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ABSTRACT 

Asthma is a heterogenous disease of the airways showing phenotypic diversity across 
patients, requiring varied approaches to treatment. However, the underlying 
pathophysiological processes which drive the differences have not been 
comprehensively studied.  

To profile the varied molecular pathways involved in its pathogenesis, I present a 
collection of single cell and spatial transcriptomic datasets, together spanning over 
400,000 cells captured from upper and lower airway tissue sites from 62 individuals 
(asthma patients and healthy controls) across multiple molecular modalities 
(transcriptome, immune repertoire, protein expression). In addition to profiling the cell 
surface proteome, I developed a technique to interrogate antigen binding in allergic 
asthma with house dust-mite sensitisation. This rich omics data resource is 
accompanied by detailed clinical phenotyping, thereby providing the largest single-cell 
atlas of asthma and its key phenotypes. 

Analysis of this resource reveals that in patients with allergic sensitisation, contrary to 
past concepts of allergic asthma pathogenesis, IgE-producing plasma cells were not 
found in the lung. However, IgE-binding cells were detected (e.g. basophils and mast 
cells), suggesting that IgE may be entering from the periphery. Notably, the allergens 
thought to cause IgE secretion were found to bind to immune cells, including antigen-
presenting cells, suggesting the IgE secretion may be localised to lymphoid tissues. 
Profiling the differences between asthmatic and healthy individuals in the spatial 
context reveals probable mast cell - plasma cell and CD4+ - B cell niches, which may 
contribute to disease mechanism. 

Differential abundance and gene expression analyses between the whole asthma 
cohort and healthy individuals showed features predominantly related to type 2 
eosinophilic inflammation. Those changes correlated with clinical variables describing 
lung function, such as FEV1 and FVC. In contrast, comparisons between the asthma 
phenotypes allowed identification of features associated with neutrophilic 
inflammation. These features included IL-1 signalling, antibacterial defence, and 
inflammasome activation. 

My findings underscore critical importance of careful phenotyping to uncover 
underlying molecular changes in asthma, as well as providing a rich resource to study 
it further. 
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1 INTRODUCTION 

1.1 INTRODUCTION TO ASTHMA 

Asthma is a heterogenous inflammatory disease of the airways which affects an 

estimated 262 million people worldwide. The UK is amongst the countries with the 

highest prevalence of asthma and allergy in the world, with approximately 4.3 

million (6.5% of the adult population) affected [1,2]. Its hallmark features are 

chronic airway inflammation, which manifests itself clinically through cough, 

wheeze, shortness of breath, and feeling of tightness in the chest. These result from 

the overproduction and thickening of mucus, airway wall remodelling and airway 

narrowing at the microscopic scale [3,4].  

In a proportion of patients, asthma symptoms can be controlled by a combination 

of an inhaled corticosteroid (which suppresses many aspects of the inflammation) 

and a short- or long-acting β2-adrenergic agonist (which relaxes the smooth muscle, 

thus opening the airway) [3]. However, approximately 10% of adults and 2.5% of 

children with asthma present with severe disease, with a reduced quality of life and 

an increased risk of exacerbations, as well as complications, including the need for 

hospitalisation and the risk of death [5]. A proportion of these hospital admissions 

are caused by viral infection of the respiratory tract, most commonly with rhinovirus 

[3]. 



 16 

This population of severe asthmatics, which either requires repeated use of 

corticosteroids or, as we are discovering using fractional exhaled nitric oxide 

(FeNO) measurements, does not respond to these drugs [6], would likely benefit 

from targeted immunologic therapy specific to their disease biology. This is 

exemplified by the success of monoclonal antibodies against specific components 

of type 2 airways inflammation [7]. Whilst the first licenced biologic, omalizumab, 

targeted IgE, much greater efficacy and broader application have come with 

biologics targeting interleukin (IL)-5 and IL-5RA in eosinophilic asthma: 

mepolizumab, reslizumab and benralizumab [7]. More recent biologics target the 

IL-4R-alpha (dupilumab) and alarmins, particularly thymic stromal lymphopoietin 

(TSLP; tezepelumab). However, these biologics are costly, require lifelong therapy, 

and are not effective for all phenotypes, so novel approaches to targeted treatment 

for asthma therefore remain an urgent research priority.  

In addition to patient suffering, on the population scale, asthma healthcare incurs 

a large direct cost, with estimates of annual cost of £1.1 billion in the UK and $18 

billion in the USA [2,3], in addition to secondary economic costs from lost 

productivity. 
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1.2 EFFECTS OF GENOTYPE AND ENVIRONMENT ON 

PATHOGENESIS OF ASTHMA 

Asthma incidence has been steadily growing over the past 100 years [8,9], with the 

number of individuals affected continuing to grow as the global population 

increases. Effective targeted therapies are relatively costly and of scarce availability 

[7], leading to high mortality in countries with low sociodemographic index [10]. 

Asthma is thought to be triggered by a variety of environmental factors acting on the 

epithelium, such as allergens, air pollutants (particulate matter and gaseous 

pollutants e.g. ozone, nitrogen dioxide, and sulphur dioxide, and reactive oxygen 

species) [11,12], as well as microbes and viruses [4]. The air pollutants in particular 

increase in prevalence with urbanization [12], however, animal allergens (e.g. 

Prevalence of asthma, 2021
The share of the popula.on with asthma. Prevalence is age-standardized¹ so accounts for changes in the age
structure of a popula.on over .me and between countries.

No data 0% 2% 4% 6% 8% 10%

Data source: IHME, Global Burden of Disease (2024) OurWorldinData.org/burden-of-disease | CC BY

1. Age standardiza/on: Age standardiza.on is an adjustment that makes it possible to compare popula.ons with different age structures, by
standardizing them to a common reference popula.on. 📄 Read more: How does age standardiza.on make health metrics comparable?

Figure 1-1 Global prevalence of asthma in 2021 
The share of the country’s population with asthma. Disease prevalence is age-
standardized to account for changes in the age structure of a population over time and 
between countries. 
Data source: IHME, Global Burden of Disease (2024) with major processing by Our World 
in Data, reproduced under Creative Commons license CC BY 
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mouse) are found in inner-city homes at log-fold higher concentrations than in 

suburban areas (100-1000x)- levels known to elicit symptoms in animal facility 

workers [13,14]. 

In addition to the rising level of pollution and socioeconomic inequality, climate 

change has also been shown to exacerbate asthma [15]. Indeed, it appears that 

extreme temperatures can trigger new asthma cases: based on the data from the 

last 30 years, it is estimated that with each increase of maximum air temperature 

variability by 1°C the global risk of asthma rises by 5.0% [16]. The maximum 

variability takes into account both extreme cold and heat, and the increase in 

asthma incidence was predicted to be particularly localised to regions of high 

altitude. 

1.3 HETEROGENEITY OF ASTHMA 

Asthma is now thought to be a collection of common symptoms resulting from 

varied molecular mechanisms leading to airway inflammation, rather than a 

uniform disease unit with well-defined pathophysiology. It has been suggested that 

‘asthma’ as a disease is an outdated term and more detailed definitions supported 

by clinically measurable variables and biologically sound mechanisms should be 

encouraged instead [17]. Observable asthma characteristics form a phenotype, 

defined as “observable properties produced by the interactions of the genotype and 

the environment”, whereas the endotype is a mechanistically uniform phenotype 

where a specific biological pathway driving the disease has been identified at 
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cellular and molecular level [18,19]. Several asthma endotypes have been 

proposed, including classification by driving cell type [20] and cytokine [21], 

however no broad consensus exists and the definitions are evolving with our 

understanding of the disease. In clinical practice, phenotypes based on observable 

traits such as triggers of inflammation (allergens, viruses, chronic conditions), 

abundance of cell types, and markers of inflammation such as exhaled nitric oxide, 

are used to inform diagnosis and treatment [6,18,19]. These tend to be dualistic 

discriminators (e.g. allergic versus non-allergic, eosinophilic versus non-

eosinophilic, adult-onset versus childhood-onset). 

1.3.1 GENETIC INFLUENCES IN ASTHMA 

It is agreed that asthma likely develops as a result of a combination of genetic 

predisposition [22–24] and exposure to environmental factors, such as the 

previously mentioned pollutants and allergens [4,12]. However, relative 

contribution of each of those factors remains poorly understood and is an active 

research area. Estimates of heritability in asthma range from 35% and 95% [25], 

with most twin studies placing estimates at 70-85% [26–28][26–28]. 

The first genome-wide association study (GWAS) of asthma identified the ORMDL3 

candidate gene in allergic eosinophilic asthma [25,29], a member of a gene cluster 

encoding transmembrane proteins located in the endoplasmic reticulum. Although 

the exact pathophysiological role of ORMDL3 in asthma remains disputed, recent 

hypotheses propose that ORMDL3 acts to upregulate ceramide levels which 
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exacerbate inflammatory responses, and lead to mucus overproduction and airway 

hyperresponsiveness [30]. Since then, many other genes at the same GWAS locus 

have also been implicated, most prominently GSDMB, encoding gasdermin B, 

which upregulates mediators of airway remodelling in vitro (TGFB1, ALOX5, MMP9) 

and induces airway hyperresponsiveness [31]. Due to the effect of linkage 

disequilibrium on the SNPs in the ORMDL3 locus and co-regulation of the 

expression of many of the genes in the locus, it is not possible to delineate between 

the effects of these genes in GWAS studies, which are commonly referred to as the 

17q21 asthma locus, and indeed effects on more than one gene may drive the 

association signal at this locus [32]. For example, interestingly, the CDHR3 gene 

also located at the same locus (17q12–21) was reported to be the elusive receptor 

for rhinovirus (RV)-C, a virus thought to cause asthma exacerbations [33]. Since the 

first GWAS study, more than 3,000 SNPs have been implicated in asthma (between 

3,291 [34] and 3,691 [22]) across 194 further GWAS studies, identifying 179 

independent asthma-associated loci [35], with a subset of key loci summarised in 

Table 1-1. 

Functional validation of GWAS findings and the identification of causal genes and 

signalling pathways remain significant challenges. Among the loci that have been 

biochemically characterized, several are implicated in key inflammatory pathways, 

including IL-4, IL-13, and IL-33, which are associated with inflammation; antigen 

presentation, mediated by HLA genes; cell activation, through CD28; and innate 

immune responses to the lung microbiota via TLR1 and TLR6 [35], as seen in in Table 
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1-1. Transcription factors such as GATA3 and STAT5, which regulate Th2/ILC2 cell 

differentiation and broader transcriptional shifts, have also been highlighted [35,36]. 

Additionally, pathways related to airway structure and remodelling have emerged 

as critical, including mechanisms of epithelial cell homeostasis mediated by 

MUC5AC, which drives mucus production and goblet cell metaplasia [37]. Enzymes 

released by mast cells, such as tryptases, chymases, and carboxypeptidase A3, 

further contribute to airway remodelling [38]. Collectively, the characterised genes 

provide evidence of a central role for epithelial-immune interactions as key drivers 

of asthma pathophysiology.  

Notably, the largest GWASes of asthma to date have predominantly relied on a 

broad asthma diagnosis [39,40]. Smaller studies have sought to address disease 

heterogeneity by refining inclusion criteria, such as by comparing adult-onset to 

childhood-onset asthma [41] or using the number of asthma exacerbations as a 

proxy for disease severity and limiting the population to childhood-onset cases [42]. 

Whilst these studies have offered some supporting evidence for genetic 

associations more relevant to specific asthma subtypes, they have generally failed 

to identify many novel, phenotype-specific genetic associations [35]. It is therefore 

proposed that future studies should incorporate asthma subtypes defined through 

clinical phenotyping and/or biomarker measurements. This approach may facilitate 

the identification of new genetic drivers specific to asthma subgroups, enabling a 

deeper understanding of the disease and development of personalized treatments 

[35,40]. 
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Table 1-1 GWAS regions with 10 or more asthma-associated loci 

Chromosomal 
region 

Associations 
asthma* 
(# studies) 

Associations 
allergy 
(# studies) 

Genes 

6p21.3 28 (10) 6 (5) 

HLA-DQB1, HLA-DRB1,  
HLA-DRB6, HLA-DQA1, HLA-
DPA1, HLA-B, HLA-C, MICA, MICB, 
COL11A1, TCP11, SCUBE3,  
HLA-DOB, HCP5, MCCD1 

10p14 15 (7) 3 (2) GATA3, CELF2, SFTA1P, 
LOC101928272, RP11 

2q12.1 13 (7) 2 (2) 
IL1R1, IL1RL1, IL1RL2, IL18R1, 
IL18RAP, MIR4772, SLC9A2, 
SLC9A4 

5q22.1 12 (7) 3 (2) CAMK4, WDR36, SLC25A46, 
TMEM232, TSLP 

5q31.1 11 (9) 1 (1) C5ORF56, SLC22A5, IRF1, KIF3A, 
IL4, CCNI2, IL13, RAD50, SEPT8 

9p24.1 11 (8) 3 (2) RANBP6, IL33, KIAA2026, MIR4665, 
TPD52L3, GLDC, UHRF2 

17q12–21 11 (7) 1 (1) 

ORMDL3, ZPBP2, ERBB2, MED1, 
CSF3, 
ERBB2, GRB7, GSDMA, GSDMB, IKZ
F3, LRRC3C, MED24, MIEN1, 
MIR4728, MIR6884, PGAP3, PNMT, 
PSMD3, SNORD124, STARD3, TCAP 

11q13.5 10 (7) 3 (3) LRRC32, C11ORF30, EMSY, 
THAP12, WNT11, PRKRIR 

15q22.33 10 (6) 1 (1) SMAD3, SMAD6, AAGAB 
Chromosomal locations of 28 loci associated with asthma or allergy in at least 5 
GWASes of asthma or at least two GWASes of an allergic disease. Regions with 10 or 
more associations are listed. Genes listed were reported in each study for the 
association, with genes known to be implicated in immune processes in asthma in 
bold. 
*Number includes multiple independent associations at the same locus. 
Adapted from Schoettler et al (2019), reproduced under Creative Commons license CC BY 
NC ND. 

  



 23 

1.4 CLINICAL PHENOTYPES OF ASTHMA 

1.4.1 ALLERGIC AND NON-ALLERGIC ASTHMA (EARLY AND LATE 

ONSET ASTHMA) 

Early attempts to define clinical asthma phenotypes in the 1940s led to a broad 

classification of allergic (‘extrinsic’) and non-allergic (‘intrinsic’) asthma [43]. 

Allergic asthma could be characterised by early age of onset and sensitization to an 

identifiable allergen, as defined by production of IgE specific to that allergen (e.g. 

dust, pollen) and positive skin prick test, and possibly co-incidence of other 

autoimmune diseases, such as eczema or allergic rhinitis. Conversely, non-allergic 

asthma was thought to develop later in life (past 40 years of age), often coincided 

with aspirin-exacerbated respiratory disease, but was mechanistically poorly 

understood [18,43]. 

1.4.2 TYPE 2-HIGH AND -LOW ASTHMA (EOSINOPHILIC AND 

NEUTROPHILIC ASTHMA) 

In the 1990s, we began to understand that in many asthmatics, chronic airway 

inflammation is driven by cytokines IL-4, IL-5, and IL-13 [4,44,45]. These are 

commonly referred to as “type 2” cytokines, as they are mostly produced by Th2 

cells and ILC2s[4,45]. 

Type 2 cytokines promote hallmark features of allergic asthma such as eosinophilia, 

mucus hypersecretion, and IgE production, and this “type 2-high” asthma 
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phenotype can be targeted with inhaled corticosteroids [4,21]. High sputum 

eosinophil count is a common diagnostic trait of “type 2-high” asthma [46]. 

However, only about 50-60% of asthmatics are diagnosed with the “type 2-high” 

steroid-responsive disease [21], whereas the remaining patients suffer from the 

“type 2-low” asthma is more associated with increased neutrophil counts, smoking, 

obesity, and environmental factors changing the inflammatory landscape of the 

body and influencing cytokine signalling in immune cells [21,47,48]. Due to these 

changes in inflammation signalling and emergence of neutrophils as key drivers of 

inflammation, the “type 2-low” patients are not responsive to steroid treatment 

[4,21]. It now emerges that the resistance to treatment is likely mediated by, 

amongst other mechanisms, gastrointestinal hormones leptin and adiponectin 

[47,48]; given this with the administration of novel anti-obesity treatments may offer 

these patients a new therapeutic avenue [49]. 

1.4.3 FENO SUPPRESSORS AND NON-SUPPRESSORS 

FeNO, typically reported in ppb (parts per billion), can quickly and non-invasively be 

measured in the clinic [50]. It is a marker of type 2 inflammation and its levels are 

elevated in the air exhaled by “type 2-high" asthmatics, with its levels also 

associated with increased likelihood of exacerbations [6]. FeNO measurement over 

time whilst administering steroid treatment (“FeNO suppression test”) can be 

employed to distinguish between patients who are non-adherent to treatment and 

those who do not respond to it. FeNO measurements decrease over time in non-

adherent patients as they use a microchip-enabled inhaler and the steroid 
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treatment reduces inflammation in the airway [51]; these patients are referred to as 

“FeNO suppressors”. Conversely, “FeNO non-suppressors” are patients with 

severe asthma who are resistant to steroid treatment and may benefit from 

biological therapies [50,51]. The mechanisms of steroid resistance remain poorly 

understood and are of therapeutic interest. 

1.4.4 OTHER CLINICAL ASTHMA PHENOTYPES 

Beyond the phenotype definitions adopted in this thesis, it should be pointed out for 

completeness that other classifications of asthma have also been proposed, which 

are either a subset or fall outside of our defined phenotypes. These are briefly 

summarised below. 

1.4.4.1 EXERCISE-INDUCED ASTHMA 

Exercise-induced asthma is a poorly characterised phenotype defined as 

bronchoconstriction experienced in response to sustained exercise, particularly in 

dry and cold conditions [18], and as a result of chlorine exposure in swimmers [52]. 

There is evidence which supports “type 2-high” eosinophilic origin [53] as well as 

“type 2-low” inflammation driven by neutrophils and macrophages [54]. A few 

mechanisms are proposed including: lowering of airway temperature as a result of 

increased ventilation, with bronchial blood vessels expanding and causing 

bronchial wall oedema and subsequently bronchoconstriction as the airway 

returns to normal temperature; increased ventilation causing dehydration of the 
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airways and subsequent release of inflammatory mediators; and stress of 

increased ventilation causing injury to the airway epithelium leading to airway 

hyperresponsiveness [55]. 

1.4.4.2 OBESITY-RELATED ASTHMA 

Until recently, the causal link between asthma and obesity could not be established, 

with experts debating whether obesity is a comorbidity or part of pathological 

mechanism of asthma [18,19]. The disease exhibits sex differences, with higher 

prevalence in females (in adults) [56]. The disease is non-eosinophilic, and as 

previously discussed, signalling seems to be driven by neutrophils [47], but the 

inflammation landscape is distinct, with Th17 and ILC3 cells being implicated [57], 

which is supported by the immunomodulatory effect on ILCs and the CD4+ T cell 

compartment by adipose tissue [58]. 

