Evolution of Lymphoid Follicles

Chapter 3 presented a spatiotemporal trajectory of lymphoid follicle formation in cigarette
smoke-induced experimental COPD. Lymphoid follicles were observed after as early as four
weeks of cigarette smoke exposure, preceding the onset of emphysema. The occurrence of
lymphoid follicles before emphysema onset highlights their roles and potential as early

markers of adaptive immune responses in the development of COPD.

This study uncovered a shift in lymphoid follicle composition over time, characterised by
increased macrophage trafficking and detachment from lung structures such as vascular and
alveolar walls, attributed to emphysema-induced architectural disruption. Key genes,
including Enpp2 (pro-autoimmune) and Mfge8 (anti-autoimmune), revealed a dynamic
balance between autoimmune priming and resolution within lymphoid follicles. This duality

underscores the complexity of adaptive immune responses in COPD.

The systemic origins of follicular B cells were traced from pre-B cells in the bone marrow to
mature B cells in the lungs, with TFs Foxpl and Xbpl playing pivotal roles in their
development!?”110 Novel regulators, such as Hmgbl and Mxd3, linked B cells to chronic

inflammation and apoptotic resistance!12 suggesting the potential of targeted
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pharmacotherapeutic strategies to disrupt lymphoid follicle formation and mitigate

autoimmune priming in COPD.

6.4 Epigenetic Adaptation of Airway Epithelial Cells

Chapter 4 highlighted the epigenetic regulation of airway epithelial cells in response to
cigarette smoke exposure. We first profiled the “smoking signature” that differentiates
between current smokers and non-smokers across multiple cohorts. The affected site by
smoking is predominately the smokers’ airway surface epithelial layer found using the
smoking signature. We then compared the gene differences of the lungs of human and non-
human primates and observed that the gene differences are mainly in human smokers’ airway
surface epithelial cells, suggesting an evolutionary adaptation to smoke exposure in human

airway.

The study identified key TFs (NRF2, AhR) driving oxidative stress responses, with
hypomethylation of their binding sites correlating with increased expression of detoxification
genes, such as ALDH3A1 and NQO1. These genes, which are predominantly expressed by
luminal epithelial cells, have protective effects against smoke-induced epithelial damage!>®.
The findings align with prior studies showing essential roles for NRF2 and AhR in mitigating
smoke-induced pulmonary inflammation and emphysema'>>?®, The localisation of
detoxification responses to the airway surface layer highlights the importance of modelling
smoke exposure in differentiated epithelial systems, as basal cells showed limited direct

responses. This specificity underscores the need for refined experimental models that mimic

the hierarchical organisation of the airway epithelium.

However, this study has certain limitations, primarily the use of the alveolar epithelial cell line
A549 instead of a true airway epithelial model. While A549 cells provide valuable mechanistic
insights, they do not fully recapitulate the cellular diversity and differentiation hierarchy of
the human airway. In future studies, the use of human small airway epithelial cells cultured
under ALl conditions will enable a more physiologically relevant model that better mimics the

structure and function of the airway epithelium. This approach will allow for more accurate
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investigation of smoke-induced epigenetic and transcriptional adaptations in airway epithelial

cells.

Furthermore, while the findings raise the hypothesis that certain airway-enriched genes may
have undergone adaptive changes in response to environmental exposures such as cigarette
smoke, this remains speculative. Our study did not include phylogenetic or selective pressure
analyses to directly evaluate evolutionary adaptation. Future comparative genomic studies,
ideally controlling for smoke exposure across species, would be required to substantiate this
hypothesis. However, conducting such experiments in non-human primates presents
considerable ethical and logistical challenges. In this study, we instead provided preliminary
insights by comparing transcriptomes between human non-smokers and non-smoke-

exposed primates.

6.5 Therapeutic Potential of Senolytics in COPD

Chapter 5 explored the efficacy of the senolytic cocktail Q+D in targeting senescence-driven
inflammation in COPD. Senescent cells, identified by SA-B-gal staining, accumulated in
experimental COPD lungs, consistent with clinical observations'®2-1%4, Oral treatment with
Q+D effectively eliminated these cells, reduced immune cell infiltration, and partially restored
alveolar integrity suppressing the development of emphysema. These findings align with

studies demonstrating the anti-inflammatory effects of senolytics in fibrotic lung disease!6>16,

Despite these structural improvements, Q+D did not prevent lung function decline, and
exacerbated Cst at bi-weekly dosing, potentially due to off-target effects like pulmonary
hypertension'®®. These pre-clinical observations of senolytics in COPD underscore the need
for optimised dosing strategies and combination therapies to achieve broader clinical benefits.

They also demonstrate the potential of senolytics as therapeutics in COPD.
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6.6 Integration and Implications

All the studies in this thesis highlight the interplay between immune dysregulation, structural
lung changes, and cellular senescence in COPD pathogenesis. The integration of ST and
scRNA-seq provides unprecedented insights into spatially resolved gene expression, revealing
critical processes such as macrophage migration and lymphoid follicle evolution in
experimental COPD in animal model. These findings were further validated in clinical COPD in
humans, exemplified by the observed migration pattern of AlvMs from the vasculature to the

distal parenchyma in COPD lungs.

These findings have significant implications for therapeutic development, advocating for a
shift toward precision medicine approaches that target peripheral lung regions, immune
crosstalk, and senescence-driven inflammation. Furthermore, the identification of actionable
targets, such as Lcn2, Enpp2, and senescent cells, underscores the translational potential of

this work.

6.7 Future Directions

Future studies should focus on leveraging advanced spatial profiling tools to refine our
understanding of macrophage migration and its interactions with the pulmonary
microvasculature. Exploring the molecular drivers of microvascular dysfunction, such as Lcn2
and KIf2, in human COPD cohorts could pave the way for targeted therapies. Functional
validation of these targets using genetically modified animal models or CRISPR-based editing
in organoid systems will be essential. Additionally, the development of biologics or small
molecules targeting Lcn2 and Anxal signalling pathways offers a promising therapeutic
avenue. Investigating the long-term effects of these interventions in pre-clinical experiments

and pilot clinical trials would further inform their translational potential.

To better understand the adaptive immune responses in COPD, future research should employ
longitudinal sampling of Ilymphoid follicles in human COPD patients. Single-cell
transcriptomics and single-cell ST could provide deeper insights into the dynamic balance

between autoimmune priming and resolution within these follicles. Additionally, therapeutic
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strategies aimed at modulating follicular B cell activity, such as inhibitors of Hmgb1 and Mxd3,
should be explored in pre-clinical studies. Combining these approaches with advanced
imaging techniques, such as intravital microscopy, could elucidate the real-time interactions

between lymphoid follicles and their surrounding lung microenvironment.

Future directions in the epigenetic area of smoking can aim to unravel the epigenetic
landscape of airway epithelial cells in more diverse smoking conditions, including passive and
occupational exposure, apart from cigarette smoking. Advanced epigenome-editing
techniques, such as dCas9-TET/CRISPR systems, could be employed to experimentally validate
the functional role of specific epigenetic modifications in genes like ALDH3A1 and NQO1.
Moreover, creating airway organoids or ALl in vitro models that mimic human airway
architecture would allow for high-throughput drug screening and precise modelling of smoke-
induced damage. Comparative studies across diverse human populations and primates could
also reveal evolutionary adaptations that contribute to differences in susceptibility to smoke-

induced COPD.

Future work about cellular senescence should focus on optimising dosing regimens and
combinations of senolytic therapies to minimise off-target effects, such as pulmonary
hypertension, while maximising therapeutic efficacy. The use of patient-derived lung
organoids and our experimental COPD animal models would provide a more accurate
representation of human COPD and allow for personalised medicine approaches. Combining
senolytics with anti-inflammatory drugs or agents targeting structural repair mechanisms
could offer synergistic benefits. Additionally, large-scale clinical trials are needed to assess the
safety, efficacy, and long-term benefits of senolytic therapies in COPD patients, particularly in

addressing structural and functional impairments.

6.8 Conclusions

This thesis provides a comprehensive investigation of the complex mechanisms underlying
COPD pathogenesis, employing cutting-edge spatial and molecular technologies to address

key gaps in our understanding. By integrating ST and scRNA-seq, this work highlights the
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critical roles of immune dysregulation, structural lung remodelling, and cellular senescence in

COPD.

Chapter 2 advanced our understanding of immune dynamics by demonstrating macrophage
migration from the vasculature to the lung periphery, forming inflammation-enriched niches
and implicating microvascular dysfunction in disease progression. These findings expand upon
the traditional airway-centric focus of COPD pathogenesis and highlight the importance of

targeting peripheral lung regions for therapeutic intervention.

Chapter 3 revealed the spatiotemporal evolution of lymphoid follicles in response to cigarette
smoke exposure, identifying them as early markers of adaptive immune responses and key
players in COPD progression. The discovery of novel regulators such as Hmgb1 and Mxd3

provides a foundation for therapeutic strategies aimed at disrupting autoimmune priming.

Chapter 4 explored the epigenetic adaptation of airway epithelial cells to smoke exposure,
identifying a "smoking signature" gene set and key transcription factors NRF2 and AhR that
mediate oxidative stress responses. The findings suggest an evolutionary adaptation of
human airways to prolonged smoke exposure and emphasise the importance of modelling

epithelial responses in differentiated systems.

Chapter 5 investigated the therapeutic potential of senolytics in targeting senescence-driven
inflammation, demonstrating their ability to clear senescent cells, reduce immune infiltration,
and partially restore alveolar integrity. While promising, the findings also highlight the need
for optimised dosing and combination therapies to fully address structural and functional

impairments in COPD.

Together, these studies pave the way for precision medicine approaches that target the
diverse and dynamic mechanisms driving COPD pathogenesis. By identifying actionable
therapeutic targets such as Lcn2, Enpp2, and senescent cells, this thesis bridges the gap
between basic research and clinical translation. The integration of advanced omics techniques
with functional assays provides a robust framework for future investigations, laying the

groundwork for novel therapies that address the unmet needs of COPD patients.
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This thesis represents a significant contribution to the field of respiratory disease research
and underscores the potential of spatially resolved and molecularly informed strategies to

transform the diagnosis and treatment of COPD.
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Supplementary Tables and Figures

Supplementary table 1: Cell-to-cell dependencies within each spot and in areas of immediate and extended neighbourhood in each lung tissue

sample.

target intercept intra juxta_5 para_15 p.intra p.juxta_5 p.para_15
alv.M_ -0.0132791 | 0.68271918 | 0.28781519 | 0.32707931 | 1.33E-15 0.00213843 | 3.34E-06
Ciliated -0.0691958 | 0.84257217 | 0.05721949 | 0.45174092 0| 0.44688109 | 1.89E-14
Cd4a.T -0.0008097 | 0.60952441 | 0.17036474 | 0.18813574 | 1.80E-12 0.1147151 | 0.01564691
AT1 -0.1581267 | 1.27698022 | 0.31309554 | 0.21844141 0 | 2.84E-05 6.25E-05
adv.fibro -0.0014322 | 0.4377633 | 0.17567585 | 0.5271163 | 1.31E-08 0.06693126 | 3.41E-11
ILC2 0.00089977 | 0.54128513 | 0.09625118 | 0.14219901 | 9.86E-11 0.34921041 | 0.06881509
Meso -0.0092575 | 0.84542126 | 0.16279299 | 0.3475594 0| 0.01026407 | 7.33E-10
Plasma.cells 0.00232799 | -0.0542602 | 0.07214468 | 0.06132943 | 0.17756178 | 0.06084922 | 0.11582812
Anti.inflam.mono | 0.00015615 | 0.77109655 | 0.06517158 | 0.07217624 0 | 0.54540753 | 0.34673212
Cd8.T -0.0010671 | 0.80046431 | 0.13756631 | 0.09892133 0] 0.16121128 | 0.22199563
akC -0.035176 | 1.11743185 | 0.19059622 | 0.34599337 0| 0.06399151 | 3.32E-08
int.M_ -0.0096015 | 0.56192034 | 0.23236623 | 0.61096755 | 6.66E-16 0.00327525 0
Club -0.0034346 | 0.92836306 | 0.06305824 | 0.21705987 0] 0.12301226 | 2.28E-10
AT2 -0.0083914 | 0.9797321 | -0.0386608 | 0.3386403 0 | 0.66930883 | 8.54E-08
Pro.inflam.mono | 0.00388447 | 0.50438051 | 0.0749784 | 0.05599484 | 1.28E-07 0.50530524 | 0.44262091
Neut 0.00115316 | 0.53592961 | 0.05302995 | -0.0207729 | 2.46E-08 0.58286115 | 0.79492457
aSMC -0.0137508 | 0.7277115 0.188499 | 0.35138343 0| 0.0521591 | 1.32E-07
Aerocytes -0.0531395 | 0.96282941 | 0.36714666 | 0.08887185 0 | 3.35E-05 0.19790243




ceC -0.0022189 | 0.81935628 | 0.10485778 | 0.25839858 0.26070823 | 0.00026944
B -0.007034 | 0.81436068 | 0.25686885 | 0.15503096 0.00592573 | 0.0265596
DC -0.0067762 | 0.67521395 | 0.32078108 | 0.30713923 | 3.35E-13 0.00147984 | 4.34E-06

lymphEC -0.0003383 | 0.59371288 | 0.18407374 | 0.1567503 | 1.34E-11 0.05870603 | 0.04631208
VEC -0.0056705 | 1.0931399 | -0.0092515 | 0.12235348 0.92735929 | 0.08293363
NK 0.00250226 | 0.37691868 | -0.155328 | 0.18763262 | 8.93E-05 0.16811619 | 0.00461336
alv.fibro -0.0406271 | 0.99470678 | 0.23223705 | 0.11634752 0.03571614 | 0.12178538
Cd4.Cd8.T -0.0029756 | 0.6069215 | 0.08551395 | 0.52459568 0.27803073 0
Mast.baso 0.00060019 | 0.39730226 | 0.12846989 | 0.14998239 | 1.18E-05 0.24152112 | 0.06350879
vSMC 0.00018767 | 0.57755311 | 0.12942684 | 0.17287605 | 1.86E-10 0.20423936 | 0.02165177

Supplementary Table 2: Clinical characteristics of NORM donors.