1.5 KEY CLINICAL VARIABLES IMPORTANT IN ASTHMA 

As outlined in section 1.3, inclusion of clinical phenotypes and relevant biomarkers 

in new studies of asthma seems necessary to discover key drivers of each subtype, 

as asthma is a heterogenous disease. Experimental variables available for 

measurement in asthma clinical studies are summarised in Szefler et al. [59], with 

key variables measured in the clinic for the studies I carried out listed below. 

  



 27 

1.5.1 TOTAL IGE AND ALLERGEN-SPECIFIC IGE 

Both total IgE levels and the presence of allergen-specific IgE antibodies in serum 

are important biomarkers for characterizing the patient’s asthma phenotype, 

however, the reported correlations of treatment with either of these variables are 

varied [60,61]. 

An increase in total serum IgE has been associated with asthma [62]. However, 

considerable overlap in IgE levels between atopic and non-atopic populations limits 

its utility in identifying atopy [59]. In addition, whilst total IgE is useful in identifying 

patients who could benefit from anti-IgE therapy, it cannot predict the degree of 

response to treatment [61]. 

In contrast, an increase in IgE specific to aeroallergens is more diagnostically 

relevant and defines a patient as having allergic asthma phenotype [18,19], with 

levels of specific IgE in serum inversely correlating with lung function parameters 

[63]. Screening for sensitization to common aeroallergens aids in diagnosing atopy 

and improves disease management by allowing the patient to avoid allergen 

exposure [59]. 

1.5.2 EOSINOPHIL COUNT 

The association between increased blood eosinophil counts and asthma was 

observed over a 100 years ago, shortly after this cell type was first described [64]. 

While not all patients with asthma exhibit blood eosinophilia [21], those who do 
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tend to experience greater airway remodelling and more frequent exacerbations 

[65]. In contrast, patients without eosinophilia are more likely to present with 

increased airway obstruction [65]. In adults, blood eosinophil counts range from 

0.015 to 0.65 × 109/L [66], with 0.30 × 109/L as the cut-off recommended by NICE to 

start biological treatment of eosinophilic asthma [67]  

Sputum eosinophil count can also be used to distinguish between patients with 

eosinophilic and non-eosinophilic asthma, with greater relevance to airway 

inflammation, but also increased variability due to the multiple experimental 

protocols in use [59]. 

1.5.3 EXHALED FRACTIONAL NITRIC OXIDE (FENO) 

FeNO is a reproducible and easily measurable biomarker that serves as a reliable 

predictor of response to steroid treatment [6] and is increased in patients with type 

2 inflammation [50,61]. However, its levels can be influenced by several 

confounding factors, including demographics, smoking, atopy, and diet [61]. 

According to the American Thoracic Society guidelines, FeNO measurements 

above 50 ppb indicate eosinophilic inflammation, while values below 25 ppb 

suggest that eosinophilic inflammation and responsiveness to corticosteroids are 

less likely [68]. 
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1.5.4 PULMONARY FUNCTION MEASUREMENTS 

Lung function is readily assessed in clinical settings using spirometry, which 

measures several parameters based on the volume of air exhaled during a forced 

respiratory manoeuvre. These include FEV1 (forced expiratory volume in 1 second), 

FVC (forced vital capacity), and their ratio (FEV1/FVC), as summarized in Figure 1-2. 

A reduced FEV1/FVC ratio indicates airflow obstruction. In contrast, a reduced FVC 

with a preserved FEV1/FVC ratio suggests a reduced capacity for lung expansion, as 

seen in diseases such as idiopathic pulmonary fibrosis [35,69]. 

These lung function parameters have been reported to have significant associations 

with asthma, and for example, a putative missense GATA5 variant is associated with 

lower FEV1 and increased risk of asthma [22].  

1.6 APPROACHES TO TREATMENT OF ASTHMA 

“Type2-high" inflammation in asthma can be treated by corticosteroids in FeNO 

suppressors, resulting in a decrease in FeNO (regulated by IL-13 signalling) when 

inhaled corticosteroids are prescribed, and a decrease in blood eosinophil counts 

(regulated by IL5- signalling) with the use of oral corticosteroids [7]. The FeNO non-

suppressor group of patients does not respond to steroid treatment, with FeNO and 

eosinophil count biomarkers remaining high despite high doses of oral or inhaled 

corticosteroids [50,70]. Despite that, systemic (oral) corticosteroids remain the first 

line of treatment and are commonly used for the management of severe asthma, as 



 30 

either short-term courses or long-term daily regimens [7]. Regardless of the 

heterogeneity of responses, these patients remain included in the treatment 

guidelines, owing partly to high accessibility, low cost, and familiarity [71]. However, 

even at low doses, they are associated with acute and chronic adverse effects, such 

as pneumonia and increased susceptibility to infection [71]. For example, while 

asthma is not associated with an increased severity of COVID-19 [72], the use of 

oral glucocorticoids for uncontrolled severe asthma has been linked to increased 

COVID-19–related mortality [73]. Beyond steroid treatment, a number of biologic 

treatments are now available to patients with severe asthma and high levels of 

eosinophilic inflammation, which target well characterised cytokines and signalling 

molecules in asthma, predominantly type 2 cytokines and alarmins. Approved 

biological treatments for asthma are summarised in Table 1-2. 

Figure 1-2 Forced expired volumes and lung disease 
Spirometry is a clinical test which measures the expired volume of air over time. Forced 
expiratory volumes – FEV1, the volume of air expelled from the lungs in one second; and forced 
vital capacity, FVC, is the total volume of air expelled from the lungs; and their ratio (FEV1/FVC) 
– decrease in patients with obstructive airway disease (blue) or restrictive lung disease (red) 
compared to values obtained in healthy individuals (black). 
PEFR = peak expiratory flow rate (PEFR) 
Reproduced from Sayers et al. (2024) with permission (license 5946621335359). Copyright 
Springer Nature.  
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Table 1-2 Biological treatments in asthma 
Monoclonal 
antibody 

Antibody target and mechanism of 
action 

Asthma 
phenotype 
indication 

Efficacy Safety concerns 

Benralizumab interleukin-5Rα; antibody binds to 
interleukin-5Rα on eosinophils and 
basophils, depleting them through 
antibody-dependent, cell-mediated 
cytotoxicity 

Severe 
eosinophilic 
asthma 

Reduced exacerbations, 
reduced symptoms, small 
or moderate effect on FEV1; 
decrease or withdrawal of 
steroids if blood 
eosinophils >150/μl; 
improved quality of life 

Helminthic infections, 
hypersensitivity reactions, 
abrupt discontinuation of 
steroids 

Dupilumab interleukin-4Rα; antibody binds to 
interleukin-4Rα, inhibiting 
interleukin-4 and interleukin-13 
signalling in immune cells (B and T 
cells, eosinophils, epithelial cells, 
and airway smooth-muscle cells 

Severe 
eosinophilic 
asthma (FDA), 
severe type-2 high 
asthma (EMA), 
steroid-
dependent 
asthma 

Reduced exacerbations, 
reduced symptoms, 
improved lung function; 
decrease or withdrawal of 
steroid treatment, 
irrespective of blood 
eosinophil count at 
baseline; improved quality 
of life 

Helminthic infections, 
hypersensitivity reactions, 
abrupt discontinuation of 
steroids, hypereosinophilic 
conditions, conjunctivitis 

Mepolizumab interleukin-5; antibody binds to 
circulating interleukin-5 

Severe 
eosinophilic 
asthma 

Reduced exacerbations, 
reduced symptoms, small 
or moderate effect on FEV1; 
reduction or withdrawal of 
OGs if blood eosinophils 
>150/μl; improved quality 
of life 

Helminthic infections, 
hypersensitivity reactions, 
abrupt discontinuation of 
steroids, herpes zoster 
infections (rare) 
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Omalizumab IgE; antibody binds to Fc part of free 
IgE, inhibiting binding of IgE to FcεRI 
on mast cells and basophils and 
FcεRII on dendritic cells and 
eosinophils 

Severe allergic 
asthma 

Reduced exacerbations, 
reduced symptoms, small 
effect on FEV1; improved 
quality of life 

Serum sickness, 
hypereosinophilic 
conditions, abrupt 
discontinuation of steroids; 
black-box warning for 
anaphylaxis (occurring in 
±0.2% of patients) 

Reslizumab interleukin-5; antibody binds to 
circulating interleukin-5 

Severe 
eosinophilic 
asthma 

Reduced exacerbations, 
reduced symptoms, small 
or moderate effect on FEV1; 
improved quality of life 

Helminthic infections, 
abrupt discontinuation of 
steroids; black-box warning 
for anaphylaxis (occurring 
in ±0.3% of patients) 

Tezepelumab thymic stromal lymphopoietin; 
antibody binds to TSLP, inhibiting 
signalling in a wide array of immune 
and stromal cells (dendritic cells, T 
and B cells, NK cells, regulatory T 
cells, ILC2s, eosinophils, 
basophils, mast cells, monocytes, 
macrophages, airway smooth 
muscle cells, and fibroblasts) 

Severe asthma Reduced exacerbations, 
reduced symptoms, 
improved lung function; 
improved quality of life 

Pharyngitis, arthralgia, 
back pain 

Reproduced with permission from Brusselle & Koppelman (2022). Copyright Massachusetts Medical Society. 
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1.7 CELL TYPES IN THE RESPIRATORY SYSTEM 

The respiratory system’s primary role is maintaining physiological homeostasis by 

facilitating the exchange of gases necessary for aerobic metabolism. It supplies oxygen to 

the bloodstream while eliminating carbon dioxide, a by-product of cellular respiration, 

through its interaction with the cardiovascular system. Anatomically, the respiratory system 

is divided into the upper and lower respiratory tracts. The upper respiratory tract includes 

the nose, nasal cavity, oral cavity, pharynx, and larynx. The lower respiratory tract comprises 

the trachea and lungs, which are further subdivided into terminal and respiratory airways, 

as well as the alveoli. The alveoli serve as the primary site of gas exchange, facilitating the 

diffusion of oxygen and carbon dioxide across the alveolar-capillary membrane [74]. The 

structure of the lower airway is summarised in Figure 1-3A. 

The respiratory tract is lined with epithelial cells, supported by stromal cells, and 

interspersed with immune cells whose type and distribution vary across anatomical regions 

and tissue layers. Notable differences exist between the upper and lower airways, as well 

as between the epithelial and stromal compartments. The dynamic interplay among 

epithelial, stromal, and immune cells plays a key role in regulating airway function and 

immune responses. Due to the number of cell types involved, I will characterise the immune 

and non-immune (stromal and epithelial) compartments separately. 
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Figure 1-3 Anatomy of the airways and known cell types in large and small airways 
A The lower respiratory tract consists of the respiratory tree, which comprises large and small 
airways that branch and terminate in alveoli. The airway tubes are surrounded by 
mesenchymal tissue, containing airway smooth muscle supported by fibroblasts. 
B-C The respiratory epithelium comprises diverse epithelial cell types with specialized 
functions. Goblet cells secrete mucous to trap inhaled particulates, while ciliated cells expel 
it along with trapped particles. Deuterosomal cells generate ciliary apparatus and serve as 
progenitors for ciliated cells. Club cells secrete protective and immunomodulatory factors 
and aid in detoxification, whereas basal and suprabasal cells act as progenitors for the airway 
epithelium. Pulmonary neuroendocrine cells regulate smooth muscle tone and immune 
responses. Rare cell types include tuft cells, involved in allergen-driven type-2 immune 
responses, and ionocytes, responsible for ion transport via CFTR channels. Stromal cells – 
airway smooth muscle and fibroblasts – control epithelial turnover and airway diameter. The 
trachea and large airways feature cartilaginous rings and submucosal glands, which contain 
mucous, serous, and myoepithelial cells, contributing to mucus production alongside goblet 
cells. 
ASM = airway smooth muscle, PNEC = pulmonary neuroendocrine cell 
Adapted from Zepp & Morrisey (2019). Copyright Springer Nature, reproduced with 
permission (license 5945411389205). 
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1.7.1 EPITHELIAL COMPARTMENT 

The trachea and proximal airways (Figure 1-3A) are lined with pseudostratified epithelium—

a single layer of epithelial cells in which all cells contact the basal lamina, but their nuclei 

are positioned at different levels, creating the appearance of multiple layers. This epithelium 

comprises diverse lineages, classically defined as ciliated cells, secretory cells, goblet cells, 

and basal cells, with new, rare cell types recently discovered [75,76]. 

The anatomical origin of cell populations within the respiratory tract is now recognized as a 

key determinant of their transcriptional signatures. Single-cell atlases have revealed distinct 

region-specific populations of suprabasal, secretory, and ciliated cells between the upper 

and lower airways [77,78]. 

1.7.1.1 MAJOR EPITHELIAL CELL TYPES 

As a critical component of the airway, the respiratory epithelium serves as a barrier that 

protects the host from environmental insults. It works in concert with the immune system 

to respond to microbes, toxins, pollutants, and allergens that breach the mucociliary barrier, 

playing a central role in both innate and adaptive immune defence [79]. Understanding how 

these environmental stimuli drive chronic lung diseases, such as asthma and COPD, is 

crucial to developing strategies to address these conditions. 
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Ciliated cells line the airway wall and have cilia on their apical surface that move inhaled 

particulates and mucus out of the airways, clearing them towards the upper airway for 

removal [74]. In addition to the airway cells, two mucus-producing cell types are present in 

the airway – goblet and club cells. Goblet cells secrete mucins and other glycoproteins that 

contribute to the viscosity of mucus, which plays a key role in innate immunity against 

inhaled particulates and lung-invading microbes [80]. The most prominent mucins are 

MUC5AC and MUC5B, which also serve as markers for these cells (Figure 1-4). Club cells 

secrete protease inhibitors and immunomodulatory substances such as SCGB1A1 (a club 

cell marker protein which suppresses inflammation by inhibiting phospholipase A2 and IFNγ 

signalling), and likely detoxify and eliminate exogeneous substances [80,81] (Figure 1-4). 

Recent studies have shown that club cells can detect apoptotic cells caused by allergens, 

pathogens, or pollutants through the AXL receptor and clear them via RAC1-dependent 

phagocytosis [79,82]. 

Basal cells act as a reservoir of quiescent multipotent stem cells and proliferating 

progenitors, replenishing both secretory and ciliated cells during homeostasis and following 

injury (Figure 1-4). Their abundant cytoskeletal and adhesive proteins anchor the epithelium 

to the matrix and protect the underlying stroma from the external environment [83].  

The trachea and airways are lined with mesenchymal tissue, including cartilage surrounding 

the trachea, smooth muscle, and fibroblasts, which act as support and regulate airway 

diameter [74]. 
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The alveoli, found in distal airways, differ structurally from the more proximal airways (Figure 

1-3). The alveolar epithelium consists of two major cell types: alveolar type 1 (AT1) and 

alveolar type 2 (AT2) epithelial cells, also referred to as pneumocytes. AT1 cells are flattened, 

squamous cells that cover more than 95% of the lung’s gas exchange surface. These cells 

form an intimate association with the underlying endothelial capillary plexus, creating the 

thin, gas-permeable interface essential for efficient diffusion. In contrast, AT2 cells are 

cuboidal and secrete pulmonary surfactant, which reduces surface tension and prevents 

alveolar collapse during respiration, and they are the stem cells of the alveolar epithelium 

[74,84]. These cells are not present in the typical bronchoscopy samples [85] and instead 

require material from deceased individuals or a surgery in order to be detected (Figure 1-5). 

Figure 1-4 Airway epithelium differentiation 
pathways 
Basal cells are the stem cells of the airways, 
and upon activation, increase the 
proliferation rate and are referred to as 
supra/parabasal. Notch and other signalling 
pathways determine further fate. Secretory 
cells (club and goblet) differentiate as a result 
of Notch2 signalling, whilst ciliated cells form 
through an intermediate, deuterosomal 
cell/deuterocyte, activating formation of 
centrioles. Rare cell types, such as ionocytes, 
PNECs, and tuft cells, also originate from 
basal cells, but the pathways are less well 
described. Recently characterised Hillocks 
form a separate population of stem cell 
reservoir within squamous epithelium. 

Based on Davis & Wypych (2021), Ruysseveldt 
et al. (2021), and Montoro et al (2018); 
adapted and updated. 



 38 

1.7.1.2 RARE AND NOVEL EPITHELIAL CELL TYPES 

The traditional understanding of airway cellular composition has been significantly 

enhanced by single-cell omics profiling techniques, which have led to the identification of 

several novel cell types, such as ionocytes [86], deuterocytes [87], and hillock cells [88], as 

well as a population of sensory cells (PNECs), as seen in Figure 1-3 and Figure 1-4. It is 

hypothesised that there is also additional yet undiscovered heterogeneity within the 

epithelial compartment caused by the environmental factors, with unique cell states 

emerging due to smoking or exposure to allergens or pollutants [79]. 

In contrast to all other epithelial cells, PNECs are innervated and produce neurotransmitters, 

including amines and peptides. This enables them to function as sensory cells, signalling to 

the nervous system through secretory granules containing neuropeptides and 

neurotransmitters, and also influencing the immune response [89]. 

1.7.2 IMMUNE COMPARTMENT 

The respiratory system is continuously exposed to environmental factors, airborne 

pathogens, and immunostimulatory molecules released by microbes [90,91]. It employs 

innate and adaptive immune mechanisms to fight these. 

Most primitive defence mechanisms of the lung include the presence of antibacterial 

peptides (e.g. defensins), mannose binding protein, lysozyme, lactoperoxidase, and airway 
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surfactant [92]. These innate mechanisms are supplemented by immunoglobulins secreted 

by B and plasma cells – the airway mucous contains approximately equal concentrations of 

IgA and IgG in addition to smaller amounts of IgM [93]. In pathogenic responses such as 

asthma, IgE is also present [94]. 

Cellular mechanisms of innate immunity include the presence of phagocytic cells (alveolar 

macrophages, neutrophils, eosinophils) and natural killer cells, which recognize and 

remove bacteria and virus-infected host cells through PAMP and DAMP receptors [92]. 

Aberrant function of these cell types can contribute to the development of asthma [4]. 

Macrophages, interspersed through the respiratory system, act as immune sentinels of the 

airways, with the ability to uptake and present antigens and mediate Th1 immune response 

[95]. They can be divided into two distinct populations based on anatomical location – 

alveolar and interstitial macrophages. In animal models, depletion of alveolar macrophages 

led to increased inflammatory response to house dust mite [96] and raise in IgE levels [97]. 

In comparison, interstitial macrophages have regulatory phenotype, are characterised by 

secretion of IL-10 [91,98], and associated with regulating Th17-mediated neutrophilic 

inflammation in asthma [99]. 

Dendritic cells, the other antigen presenting cell type along macrophages, bridge innate and 

adaptive immunity and enable the involvement of B and T cells in immune response. The 

dendritic cells can be broadly divided into plasmocytoid (pDC) and conventional (cDC) 

dendritic cells, with cDCs further divided into DC1 and DC2 populations. The main function 
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of cDC1s is antigen cross-presentation, whilst cDC2s respond to various danger signals, 

such as ranging from nucleotides and polysaccharides, through engagement of Toll-like 

receptors found on their surface [100]. Conversely, pDCs’ main role is in antiviral immunity, 

mediated through their ability to produce type I interferon [101]. 