Current Smoker

no

yes

n

69

93

Gender n (Male %)

39(0.57)

52(0.56)

Age (SD) 41.32(18.83) | 43.71(16.77)
Blood

Percentage

Basophils (%) 0.59(0.32) 0.43(0.21)*
Eosinophils (%) 2.55(1.54) 2.92(1.59)
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Neutrophils (%) 53.2(7.78) 55.1(9.15)
Lymphocytes (%) 40.11(32.92) | 33.78(8.48)
Monocytes (%) 7.66(1.75) 7.83(1.64)
Total numbers (10°/L)

Total leucocyte count 5.51(1.55) 7.04(2.04)*
Neutrophils 2.94(1.2) 3.8(1.83)*
Lymphocytes 1.96(0.56) 2.23(0.54)*
Monocytes 0.41(0.15) 0.53(0.15)*
Eosinophils 0.13(0.08) 0.2(0.11)*
Basophils 0.03(0.02) 0.03(0.02)
Sputum percentage

Basophils (%) 0(0) 0(0)
Eosinophils (%) 0.3(0.91) 0.6(0.8)

Neutrophils (%)

50.72(23.61)

53.83(20.85)

Lymphocytes (%)

0.72(0.84)

0.3(0.4)*

Macrophages (%)

48.26(23.38)

45.28(20.98)

Bronchial cells (%)

3.3(2.93)

5.37(7)

Squamous (%)

53.56(31.63)

37.62(29.12)*

Non-squamous (%)

46.44(31.63)

62.38(29.12)*
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Total numbers (10°)

Macrophages 0.14(0.09) 0.17(0.18)
Neutrophils 0.33(0.29) 0.33(0.3)
Eosinophils 0.01(0.02) 0.01(0.01)
Lymphocytes 0(0) 0(0)

Basophils 0(0) 0(0)

Bronchial cells 0.02(0.04) 0.03(0.04)
Percentage of FEV1 predicted 108.28(12.39) | 103.26(12.57)*

*<0.05 FEV1= forced expiratory volume in one second.

Supplementary Table 3: Smoking signature.

Gene log2FoldChange pvalue padj

AKR1C2 2.63560903 | 1.54657097627777e-73 3.51752102844616e-69
ALDH3A1 2.51940043 | 5.562772527432e-60 6.32598491819567e-56
ENSG00000253339 2.74117032 | 4.21278227672221e-54 3.193850670059e-50
AKR1B10 3.02703918 | 3.94606060266998e-53 2.24373005867815e-49
CLDN10 2.19116228 | 3.03211046522605e-52 1.37924640842203e-48
SLC7A11 2.90390122 | 3.05219725083204e-50 1.15698623788206e-46
Cypi1B1 3.12570031 | 7.14262619808894e-50 2.32074128927621e-46
ENSG00000231683 2.99633026 | 2.34943163990971e-47 6.67943415226331e-44

131



CEACAMS 2.72942187 | 3.50634213073186e-42 8.8609161579295e-39

SPDEF 2.04052969 | 1.10072210241699%e-41 2.5034823497372e-38

NQO1 2.01165069 | 1.22114094163098e-39 2.52487541604136e-36
OSGIN1 1.58696421 | 8.89216344494516e-39 1.68536137826527e-35
ME1 1.55651553 | 9.85262131968311e-39 1.72375399457594e-35
VSIG2 1.30429795 | 5.60416108680841e-38 9.10435998274075e-35
GPX2 1.89567525 | 2.21303440319902e-37 3.35555029775723e-34
B3GNT6 2.43376843 | 7.05303084001356e-37 1.00258833390793e-33
ENSG00000228277 1.97838145 | 3.20741790635011e-35 4.05275071455705e-32
MUC5AC 2.13270028 | 2.74996950926538e-34 3.29185823782799%e-31
ENSG00000171658 2.29224105 | 4.21414624861637e-33 4.79232711392653e-30
FUT6 1.32130572 | 9.7669057253889e-33 1.0578023991345e-29

H19 2.2448666 | 1.0477392880371e-32 1.08317192577799%e-29
TRIM16L 1.38177126 | 1.66860541345801e-31 1.65003310972561e-28
ENSG00000261296 2.25025437 | 3.42720276677676e-31 3.24784582198211e-28
ATP13A5 1.87089192 | 1.37106707289872e-30 1.24734198024034e-27
PIR 1.33216042 | 3.31443991052578e-30 2.89937005096148e-27
FAM3D 1.27302678 | 4.46711084099998e-30 3.76296181361865e-27
FER1L6 1.47820651 | 6.01776675006362e-29 4.7195892056361e-26

AKR1C3 1.49710523 | 7.81863049039566e-29 5.9275643957853e-26

FUT3 1.39947682 | 2.1861366900124e-28 1.60391912508523e-25
ENSG00000166104 2.02079341 | 2.16385484719782e-27 1.4474916071961e-24