Adaptive immune responses in the lung lead to formation of inducible bronchus-associated 

lymphoid tissue (iBALT), which consists of T- and B-cell aggregates coinciding with antigen-

presenting cells and supported by populations of stromal cells [102,103]. In mice models of 

allergic inflammation, iBALT was demonstrated to host pathogenic memory Th2 cells [104]. 

1.7.3 GRANULOCYTES IN SINGLE-CELL GENOMICS 

To date, high-quality single-cell transcriptomes of granulocytes have predominantly been 

obtained from non-solid tissues, the blood and bone marrow [105,106]. In humans, 

substantial numbers of human eosinophils have only been successfully sequenced from 

the blood [107], with microwell-based methods (such as BD Rhapsody) showing better 

performance in general compared to microfluidics-based systems (e.g. 10X Genomics 

Chromium). In other tissues, negligible eosinophil count figures have been reported in a 

small number of studies – 13 eosinophils out of 71,752 total cells in foetal lung [108] (0.02%) 

and 321 eosinophils out of 103,228 total cells in foetal bone marrow [109] (0.31%). 

The key factors that likely underlie the challenge of capturing granulocytes from fresh 

tissues include the shearing forces generated during tissue dissociation and within the 
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microfluidics-based single-cell platforms that can compromise granulocyte membrane 

integrity, and the fact that these cells are prone to degranulation in response to 

activating/stress signals [110]. 

1.8 SINGLE-CELL SEQUENCING AND THE RESPIRATORY 

SYSTEM 

1.8.1 SINGLE-CELL GENOMICS 

The development of single-cell genomics and the rapid decrease of the sequencing costs 

enabled simultaneous profiling of thousands to millions of cells in any given sample at the 

same time. While early studies focused on the readily accessible blood tissue, more recent 

research has shifted attention to primary tissues, with an aim to increase significance to 

disease pathology. For instance, the foetal lung cell atlas traced the differentiation 

trajectories of epithelial cell types and identified previously uncharacterized cell states, 

including developmental-specific secretory progenitors [108]. 

In addition to individual efforts, ambitious international, multi-centre consortia such as 

Human Cell Atlas [111] have aimed to profile every tissue in the body at single-cell resolution, 

in health and disease. Single-cell profiling of the lung brought many exciting discoveries, 

such as the identification of pulmonary ionocytes [86], presence of gland-associated 
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immune niches [112], and alveolar epithelial niches [113] important in diseases such as 

COPD and fibrosis. 

Data from individual studies is often harmonised and integrated, which creates large tissue 

atlases, such as the Human Lung Cell Atlas, consisting of an impressive 2.4 million cells 

across the airway [78]. In addition to sample collection, the technological advances 

necessitated new computational methods able to efficiently deal with large datasets whilst 

answering biologically relevant questions, leading to over 1,400 tools to analyse scRNAseq 

data [114]. Moreover, these tools need to be used in a reproducible way and at a large scale, 

leading to the development of single-cell analysis pipelines, such as panpipes [115] and nf-

core scrnaseq [116], with the goal of streamlining the standard preprocessing tasks. 

Whilst early iterations of single-cell sequencing were limited to capturing the 

polyadenylated mRNA transcripts, subsequent advances enabled the capture of more than 

one molecular modality (layer of information) from a single cell. These modalities include 

antibodies binding to cell surface proteins, akin to flow cytometry, as well as chromatin 

accessibility and the immune (V(D)J) repertoire (T cell and B cell receptor sequences), and 

spatial location in a sample of the tissue [117]. 
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1.8.2 DIFFERENCES IN CELL TYPES DETECTED BASED ON SAMPLING 

TECHNIQUE AND ANATOMICAL LOCATION 

Sampling of the airway poses unique challenges due to the paucity of the material that can 

be collected from living individuals [79]. The anatomical location (proximal versus distal 

airway) and the sampling technique, influence the type and number of cells collected, as 

summarised in Figure 1-5. 

Typically, samples from healthy and asthmatic patients are collected via fibreoptic 

bronchoscopy during routine procedures [77,118] or in the context of a clinical trial and, in 

our experience, yield no more than a few tens of thousands of cells. This contrasts sharply 

with samples from deceased lungs, surgical biopsies, or explanted tissue, which often 

provide access to several million cells. This sparsity of research material prevented detailed 

immunophenotyping in the past, limiting the available techniques to microscopy, flow 

cytometry, and cytospins. Samples of the upper airway can also be obtained through a 

Figure 1-5 Anatomical locations and sampling strategies in upper and lower airway 
The three main sample types obtained during a bronchoscopy are bronchoalveolar lavage (BAL), 
brushings, and biopsies. Sampling of the alveolar region requires parenchymal lung tissue 
obtained through surgical biopsy or explants. The choice of sampling technique significantly 
influences the cell types collected: lavage yields mostly immune cells, brushings collect both 
epithelial and immune cells, while biopsies capture epithelial and immune cells as well as 
stromal cells. 

Adapted from Hewitt and Lloyd (2021). Copyright Springer Nature, reproduced with permission 
(license 5945441012604). 
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straightforward and non-invasive nasal brushing [77,79]. However, whilst there are 

structural and functional similarities, the biology of the upper airway may differ significantly 

from that of the lower airway, presenting a critical challenge when investigating airway 

diseases. Addressing this gap in research is essential to determine the extent to which upper 

airway samples can serve as reliable proxies for studying lower airway diseases, such as 

asthma and COPD. Finally, samples with defined tissue structure, such as biopsies, require 

enzymatic and/or mechanical dissociation to create a single-cell suspension required for 

transcriptome profiling, which was shown to introduce batch effects by upregulating 

JUN/FOS and HSP gene signatures [119,120]. 
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1.9 THESIS OBJECTIVES 

Asthma is a heterogenous disease with differences in molecular mechanisms between the 

phenotypes, sparsity of information about granulocytes in single-cell datasets, and 

unknown tissue heterogeneity both between the tissue sites (upper versus lower airway) and 

within the tissues (cell types, cell locations). To address these challenges: 

› In chapter 3, I focus on a defined asthma phenotype, severe allergic eosinophilic 

asthma with house dust mite (HDM)-sensitisation, which is the most common 

asthma phenotype. I characterise the differences in cellular composition of common 

sample types available to study the respiratory system using single-cell techniques, 

I employ a novel technique to track the immune cells binding the allergen (HDM), and 

profile HDM and IgE binding to immune cells. I also characterise the differences in 

abundance and gene expression across the cell types compared to healthy 

individuals 

› In chapter 4, I use state-of-the-art spatial transcriptomics techniques to investigate 

cell co-localisation and existence of tissue niches in patients with severe allergic 

eosinophilic asthma with HDM-sensitization compared to healthy controls, and 

expand to include gene expression differences in epithelial cell types compared to 

immune cell types characterised in chapter 3 
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› In chapter 5, I include a further three asthma phenotypes to build a comprehensive 

atlas of asthma at single-cell resolution, and profile key differences between severe 

asthma and health, as well as between the asthma phenotypes 

2 MATERIALS AND METHODS 

2.1 PATIENT RECRUITMENT 

All patient samples were collected as part of the Oxford Airways Study (ethical approval REC 

number 18/SC/0361). Bronchoscopies were performed at John Radcliffe Hospital and 

Churchill Hospital in Oxford, UK, by an authorised clinician, using standardised protocol in 

accordance with American Thoracic Society recommendations. Samples collected 

included nasal brushings, endobronchial brushings, biopsies, and bronchoalveolar lavage 

(BAL). 
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2.2 SINGLE CELL GENOMICS 

All tissue processing was carried out in class II biosafety cabinet previously treated with UV 

light for 20min, with equipment and surfaces wiped with RNaseZap (Thermo, cat. AM9780). 

2.2.1 TISSUE DISSOCIATION AND STAINING WITH ANTIBODIES 

Endobronchial biopsies: Biopsies (8-10 samples, approximately 2 mm in size) were 

collected into 4 mL of colourless RPMI (Gibco cat. 11835030). Collagenase dispersal was 

performed using 1 mg/ml type 1 collagenase from Clostridium histolyticum (Sigma cat. 

C0130) in RPMI for 1 hr at 37°C with magnetic stirring, samples were be depleted of RBCs 

using 30 s incubation in sterile nuclease-free water, dispersed using 23G needle and 70 μm 

mesh filter and stained. The staining panel consisted of a mixture of flow cytometry 

antibodies, which were used for sorting and purity assessment, and TotalSeq™-C antibodies. 

CD45 was used to balance the immune and non-immune compartments, such that an 

approximately equal number of CD45+ and CD45- cells was collected. Hashing antibody 

(different for every patient-tissue combination) was used to demarcate sample ID and tissue 

of origin (nasal brush, BAL, or endobronchial biopsy). The detailed panel designs are given 

in Table 2-1 and Table 2-2. 
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Nasal brushings: Nasal brushings were collected by rotating cervical cytology brushes in 

the nasal cavity 5 times and inserted into 4 mL of colourless RPMI. Cells were dissociated 

from the collection brushes by vigorous aspiration with 1000 μl pipette and rinsed three 

times with 1 mL of RPMI. The cells were passed through 23G needle and 70 μm mesh filter 

to create single cell suspension, treated with 5 μl Human TruStain FcX™ for 10 min on ice (to 

prevent non-specific binding) and stained. The detailed panel designs are given in Table 

2-1and Table 2-2. 

Bronchioalveolar lavage (BAL): BAL samples were collected using 50 mL of PBS (Sigma cat. 

D8537), passed through 23G needle and 70 μm mesh filter to create single cell suspension, 

depleted of RBCred blood cells (RBCs) using 30 s incubation in sterile nuclease-free water, 

treated with 5 μl Human TruStain FcX™ for 10 min on ice to prevent non-specific binding, and 

stained. The detailed panel design is indicated in Table 2-2.  

One of the aims of the study was to profile differences between the biology of upper (nasal 

brush) and lower (BAL, endobronchial biopsy) airway in healthy and asthmatic patients. For 

the experiments described in Chapter 3, cells hashed cells obtained from BAL, 

endobronchial biopsy, and nasal brush samples from a single patient were pooled together 

and run on a single 10X Genomics Chromium chip. For the experiments described in 

Chapter 5, cells obtained from endobronchial biopsy and nasal brush samples from a single 

patient were pooled together and run on a single 10X Genomics Chromium chip. This 

multiplexing strategy was used to accommodate the need to process samples fresh and the 
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variable number of patients undergoing bronchoscopies on different occasions (ranging 

from 1 to 4 patients). In ideal circumstances, samples from different patients would be 

combined instead to take advantage of genetic demultiplexing algorithms and thus 

potentially reduce the number of cells of ambiguous tissue origin. 

2.2.2 ANTIBODY PANELS 

Antibody panels used for staining are given in Table 2-1 (Chapter 3) and Table 2-2 (Chapter 5), 

with antibodies common between the two panels listed in bold. The differences in panels 

are due to different timelines and commercial founders of each study. The CD45+ sorting 

strategy used in Chapter 3, which enriched for immune cells, was employed to increase the 

statistical power of the small study, as immune cells are rare compared to epithelial cells. 

The staining results are presented in Figure 2-1. 
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Table 2-1 Antibody panel used in the study of asthma phenotypes (nasal bush, biopsy) 
Live cells were sorted in approximately equal proportions of CD45+ and CD45- populations. 

Flow cytometry TotalSeq™-C 
CD161 BV786 CD45 
CD25 BV711 HLA-DR 
CD19 BV650 CD3 
CD45 BV605 CD16 
CD4 BV570 CD19 
MAIT tetramer BV421 CD14 
CD16 PerCP CD4 
CD3 AF488 CD8 
CRTH2 PE-Cy7 CD193 
CD14 PE-TxR TCR Va7.2 
CD8 APC-Cy7 CD161 
CD127 APC-R700 CD38 
CD193 APC CD31 
7-AAD (viability dye) TCR Va24-Ja18 
 CD138 
 Mouse IgG1, κ (isotype control) 
 Mouse IgG2a, κ (isotype control) 
 Hashing antibody 
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Table 2-2 Antibody panel used in the study of HDM-sensitized allergic eosinophilic asthma 
Live CD45+ cells were sorted. 

Flow cytometry TotalSeq™-C 
CD45 APC-Fire450 HLA-DR 
7-AAD (viability dye) CD3 
 CD16 
 CD19 
 CD14 
 CD4 
 CD8 
 CD193 
 TCR Va7.2 
 CD38 
 CD138 
 Polyhistidine tag (“His-tag”) 
 CD117 
 TCR Va24-Ja18 
 IgE 
 DerP1-oligo conjugate 
 DerP2-oligo conjugate 
 Mouse IgG1, κ (isotype control) 
 Mouse IgG2a, κ (isotype control) 
 Hashing antibody 
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Figure 2-1 Overview of the dsb-normalised protein signal in Chapters 3 and 5 
The dsb-normalised antibody staining signal for antibodies used (ADT) and antibody isotype 
controls (ISO) for single cell studies described in Chapter 3 (A) and Chapter 5(B). 
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2.2.3 OLIGO-CONJUGATED ALLERGENS 

Recombinant House Dust Mite DerP1 (Cambridge Bioscience cat. 230-00023-50) and DerP2 

(Cambridge Bioscience cat. 230-00024-50) proteins were concentrated using buffer 

exchange spin columns (abcam cat. ab102778) and conjugated to 10X Genomics-

compatible DNA oligonucleotides using a commercial kit (5’ Feature Barcode Antibody 

Conjugation Kit, abcam cat. ab270703). These conjugates were added to the cell 

suspension and incubated for 10 min on ice. 

2.2.4 LIBRARY PREPARATION AND SEQUENCING 

Sequencing libraries were generated using Chromium Next GEM Single Cell 5’ Reagent kit 

v2 (Dual Index) following manufacturer’s instructions (protocol CG000330). Library 

generation was automated using Biomek FXP Laboratory Automation Workstation 

(Beckman Coulter) at MRC WIMM Advanced Single Cell Omics Facility (WASCOF, University 

of Oxford). The automation methods were written and tested by me and Dr Maria Greco. 

Library quality and concentration was assessed using a Bioanalyzer (Agilent) and Qubit 2.0 

Fluorometer (Thermo Fisher Scientific), respectively. Sequencing was carried out by a 

commercial supplier, Novogene UK Limited. Libraries were sequenced on NovaSeq6000 

and X Plus instruments (Illumina Inc) to a requested depth of 400 M read pairs for 

transcriptome (RNA) libraries, 160 M read pairs for feature barcoding (ADT), and 80 M read 

pairs for immune repertoire (TCR and BCR) libraries. 
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2.2.5 DATA ANALYSIS 

R 4.3.2 and Python 3.10 programming languages were used for the analysis. 

Scanpy’s anndata [121] and muon’s mudata [122] frameworks were used for data 

manipulation and plotting in Python. The analyses were performed using scanpy (single cell) 

[121] and squidpy [123] and supplemented with task-specific tools, as indicated below. 

For packages written in R, SingleCellExperiment [124] was used as data container. 

zellkonverter was used to convert between anndata/mudata and SingleCellExperiment 

objects [125]. 

2.2.5.1 PREPROCESSING 

CellRanger analysis pipeline (cellranger-multi 7.1.0) was used to carry out unique molecular 

identifier (UMI)-based read collapsing, read alignment and generate raw count matrices. 

Reads from gene expression libraries were aligned to GRCh38-2020-A reference, and 

immune repertoire to GRCh38-alts-ensembl-7.0.0, both provided by 10X Genomics. 

Custom references based on barcode sequences provided by BioLegend and abcam were 

created for TotalSeq™-C and custom conjugate libraries. 
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2.2.5.2 CELL HASH DEMULTIPLEXING 

cellhashR package (v1.0.3) [126] was used to assign the cells to tissues of origin using 

consensus mode with agreement rate of at least 50% (chapter 3) and 100% (chapter 5) – i.e., 

at least half or all the algorithms which were able to be called on a given sample had to be 

in agreement for the result to be deemed unambiguous. The algorithms used were: 

"htodemux", "multiseq", "dropletutils", "demuxem", "demuxmix", "bff_raw", and 

"bff_cluster". 

2.2.5.3 QUALITY CONTROL, FILTERING, AND DIMENSIONALITY REDUCTION 

panpipes (v.1.1.0) pipelines [115] was used to carry out QC steps, filtering, dimensionality 

reduction, and clustering. Cells were filtered based on minimum (to exclude debris) and 

maximum (to exclude multiplets, predominantly doublets) UMI counts, percentage of 

mitochondrial counts (to exclude dead and dying cells), doublet scores (to exclude 

homotypic doublets), cellhashR doublet calls (to exclude heterotypic doublets). Highly 

variable genes (HVGs) were identified using Seurat algorithm (version 3), principal 

components (PCs) were calculated for the dataset and dimensionality was reduced using 

UMAP algorithm. UMAP embedding was corrected for batch effect using an array of methods 

(harmony, scvi, bbknn, scanorama) and assessed visually and through calculating LISI 

scores. Leiden clusters were calculated at resolutions 0.1 to 2.0, cell number permitting. 

Annotation was performed on broad cell type groups (“compartments”): T and NK cells, B 
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and plasma cells, myeloid cells, non-immune cells. These compartments had HVGs, PCs, 

and batch-corrected UMAP embeddings and clusters recalculated before proceeding to 

annotation based on expert input, a set of canonical markers, and Human Lung Cell Atlas 

[78] (core dataset) reference annotations mapped using scvi-tools [127]. 

I was an active contributor to the panpipes package during its development and the set of 

pipelines are now published as a peer-reviewed article in Genome Biology. 

2.2.5.4 PSEUDOBULKING 

Early approaches to differential gene expression analysis treated each single cell as an 

independent observation, inflating the number of statistically significant differentially 

expressed genes [128]. To circumnavigate this problem, pseudobulk RNA samples were 

created by summing the gene counts in individual cell types over patients using decoupleR 

[129]. Immune receptors whose expression is highly variable within a given cell type (each 

B/T cell clone expresses a unique V(D)J combination) were excluded from the pseudobulk 

aggregates using the regular expression recognising any gene name that starts with the 

following: "IGHV", "IGLV", "IGKV", "AC233755", "TRAJ", "TRAV", "TRDV", "TRBJ", "TRBV", 

"TRGV", "TRGJ", "TRG-". 
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2.2.5.5 CELL ABUNDANCE CALCULATION 

Cell type abundance in a given patient was calculated as the ratio of number of cells with a 

given annotation to all the cells with the same annotation at annotation level 0 

(compartment annotation). 

2.2.5.6 PRINCIPAL COMPONENT ASSOCIATION ANALYSIS 

Association of abundance and gene expression with experimental variables was performed 

with decoupleR [129]. Correlation scores were calculated between pseudobulk gene 

expression values/abundance values and clinical variables, and ANOVA was used to test for 

association. ANOVA p values were corrected using Benjamini-Hochberg method. 

2.2.5.7 DIFFERENTIAL GENE EXPRESSION ANALYSIS 

Cluster gene markers for annotation purposes were calculated using Wilcoxon test. 

Differential gene expression was analysed using MAST [130], providing confounding 

variables as covariates to the model and excluding genes with zero cellular detection rate. 

0.25 logFC and padj <0.05 were used as thresholds to determine significant changes in 

expression.  
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2.2.5.8 DIFFERENTIAL ABUNDANCE ANALYSIS 

Differential abundance analysis was performed using miloR [131]. Nearest -neighbours 

graph was calculated using PCs given by panpipes, with parameters optimised to reach 

neighbourhood size approximately equal 4-5 times the number of samples in the dataset or 

100-200, whichever was larger. 

2.2.5.9 GENE SET ENRICHMENT ANALYSIS 

ClusterProfiler [132] was used to test for gene set enrichment analysis against MSigDB 

“h.all.v2024.1.Hs.symbols” reference. Genes were ordered according to the score 

calculated as -log(padj) × sign(logFC) values from the MAST algorithm. GSEA was performed 

using the compareCluster function. A small pseudocount (1E-300) was added to every p-

value to avoid errors resulting from taking a logarithm of 0. 

2.2.5.10 CELL-CELL INTERACTION ANALYSIS 

LIANA+ [133] was used for cell-cell interaction analysis, with all MAST genes with padj <0.05 

taken as potential ligands for differential interaction analysis. 
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2.2.5.11 CLONALITY ANALYSIS 

B and T cell clones were called by cellranger-multi as described in section 2.2.5.1. Clonality 

analysis of T cells was carried out at annotation level 2 using immunarch [134] with clone 

sizes set as 1, 2-10, >11. Gene expression data was used to establish cell type annotations. 

Percentage of clonal repertoire was calculated as percentage of a given clone size in relation 

to all the clones called using VDJ data. The clone counts in two groups (healthy controls, 

asthmatic patients) were compared using Wilcoxon rank sum test with p values adjusted for 

multiple comparisons. 
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2.3 IN SITU SPATIAL TRANSCRIPTOMICS 

2.3.1 TISSUE PROCESSING 

Biopsies (1-2 samples, approximately 2 mm in size) for spatial transcriptomics and 

imagining experiments were collected into 4 mL of phosphate-buffered formalin solution 

(Sigma cat. HT5011). The biopsies were paraffin embedded using a robot at the clinical 

facility (OCHRe, Oxford Centre for Histopathology Research) producing FFPE (formalin-fixed, 

paraffin embedded) blocks. Some archival biopsies stored as part of OAS were included in 

the study. 

Biopsies were sectioned to according to protocol CG000578 by 10X Genomics. Prior to 

starting, all work surfaces were treated with RNaseZap. Briefly, FFPE blocks were kept at 4℃ 

at all times, sectioned using a microtome to 5 μm slices, floated in RNA-free water bath at 

42℃ and placed on the Xenium slide. Slides were then dried at 42℃ for 3h in histological 

oven and placed in a desiccator. 

On the day of the experiment, the slides were processed according to protocol CG000760 

by 10X Genomics. Briefly, a cocktail of priming DNA oligos was added onto the tissue and 

allowed to hybridise to the RNA in the tissue, the RNA template was then released from the 

oligo and enzymatically digested using RNase, and the proprietary “polishing” step was 

performed to prepare the tissue for probe binding. The RNA-detecting probes were then 

added to detect gene expression, ligated to form a circular DNA template, and amplified 
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through rolling circle amplification. Finally, cell membranes were stained with a proprietary 

fluorophore cocktail, the autofluorescence was quenched using chemical treatment, the 

nuclei were visualised with DAPI stain, and the tissue was analysed using Xenium Analyzer 

instrument. 

The slide was retrieved, and H&E staining was performed according to protocol CG000613 

by 10X Genomics. Briefly, the autofluorescence quencher was removed using 10 mM 

solution of sodium hydrosulphite, stained with haematoxylin solution and bluing solution. 

The slide was washed three times in purified water between the steps. The slide was then 

dehydrated in 70% and 95% ethanol solutions, stained with eosin, and the tissue was 

dehydrated by submersion in a series of alcohol solutions (two times 95%, two times 100%). 

The alcohol was replaced with xylene by submersion in two xylene jars and mounted with a 

cover slip.   

The slide was visualised using ZEISS Axioscan 7 microscope at the Oxford-ZEISS Centre of 

Excellence in Biomedical Imaging at 20x magnification. 
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2.3.2 DATA ANALYSIS 

2.3.2.1 PREPROCESSING 

Tissue regions were selected according to patient diagnosis (healthy, asthma, allergy) based 

on the slide map created during the sectioning stage and exported by the Xenium Analyzer 

at the data acquisition stage. The cell segmentation was performed by the Xenium Analyzer 

based on 5 μm expansion of the DAPI nuclear stain, boundary stain using a mixture of 

ATP1A1, CD45, and E-cadherin staining, and interior 18S RNA stain. 

2.3.2.2 QUALITY CONTROL, FILTERING, AND DIMENSIONALITY REDUCTION 

Gene count matrix and spatial information was extracted using SpatialData i/o functions 

[135]. The resulting anndata objects were fed to panpipes and processed in a similar manner 

to single cell genomics data. Cells were filtered based on minimum (to exclude debris) and 

maximum (to exclude aggregates) cell and nucleus area, number of negative control probes 

detected (which was set to 0), and nucleus count (1). The minimum and maximum number 

of transcripts filter consistent with the gene panel size was also used. Highly variable genes 

(HVGs) were identified using Seurat algorithm (version 3), principal components (PCs) were 

calculated for the dataset and dimensionality was reduced using UMAP algorithm. UMAP 

embedding was corrected for batch effect using an array of methods (harmony, scvi, bbknn, 

scanorama) and assessed visually and through calculating LISI scores. Annotation was 
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performed based on expert input and Human Lung Cell Atlas [78] (core dataset) reference 

annotations mapped using scvi-tools. 

2.3.2.3 PSEUDOTIME ANALYSIS 

Pseudotime analysis was performed using Palantir [136] on a subset of cells of interest, with 

preprocessing (HVG identification, PC calculation, dimensionality reduction) performed in 

scanpy to mirror the processing of the whole dataset conducted in panpipes. 

2.3.2.4 DIFFERENTIAL GENE EXPRESSION ANALYSIS 

Differential gene expression was performed using MAST, similarly to single cell expression 

data, correcting for cellular detection rate but not including any additional covariates. 

2.3.2.5 SPATIAL NICHE ANALYSIS 

Squidpy was used to perform neighbourhood analysis 121[123]. Neighbourhood graph of 

cells was calculated using Delaunay triangulation and plotted as an average z-score across 

1000 permutations. Hierarchical clustering was used to group the scores and niches were 

annotated manually based on known biological function of individual cell types. 
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3 CHARACTERISATION OF IMMUNE CELLS ACROSS 

TISSUES IN ALLERGIC ASTHMA AND HEALTH 

3.1 INTRODUCTION 

Allergens of animal (e.g. house dust mite) and plant (grass and birch pollen) are a major 

cause of asthma worldwide. They contain proteins with enzymatic activity, which are able 

to cleave intercellular junctions, leading to the loss of cell-cell contacts and consequently 

to altered immune responses [137] (Figure 3-1). Nonetheless, enzymatic activity of 

environmental proteins has been demonstrated to be insufficient to cause IgE-driven 

allergic reactions, and other compounds derived from allergenic sources co-delivered with 

the allergens were shown to provide an adjuvant activity needed to develop allergic 

sensitisation [138]. 

In allergic asthma, allergen activity provides the type 2 inflammatory signal, through the 

release of alarmins IL-25, IL-33 and TSLP at mucosal surfaces [139,140] (Figure 3-1). This 

signal, in the right genetic background, primes and amplifies airway inflammation and 

respiratory disease [140,141]. This is supported by the molecular function of the proteins 

contained in dust mites. HDM allergens are termed using the “DerP” prefix with a number, 

with approximately 40 distinct proteins identified [142]. Typically, allergic sensitisation 

starts with DerP 1, DerP 2, and DerP 23 proteins, which are also the most prevalent allergens, 

with approximately 50-70% of patients producing IgE against them. Later in life, DerP 
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4/5/7/21 follows, with 15-30% sensitization rates, and lastly, DerP 11/14/15/16/18 reactivity 

emerges around 5 years of age, with prevalence 10%. Presence of IgE antibodies to DerP 1 

or DerP 23 at 5 years of age or less is a predictor of childhood onset asthma [143]. DerP 1, 

which is a cysteine protease, induces epithelial cytokine production and facilitates 

transepithelial delivery of allergens by disrupting tight junctions [142], whereas  DerP 2, 

promotes airway inflammation via TLR4 engagement, resulting in epithelial production of IL-

1𝛼, which then triggers granulocyte GM-CSF and IL-33 release in an autocrine fashion. This 

results in the recruitment and activation of antigen-presenting dendritic cells as well as 

innate lymphoid cells, forming a link between the innate and adaptive immunity in HDM 

allergy [144], thereby driving a strong type 2 immune response (Figure 3-1). 

HDM extracts prepared from either whole mites, mite bodies, or their faeces, have been 

found to be contaminated with immunomodulators such as LPS, β-glucans, and chitin, as 

well as microbial and fungal immunostimulatory substances, such as PAMP receptor 

activating bacterial DNA and endotoxins [138,145]. As an alternative approach, large 

amounts of recombinant DerP proteins can be expressed in E. coli, which can be purified to 

a high standard using standard molecular biology approaches [146]. 

Upon antigen presentation and Th2 TCR receptor engagement, the Th2 cells release type 2 

cytokines (IL-4, IL-5, and IL-13), which act as a signal for the maturation of B cells, promoting 

development into plasma cells and release of IgE antibodies (Figure 3-1) [4] IgE production 

mainly occurs in the lymphoid organs [4], however, it has been suggested that it can also 
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occur locally in the mucosa of asthmatic patients [147]. IgE has many targets in the inflamed 

airway and its role is not completely understood. For instance, it can bind to the high-affinity 

FcεRI and the low-affinity CD23 (FcεRII) receptors, which are differentially expressed across 

many cell types in the airway [148,149]. FcεRI is expressed on multiple myeloid-lineage cell 

types (basophils, mast cells, eosinophils, and DCs), as well as epithelial-lineage cells 

(smooth muscle, endothelium, and epithelium), and is thought to be preliminarily involved 

in signalling [150]. Conversely, CD23 is mostly expressed on B and plasma cells and thought 

to be involved in controlling the amounts of soluble IgE [149]. In allergic response, IgE is only 

produced intermittently by a pool of memory IgG B cells. These cells rapidly switch isotype 

and expand into short-lived IgE+ plasmablasts, which are sustained by type 2 cytokines such 

as IL-5 and IL-13 [151]. 

Allergen-binding B cells are important drivers of IgE-mediated inflammation, activating mast 

cell degranulation and propagating inflammation in the airway [4,140] (Figure 3-1). Recent 

development in single-cell genomics saw the invention of techniques to detect antigen 

binding, with LIBRAseq (community developed, Ivelin Georgiev lab) and BEAMseq (10X 

Genomics) being the most notable examples. These techniques allow mapping of protein 

binding cells by tagging the protein of interest with a DNA barcode with appropriate 

amplification sequences to enable construction of sequencing library, with counts being 

captured as surface protein (LIBRAseq) or separate (BEAMseq) library [152]. LIBRAseq has 

been demonstrated to robustly identify B cells recognising SARS-CoV-2 antigen [152]. 
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Nonetheless, the utility of this technique to map protein binding to other cell types, through 

Fc receptor or non-specific interaction, was not explored. 

Studies have been carried out to profile the effect of aeroallergen in allergic asthma at 

single-cell level [153]. However, these have been limited to small patient numbers and they 

lack the cross-tissue and cross-cell compartment context (upper versus lower airway, 

epithelium versus stroma), as well as the inclusion of modalities other than RNA (allergen 

binding, T and B cell clonality). I aimed to design an experiment to address these problems 

and expand the understanding of the role of immune cells in allergic asthma.  

Figure 3-1 Immune cells in HDM-sensitized 
allergic asthma 
DerP 1 is a proteinase capable of cleaving 
tight junctions and binds to PAMP 
receptors, whilst DerP2 is a TLR4 agonist. 
Both allergens trigger the release of 
alarmins, which in turn trigger type-2 
immune response, driven by Th2 and ILC2 
cells, and facilitated by antigen-presenting 
cDC2s. Type 2 cytokines promote IgE 
secretion, bronchial constriction, and 
eosinophil activation. IgE cross-linking on 
mast cells and basophils leads to release 
of pro-inflammatory cytokines and 
decrease in anti-viral response. 

Adapted from Hammad & Lambrecht (2021) 
and Hendriks (2020) and updated. 
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3.2 HYPOTHESIS 

In allergic asthma, upon inhalation of an aeroallergen, various immune cells bind the 

allergen and elicit an immune response against it. One of the responses is production of IgE, 

which is also bound by immune cells in the innate and adaptive compartments. As a result 

of binding the allergen, IgE, or cytokine signalling, or a combination of those factors, relative 

cell proportions and/or transcription profiles change, leading to the development of disease. 

The immune response differs across the tissues (BAL, biopsy, and nasal brush). 

3.3 AIMS OF THIS CHAPTER 

• To determine if DNA-conjugated proteins can be used to identify aeroallergen 

(HDM)-binding immune cells in the airway 

• To examine the immune cell types and states present in different sampling 

locations in the airway (BAL, nasal brush, endobronchial biopsy) in allergic asthma 

patients and controls 

• To identify IgE-secreting and IgE-binding cells in the airway 

• To investigate the changes in cell type abundance in asthma and health and across 

tissue sites 

• To delineate the differences in gene expression between cell types and between 

healthy and asthmatic patients at the single-cell level 

• To quantify the clonal expansion of B cells or T cells specific to the aeroallergen 
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3.4 RESULTS 

3.4.1 COHORT CHARACTERISTICS 

I designed an observational study to characterize the cellular composition and phenotype 

of airway cells to obtain a deeper understanding and insight into allergic inflammation, both 

on its own and in the context of eosinophilic asthma, compared to healthy controls. The 

study includes three phenotypes: (1) patients with allergic asthma who are sensitized to 

HDM protein (as characterised by high HDM-specific IgE titres), (2) one patient with HDM 

sensitization who did not develop asthma, and (3) healthy controls without HDM and few 

other allergic sensitisations, as summarised in Table 3-1. Patients of phenotype (3), allergic 

asthmatics, were older and had higher BMI compared to healthy controls – this is on one 

hand due to the difficulty in recruiting healthy age-matched volunteers willing to undergo a 

bronchoscopy, and due to obesity being one of the features of asthma [57]. The original 

study design consisted of phenotypes (1) and (3) only, however, a patient initially diagnosed 

as having asthma was later found to be misdiagnosed. More patients with phenotype (2) are 

included in spatial transcriptomics experiments in Chapter 4, hence I decided to retain this 

sample in the analysis. 

BAL, endobronchial biopsies, and nasal brushes were collected from patients during 

fibreoptic bronchoscopy by a trained clinician. The samples were processed to create 

single-cell suspensions, as outlined in the methods, stained with an antibody panel, and 
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processed using 10X Genomics 5prime kit. Four modalities were collected for each cell – 

RNA expression, surface protein expression, TCR sequence, BCR sequence (Figure 3-2A). 

The protocol I developed allows the generation of high-quality single-cell data from samples 

with very low cell count (typically below 100,000 cells) and viability (typically ~50% viable 

cells, as quantified by 7-AAD staining). I opted for processing of fresh tissue on the day of 

collection, as my pilot experiments with frozen samples yielded small recovery rates and 

poor cell survival, accepting a degree of batch effect may be introduced to the data and may 

have to be accounted for at the stage of computational data analysis. 

In order to reliably detect cells which have bound the aeroallergen patients are sensitised 

to, I adapted the existing LIBRAseq[152] protocol and used direct conjugation of DerP 1 and 

DerP2  proteins expressed in E. coli to TotalSeq-compatible DNA barcodes and removed the 

biotin-streptavidin sorting stain present in LIBRAseq (Figure 3-2B). This allowed me to 

visualise all the cells binding the antigen, including specialised cells such as B cells (through 

the B cell receptor), as well as other cells, such as antigen presenting cells (dendritic cells, 

macrophages) and those with a TLR receptor. 
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Table 3-1 Cohort characteristics for allergic eosinophilic asthma projects 

 
 

Healthy control 
(n=4) 

 
HDM sensitization 

(n=1) 

Allergic asthma + 
HDM sensitization 

(n=3) 
Age, years (mean ± SD) 25.3 ± 1.5 29 43.7± 18.2 

Male/female 3/1 1/0 2/1 
BMI, kg/m2 (mean ± SD) 24.03 ± 3.44 29 31.10 ± 6.01 
Eosinophil count [on the 

day], counts x 109/ml 
(mean ± SD) 

0.15 ± 0.17 0.45 0.29 ± 0.00 

Eosinophil count [highest 
ever], counts x 109/ml 

(mean ± SD) 
0.18 ± 0.22 0.50 0.59 ± 0.41 

HDM at screening, 
kUA/l (mean ± SD)* 

Detection limits: 0.01-0.35 
0.04 ± 0.05 33.7 22.51 ± 27.34 

Number of Sensitizations 
[6 tested: HDM, Grass + 
Trees, Cat, Dog, Moulds, 
Aspergillus] (mean ± SD) 

0.50 ± 1.00 4 4.33 ± 1.15 

Total IgE at screening 
IU/mL ** 134.77 ± 223.67 1655 499.67 ± 274.45 

Smoker (%) 50% 0% 33% 
Current smoker (%) 50% 0% 33% 

Smoking status unknown 
(%) 50% 0% 0% 

* - if the result was below detection limit, it was recorded as 0.01 
** - if the result was below detection limit, it was recorded as 2 
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Figure 3-2 Allergic asthma study design and data processing overview 
A Overview of the patient phenotypes (asthma, allergic, healthy) and the experimental processing, 
including sample collection, antibody staining, and single cell genomics library preparation. 
B Synthesis of custom allergen-DNA barcode conjugates using DerP 1 and DerP 2 proteins 
expressed in E. coli. C Summary of key preprocessing steps with associated cell and droplet counts.  
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3.4.2 DATA PREPROCESSING AND METHOD DEVELOPMENT 

Sequencing yielded 98,014 cells (Figure 3-2C). The QC entailed exclusion of cells with 

mitochondrial content higher than 40%, which could be indicative of physically damaged or 

dying cells, whose cytoplasmic mRNA leaked through a broken cell membrane, leaving 

behind only mRNA located in the mitochondria [154]. The mitochondrial content threshold 

of 40% is more permissive than the typically recommended values (5-10%) and was chosen 

to avoid removal of potentially biologically relevant cells. Of note, in benchmark studies, it 

has been shown that such low threshold fails to preserve healthy cells in 13 of 44 human 

tissues, with metabolically active healthy cells, such as cardiomyocytes, exhibiting up to 

30% mitochondrial reads [155,156] and up to 60% in some tissues such as the human gut 

[157]. In addition, droplet-based sequencing methods lead to generation of doublets and 

multiplets, i.e. droplets containing two or more cells. These violate the assumption that 

each barcode represents the transcriptome of a single cell and need to be removed, 

although new emerging methods are now available to make use of this data in interesting 

ways, such as to interrogate immune synapses and cell-to-cell interactions [158]. Cell 

hashing, a method where single cells are labelled with surface antibodies to universally 

expressed cell-membrane proteins (such as CD45 or components of the MHC), enables not 

only cost reduction, by running multiple patient samples as part of a single reaction, but also 

detection of heterotypic doublets through modelling the detection rates of each bound 

antibody hashtag [159]. To this end, I used cell hashing to encode the tissue of origin in each 

sample (nasal brush, biopsy, or BAL) and used cellhashR [126] to remove heterotypic 
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doublets, i.e. those droplets where more than one hashing barcode was detected (Figure 

3-2C). I identified 13,443 doublets which were excluded from further analysis, 996 negative 

cells which did not have detectable levels of hashtags, 5,220 discordant cells where it was 

not possible to assign the tissue with high confidence, and 78,355 singlets, of which 43,739 

cells from the BAL, 25,143 from the biopsies, and 9,473 from nasal brushes (Figure 3-2C and 

Figure 3-3A). As this approach would not identify homotypic doublets, i.e. those where both 

cells in the droplet share the barcode, I additionally used scrublet [160] to model a 

distribution of artificial doublets, and excluded cells with the score of 0.25 or above – this 

excluded 2,331 further cells (Figure 3-2C). 