RDH10 1.39975068 | 3.54561556660019e-27 2.30404229847871e-24
KCNE3 1.14482236 | 9.98846678584737e-27 6.31049134936979%e-24
MUCL1 1.83938427 | 1.18660729018161e-26 7.29410708321366e-24
MUC1 1.12379569 | 2.18102810366225e-26 1.27833131954767e-23
GALNT®6 1.13312098 | 2.6101280886667e-26 1.48411883121589e-23
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GALNT?7 1.0216327 | 2.75468176613945e-26 1.49172576402561e-23
LUCAT1 2.00544718 | 1.94814946820149e-25 9.84638033439438e-23
LINCO0675 1.61273231 | 2.45346192542069e-25 1.21307691373409e-22
GALNT12 1.01061472 | 4.14896150024942e-25 2.00774426301432e-22
ENSG00000258689 1.82578658 | 5.25374482062895e-25 2.48939942084135e-22
GPR110 1.33032948 | 5.75242406170728e-25 2.67006393590756e-22
CREB3L1 1.15419186 | 1.01797660838009e-24 4.63057199619937e-22
AGR2 1.45613435 | 1.84864290409869e-24 8.24422239427857e-22
TALDO1 1.0649813 | 2.22009752014385e-24 9.71036499964455e-22
ENSG00000224251 1.88795445 | 2.59953661268389%e-24 1.11554454186571e-21
CABYR 1.41111001 | 3.29101513974907e-24 1.38612682108246e-21
AJAP1 1.62600556 | 2.28343946960497e-23 9.27402630298131e-21
AKR1C1 1.26108654 | 5.73842083655646e-23 2.28973058783579e-20
PHEX 1.13519649 | 5.92276520253391e-23 2.32254089252468e-20
CEACAM®6 1.49670036 | 7.23593759245985e-23 2.78939262038825e-20
AHRR 1.75489739 | 9.04178842298509e-23 3.42744059820621e-20
TMEM458B 1.26410738 | 1.4213295828684e-22 5.13122540202523e-20
SYTL5 1.35140108 | 3.29617583464867e-22 1.17137848723827e-19
S100P 1.50749161 | 3.48387189232389%¢e-22 1.20609040845163e-19
ENSG00000238755 1.94257436 | 3.49991061193316e-22 1.20609040845163e-19
GJB1 1.30484998 | 7.99428753014849e-22 2.67385405273084e-19
ENSG00000264785 1.94420871 | 1.10377524603402e-21 3.58632345654253e-19
ADH7 1.17254367 | 1.21600271098282e-21 3.89531910684412e-19
ATP10B 1.44960044 | 1.53545609015197e-21 4.85033518255782e-19
SRPX2 1.22119879 | 2.69013920407809e-21 8.38144192569206e-19
DEFB1 1.6864961 | 1.14542439159706e-20 3.47353764833115e-18
DHRS9 1.19900154 | 1.32989054089839e-20 3.97987242923591e-18
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CYP1B1-AS1 1.43836231 | 5.73152840499668e-20 1.67125489799032e-17
KLK13 1.53624152 | 9.0955880160161e-20 2.58587567295338e-17
RAP1GAP 1.2961176 | 9.56430675487101e-20 2.65281210771691e-17
OCA2 1.51172837 | 1.5407771117198e-19 4.22210055770543e-17
TMEM178B 1.09663605 | 2.08448666074691e-19 5.57759583670915e-17
FA2H 1.19958397 | 2.8007400106143e-19 7.32184262085191e-17
CYP1A1 1.95045422 | 5.80330327886919%e-19 1.46655921971779%e-16
TNNT3 1.27035685 | 6.28116410549904e-19 1.56987688368649%e-16
RNF183 1.16751442 | 9.67651348624541e-19 2.39220242099093e-16
PGD 1.12536207 | 1.09160602455089e-18 2.66962230348231e-16
CLDN7 1.02083317 | 2.71398842783134e-18 6.56669710665914e-16
FER1L6-AS1 1.48889587 | 4.42651837759965e-18 1.04871597895965e-15
SECTM1 1.12655734 | 6.65832070221579%e-18 1.51436846051196e-15
FAM177B 1.38330344 | 1.04789763608138e-17 2.33660625833675e-15
NKX3-1 1.54521053 | 1.16970853360652e-17 2.58289814449969e-15
S100A9 1.89610642 | 1.41672795540839%e-17 3.03981703941589e-15
JAKMIP3 1.38952167 | 1.68642013815463e-17 3.55147589094343e-15
ENTPD8 1.22887688 | 1.73808782015418e-17 3.62670361298961e-15
UCHL1 1.59105417 | 2.00356569015018e-17 4.1426452778887e-15

LRRC31 1.51609497 | 3.45595410040475e-17 7.01805536246479e-15
CYPAF3 1.04607755 | 3.53758036296391e-17 7.12024139603993e-15
ENSG00000203472 1.03889807 | 5.62738873358483e-17 1.09392589193721e-14
GAD1 1.33752377 | 1.3439268957223e-16 2.48506287124455e-14
FAM3B 1.18909118 | 1.59584298801856e-16 2.88062324757891e-14
MSMB 1.63275125 | 1.69461211980298e-16 3.03482346872433e-14
PTPRH 1.69786314 | 1.87441857342424e-16 3.3306075026532e-14

IGSF11 1.08054823 | 2.46686777238725e-16 4.2504879253921e-14
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ENSG00000232756 1.05262167 | 2.87554342397541e-16 4.88069848021618e-14
HEPACAM2 1.36124317 | 4.79539446944178e-16 8.01959204507234e-14
ENSG00000232079 1.24447975 | 5.06808805341621e-16 8.41376603554003e-14
TFF3 1.24178886 | 6.14536038732544e-16 1.01282664238645e-13
SPTSSB 1.2763832 | 6.73060190381049e-16 1.10130078921055e-13
C120rf36 1.73083243 | 1.49433072640918e-15 2.37671734555597e-13
TPRXL 1.46979331 | 1.88031623818036e-15 2.92917209049138e-13
UPK1B 1.54629453 | 2.48658929200466e-15 3.73099057704463e-13
KRT23 1.21149505 | 2.7242607522062e-15 4.04971153909659e-13
KIAA1644 1.4373885 | 2.88989265684018e-15 4.24103690759605e-13
ANXA3 1.13818663 | 3.84061028164197e-15 5.49376353746321e-13
RNF175 1.03342634 | 5.19157458340755e-15 7.33398585869698e-13
TXN 1.30042592 | 6.05343554828868e-15 8.39508159209011e-13
GALNTS 1.00202875 | 1.39407582499477e-14 1.78128430133039%e-12
ANO7 1.16700403 | 1.52018848621604e-14 1.92084260724987e-12
MLC1 1.36627611 | 1.57666364094626e-14 1.98119546130839e-12
CRLF1 1.18119568 | 1.80776842099456e-14 2.25911455863188e-12
SDCBP2 1.15515938 | 2.73620573155565e-14 3.27538227150008e-12
ENSG00000249352 1.33583678 | 3.05499625355815e-14 3.60014688035888e-12
MSLN 1.22259405 | 6.7571584426281e-14 7.6460105283151e-12

IL1IR2 1.52366944 | 7.70166722669479%e-14 8.62890243369193e-12
HS6ST2 1.28841403 | 9.82121503968444e-14 1.07910007179992e-11
PACSIN1 1.43359238 | 9.92105294645184e-14 1.08482898179856e-11
CSTA 1.52469983 | 1.08874194509145e-13 1.17915937138857e-11
ENSG00000253417 1.42523865 | 1.27113748879507e-13 1.34039323551089%e-11
FOLH1 1.01628666 | 1.32671449603772e-13 1.38416488522394e-11
ENSG00000249599 1.41488167 | 2.44055822359775e-13 2.46702472166699%e-11
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ZNF467 1.0114198 | 3.51609067009128e-13 3.44698130174811e-11
ENSG00000243486 1.58039039 | 4.41268392686301e-13 4.26056204380272e-11
ABCA12 1.13412816 | 4.73821227283513e-13 4.54708438537393e-11
ATP6VOA4 1.0158427 | 5.03279779822718e-13 4.78937042355142e-11
SERPINB11 1.11004772 | 5.51153099056111e-13 5.20142161200506e-11
SLC25A47P1 1.08194416 | 6.00624031594373e-13 5.64487312999274e-11
FOXA3 1.28283899 | 6.68857344416261e-13 6.23462763991944e-11
CPHL1P 1.29597981 | 7.2614375843993e-13 6.71358278128364e-11
TSPANS8 1.02947568 | 9.23084110902465e-13 8.36439243759588e-11
BPIFB1 1.23232733 | 1.15182955372167e-12 1.0233285691346e-10
TFF1 1.42221828 | 1.95016143954841e-12 1.70594122234958e-10
SCEL 1.57165779 | 2.06648386636171e-12 1.793897292234e-10
BCAN 1.14399816 | 3.62970777340429e-12 2.99108962312707e-10
S100A8 1.51100814 | 4.5633559681357e-12 3.68045986309498e-10
CAPN9 1.00172569 | 4.64358457737702e-12 3.73193242501283e-10
WDR72 1.33813166 | 5.54851995558411e-12 4.38178950936823e-10
LINCO0589 1.06090544 | 6.59390350363144e-12 5.06661288130384e-10
ENSG00000245466 1.07358752 | 1.09923900681316e-11 8.27850727515184e-10
GOLGA7B 1.14205742 | 1.21842993481987e-11 9.11218072648449e-10
CA12 1.36081701 | 1.31070349082741e-11 9.64745637390896e-10
MACC1 1.03664924 | 1.32941458526244e-11 9.75361462168029e-10
TMEM132B 1.0358398 | 1.90748312964096e-11 1.37290494622006e-09
DUOX2 1.20099189 | 2.06940798956667e-11 1.47544248635437e-09
ELFN2 1.25157326 | 2.3425916050777e-11 1.63938164510422e-09
LOXHD1 1.45476307 | 2.87923708783248e-11 1.98440510077764e-09
CALCA 1.27294835 | 4.86595624622692e-11 3.26464037947448e-09
ENSG00000250237 1.13790258 | 6.54951455538522e-11 4.31774374051251e-09
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ARHGAP40 1.32301137 | 1.07375575073961e-10 6.8026464609531e-09

SHH 1.05258241 | 1.14053825160581e-10 7.14611625193461e-09
ENSG00000251537 1.14316038 | 1.63478652886964e-10 9.9682533009681e-09

TCN1 1.27977241 | 3.78442340250129e-10 2.2183743780023e-08

TMPRSS11A 1.34724374 | 7.12989657031356e-10 3.9075269300051e-08

ENSG00000260641 1.10855323 | 7.43703894680644e-10 4.06605802418668e-08
A2ML1 1.34585355 | 8.15011861177145e-10 4.40299994551377e-08
HGD 1.02747999 | 8.59725075208011e-10 4.60084402600729e-08
GBP6 1.03958953 | 8.8530709563838e-10 4.71555610847759e-08
PSCA 1.12813926 | 1.24507014238556e-09 6.49492553174704e-08
ENSG00000260337 1.19042043 | 1.3086252555648e-09 6.77981157461635e-08
ENSG00000253789 1.04671387 | 1.76610022489406e-09 8.9262630033312e-08

HMGCS2 1.27750411 | 2.64395427874022e-09 1.30160381202744e-07
ENSG00000242770 1.16429146 | 2.88229841895533e-09 1.41282317329138e-07
MTND4P19 1.09276462 | 3.59604116417559e-09 1.72186021553704e-07
CCAT1 1.10812711 | 4.48572304216991e-09 2.10770819149207e-07
S100A14 1.03415912 | 5.30126677514929e-09 2.44567974713987e-07
SCGB2A1 1.02122873 | 5.43170717799879e-09 2.50078437361143e-07
ENSG00000237311 1.02004256 | 5.50438321577897e-09 2.52912508807428e-07
GCNT3 1.13898779 | 5.60767278943062e-09 2.57138931295988e-07
TMEM211 1.02928331 | 5.6863314898917e-09 2.59698641377705e-07
LYPD3 1.26846567 | 6.74205338655744e-09 3.03045972774432e-07
ILIRN 1.27760894 | 8.3873366791185e-09 3.68977921527797e-07
ENSG00000244137 1.03132866 | 8.44329293916652e-09 3.70008197704053e-07
KLK12 1.00125922 | 1.37095036353659e-08 5.77423982745854e-07
COMP 1.18171733 | 1.38472617213811e-08 5.78937721674799%e-07
EGF 1.12832216 | 3.06827970891399%e-08 1.18681894046836e-06
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OR5BA1P 1.05588951 | 3.41801858603467e-08 1.31095134436379e-06
CYPAF11 1.00659322 | 4.29264790156498e-08 1.61108884279198e-06
UGT1A10 1.00376501 | 4.92337589129303e-08 1.82076847596047e-06
NMUR2 1.15471297 | 6.79490180278638e-08 2.45306740639006e-06
PPP2R2C 1.12581648 | 8.82581428663276e-08 3.12468963990317e-06
B3GALT5 1.02010212 | 8.86134724647179e-08 3.12468963990317e-06
NOS1 1.14940083 | 1.01551424050056e-07 3.52623753983888e-06
ENSG00000215895 1.06588038 | 1.17504810702055e-07 4.0309644262557e-06

PADI1 1.1652185 | 1.26220991462688e-07 4.29113636745499e-06
MSLNL 1.10632734 | 1.45530994197873e-07 4.89638599413671e-06
HIST1H1B 1.05202915 | 1.62262606214281e-07 5.38759228574832e-06
ENSG00000234477 1.0683219 | 2.28559126258451e-07 7.35268566848967e-06
BPIFB2 1.13124414 | 2.51078965906896e-07 8.00517647002908e-06
SLCOA2 1.03698047 | 3.55789019542325e-07 1.10096128713886e-05
HIST1H2A) 1.01197728 | 3.95758381852285e-07 1.21145742084097e-05
HIST1H2BB 1.04764601 | 4.6606352865782e-07 1.39659405741679e-05
GRP 1.01675622 | 5.77301803433918e-07 1.68335284837193e-05
HIST1H3G 1.03504002 | 5.97589540849211e-07 1.73361945370848e-05
MAL 1.07311825 | 7.33574608946445e-07 2.06746231795266e-05
ZG168B 1.08906889 | 9.74796340402686e-07 2.6776289814153e-05

ANKRD22 1.01831231 | 1.20525785538453e-06 3.23259253099832e-05
SLC9A4 1.05555025 | 1.21868982774932e-06 3.25709535162521e-05
FAMS83C 1.02664813 | 2.17399174804695e-06 5.39795505650434e-05
KRT6A 1.03824642 | 2.19778801620334e-06 5.44975402744544e-05
KRT4 1.05377305 | 2.36144964662666e-06 5.79701096162625e-05
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Supplementary Table 4: KEGG pathway analysis of smoking signature.