Of the 98,014 cells, 81,842 passed QC and were used for annotation, where further cells 

were excluded either due to forming donor-specific clusters or lacking distinct gene markers 

to produce 74,411 annotated as high-quality cells (Figure 3-2C). 

Genes were filtered to remove those with a low detection rate, by removing genes which 

were expressed in less than 10 cells in the dataset. That resulted in a dataset of 26,483 

expressed genes. To best capture sources of variation in the dataset, one or more 

dimensionality reduction techniques are typically applied to the single cell data [154]. I 

calculated 50 principal components on the dataset and identified the first 30 to be 

explaining a significant portion of the variance in the dataset using a common ‘elbow plot’ 

approach [154]. I then used these to calculate a final embedding using Uniform Manifold 
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Approximation and Projection for Dimension Reduction (UMAP) [161] and 4 different data 

integration algorithms (Figure 3-2C and Figure 3-3B,C).  

Batch correction was then applied to the data to account for various technical effects, such 

as the day of the processing, the operator, the sequencing batch and instrument. As it was 

not possible to predict and collect the data on all the possible confounding variables, I used 

the sample ID (OAS patient ID) to model these random effects. As part of panpipes, I tested 

four data integration approaches, namely: harmony, bbknn, and scanorama (Figure 3-3B). 

Visual assessment of integration as well as Local Inverse Simpson’s Index (LISI) score was 

used to choose the optimal integration method to use on the data (Figure 3-3C), with higher 

density of LISI scores indicative of better integration [162]. Harmony was chosen as the most 

optimal method of integration, also reflected in its highest LISI scores. 
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Figure 3-3 De-hashing algorithm and integration method selection 
A Summary of the cell calls of 7 different de-hashing algorithms and 50% consensus majority 
vote method (‘consensuscall’). B Comparison of three data integration methods on the UMAP 
embedding coloured by patient phenotype C Local Inverse Simpson’s Index (LISI) scores 
calculated for each integration method. 
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3.4.3  CELL ANNOTATION 

To distinguish between the cell types, cells were split into broad cell types based on their 

differentiation origin [163] (B and plasma cells, NK and T cells, myeloid cells, see Figure 3-4 

A) using a combination of canonical cell type markers (such as CD19, CD3, HLA-DR) and 

markers calculated for each cluster using Student’s t test with overestimated variance from 

the scanpy package [121]. I supplemented this with the mapping of BCR and TCR sequences 

(Figure 3-4 B) which were integrated with the gene expression data. Next, I re-calculated 

principal components, re-integrated data using Harmony, and annotated the cell states 

using canonical markers sourced from literature, as well as markers previously identified for 

the lung in single cell and spatial transcriptomics [112] (Figure 3-4 C-E). The information 

from the RNA portion of the assay was supplemented with a targeted panel of antibodies 

designed to identify the immune cells previously described in the lung, including rare 

populations, such as MAIT cells. Our annotation identified 52 unique cell states (Figure 3-4 

F) which I compared to Human Lung Cell Atlas (HLCA) [78] by reference mapping using scvi-

tools, an approach using transfer learning [164] (Figure 3-4 G). 
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While there was a broader consensus, some cell states were found to be incorrectly 

annotated – for instance, neutrophils expressing FCGR3B, CXCL8, PLAUR, IFITM2 were 

mapped as classical monocytes, mast cells expressing CPA3 and TPSAB1 as ‘None’, and 

cells not expected in CD45+ sorted data, such as contaminating club cells mapped as 

monocytes from HLCA references. I found the semi-supervised approach of clustering and 

cell marker annotation to be a better representation of the underlying biology. In total, for 

the 52 identified unique cell states I used the knowledge of lung immunology to define three 

annotation resolutions differing in the level of cell state granularity, closely mirroring the 

approach taken by the HLCA. 
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Figure 3-4 Annotation of cell states across compartments and comparison with Human Lung Cell Atlas 
A Location of the cell compartments (B and plasma, NK and T, myeloid) cells annotated according to their 
developmental origin. B Mapping of the immune cell receptors to confirm the location of B, T, and plasma cells 
on the embedding. C-E Embeddings of individual cell compartments and corresponding cell state annotations. 
F Mapping of all the annotations to the overall embedding. G Mapping of the overall embedding to the Human 
Lung Cell Atlas reference. 
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3.4.4 CELL STATES IN THE HUMORAL IMMUNITY COMPARTMENT 

Through the subclustering of B and plasma cells, I was able to identify cells across the B-to-

plasma developmental progression [165] (Figure 3-5 A). In particular, I identified naïve B 

cells (TCL1A, padj=1.56E-66, expressing IgM and IgD), memory B cells (CD27, padj=8.26E-178 

and TNFRSF13B, padj=1.46E-185), as well as plasma cells (MZB1, padj=1.94E-9) (Figure 3-5 A-

C). I did not identify plasmablasts, which have previously been observed in circulation of 

patients with allergic asthma and allergic sensitisation [166]. In addition, I observed that 

memory, activated (JUN/FOS-high) plasma cells, but not naïve B cells, expressed high levels 

of anti-IgE antibody binding, even though the IGHE transcript expression was low across the 

dataset (Figure 3-5 B-C). At the level of BCR sequences, there was evidence of class 

switching in the dataset, with the disappearance of IgM clones and decrease of IgM/IgD, 

shifting to IgA, secretion of which is characteristic of mucosal surfaces in the lung [167]. 
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Figure 3-5 Characterisation of B and plasma cell compartment 

A Sankey diagram of B and plasma cell populations and states across increasingly detailed 
annotation levels. B Normalised surface protein staining signal across annotation level 2 and 
cell state annotation. C Dotplot demonstrating normalised expression levels of key markers 
used in cell state annotations, with the per cell-type cell count indicated as the bars. 
D Normalised abundance of B cell receptor types in B and plasma cells. 
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3.4.5 CELL STATES IN THE MYELOID COMPARTMENT 

In the myeloid compartment, I was able to identify the granulocytes, professional antigen 

presenting cells (dendritic cells and macrophages), as well as the mast cells, key drivers of 

inflammation in allergic asthma (Figure 3-6 A). In the granulocyte compartment, I saw 

neutrophils (FCGR3B, padj=2.99E-12; CXCL8, padj=1.27E-246; PLAUR, padj=4.11E-279) and 

basophils (HDC, padj=2.65E-17; IL3RA, padj=1.28E-10; CLC, padj=3.47E-05; CPA3, padj=1.67E-

06), but not eosinophils (Figure 3-6 B-C). Of those cells, basophils bound IgE (likely through 

FcɛRI [168]) and DerP2, but not DerP1 protein (Figure 3-6 B). I identified a population of 

monocytes (CD14+; S100A8, S100A9, LYZ, padj<1E-300 for all) which bound DerP1, but not 

DerP2 (Figure 3-6 B-C). Finally, I identified another population with FcɛRI receptor, mast 

cells, which are thought to be the key drivers of inflammation in allergic asthma (CPA3 and 

TPSAB1, padj<1E-300 for both), which bound the DerP2 protein. Of the professional antigen 

presenting cells, I was able to identify type 1 (XCR1, padj=2.84E-101; CLEC9A padj=9.12E-143) 

and type 2 (CD1C padj=3.50E-3; CLEC10A padj=9.12E-143) conventional dendritic cells, as well 

as an activated subset of DC1s expressing LAMP3 (LAMP3, padj=1.05E-232), none of which 

showed high levels of allergen binding. 
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I also saw tissue-resident (MARCO, MCEMP1, INHBA, FABP4, all padj<1E-300 for all) and 

monocyte-derived alveolar macrophages (MARCO, padj<1E-300; MAFB, padj=4.81E-97), 

interstitial macrophages (CD14+, F13A1 padj=4.25E-83; PLA2G7 padj=8.80E-55; MMP9 padj=5.31E-

09), and a transition-like subset of alveolar macrophages which I termed ‘airway 

macrophages’, as well as interferon-responsive subset of those cells (expressing interferon-

response genes such as GBP1, GBP4, GBP5, CXCL9, CXCL10, CXCL11). Of those, interstitial 

macrophages seem to weakly bind DerP1, whereas alveolar/airway macrophages - DerP2. 
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Figure 3-6 Characterisation of myeloid cell compartment 
A Sankey diagram of myeloid cell populations and states across increasingly detailed annotation levels. 
B Normalised surface protein staining signal across annotation level 2 and cell state annotation. 
C Dotplot demonstrating normalised expression levels of key markers used in cell state annotations, with 
the per cell-type cell count indicated as the bars. 
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3.4.6 CELL STATES IN NK AND T CELL COMPARTMENT 

In the NK and T cell compartment, I was able to identify naïve and tissue-resident cells, as 

well as effector memory T cells, in both CD4+ and CD8+ subsets (Figure 3-7 A). I identified 

CD4+ TH cells (naïve: LEF1, padj<1E-300; SELL, padj<2.51E-75, tissue-resident memory: 

CXCR6 and GZMA padj<1E-300; CCR6 padj=3.09E-67) and CD8+ cytotoxic T cells (tissue-

resident memory: GZMB, padj<1E-300; CXCR6 padj=1.16E-283; CCL4, padj=2.77E-139, effector 

memory: GZMK, padj<1E-300; EOMES, padj=5.02E-115; DTHD1 padj=2.80E-58). I also identified 

regulatory T cells expressing lineage-defining transcription factor and a gene encoding 

immune checkpoint (FOXP3, padj=9.33E-299; CTLA4, padj=5.91E-250). In addition, I identified 

rare non-conventional subsets, two with particular importance in asthma: MAIT cells 

(expressing TCR-V⍺7.2 protein; KLRB1, padj=1.98E-277; SLC4A10, padj=1.09E-121; TRAV1-2 

padj=1.57E-110) and TH2 cells (GATA3 padj=3.52E-33; IL5, padj=1.71 E-4, IL13, padj=6.46E-6), as 

well as gamma-delta T cells (TRDV1, padj<1E-300). In the NK compartment, I identified CD56-

high (otherwise known as “CD56 bright”) NK cells (NCAM1, padj=5.04E-90; XCL1, padj<1E-

300) and CD16-high NK cells (NKG7, padj<1E-300; GNLY, padj=3.10E-293). Out of all the cell 

types identified, IgE was bound at high annotation resolution by highly activated TNF-high 

FOS-high pro-inflammatory CD8+ T cells, likely an artefact of overall activation, as well as 

CD4+ T-helper cells, as described before in mice, whose CD4+ T cells express FcεR1 [148] 

(Figure 3-7 B). DerP 2 protein was bound primarily by CD8+ cytotoxic T cells, whereas DerP 

1 – by interferon-responsive T cells (Figure 3-7 B), which upregulate expression of interferon 

associated genes, such as the OAS1/2/3 gene cluster, MX1, and IFI6 (Figure 3-7 C). 
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Figure 3-7 Characterisation of NK and T cell compartment 
A Sankey diagram of myeloid cell populations and states across increasingly detailed annotation 
levels. B Normalised surface protein staining signal across annotation level 2 and cell state 
annotation. C Dotplot demonstrating normalised expression levels of key markers used in cell state 
annotations, with the per cell-type cell count indicated as the bars. 



 87 

3.4.7 ASSOCIATION OF GENE EXPRESSION WITH CLINICAL VARIABLES 

To identify the sources of variation in the dataset, as well as potential confounding variables 

that would require correcting for, I calculated 50 principal components for each cell type-

patient pseudobulk aggregate and performed ANOVA test for correlation of the clinical 

variables with the PCs (Figure 3-8 A), using the first 40 PCs, which collectively explain >85% 

of the dataset variance (Figure 3-8 B). Across the components, I observed a gradient of PC 

scores, rather than a sharp bimodal distinction (Figure 3-8 C). Over multiple components 

(PCs 13, 17, 18, 20-22, 26, 28, 32-33, 37, 40) I observed association with covariates known 

to be involved in asthma pathogenesis, such as related to type 2 inflammation (IgE titre, 

eosinophil count, allergen sensitization, FeNO, eczema), lung function (FEV, FVC), as well 

as confounding variables (sex, age, BMI, ethnicity). In the differential gene expression 

analyses presented below, non-pathology related variables (age, sex, BMI, ethnicity) were 

accounted for in the models. As an example, the principal component with highest 

correlation values (PC21, Figure 3-8 D) had extreme distances for basophils, DC2s, 

recruited macrophages, as well as mito-high B cells, (which I demonstrated before (Figure 

3-5 and Figure 3-6)), basophils and B cells binding anti-IgE antibody, and macrophages 

binding the allergens (Figure 3-6). Upon testing for differentially expressed genes at 

annotation level 2, between asthma and healthy phenotype, I observed numerous 

differentially expressed genes (Figure 3-8 E), of which the highest number of significantly up 

and downregulated genes was present in airway macrophages, followed by monocytes, T 

cells, NK cells, and DC2s (Figure 3-8 E). 
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Figure 3-8 Association of principal components calculated from pseduobulk gene expression values 
with clinical variables 
A Correlation score and ANOVA test result for clinical variables collected for the cohort. B 
Percentage of variance explained for each principal component. C Principal component scores 
calculated for each cell type-patient combination. D Cell types with the extreme (positive and 
negative) PC21 values (cell types being sources of greatest variance of PC21). E Number of 
statistically significant genes for all the cells tested and in tissue-specific comparisons when 
adjusting for correlated clinical variables not related to disease (sex, age, BMI, ethnicity). 



 89 

3.4.8 ASSOCIATION OF CELL ABUNDANCE WITH CLINICAL VARIABLES 

As with testing for the associations with gene expression profiles, I tested for associations 

of clinical variables with relative cell numbers (‘cell abundances’), normalised as a 

proportion of each differentiation compartment (B and plasma cells, myeloid cells, NK and 

T cells), to account for the fact that the samples were sorted using flow cytometry and hence 

the numbers may be biased. Only one component had statistically significant association, 

PC2 which was correlated with FEV1 at the time of sampling (baseline FEV1) and highest 

recorded FEV1 (Figure 3-9 A). PC2 explained approximately 19% of dataset variance (Figure 

3-9 B). I also observed more profound differences in the principal component scores with 

PC2 having negative scores in healthy individuals and positive scores in those with asthma 

(Figure 3-9 C). The PC loading revealed that this positive association in patients with asthma 

is driven by the abundance scores of airway macrophages and naïve B cells, whereas 

negative scores are driven by neutrophils and memory B cells (Figure 3-9 D). Comparing 

mean relative abundances of cell types did not reveal any obvious differences, however it 

confirmed some clues identified through the PC loadings, namely a modest increase in 

memory B cell abundance in healthy patients across tissues and neutrophils in nasal 

brushes compared to allergy and asthma, as well as increase in naïve B cell abundance in 

biopsies in asthma compared to health (Figure 3-9 E). In order to confirm those observations, 

whilst accounting for tissue effect, and make robust conclusions informed by statistical 

significance, we employed differential abundance analysis on KNN graph, as outlined in 

section 3.4.9. 
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Figure 3-9 Association of principal components calculated from cell abundance values 
with clinical variables and cell abundance analysis 
A Correlation score and ANOVA test result for clinical variables collected for the 
cohort. B Percentage of variance explained for each principal component. C Principal 
component scores calculated for each cell type-patient combination. D Principal 
component loadings for each cell type – positive loadings associate with healthy 
patients and negative loadings with asthmatic patients. E Mean abundance of each 
cell type (annotation level 2) normalised by compartment across tissues. 
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3.4.9 CELL ABUNDANCE CHANGES ACROSS TISSUES IN HEALTH AND 

DISEASE 

To investigate the changes in cellular composition across the tissues in health and disease 

in more detail, I employed miloR, a software package which creates cellular 

neighbourhoods using KNN graph clustering, and assigns those neighbourhoods to cell 

types using majority vote algorithm [131]. The neighbourhoods identified in the data are 

shown in Figure 3-10 A, and, on average, consist of samples of approximately 50-100 cells 

(mean: 79.4, SD: 31.8). I removed the single allergy patient from the data and opted to test 

for changes in cell abundance across the three sampling sites (tissues – BAL, biopsy, nasal 

brush) and accounting for the disease status, as well as to test for changes between asthma 

and healthy accounting for the tissue origin of the sample, and that decision was made for 

two reasons: i) due to small sample size of data, the inclusion of tissue and phenotype in a 

single model increases the power to find meaningful and robust changes in the tissue 

composition and avoids the need of subsetting the data to a single tissue location ii) the 

phenotype (healthy or asthmatic) is a surrogate for other clinical variables, such as FEV, 

which were significantly correlated with PCs in the association analysis. Plotting the log fold 

change of cell abundance in those neighbourhoods per tissue (Figure 3-10 B) revealed that 

whilst the abundance of some cell types remains consistent across the tissues (pDCs, 

basophils, monocytes, mast cells), others followed distinct patterns. Of note, the BAL was 

identified as highly abundant in antigen presenting cells present on the surface of the 

epithelium, such as recruited and airway macrophages (as previously described [79,169]), 
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and dendritic cells (DC2s). The biopsies were enriched in NK and T cells (CD8+ as well as 

CD4+), whereas the nasal brushes showed significant enrichment of abundance of memory 

B cells, consistent with being the first site of response to inhaled allergens. When 

contrasting asthma with healthy patients (Figure 3-10 C), I discovered an increase in 

abundance of airway and recruited macrophages, as well as DC1s, and a decrease of CD8+ 

T cell abundance, in patients with asthma, across the airway. 

As can be seen collectively from Figure 3-10 B and C, whilst some cell types follow a distinct 

pattern, others form subpopulations within a given cell type, in which one subset increases 

in abundance whilst another decreases. Taken together, this shows that there are changes 

in both cellular composition across the sampling sites and the disease status, but also that 

some cells may form subpopulations based on the local microenvironment, something 

which could be further investigated using spatial data or trajectory analysis. 
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Figure 3-10 Differential abundance of immune cells across respiratory tissues and in health and disease 
A Neighbourhood graph showing cell neighbourhoods and relative neighbourhood distances at 
annotation level 2. B Differential abundance as log fold change in cell proportions across the three 
tissues (biopsy, BAL, nasal brush). C Differential abundance as log fold change in cell proportions across 
the three tissues between health and disease. 
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3.4.10 DIFFERENTIAL GENE EXPRESSION BETWEEN HEALTH AND 

DISEASE 

To understand the changes in gene expression profiles between health and disease, I 

contrasted gene expression using a two-part, generalized linear model (GLM) designed for 

zero-inflated single cell gene expression data, MAST [130]. The GLM formula allowed to 

correct for covariates identified in the correlation analysis carried out in section 3.4.7, which 

were age, sex, BMI, and ethnicity. Whilst sex is associated with prevalence of asthma [170] 

and thus may be confounded with gene expression profiles, it was not the focus of this study. 

In addition, MAST also corrects for cellular detection rate, defined as the fraction of genes 

expressed in a given cell. The results are summarised in Figure 3-11 for cell types with 

highest number of DGEs identified, as seen in section 3.4.7 and Figure 3-8. 

In the airway macrophages, genes related to MHC class II antigen presentation, such as 

HLA-DRB5, HLA-DQB1, and MHC class I expression (HLA-C) are upregulated in patients with 

allergic asthma compared to healthy controls (Figure 3-11 A), which may suggest 

upregulation of the antigen presentation machinery in response to the aeroallergen uptake. 

The MHC class II upregulation was also observed on other immune cells, such as cDC2s 

(known to be involved in antigen presentation in asthma) and memory B cells (hypothesised 

to be present in low number in the airway and secreting IgE only in response to allergen 

challenge), as seen in Figure 3-11 D and F. 
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Monocytes upregulated CD52 (Figure 3-11 B). CD52 has been trialled as a target for 

immunotherapy in HDM-sensitised asthma in mouse models of asthma [171], with the 

mechanism of action thought to relate to the targeting of Th2 cells and ILC2s. However, the 

observed upregulation in monocytes may suggest that efficacy of this targeting in reducing 

airway inflammation may be due to an effect on multiple cell types, as CD52 is broadly 

expressed on T and B cells, and at a lower level on monocytes, mast cells, cDCs, neutrophils, 

and eosinophils [171]. 

Neutrophils, a cell type important in some phenotypes of asthma, have not previously been 

identified in single cell lung datasets [78]. They exhibited a general activation phenotype, 

with expression of S100A8, S100A9, S100A11; these genes encode the S100 proteins that 

have previously been demonstrated to promote neutrophil motility and adhesion [172] 

(Figure 3-11 E). 

CRIP1, a transcription factor, was identified as a differentially expressed gene in CD4+ T 

cells, cDC2s, and memory B cells, and has been demonstrated to regulate cytokine-

mediated immune response. For instance, it upregulates IL-6 and IL-10 and a 

downregulates in IFN-γ and IL-2 upon in LPS-stimulated mice [173]. What is more interesting, 

the CRIP1 promoter has consensus sequences for glucocorticoid response elements and 

imparts responsiveness to glucocorticoids, such as dexamethasone, in vitro and in rats 

[174]. It could thus be hypothesised that there is an immunological memory of steroid use 

in the immune cells of asthma patients, even if they are not on steroid therapy. This would 
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further be supported to the epigenetic changes (hypermethylation of CpG islands) in the 

CRIP1 region discovered in the epithelium of patients with severe asthma [175]. 

To better understand which cellular processes correspond to the gene signatures observed, 

I performed gene-set enrichment analysis on a per cell-type level, sorting genes by log(padj) 

× sign(logFC) metric, with results shown in Figure 3-11 G. Most strikingly, multiple cell types, 

such as DC1s, monocytes, naïve B cells, and pDCs, showed upregulation of genes involved 

in NFκB-mediated TNF signalling (Figure 3-11 G). TNF signalling has been demonstrated to 

have pleiotropic effects in the airway biology and in severe asthma [176], such as mediating 

airway hyperresponsiveness and neutrophilic inflammation [177,178]. Biologic therapies 

targeting TNF have been trialled in asthma, however, perhaps due to the broad asthma 

phenotyping of ‘severe, uncontrolled asthma’ and not specifically targeting allergic asthma, 

no benefit in was observed in the patients included in the trial [179]. 

In addition, signalling by different types of IFNs was upregulated, namely, IFNɑ in dendritic 

cells (DC2s and pDCs) and IFNɣ in a small population of interferon-responsive 

macrophages. IFNɑ signalling in pDCs is likely due to rhinovirus infection, a common co-

morbidity in patients with severe asthma [180,181]. However, previous studies have 

suggested that this signalling pathway is impaired in allergic asthma, but  my findings do not 

support this. One explanation is that the patients in this study had controlled asthma and 

were not challenged with HDM allergen before sample collection. 
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Airway remodelling in asthmatics is thought to be promoted by the type 2 epithelial-

mesenchymal transition (EMT), a process wherein epithelial cells are phenotypically 

transformed into mesenchymal cells, and which results in airway fibrosis [182]. Whilst 

functional validation would be required, gene set enrichment analysis suggests CD4+ T cells 

may be involved in signalling pathways mediating EMT, promoting transcriptional changes 

well characterised fibroblasts and myofibroblasts [183]. A study of EMT in HDM-sensitised 

asthma would further support this notion, where presence of both HDM as well as an 

external TGFβ source was shown to be necessary to induce EMT in cell culture [184]. 
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 Figure 3-11 Differential gene expression at cell-type level between asthma and health 
A-F Volcano plots depicting results of differential gene expression analysis in key cell types at annotation level 2. Log2 fold change is 
shown on x-axis and negative log10(padj) on the y-axis. 
B Results of MSigDB Hallmark dataset gene-set enrichment analysis at per-cell level at annotation level 2. GeneRatio is the ratio of genes 
enriched to the overall Hallmark gene set size. 
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Figure 3-12 Cell-cell differential interaction analysis between asthma and health 
A Circos plot summarising all the statistically significant (padj<0.05) interactions between the cell types. Numbers around the 
circumference of the plot indicate the interaction count. B Normalised expression levels of genes involved in top 10 ligand-interaction 
pairs, sorted by LIANA+ interaction score. C Interaction scores of top 10 ligand-interaction pairs per cell type. 
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3.4.11 IMMUNE CELL INTERACTIONS IN ALLERGIC ASTHMA 

As multiple cells can be involved in immunological processes in asthma, I opted to analyse 

the cell-cell interactions in the immune compartment to understand the cellular 

communication patterns. I used the differentially expressed genes in each cell type and the 

LIANA+ framework [133] to map the differential interactions between asthma and health, 

with results presented in Figure 3-12. Overall, consistent with the highest number of 

differentially expressed genes, the airway macrophages showed the greatest absolute 

number of cell-cell statistically significant interactions, 27, with both autocrine and 

paracrine signalling in approximately equal proportions (Figure 3-12 A). The interactions 

between dendritic cell subsets (DC2s and pDCs) and airway macrophages were 

bidirectional, with each cell type acting as both a sender and a receiver for distinct ligand-

receptor pairs. Memory B cells also interacted with airway macrophages. Overall, the cell-

cell interaction analysis highlights a potentially novel role for airway macrophages in airway 

inflammation associated with allergic asthma. The validity of this analysis is supported by 

the identification of known interaction patterns, such as the well-documented involvement 

of cDC2s and B cells in the pathogenesis of airway inflammation [4]. 

To further understand the nature of individual interactions, I analysed the gene expression 

patterns of the ligand-target pairs and used the interaction score to prioritise them (Figure 

3-12 B and C). CD52 was upregulated on 10 cell types at annotation level 2, including CD4+, 

CD8+ and mito- and ribo-high T cells (‘T cells’), with its receptor SIGLEC10 being 

differentially expressed on the surface of airway macrophages and DC2s (Figure 3-12 B). 
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Human and mouse antigen-activated T cells with high expression of the lymphocyte surface 

marker CD52 were found to suppress other T cells [171]. As noted in the cited study, 

SIGLEC10, which interacts with CD52, is expressed on various immune cells involved in 

both innate and adaptive immunity [185], thus its effects may extend beyond T cells to 

influence other immune cell types.  

FPR2 was found to interact with CCL23 and CAMP. FPR2 is a versatile receptor which can 

trigger both pro-inflammatory and anti-inflammatory responses, and is involved in sensing 

microbial peptides, as well as endogenous lipids, peptides, and proteins [186]. One of its 

known roles is promoting the migration of dendritic cells into the bronchioalveolar area 

during allergic airway inflammation in mice [187]. In general, FPR2 agonists have recently 

attracted interest as targets for novel medications in asthma [188]. 

In addition to the FPR2 and CD52 interactions, a GRN-sortilin signalling pathway has been 

identified with the SORT1 gene being upregulated in cDC2s and airway macrophages. The 

membrane glycoprotein encoded by the SORT1 gene regulates lipid metabolism and is 

involved in pathways promoting inflammation and vascular calcification [189,190]. In 

cardiac tissue, sortilin promotes fibrosis and calcification by shuttling alkaline phosphatase 

into vesicles secreted by smooth muscle cells [189,190]. Beyond orchestrating 

inflammation and fibrosis in cardiac disease, SORT1 may also have a role in the 

development of fibrosis in the airway. 
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3.4.12 TYPE 2 INFLAMMATION AND IGE SIGNAL PROFILING IN 

ALLERGIC ASTHMA 

Type 2 cytokines are the key mediators of inflammation in allergic, and more broadly in 

eosinophilic asthma. To locate the cellular source of type 2 cytokines in allergy, allergic 

asthma, and health, I mapped the expression of genes encoding type 2 cytokines in a subset 

of cells hypothesised to be involved in the inflammation, as seen in Figure 3-13 A. I observed 

that IL4 is produced by basophils in homeostasis. In contrast, in allergic asthma, but not 

allergy alone, IL4 expression appears to have two cellular sources – not only the basophils, 

but also the Th2 cells. A different expression pattern was observed for the cytokines IL5 and 

IL13. These were expressed by Th2 and mast cells at steady state but were upregulated in 

Th2 cells in allergy and asthma (Figure 3-13 A). 

Figure 3-13 Type-2 cytokine, IgE, and allergen profiling in healthy, allergic, and allergic asthmatic 
patients 
A Dotplots showing the magnitude of expression (dot colour), the percentage of cells 
expressing (dot size) and the total number of cells (bar height) of three hallmark cytokines of 
type-2 inflammation (IL4, IL5, IL13). B Heatmaps illustrating the normalised antibody staining 
levels of three antibodies important in severe allergic asthma with HDM sensitization (IgE, 
DerP1, DerP2) at annotation level 2. 



 103 

Upon binding of the aeroallergen in the airway, and its presentation by Th2 cells to B cells, 

the B cells become activated, and as short-lived plasmablasts secrete IgE. To map which 

cells bind the aeroallergen, as well as the IgE secreted as the result of antigen-induced 

inflammation, I examined the binding patterns of the allergen and IgE molecules in allergy, 

allergic asthma, and health, as seen in Figure 3-13 B. FcεRI receptor, which binds IgE, is 

constitutively expressed on the surface of mast cells and basophils, but in humans can also 

be found on dendritic cells, both conventional and plasmacytoid, and monocytes [191].	As 

expected, across the phenotypes, I observed that basophils and mast cells displayed the 

highest levels of binding of IgE, however in asthma and allergy, I also saw evidence of IgE 

binding by DC2s, activated DCs, and to a lesser extent pDCs. Binding of IgE to mast cells 

and basophils, but also activated dendritic cells and cDC2s would be consistent with its role 

in driving inflammation in allergy and asthma. DerP 1 was bound strongly by monocytes and 

macrophages, with other cells also exhibiting antigen binding to varying degrees in other 

phenotypes. It has been shown that during inflammation, monocytes become activated and 

acquire some DC-like features such as expression of CD11C and MHCII [192], which could 

enable binding and presentation of the aeroallergen. In contrast, DerP 2 was bound by a 

comparatively smaller subset of cells, mast cells and basophils, possibly through IgE 

accumulated on their surfaces (Figure 3-13 B). Of interest, the binding patterns were 

drastically different in individuals with allergic asthma, with evidence of binding by other cell 

types, such as plasma cells and airway macrophages (Figure 3-13 B). 
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It must be acknowledged that both IgE and allergen signal showed a high level of background, 

despite the use of isotype controls and background-aware normalisation method (dsb). 

Thus neither non-specific binding of IgE to Fc receptors on various cell types, nor allergen 

adhering to cell surface, cannot be completely excluded, even taking into account the fact 

that the experimental protocol incorporates the blocking of Fc receptor before staining with 

antibodies. An improved experimental design would include negative controls for allergen 

binding, such as influenza or SARS-CoV-2 antigen, which should be mutually exclusive on 

immune cells. Samples from patients who have undergone allergen challenge before 

bronchoscopy could be a positive control. Further, antibodies against other 

immunoglobulin classes (IgM, IgG, IgA, IgD) could be added to the staining panel as negative 

controls to demonstrate specificity of IgE binding to basophils and mast cells. 
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3.4.13 CLONAL EXPANSION OF T CELLS IN ALLERGIC ASTHMA 

As T cells are key regulators of immune response in asthma, and display broad changes in 

gene expression, I decided to further investigate and verify if the T cells clonally expand upon 

antigen engagement (Figure 3-14). The number of T cells captured did not enable me to call 

clonotypes in individual tissues, however, I was able to conduct a preliminary analysis of 

clonal expansion of cells using immunarch suite of tools [134]. 

Investigating individual patients, I found that 2 out of 4 healthy controls (50%) did not show 

any signs of clonal expansion. The remaining two did, at a similar proportion (Figure 3-14 A). 

Conversely, in HDM-sensitised allergic asthmatics, each patient showed 40-50% of cells 

with at least 2 clones, and one patient had a small proportion of cells with 11 or more clones 

(Figure 3-14 A). 

Splitting these T cells according to annotation level 2 and contrasting asthma with healthy 

controls revealed no statistically significant clonal expansion in any given subset (Figure 

3-14 B). I hypothesize that the reason for this is two-fold: the number of T cells with captured 

TCR sequences in the dataset is small (16,229 cells) compared to the number of 

transcriptomes (36,229 cells), decreasing the power of statistical analysis, further 

compounded by the biological signal as only a subset of T cells would likely be expanded: it 

has been previously reported that there is  CD4+ T cell expansion in asthma (consistent with 

antigen presentation and B cell activation mechanism, as well as type 2 cytokine 

production) but not CD8+ T cell expansion [193]. Consistent with these observations, the 
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CD4+ compartment exhibited some of the lowest p values in asthma-health comparisons 

(even though none reached statistical significance). Due to the low number of BCR 

sequences captured (2,794 BCRs out of 3,144 B cells in the dataset), it was not possible to 

profile the B cell clonality. Mouse studies of HDM sensitisation suggest that the likely 

number B and plasma cells needed to detect differences is on the order of tens to hundreds 

of thousands [194]. Moreover, and ideal scenario would compare lung tissue with the blood 

to establish where the IgE+ cells home to. 

Figure 3-14 Clonotype analysis of T cell compartment in health and disease 
A. Per-patient clonotype analysis across all T cell subtypes with expansion brackets 1, 2-10, 11-
more cells with identical TCR. The colour of patient ID corresponds to phenotype (healthy, 
asthmatic). B. Per cell-type clonotype analysis with the same expansion buckets. The number 
above the bar pairs indicates Wilcoxon signed-rank test p value, the error bars represent 95% 
confidence intervals. 
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3.5 DISCUSSION 

In this Chapter, I present a tri-modal dataset of patients with severe allergic eosinophilic 

asthma with defined allergen sensitization and healthy controls, together with detailed 

clinical metadata and cell-type annotations. The dataset presented is a comprehensive 

single-cell resource of severe allergic asthma, which surpasses the only existing single-cell 

dataset of allergic asthma with HDM sensitisation [153] in terms of size (with ~40% more 

cells in this study), annotation detail, and number of modalities (RNA versus 

RNA/VDJ/protein) collected. The dataset is of high quality, with minimal ambiguous cell 

clusters excluded from analysis and distinct gene expression profiles across cell types. The 

dataset has some limitations – there may be technical artefacts due to enzymatic 

dissociation and the VDJ clonotypes identified are low in number. 

I profiled the immune cell types in the lung, defining a total of 52 unique cell states, and 

capturing a greater heterogeneity of immune cell states compared to larger lung atlasing 

initiatives given the immune cell enrichment performed prior to single-cell sequencing. I 

also demonstrated that reference mapping for cell type annotation cannot always be relied 

on and can mislabel key cell types, such as neutrophils, highlighting the importance of 

expert curation of initial labels. It is worth noting that the annotation approach I have 

undertaken also has its limitations, as labelling clusters generated by an unsupervised 

algorithm (Leiden algorithm) can sometimes lead to overclustering and produce artificial 

populations of cells with no biological relevance, such that downstream validation of cell 
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types and states through spatial methods and/or protein validation would likely be 

beneficial. 

I profiled the changes of relative abundance of cell types across sample types commonly 

obtained from research bronchoscopies, including biopsy, nasal brushing, and BAL. There 

are profound differences between the upper and lower airway, with increased numbers of 

memory B cells and neutrophils in the nasal samples and mast cells and DC2s in the lung 

samples. Nasal samples and biopsies contain more diverse cell types compared to BAL, 

which predominantly comprises airway and recruited macrophages. Interestingly, BAL also 

had an increased number of CD4+ T cells. 

I used an antibody specific to IgE, in addition to gene expression data, to profile not only the 

cells producing IgE, but also the effector cells binding it. Cells which bind IgE are of clinical 

relevance, as IgE+ plasma cells/plasmablasts are understood to release IgE in response to 

allergen stimulation in allergic asthma [4]. The findings reveal that there is low level 

expression of IGHE in B and plasma cells without antigen challenge and demonstrate 

binding of IgE on the surface of mast cells and basophils, likely through the high-affinity IgE 

receptor FcεRI [149,195]. These findings are consistent with recent reports indicating the 

presence of only a transient population of IgE-secreting cells in the airway following 

stimulation, along with the emergence of IgG+ memory B cells during steady-state 

conditions [151]. 
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This chapter also introduces a novel technique to map allergen binding to specific cell types, 

which differs from commercially available solutions in that it offers direct conjugation of the 

DNA barcode to the protein of interest. Most strikingly, I demonstrated that the binding 

profiles of allergen proteins not only differ between asthma and health, but that they also 

depend on the protein in question, with DerP 1 binding to many more cell types than DerP 2. 