Pathway Adjusted p value
Steroid hormone biosynthesis 0.000145
Mucin type O-glycan biosynthesis 4.44e-06
Retinol metabolism 0.00693
Metabolism of xenobiotics by cytochrome P450 0.00036
Metabolic pathways 5.47e-05
Chemical carcinogenesis 0.000645

Log2 fold change >2 or <-2, adjusted p value <0.05.

Supplementary Table 5: Differential ChIP-Seq analysis of smoking signature for AhR in the presence and absence of TCDD treatment in MCF-7

cells and ChIP-Seq analysis of smoking signature for NRF2 in the presence and absence of dietary isothiocyanate, sulforaphane (SFN) treatment

in BEAS2B cells.

chr start end length | abs_summit | pileup | -logl0(p-value) | fold_enrichment | -logl0(qvalue) | Gene Name | Annotation Distance to TSS
AhR

chr2 38304635 38305021 387 38304799 379 205.05 8.25 198.8 | CYP1B1 Intergenic -1505
chrl 120322615 | 120322865 251 120322748 230 96.58 5.9 91.72 | HMGCS2 Intergenic -11185
chrl7 80291687 80292029 343 80291878 182 91.05 7.32 86.28 | SECTM1 promoter-TSS (NM_003004) 63
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chr3 193160990 | 193161283 294 193161117 97 87.62 19.6 82.91 | ATP13A5 intron (NM_032279, intron 18 of 29) -64623
chril 46295518 46295690 173 46295608 133 67.84 7.44 63.45 | CREB3L1 Intergenic -3585
chrlé 69760440 69760960 521 69760822 226 57.73 3.65 53.52 | NQO1 promoter-TSS (NM_001025433) -129
chr3 161111217 | 161111403 187 161111290 62 54.13 17.47 49.98 | SPTSSB Intergenic -21439
chrl 21965150 21965558 409 21965335 175 48.75 3.9 44.7 | RAP1GAP intron (NM_001145657, intron 3 of 26) 12994
chr8 124934460 | 124934645 186 124934537 107 48.54 6.34 44.49 | FER1L6 intron (NM_001039112, intron 1 of 40) 70326
chr19 42278430 42278793 364 42278681 230 48.37 3.15 44.32 | CEACAM6 Intergenic 19214
chrl7 18625183 18625529 347 18625355 159 48.29 4.19 44.24 | TRIM16L promoter-TSS (NM_001037330) -46
chré 34513580 34513816 237 34513685 81 42 7.42 38.07 | SPDEF intron (NM_001252294, intron 1 of 4) 10412
chrl7 19651651 19652003 353 19651772 89 34.72 5.28 30.93 | ALDH3A1 promoter-TSS (NM_000691) -81
chr10 5122101 5122410 310 5122223 75 30.16 5.42 26.47 | AKR1C3 intron (NM_001253908, intron 1 of 8) -14312
chr7 138560754 | 138560939 186 138560845 57 26.86 6.35 23.24 | ATP6VOA4 intron (NM_020910, intron 12 of 19) -77906
chrl8 21688647 21688847 201 21688741 40 26.53 10 22,92 | CABYR intron (NM_153211, intron 6 of 13) -30173
chrll 761648 761810 163 761731 33 23.51 11.16 19.97 | TALDO1 intron (NM_006755, intron 4 of 7) 14297
chrl5 63673179 63673340 162 63673261 45 19.72 5.76 16.27 | CA12 intron (NM_206925, intron 1 of 9) 815
chr7 16844822 16845020 199 16844928 84 19.3 3.23 15.86 | AGR2 promoter-TSS (NM_006408) -183
chr3 120380248 | 120380419 172 120380309 61 18.98 4.08 15.55 | HGD intron (NM_000187, intron 4 of 13) 21084
chr10 5051477 5051663 187 5051573 65 154 3.27 12.08 | AKR1C2 intron (NM_001354, intron 1 of 10) -5364
chr5 151782741 | 151782873 133 151782815 24 11.8 6.12 8.61 | NMUR2 intron (NM_020167, intron 1 of 3) 2033
chrl7 7167998 7168204 207 7168131 34 11.77 4.29 8.58 | CLDN7 Intergenic -1589
chr13 78179347 78179502 156 78179461 29 11.59 4.9 8.4 | SCEL intron (NM_144777, intron 19 of 32) 69616
chrd 139156806 | 139157113 308 139156992 40 11.47 3.64 8.29 | SLC7A11 intron (NM_014331, intron 2 of 11) 6543
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chr7 140862025 | 140862286 262 140862184 40 10.34 3.33 7.21 | TMEM178B | intron (NM_001195278, intron 1 of 3) 88124
chr3 122057818 | 122057955 138 122057900 20 9.4 5.59 6.31 | CSTA intron (NM_005213, intron 2 of 2) 13876
NRF2

chrl6 69760633 69761102 471 69760914 122 196.9733 56.5502 190.0103 | NQO1 Promoter (<=1kb) -100
chr17 19656312 19656659 349 19656494 75 83.62875 22.46204 77.95403 | ALDH3A1 Distal Intergenic -4566
chr9 1.13E+08 1.13E+08 307 1.13E+08 45 47.38888 16.77407 42.30107 | TXN Promoter (<=1kb) -183
chrX 15511299 15511516 219 15511420 20 19.62139 10.1975 15.17912 | PIR Promoter (<=1kb) 195
chra 1.39E+08 1.39E+08 386 1.39E+08 12 14.83409 9.14149 10.60889 | SLC7A11 Intron (uc021xrw.1/23657, intron 2 of 11) 6409
chré 84037523 84037674 153 84037648 10 10.53488 7.01857 6.54085 | ME1 Intron (uc003pjy.3/4199, intron 5 of 13) 103264
chr10 5062586 5062760 176 5062722 9 10.47211 7.03192 6.48187 | AKR1C2 Promoter (2-3kb) -2361