This can be explained by the biology of these proteins, with DerP 1 being a proteinase 

capable of cleaving tight junctions, whereas DerP 2 likely binds to the surface of the immune 

cells as a TLR agonist, although some unspecific binding of DerP 1 cannot be completely 

ruled out and requires further confirmation. A good approach to exclude non-specific 

binding would be to use a negative control antigen, such as that of influenza or another 

aeroallergen patients were not sensitised to, in the antibody panel. The allergen staining 

data in immune cells supports the notion of allergic inflammation being a key driver of 

inflammation in allergic asthma, with antigen-presenting cells, including dendritic cells and 

monocytes/macrophages, binding the proteins responsible for inflammation. 

Due to poor definition and resulting large heterogeneity of asthma, multiple studies report 

individual clinical parameters having a stronger predictive value than the diagnosis itself 

[62,22]. Multiple clinical variables, such as FEV1, FeNO, IgE measurements, as well as 

history of atopy, associate with cell type abundance, gene expression profiles, or both, 

underlining the importance of defining novel and consistent numerical criteria to classify 

asthma and its phenotypes.  
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Consistent with previous studies, I observed an increase in abundance of pathogenic airway 

macrophages in asthma, which also display a unique transcriptional signature. I 

characterised transcriptional changes likely resulting from ICS treatment, such as the 

upregulation of CRIP1, and those that may be indicative of novel biological pathways, such 

as MHC class II antigen presentation machinery and regulatory molecule CD52. I further 

profiled the changes by mapping out cell-cell interactions and show that the airway 

macrophages increase both autocrine and paracrine signalling, with some key ligands 

associated with asthma, such as CD52 and SIGLEC10 being involved, providing new 

potential targets for experimental validation. 

Probing the relative abundances of immune cell types in asthma and health reveals modest 

changes in populations of most immune cell types, but a pronounced increase in the 

abundance of airway and recruited macrophages. In further chapters I demonstrated that 

this apparent lack of changes in abundance may be attributed to small sample size and lack 

of non-immune compartment. 

Finally, I profiled the VDJ repertoire of T cells and show interesting trends in the clonality of 

CD4+ T cells, with some evidence of clonal expansion of those cells in asthma, presumably 

due to continued and repeated allergen exposure. Unfortunately, limited number of 

captured VDJ sequences and overall cell number preclude me from more in-depth analysis 

of T cell repertoire and make the analysis of B cell repertoire impossible, highlighting the 

need of large number of cells for those types of studies, often only obtainable from the 

blood. 
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Bronchoscopy samples of individuals with asthma are extremely rare and difficult to obtain, 

in particular from patients with severe, active disease of the respiratory system. There are 

inherent risks of invasive research procedures like bronchoscopy, as well as the need to 

manage the disease and avoid exacerbations. The samples are small in size, with less than 

100,000 cells normally collected from the biopsies, with further cell loss of 50-70% during 

handling and sorting. Immune cells, including rare cell types such as Th2 cells and ILCs, 

form the minority of cells in the airway, but drive inflammation in asthma. To enable 

appropriately powered statistical analysis, it was therefore decided to limit the study to the 

immune cells, removing the non-immune cell types from the dataset. The non-immune cells, 

the stroma and the epithelium, remain interesting populations to characterise, something I 

attempt in Chapter 5. 

Given the challenges of obtaining airway samples, patients were not BMI, sex or age 

matched. However, my specific conclusions are unlikely to be influenced by age and sex. 

Moreover, association of patient characteristics with the gene expression and cell type 

abundance was tested, and a correction was made to account for differences where those 

associations were found to be statistically significant (testing for differential gene 

expression). Due to the same challenges, the patients were not subject to allergen challenge 

before collecting the sample, as is common in mouse models of asthma [196] – instead, 

bronchoscopy was performed on patients who had well-controlled severe asthma. Thus, a 

state of chronic low-level inflammation in those patients is described, with allergen 

stimulation ex vivo shortly before transcriptome profiling. 
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Eosinophils and their IL5 signalling are an important part of the understood pathophysiology 

of asthma, as described in Chapter 1, yet they are not present in the dataset I generated, 

leading to limitations in drawing conclusions about relative importance of cell types driving 

inflammation in asthma through mechanisms such as differences in abundance, gene 

expression, and intercellular interactions. This cell type has not successfully been captured 

using any commercial fluidics-based platform, capturing either RNA or DNA modality 

(RNAseq, ATACseq). In humans, eosinophils only seem to be identifiable with gentle gravity-

based cell capture approaches, as opposed to microfluidics methods, and only in the blood 

[107,197]. 

In summary, I provide a rich resource for studying severe allergic eosinophilic asthma at 

single-cell level, as well as understanding the mechanisms of allergen action in disease. I 

show changes at gene expression, abundance, cell-cell interaction, and clonal expansion 

levels, generating new hypotheses which will hopefully start new avenues of research, and 

highlighting important limitations of single cell studies in tissue. 
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4 EXPLORATORY ANALYSIS OF LUNG BIOPSIES IN 

ALLERGIC ASTHMA AND HEALTH WITH SPATIAL 

TRANSCRIPTOMICS APPROACHES 

4.1 INTRODUCTION 

Whilst the cell types in the are being characterised at increasing resolutions, with multiple 

new cell types and inflammatory mechanisms reported in the recent years, there is still 

limited understanding of the three-dimensional organisation in the airway, and how the 

architecture enables the respiratory system to perform its role, mostly stemming from 

conventional techniques such as microscopy, which offer limited analyte plexity and 

resolution. 

In this Chapter, I complement the characterisation of immune cell types in allergic asthma 

and healthy individuals by a description of changes occurring in the epithelium and the 

underlying stromal cells. The use of both in situ and sequencing-based techniques to profile 

lung samples has been recently reviewed [198]. Here, I test the feasibility of obtaining high-

resolution spatial transcriptomics data from FFPE biopsies commonly collected in the clinic, 

using a large probe panel targetting 5,000 genes. I describe the cellular organisation of the 

airway and define distinct structures, such as submucosal glands (SMGs), invaginations 

consisting of mucous and serous cells, which contribute to airway homeostasis and 

antimicrobial protection through secretion of the mucus [74].  
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4.2 HYPHOTESIS 

Lung samples can be studied at single cell level in the spatial complex using in situ spatial 

transcriptomics, which captures the structural and compositional diversity of the airway. 

Through high gene-plexity, spatial transcriptomics enables categorisation of multiple rare 

and common cell types in the airway. Spatial differences exist in the organisation of lung 

tissue between asthmatic and healthy individuals. In addition to structural changes, gene 

expression changes also can be captured between healthy controls and asthma patients. 

4.3 AIMS OF THIS CHAPTER 

› To characterise the cell types and anatomical structures captured with in situ 

spatial transcriptomics 

› To verify the presence of immune cells involved in type-2 inflammation (mast 

cells, plasma cells, eosinophils) in the FFPE-preserved lung biopsies 

› To interrogate how T cells and B cells communicate spatially in the airway 

mucosa 

› To identify immune and epithelial niches present in the lung in healthy and 

diseased individuals 
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4.4 RESULTS 

4.4.1 COHORT CHARACTERISTICS 

To further characterise the differences between severe allergic eosinophilic asthma and 

healthy individuals, and expand the comparisons to address differences in non-immune 

cells, with the help of the clinical team we recruited further patients and accessed archival 

tissue and conducted in situ spatial transcriptomic profiling of a panel of 5,001 genes on an 

expanded cohort including patients from Chapter 3, as well as new patients with matching 

phenotypes, as summarised in Figure 4-1 A. The patients were well-matched with regards to 

biological sex, smoking status, with healthy individuals younger and with lower BMI, as seen 

in Table 4-1. The reason for lower age and BMI of healthy controls is discussed in Chapter 3. 

The mean values of parameters relating to allergic inflammation (total IgE, eosinophil 

counts) and atopy (number of sensitizations) were higher in patients with allergy or asthma 

compared to healthy controls. 
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Table 4-1 Cohort characteristics for spatial transcriptomics project 

 
 
Healthy control 
(n=7) 

 
HDM sensitization 
(n=8) 

Allergic asthma + 
HDM sensitization 
(n=8) 

Age, years (mean ± SD) 26.3 ± 5.0 38.6 ± 14.6 45.9 ± 13.2 
Male/female 2/5 3/5 4/4 
BMI, kg/m2 (mean ± SD) 23.29 ± 2.75 24.86 ± 2.85 30.54 ± 4.97 
Eosinophil count [on the 
day], counts x 109/ml 
(mean ± SD) 

1.10 ± 0.12 1.65 ± 0.15 2.02 ± 0.13 

Eosinophil count [highest 
ever], counts x 109/ml 
(mean ± SD) 

1.43 ± 0.17 2.37 ± 0.15 5.00 ± 0.48 

HDM at screening, 
kUA/l (mean ± SD)* 
Detection limits: 0.01-0.35 

0.05 ± 0.09 14.25 ± 13.64 39.84 ± 31.06 

Number of Sensitizations 
[6 tested: HDM, Grass + 
Trees, Cat, Dog, Moulds, 
Aspergillus] (mean ± SD) 

0.29 ± 0.49 2.13 ± 0.99 4.13 ± 1.36 

Total IgE at screening 
IU/mL ** 87.33 ± 187.69 378.21 ± 549.32 913.23 ± 834.42 

Smoker (%) 14% 13% 13% 
Current smoker (%) 14% 0% 13% 
Ex-smoker (%) 0% 13% 0% 
Smoking status unknown 
(%) 29% 0% 0% 

* - if the result was below detection limit, it was recorded as 0.01 
** - if the result was below detection limit, it was recorded as 2 
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Figure 4-1 Spatial transcriptomics study design and data processing overview 
A Overview of the patient phenotypes (allergic with HDM sensitization, healthy with HDM 
sensitization, healthy control) and the experimental processing, consisting of biopsy 
collection as part of a research bronchoscopy, FFPE preservation and embedding, 
placement on the Xenium slide, and processing in Xenium instrument. B Overview of tissue 
images acquired per patient (coloured by cell type). C Summary of key preprocessing steps 
with associated cell and spot counts. The key steps are QC filtering, dimensionality 
reduction with batch correction (batch = slide ID + condition) and annotation of cell types. 
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4.4.2 DATA PREPROCESSING 

A total of 23 sections were captured across two Xenium slides, with patient phenotypes 

randomly distributed between the slides. The samples were of variable quality, with some 

displaying excellent cell capture rates matching the expected tissue architecture (OAS1198, 

OAS1273), whilst others only showed a proportion of high-quality cells (OAS1194), as seen 

in Figure 4-1 B. 214,287 spots were collected in total (Figure 4-1 C). Almost all the spots in 

the dataset were segmented using either an interior 18S stain, or the boundary stain (67.1% 

and 31.5%, respectively, see Figure 4-2 A), with less than 2% segmented using the more 

conventional nuclear expansion method, underlining that both technical and computational 

advances were needed to solve the segmentation problem, which posed a significant 

obstacle to generating high-quality results in the past [199]. 

The count matrices were extracted with squidpy and processed with panpipes to ensure 

consistency with Chapter 3.  
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Figure 4-2 Summary of cell boundary detection results and optimisation of batch correction 
algorithms 
A Summary of the methods of cell boundary detection used by Xenium algorithm on the 
dataset. 
B Comparison of four data integration methods on the UMAP embedding coloured by patient 
diagnosis (healthy control, allergy, and asthma). C Local Inverse Simpson’s Index (LISI) 
scores calculated for each integration method. 
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Cells unusually small or large were excluded. Epithelial cell diameter ranges from 200 μm3 

for goblet to 300 μm3 for ciliated cells [75], implying an area in the range of 40 - 55 μm2 

(assuming a perfect sphere), with immune cells displaying a greater variability in size, with 

large plasma cells having an area of approximately 300 μm2 [200]. Thus, generous filtering 

threshold of cell area ranging from 5 to 200 μm2 and nuclear area smaller than 70 μm2 was 

applied, with nucleus size filter applied in addition to cell size filter to exclude doublets. The 

total number of transcripts detected ranged from 2 to 6059, with a median value of 122 and 

a standard deviation of 236, and a generous threshold of 100-2,000 transcripts per spot 

applied to maximise the number of cells in the analysis. These filtering steps, summarised 

in Figure 4-1 C, yielded 109,346 spots. The following processing steps were consistent with 

Chapter 3, with the number of HVGs decreased to 500 (Figure 4-1 C). I made the decision to 

use 500 HVGs (~10% of the panel size) to more closely mirror analyses performed in the 

literature to-date [201] with smaller panel sizes on one hand, and to use a similar proportion 

of overall dataset to that taken in single cell genomics (typically between 2,000 and 3,000 

out of approximately 20,000 protein-coding genes expressed in human transcriptome [202]. 

In addition, the commercially available gene panel is designed for use with many tissue 

types, so it can reasonably be assumed that many genes will not be expressed in the lung, 

hence it would not be justified to use all genes for dimensionality reduction. 
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Out of the integration methods tested (bbknn, harmony, scanorama, scvi), visually the best 

result was produced by scvi, with dataset splitting distinctly into two lobes – immune (left) 

and non-immune (right), and good overall mixing of batches without donor-specific orphan 

clusters (Figure 4-2 B). Interestingly, the LISI score was comparable for every method, with 

peak score in the range of 3-4 (Figure 4-2 C), possibly pointing to its limited utility in 

assessing the integration in spatial datasets. 

The cells were annotated with aid of HLCA mapping, with further low-quality cell excluded, 

producing a final dataset consisting of 106,429 high-quality cells (Figure 4-2 C), about 50% 

of the original dataset size, underlying the importance of manual data curation in spatial 

transcriptomics studies. 
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4.4.3 CELL TYPE ANNOTATION 

Due to the smaller gene space captured in in situ methods compared to single-cell and 

sequencing-based methods, only limited cell type heterogeneity can be captured. 

Nonetheless, cell types identified recapitulated broad cell types annotated in Chapter 3 at 

annotation level 1, with some rare cell types present in the epithelium also identified due to 

their unique markers that did not overlap with other cell types. The annotation strategy along 

with the key markers is presented in Figure 4-3 A. 

In the immune compartment, I identified the major lymphocytes – B and plasma cells 

responsible for IgE production in type-2 inflammation (B cells: MS4A1, padj<1E-300; CD19, 

padj=2.87E-163; CD79B, padj=1.64E-33 and plasma cells: XBP1, padj<1E300, TNFRSF17, 

padj=2.36E-186) and tissue-resident memory follicular helper CD4+ T cells (CD4, padj=5.60E-

79; CXCR4, padj=2.27E-75) and cytotoxic CD8+ T cells (CD8A, padj<1E-300; CXCR6, 

padj=6.89E-32). In the myeloid cell compartment, I observed mast cells, effectors in allergic 

response (MS4A2, padj=1.30E-226; SLC18A2, padj<1E-300; KIT, padj<1E-300) and antigen-

presenting cells – macrophages (CYP27A1, padj=4.34E-56; MARCO, padj=9.45E-70) and 

dendritic cells (XCR1, padj=0.03; CD1C, padj=6.51E-20; IRF8, padj=2.48E-24). 

I was able to identify cells present in the circulatory system, namely arterial (PODXL) and 

venous (CCL14) endothelium (both padj<1E-300), as well as the neighbouring pericytes 

(PDGFRB, padj=4.52E-278, CCL19, padj=4.90E-173). 
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In epithelial compartment, I identified the stem cells, basal cells (BCAM and DST, both 

padj<1E-300; CCN1, padj=6.46E-188), along with closely related, suprabasal cells (TP63 

padj=1.66E-107, NOTCH3 padj=1.86E-96). I identified secretory goblet cells (MUC5AC, 

MUC5B, TSPAN8, all padj<1E-300), deuterosomal cells (CDC20, padj=4.47E-52; CCNO 

padj=9.79E-92), and the ciliated cells of the epithelium (FOXJ1 and DNAH9, both padj<1E-300). 

Interestingly, I observed submucosal glands in the biopsies, with the cells located in them 

displaying a unique transcriptional profile (XBP1, FCGBP, MUC5B, all padj<1E-300; S100A1, 

padj=1.17E-241). 

I identified stromal cell types – fibroblasts (PI16 padj=9.86E-271; PDGFRA, padj<1E-300; LGR5, 

padj=1.14E-43) and airway smooth muscle expressing myosin and actin encoding genes 

(MYLK, padj<1E-300; ACTN1, padj=1.69E-234) – as well as rare PNECs, which expressed 

neuropeptides such as gastrin-releasing peptide (GRP, padj=8.23E-202) and neuropeptide 

precursor secretogranin 2 (SCG2, padj=7.00E-115). 

Overall, the populations of basal cells and ciliated cells were approximately equal in size 

(19,669 and 16,717, respectively, see Figure 4-3 A, right margin), consistent with the 

structure of airway epithelium described in chapter 1. Large numbers of stromal cells were 

captured, with 11,537 fibroblasts and 3,215 smooth muscle cells captured in total (Figure 

4-3 A). This permitted detailed analysis of the non-immune populations in severe allergic 

eosinophilic asthma and expand the observations made in chapter 3. 
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Comparison of the manual annotations with automated mapping is particularly interesting, 

as the gene pool analysed is much smaller than that examined in single cell sequencing 

studies. HLCA annotation is shown in Figure 4-3 A with corresponding manual annotations 

given in Figure 4-3 C. Using automated approach, the plasma cell cluster is missed, 

potentially hindering the analysis of humoral response mechanisms in allergy and allergic 

asthma. Similarly, suprabasal cells and goblet cells are jointly annotated as ‘goblet cells’, 

removing the heterogeneity of these two distinct cell types, one being a stem cell and the 

other secreting mucus [88]. Similarly to suprabasal cells, the glandular cells were also 

missed from the annotation and instead annotated as ‘goblet cells’, which is correct to an 

extent, as submucosal glands have a role in secreting mucus, but further reduces dataset 

heterogeneity. 

In summary, the HLCA-guided manual annotation seems to be optimal for annotation of 

spatial dataset, as the automated methods can miss key cell types, likely due to limited 

number of genes available, lack of cell types in the reference, or the necessity to use non-

canonical markers of cell types, as in situ panels cannot contain genes with very high 

expression levels due to the risk of optical crowding [203] . 

The cellular composition of the biopsies was similar across the three phenotypes studied – 

patients with HDM-sensitized allergic asthma, HDM allergy, and healthy controls – was 

similar, as depicted in Figure 4-4. Compared to results obtained from single-cell studies 

described in Chapter 5, the cell-type proportions remain consistent phenotype-to-
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phenotype and sample-to-sample, suggesting more robust results can be obtained with in 

situ technologies, even from archival tissue of sub-optimal quality. 
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Figure 4-3 Annotation of cell types using manual and automated methods 
A Dotplot demonstrating normalised expression levels of key markers used in cell state annotations, with 
the per cell-type cell count indicated as the bars. B UMAP embedding of spatial dataset coloured by the 
cell labels mapped from the HLCA at annotation level 4. C Refined manual annotation based on cell type 
markers and datasets in Chapters 3 and 5. 
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4.4.4 MAPPING OUT SPATIAL STRUCTURES IN LUNG BIOPSIES 

To gain a better understanding of how the cell types are distributed in space in the lung of 

healthy and asthmatic patients, cell-type annotations were mapped onto images obtained 

during spatial transcriptomics experiment and the H&E staining generated post-run. As seen 

in Figure 4-5 A, the biopsies retained epithelial structure, with epithelial compartment lined 

with basal, suprabasal and ciliated cells attached to the basement membrane, and stromal 

compartment infiltrated by the innate and adaptive immune cells (B and T lymphocytes, 

macrophages). 