Supplementary Table 6: Top 50 CpG sites differentially methylated between the bronchial biopsies collected from asymptomatic current smokers

and never smokers

Name Chromosome | Position Relation to island | UCSC_RefGene_Name | logFC | P Adjusted p value
cg05395852 | chr7 128750384 | OpenSea -0.861 | 6.32E-23 2.04E-17
cg00370022 | chrl5 75015192 | N_Shelf CYP1A1 -0.805 | 9.55E-23 2.04E-17
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€g23576855 | chr5 373299 | N_Shore AHRR -1.007 | 1.50E-22 2.14E-17
cg23160522 | chrl5 75015787 | N_Shelf CYP1Al -0.904 | 2.22E-22 2.38E-17
€g26144569 | chr2 38304804 | S_Shore CYP1B1 -0.862 | 1.50E-18 1.28E-13
€g02162897 | chr2 38300537 | N_Shore CYP1B1 -0.958 | 1.15E-17 8.17E-13
cg09809932 | chrl 6515597 | Island ESPN 1.123 | 1.46E-17 8.93E-13
€g21161138 | chr5 399360 | OpenSea AHRR -0.587 | 1.66E-16 7.66E-12
cg05575921 | chr5 373378 | N_Shore AHRR -0.776 | 1.74E-16 7.66E-12
cg00575672 | chr4 100644171 | OpenSea -0.710 | 1.79E-16 7.66E-12
cg03344767 | chrl 10475318 | OpenSea PGD -0.603 | 1.65E-15 6.43E-11
cg03970915 | chr22 47426893 | S_Shelf TBC1D22A -0.480 | 6.88E-15 2.45E-10
cg02417427 | chr5 79479211 | OpenSea SERINCS -0.610 | 1.24E-14 4.08E-10
cgl14492337 | chrl7 79813507 | OpenSea P4HB -0.446 | 1.63E-14 4.80E-10
cg09618125 | chr22 43120117 | S_Shelf -0.371 | 1.80E-14 4.80E-10
cg14181111 | chrl 168773313 | OpenSea -0.532 | 1.74E-14 4.80E-10
cg06679296 | chrll 1949032 | Island TNNT3 -0.735 | 2.02E-14 5.08E-10
€g24180759 | chr5 167551234 | OpenSea 0Dz2 -0.641 | 3.97E-14 9.43E-10
cg12258471 | chrl?7 19650069 | S_Shore ALDH3A1 -1.059 | 5.99E-14 1.35E-09
cg11875995 | chr8 123587744 | OpenSea -0.581 | 1.11E-13 2.38E-09
cgl17054691 | chrl?7 79813439 | OpenSea P4HB -0.661 | 1.26E-13 2.56E-09
cg15663412 | chrl0 122864146 | OpenSea -0.785 | 2.01E-13 3.90E-09
cg04830857 | chr3 156394724 | S_Shore TIPARP -0.594 | 2.67E-13 4.95E-09
€g21715189 | chr2 38304802 | S_Shore CYP1B1 -0.709 | 3.38E-13 6.01E-09
cg00244111 | chr3 149086884 | OpenSea TMA4SF1 -0.706 | 4.08E-13 6.98E-09
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€g08220966 | chrl0 88717364 | OpenSea MMRN2 0.413 | 4.86E-13 7.98E-09
cg15059474 | chr7 97990184 | OpenSea BAIAP2L1 -0.542 | 6.02E-13 9.19E-09
cg08921300 | chrl 210534820 | OpenSea HHAT -0.468 | 5.91E-13 9.19E-09
cg10829629 | chrl0 88717494 | OpenSea MMRN2 0.475 | 7.13E-13 1.05E-08
€g23732725 | chr3 128766093 | S_Shore -0.750 | 1.13E-12 1.60E-08
cg01821149 | chrll 1949090 | Island TNNT3 -0.397 | 1.22E-12 1.60E-08
€g27359629 | chré 74101601 | N_Shelf -0.413 | 1.23E-12 1.60E-08
€g24153813 | chrl4 26731696 | OpenSea -0.446 | 1.27E-12 1.60E-08
cg08924619 | chrl3 111160399 | N_Shelf COL4A2 -0.471 | 1.33E-12 1.63E-08
cg03243768 | chrll 9115107 | S_Shore FU46111 0.503 | 1.24E-12 1.60E-08
cg19786648 | chrl7 71824806 | OpenSea Cl7orf54 -0.437 | 1.42E-12 1.66E-08
€g26535158 | chrl? 40175841 | S_Shelf NKIRAS2 -0.339 | 1.44E-12 1.66E-08
cgl14751552 | chr8 74209522 | S_Shore RDH10 -0.473 | 1.80E-12 1.97E-08
€g20623506 | chrl? 79813410 | OpenSea P4HB -0.704 | 1.79€E-12 1.97E-08
cg01395499 | chrl 204982603 | OpenSea NFASC -0.347 | 2.27E-12 2.43E-08
€g23878564 | chrl7 7287449 | Island TNK1 0.974 | 2.63E-12 2.74E-08
€g21515113 | chr3 185676537 | OpenSea -0.578 | 2.79E-12 2.84E-08
cg11072637 | chr7 65773051 | OpenSea TPST1 -0.492 | 3.36E-12 3.25E-08
cg04396721 | chrl 220958670 | N_Shore MOSC1 -0.430 | 3.19E-12 3.17E-08
cg06878649 | chrl6 84336112 | OpenSea WFDC1 -0.543 | 3.43E-12 3.25E-08
€g25887076 | chrl0 5576256 | OpenSea -0.659 | 3.79E-12 3.38E-08
cg14486905 | chr2 171677602 | N_Shore GAD1 0.669 | 3.79E-12 3.38E-08
cg16435782 | chr21 39087399 | OpenSea KCNJ6 -0.388 | 3.77E-12 3.38E-08
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€g24911905

chrd

3433773 | OpenSea

RGS12

-0.481

4.06E-12

3.48E-08

cg10806811

chrl4

25451658 | OpenSea

STXBP6

-0.516

4.08E-12

3.48E-08

Log2 fold change >2 or <-2, adjusted p value <0.05.

Supplementary Table 7: Significant sputum proteins differentially abundant between asymptomatic current and never smokers.

Gene logFC | p-value Adjusted p value
ALDH3A1 | 1.650 | 4.032E-30 2.012E-27
NQO1 1.047 | 1.832E-10 8.363E-09
MSMB 0.943 | 6.750E-13 8.421E-11
AGR2 0.871 | 2.061E-08 5.414E-07
ADH7 0.808 | 2.037E-11 1.694E-09
SPRR1A 0.738 | 1.694E-04 1.190E-03
GSTA2 0.672 | 3.638E-07 6.052E-06
TFF3 0.648 | 2.601E-12 2.596E-10
PRH1 0.639 | 1.406E-03 7.232E-03
VSTM2L 0.624 | 8.044E-08 1.824E-06
HTN1 0.613 | 1.621E-04 1.172E-03
APOB -0.593 | 1.128E-03 5.989E-03
S100A12 | -0.618 | 7.466E-06 8.279E-05
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MAT2B -0.621 | 6.514E-04 3.736E-03
S100A9 -0.636 | 1.142E-04 8.771E-04
CAMP -0.662 | 1.497E-05 1.494E-04
IGHM -0.667 | 2.815E-08 6.689E-07
ACTB -0.671 | 7.271E-06 8.247E-05
HIST1H1E | -0.678 | 9.315E-05 7.497E-04
S100A8 -0.776 | 1.174E-05 1.247E-04
DDX55 -0.880 | 1.393E-06 2.098E-05
P04220 -0.950 | 5.354E-09 1.670E-07
NTSE -1.007 | 9.231E-05 7.497E-04
PRIM2 -1.210 | 2.748E-06 3.516E-05

Log2 fold change >1.5 or <-1.5, adjusted p value <0.05.

Supplementary Table 8: Significant pathways associated with sputum proteins differentially abundant between asymptomatic current and never

smokers.
ID Pathway description Gene count | False discovery rate
G0.0050786 | RAGE receptor binding 3 7.050E-04
G0.0017127 | cholesterol transporter activity 3 2.260E-03
G0.0070325 | lipoprotein particle receptor binding 3 2.370E-03
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G0.0035662 | Toll-like receptor 4 binding 2 3.450E-03
G0.0070653 | high-density lipoprotein particle receptor binding 2 3.450E-03
G0.0008289 | lipid binding 7 5.170E-03
G0.0034190 | apolipoprotein receptor binding 2 7.370E-03
G0.0050544 | arachidonic acid binding 2 7.370E-03
G0.0060228 | phosphatidylcholine-sterol O-acyltransferase activator activity 2 7.370E-03
G0.0005102 | receptor binding 8 1.100E-02
G0.0008035 | high-density lipoprotein particle binding 2 1.200E-02
G0.0031210 | phosphatidylcholine binding 2 3.720E-02
G0.0036094 | small molecule binding 11 3.720E-02
G0.0043168 | anion binding 11 3.720E-02
G0.0055102 | lipase inhibitor activity 2 3.720E-02
G0.0043178 | alcohol binding 3 3.990E-02
KEGG: 980 Metabolism of xenobiotics by cytochrome P450 3 0.00792
KEGG: 982 Drug metabolism - cytochrome P450 3 0.00792
KEGG: 5131 | Shigellosis 3 0.00792
KEGG: 5204 | Chemical carcinogenesis 3 0.00792
KEGG: 4970 | Salivary secretion 3 0.0081
KEGG: 5132 | Salmonella infection 3 0.0081
KEGG: 4977 | Vitamin digestion and absorption 2 0.0186
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KEGG: 270 Cysteine and methionine metabolism 2 0.0346
KEGG: 350 | Tyrosine metabolism 2 0.0346
KEGG: 4975 | Fat digestion and absorption 2 0.0346
KEGG: 4015 | Rap1 signalling pathway 3 0.0484
KEGG: 4810 | Regulation of actin cytoskeleton 3 0.0484
KEGG: 5110 | Vibrio cholerae infection 2 0.0484
KEGG: 5130 | Pathogenic Escherichia coli infection 2 0.0484
KEGG: 5416 | Viral myocarditis 2 0.0484

Log2 fold change >1.5 or <-1.5, adjusted p value <0.05.

147



00 05 10 15

Tmtc1 - -
GeoMx: Tmtcl b

uuuuu e L e L R I I TTY
PO G OOCOCOCOCROEOOOCOOOOOOOOO O OO »

T T
ParenrFar  ParancNear .
.

©opoccccoccco00c0ocOcOoOOOCOOOOOOBSOO®

Cxcl17 ’ -

00 05 1.0 15 20

GeoMx: Cxcl13 R L L R LY E TR TP PP PP

ParencFar ParencNear

©®P 0000000000000 000OOOOOOOOOOOS®

148



Supplementary Fig. 1: Cross-validation of Tmtc1 as a marker of proximal parenchyma as well as Cxcl/13 as marker of distal parenchyma, between
nanoString GeoMx and 10x Genomics Visium ST platforms. a, Expressions of Tmtc13 and Cxc/13 in proximal (ParencNear) and distal parenchyma

(ParencFar) in GeoMx. b, Expressions of Tmtc13 and Cxc/13 in murine lungs using Visium platform. Areas inside the yellow circles represent the

airways confirmed by histological observation.
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Supplementary Fig. 2: String analysis of genes significantly altered by smoke exposure in sputum (FDR<0.05).

149



	Acknowledgement
	Format of Thesis Statement
	List of Publications, Conferences, and Awards
	All publications, conferences, and awards are presented in chronological order, with only those happened during the thesis author’s PhD candidature included.
	Publications:
	Conferences:
	Honours & Awards:

	List of Abbreviations
	List of Tables and Figures
	Abstract
	Chapter 1: General Introduction
	1.1 Overview of COPD and Smoking
	1.2 Management of COPD
	1.3 Pathogenesis of COPD and Smoking
	1.4 Single-Cell Transcriptomics
	1.5 Spatial Transcriptomics
	1.6 Spatial Transcriptomics in Respiratory Medicine

	Chapter 2: Spatially Resolved Transcriptomic Mapping Reveals Immune Changes in Lung Parenchyma in Cigarette Smoke-Induced COPD
	2.1 Declaration
	2.2 Abstract
	2.3 Introduction
	2.4 Methods
	2.5 Results
	2.6 Discussion
	2.7 Additional Information

	Chapter 3: Spatiotemporal Trajectory of B cells in the Lymphoid Follicles of COPD
	3.1 Declaration
	3.2 Abstract
	3.3 Introduction
	3.4 Methods
	3.5 Results
	3.6 Discussion
	3.7 Additional Information

	Chapter 4: Epigenetic Adaptation of Human Airway Epithelium upon Cigarette Smoking
	4.1 Declaration
	4.2 Abstract
	4.3 Introduction
	4.4 Methods
	4.5 Results
	4.6 Discussion
	4.7 Additional Information

	Chapter 5: Cellular Senescence and its targeting in experimental COPD
	5.1 Abstract
	5.2 Introduction
	5.3 Methods
	5.4 Results
	5.4 Discussion

	Chapter 6: General Discussion
	6.1 Overview
	6.2 Spatial Immune Dynamics in COPD Pathogenesis
	6.3 Spatiotemporal Evolution of Lymphoid Follicles
	6.4 Epigenetic Adaptation of Airway Epithelial Cells
	6.5 Therapeutic Potential of Senolytics in COPD
	6.6 Integration and Implications
	6.7 Future Directions
	6.8 Conclusions

	References
	Supplementary Tables and Figures