  

Figure 4-4 Cell type proportions in biopsy samples in patients with allergic asthma, allergy, and healthy 
controls 
Cell type proportions normalised to 1 in sample obtained from each patient, sorted by phenotype 
(HDM-sensitized allergic asthma, HDM allergy, and healthy control). Cells are coloured according 
to shared developmental origin. 
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Of note, in some biopsies, glandular structures were identified, shown in Figure 4-5 B. Hinks 

group [204] and others [205,206] reported increased size and number of submucosal glands 

in patients with asthma. Increase in size of these mucous-secreting glands, taken together 

with the previously reported increase in infiltration by mast cells, neutrophils, and 

eosinophils[204,205], suggests that they may play an important role in asthma 

pathogenesis and airway remodelling, which should be further explored. 
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Figure 4-5 Anatomical structures present in lung biopsies and their cellular makeup 
A Representative lung biopsy from the healthy individual coloured by the staining signal. B 
Corresponding H&E stain of the tissue with overlaid cell type annotation, showing epithelial and 
immune regions. Scale bar for A and B represents 500μm. C Submucosal gland present in a biopsy of 
allergic asthmatic patients with D cell type annotation overlaid. Scale bar represents 100μm. 
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4.4.5 EPITHELIAL DIFFERENTIATION PATHWAYS IN LUNG BIOPSIES 

To confirm the cell type annotations as well as to further investigate the epithelial tissue 

structure identified in section 4.4.4, I conducted pseudotime analysis of epithelial cell types 

using Palantir [136], a tool treating differentiation as a probabilistic process, with a defined 

cell type of origin Mapping out spatial structures in lung biopsies– basal cells. 

I subsetted the dataset to the cells of interest and recalculated PCs, HVGs, and the UMAP 

embedding, as seen in Figure 4-6 A. The cells included were basal and suprabasal cells, 

which form the stem cell reservoir of the airway, as well as differentiated states – ciliated, 

glandular, deuterosomal, glandular, and goblet cells, as well as PNECs, which all stem from 

the same progenitor, as described in chapter 1. The Palantir entropy, which is a measure of 

the cell plasticity [136], was observed as high in basal, suprabasal, and goblet cells, and 

decreased in the differentiated states – glandular, a subset of suprabasal, ciliated, and 

neuroendocrine cells. Identification of two termini of suprabasal cell differentiation may 

suggest heterogeneity in this cell subset, which could be caused by existence of self-

renewing and differentiated suprabasal state within the airway [88]. Interestingly, entropy 

was still relatively high in goblet cells in the terminal state of differentiation, suggesting their 

plasticity, which perhaps may be due to goblet cell metaplasia observed in the lungs of 

asthmatic patients [37]. 

Examining the pseudotime trajectories (Figure 4-6 C) and comparing them with the known 

marker genes for epithelial cell types (Figure 4-6 D), confirmed the accuracy of my results, 
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with distinct differentiation branches identified. Neuroendocrine cell differentiation 

pathway also suggests that it is a separate entity branching off early along the differentiation 

route, possibly owing to distinct transcription regulators needed for development of this 

unique immunomodulatory and chemosensory cell type [89]. 

  

Figure 4-6 Pseudotime analysis of epithelial cell differentiation pathways 
A UMAP embedding of the subset of spatial data consisting of epithelial cells. B Palantir state 
entropy based on the multiscale diffusion map. C Palantir pseudotime metric for each cell type 
(branch), for a differentiation pathway starting with basal cells. D Key marker genes for each cell 
type given in C. 
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4.4.6 DIFFERENTIAL GENE EXPRESSION IN EPITHELIUM IN ASTHMA 

VERSUS HEALTH 

To build upon the analysis conducted in Chapter 3, where non-immune cells were excluded 

through CD45+ sorting to enhance statistical power given the small patient cohort, I 

compare the gene expression patterns in epithelial cells, as well as stromal and vascular 

cells, between allergic asthmatic patients and healthy controls. The results of this analysis 

are presented in Figure 4-7 and whilst providing insight, should be interpreted with caution 

due to small number of genes with non-zero expression levels tested, ranging from 385 in 

smooth muscle to 1336 in deuterosomal cells. 

Different gene expression patterns are observed in closely related basal and suprabasal 

cells (Figure 4-7 A-B). In basal cells, a known marker of type-2 inflammation in asthma 

involved in allergen-induced eosinophil recruitment, periostin (encoded by the gene POSTN) 

[207]. CCN1 and CCN2, genes encoding cysteine-rich proteins which in mouse models have 

been shown to be upregulated in lungs of mice infected with non-typable Hemophilus 

influenza a common pathogen in asthma [208,209]. Whilst basal cells upregulated periostic, 

suprabasal cells showed increased expression of NOS2, a nitric oxide synthase responsible 

for synthesis of type-2 asthma biomarker, nitric oxide [54].Gene encoding 15 lipoxygenase 

1 (15LO1, ALOX15) induced by type-2 cytokines was upregulated in suprabasal cells, but not 

basal cells, and was also found in epithelial samples described in chapter 5. Interestingly, 

despite the large number of transcripts detected in deuterocytes (Figure 4-7 C), no 

differences except for a single gene were observed at the level of statistical significance. 
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Conversely, ciliated and goblet cells (Figure 4-7 D-E) differentially expressed SOX2-OT, a 

transcriptional regulator reported to be involved in airway inflammation through in in vitro 

experiments [210,211]. 

In the smooth muscle cells, two genes upregulated in chronic intermittent hypoxia, HIF1 and 

THBS1, were upregulated in patients with asthma (Figure 4-7 F). These genes form a HIF-

1α/THBS1/BECN1 signalling pathway recently demonstrated to contribute to pathogenic 

EMT resulting in airway remodelling in asthma [212]. Fibroblasts (Figure 4-7 G) also 

upregulated THBS1, whilst downregulating periostin. 

In the vascular compartment, endothelium (Figure 4-7 H-I) showed upregulated nitric oxide 

synthase 3, NOS3, a different source of nitric oxide also associated with FeNO readouts in 

asthmatic patients [213]. Interestingly, pericytes (Figure 4-7 G) showed the same HIF1, 

THBS1 pattern of expression indicative of EMT events as the smooth muscle cells. 

Finally, multiple cell types, such as basal, suprabasal, and goblet cells, fibroblasts, as well 

as pericytes and endothelium, upregulated NR4A1, a gene which does not have obvious 

links to airway inflammation but has been show to regulates TGFβ signalling and be involved 

in inflammatory processes and fibrosis [214]. Therefore, it could potentially be an attractive 

new biomarker in asthma. 
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Figure 4-7 Differential gene expression in epithelial, stromal, and vascular compartments in allergic asthmatic patients compared to healthy controls 
Volcano plots showing gene expression changes in A-E epithelial compartment, F-G stromal compartment, and H-J vascular compartment in 
spatial transcriptomics biopsy samples in patients with HDM-sensitized allergic asthma compared to healthy controls. 
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Figure 4-8 Hierarchical clustering of between cell type neighbourhood enrichment scores in biopsies of healthy individuals and allergic asthma patients 
Heatmap of neighbourhood score based on neighbourhood graph calculated using Delaunay triangulation and given as an average z-score across 
1000 permutations in A healthy controls and B asthmatic patients. Select niches are annotated based on the cell types. B/T lymphocyte niche 
and mast/plasma cell niche have been highlighted in asthmatic patients. 
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4.4.7 CHANGES OF IMMUNE MICROENVIRONMENTS IN ALLERGIC 

ASTHMA IN SPATIAL CONTEXT 

Asthma is driven by distinct interactions between the epithelial barrier and the immune 

system. To understand how immune cells, profiled in detail in the previous chapter 

(Chapter 3), and the epithelial cells interact, I conducted neighbourhood enrichment 

analysis on the spatial data, with resulting interaction matrices shown in Figure 4-8. 

In healthy individuals, I could identify an epithelial niche, consisting of co-occurring 

goblet and ciliated cells, stem-cell populated proliferative niche consisting of basal and 

suprabasal cells, venous and arterial niches characterised by the presence of stromal 

cells and vasculature, as well as a neuroendocrine niche, where neuroendocrine cells 

were interestingly co-localised with deuterosomal cells. These niches are seen in Figure 

4-8 A. 

In patients with asthma, broadly similar niches could be observed (Figure 4-8 B), except 

for proliferative niche. Instead, basal cells were present in the neighbourhood of ciliated 

cells. In addition, two other immune niches could be seen in allergic asthma. One niche 

was observed to consist of plasma cells, CD8+ T cells, and mast cells, which could be 

speculated to be in proximity due to IgE secretion and binding to mast cells, and another, 

consisting of CD4+ T cells and B cells, which could be interacting as a result of antigen 

presentation by CD4+ T cells in the context of allergic inflammation. 

In summary, disease-specific immune niches seem to be present in allergic asthma, 

consistent with known mechanisms of inflammation. It should be added that care must 
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be taken when interpreting this data, as the conclusions may be subjective and not 

statistically robust. New computational methods are needed to assess statistical 

significance of neighbourhood enrichment findings. 

4.5 DISCUSSION 

In summary, I am describing the first of its kind dataset to profile allergic asthma and 

allergic inflammation in lung tissue at spatial resolution. I was able to profile over 

100,000 cells across 23 patients. Detailed annotation shows that whilst limited cell type 

distinction is possible (19 cell types), there cell type bias observed in single cell studies 

seems to be less potent in in situ spatial transcriptomic studies. 

My initial analysis shows that the lung tissue sections captured recapitulate known 

anatomy, represented by separate epithelial and stromal-immune layers, as well as 

biology, represented by recreation of established differentiation pathways of epithelial 

cells, starting from basal cells and diverging into multiple cell types. What is more, I 

identify submucosal glands, both through the anatomy and unsupervised clustering, in 

the patients with allergic asthma. 

The differential gene expression analysis reveals new and known patterns of 

inflammation in allergic asthma, with upregulation of nitric oxide synthase 2 and 3 in the 

airway samples, signs of tissue remodelling, and NR4A1 being a potential novel 

biomarker candidate in asthma. 
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Finally, through neighbourhood analysis, I recapitulate immune niches consistent with 

known pathophysiology of allergic asthma, demonstrating CD4+ T-B lymphocyte 

interaction and a niche enriched in plasma and mast cells. 

The study has its limitations. It was not possible to locate club cells in the dataset, 

suggesting they may be present in another cell cluster, most likely goblet cells. This can 

likely be mitigated by using the subclustering approach I demonstrate to be effective in 

cell type annotation in other tissues. I could also not locate eosinophils, which are 

expected to be infiltrating the lung, with spatial transcriptomics offering an attractive 

avenue to study them, as they are known to be lost in microfluidics-based single cell 

approaches. Given that they can be identified using microscopy approaches, I 

hypothesise the harsh conditions of FFPE preservation may lead to the degradation of 

genetic material. Likely due to similar reasons, the other granulocyte subset 

(neutrophils) was not identified in the data. In addition, no submucosal glands could be 

located in samples from healthy individuals, limiting the possibility of comparisons 

between glandular cells in asthma and health. 

Beyond caveats in cell type detection, the detection of cellular neighbours can be 

affected by technical artifacts. As physical distance is being analysed, placement of the 

tissues on the slide, cutting angle chosen during sectioning, as well as tissue folding 

during sectioning or dethatching during imaging can affect the metrics. New analysis 

tools are being developed to circumvent these problems [215]. 
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In summary, I provide a resource to study allergic asthma at single cell resolution and 

demonstrate its utility by recapitulating known biological processes in the lung using a 

collection of tools. This is the first study of its type, applying large gene panel consisting 

of 5,001 targets to over 20 lung biopsies of carefully phenotyped asthma patients, 

allergic, and healthy controls. With it, I set out new hypotheses about type-2 

inflammation and fibrosis which I hope can be tested in more depth in future projects. 
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5 CHARACTERISATION OF IMMUNE CELLS AND 

EPITHELIAL CELLS ACROSS ASTHMA 

PHENOTYPES 

5.1 INTRODUCTION 

Asthma is a heterogenous disease of the airway, with varied molecular mechanisms and 

cell types involved, unified by its defining clinical features – bronchoconstriction, airway 

hyperresponsiveness, shortness of breath – which stem from persistent inflammation 

[1,11]. In Chapters 3 and 4, I extensively profiled severe allergic eosinophilic asthma with 

HDM sensitisation, a single, well-defined phenotype. In this Chapter, I detail the single-

cell profiling and comparison of 4 major asthma phenotypes across all cell 

compartments present in the airway –immune, epithelial and stromal. 

The main phenotypes, which are approximately equal in prevalence, are type 2-high 

(eosinophilic) and type 2-low (non-eosinophilic), and are driven by different cell types. 

These show varied treatment response, with most treatments targeting severe 

eosinophilic asthma [4,7]. In type 2-high asthma, characterised by eosinophilia in 

peripheral blood and airways, as well as elevated levels of type 2 cytokines (IL-4, IL-5, 

and IL-13), at least two distinct mechanisms exist which drive the inflammation [3,19]. 

Major known asthma phenotypes, along with their subdivisions, are outlined in Figure 5-1. 
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In allergic asthma, aeroallergens (often with enzymatic activity) such as pet dander, 

spores, pollen, or HDM proteins, present in the airway stimulate the release of alarmins 

(IL-1, IL-25, IL-33, TSLP, and GM-CSF) from the airway epithelium [216]. These alarmins 

activate ILC2s and Th2 lymphocytes, which subsequently secrete type 2 cytokines 

[216,217]. By contrast, in the much less common, but more severe phenotype of adult-

onset eosinophilic asthma, the primary pathology is eosinophilic airways inflammation, 

driven by IL-5, though the source of this IL-5 and the aetiopathogenic mechanism for its 

overproduction remain unknown [218]. Regardless of the cause of the eosinophilia, type 

Figure 5-1 Summary of the main inflammatory cells and pathways across known asthma phenotypes 
Asthma phenotypes are heterogeneous and can be broadly divided into type-2 high and type-2 low 
asthma. In type-2 high (eosinophilic) asthma, airway inflammation can result from exposure to 
allergens or other unknown environmental factors, with mechanisms of inflammation converging 
at the Th2 lymphocytes and ILC2s. Type-2 low asthma includes neutrophilic asthma driven by 
neutrophilic inflammation, as well as other less well characterised subtypes, such as obesity-
related and allergic non-eosinophilic asthma. 

Based on figures by Oppenheimer et al (2022) and Godar et al (2017), adapted and updated. 
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2-high airway inflammation leads to a cascade of pathological changes, including 

bronchoconstriction, airway mucus hypersecretion, increased mucus viscosity, mucus 

plugging, airway inflammation with oedema, and potential airway remodelling [219]. 

Airway remodelling is exacerbated by eosinophil-derived cytokines, such as TGFβ and 

leukotriene C4 [220]. 

Whilst Th2 lymphocytes are mainly involved in the development of eosinophilic asthma, 

other Th cells, such as Th17 cells characterised by expression IL-17 family cytokines (e.g. 

IL-17A and IL-17F), can induce airway neutrophilic inflammation, often present in most 

severe cases of asthma phenotypes [221]. Levels of IL-17A and IL-17F expression 

correlate with asthma severity in patients with neutrophilic disease resistant to steroid 

treatment [222].  

Environmental factors such as cigarette smoke, pollutant particles, and allergens can 

trigger Th17-mediated airway inflammation in patients with asthma, with cigarette 

smoking correlating with bronchial neutrophilia, asthma severity, and corticosteroid 

insensitivity [223,224]. In addition to inhaled particles, microbial colonisation by fungi, 

bacteria, and viruses have been implicated in pathogenesis of asthma [225]. Microbiota 

can trigger NLRP3 inflammasome assembly in the epithelial and immune cells and 

subsequent IL-1β release, which promotes Th17 differentiation [224]. 

Other non-eosinophilic asthma subtypes likely exist (as summarised in Chapter 1), and 

display mild-to-moderate phenotype, such as obesity-related asthma thought to be 

mediated by IL-6 and TNF [18] 
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Previous efforts to characterise airway immunology at the single-cell level, such as the 

Human Lung Cell Atlas [78], which consists of 584,444 cells from 107 patients in the core 

atlas and 2.4 million cells from 486 patients in the extended version, did not include 

patients with asthma. Similarly, the “lung census” project [118] analysed biopsies from 

a limited cohort of six patients with broadly defined mild-to-moderate, childhood-onset 

asthma, generating data from only 15,033 cells. In contrast, my study represents the 

largest asthmatic lung single-cell dataset to date, consisting of 219,222 high-quality 

cells across 39 patients with severe asthma, with rigorous phenotypic characterisation 

to enable precise insights into the airway immunology of each asthma phenotype. 

5.2 HYPOTHESIS 

Distinct asthma phenotypes exhibit unique molecular mechanisms of inflammation, 

which vary based on the anatomical region of the airway (upper or lower). Inflammation 

in type 2-high asthma is driven by alarmins, whereas type 2-low asthma has a different 

molecular mechanism. Inflammation induces alterations in both immune cell 

populations within the respiratory system and the airway epithelium. These alterations 

manifest as changes in gene expression profiles and/or relative cell type proportions. 

While some changes are shared across multiple cell types, others are specific to 

individual cell types. Application of single-cell sequencing to airway tissues in well 

characterised individuals with specific phenotypes will provide novel mechanistic 

insight into the mechanisms of eosinophilic asthma and of steroid-resistant airways 

inflammation.  
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5.3 AIMS OF THIS CHAPTER 

› To examine the epithelial and immune cell types present in the two sampling 

locations (nasal brush, endobronchial biopsy) in patients with asthma and 

healthy controls and compare the results with published datasets. 

› To investigate the changes in cell type abundance in asthmatic patients, healthy 

controls, and across asthma phenotypes 

› To profile the differences in gene expression in asthmatic patients, healthy 

controls, and across asthma phenotypes 

› To identify candidate signalling pathways and gene markers specific to asthma 

phenotypes and link molecular mechanisms to phenotypic outcomes 

› To examine the role of epithelial alarmins across asthma phenotypes 

› To examine the role of immune type 2 cytokines across asthma phenotypes 

5.4 RESULTS 

5.4.1 COHORT CHARACTERISTICS 

To compare the varied molecular and clinical manifestations of asthma, I undertook a 

clinical study to profile, compare, and contrast patients with severe asthma versus 

healthy controls, as well as patients with different types of asthma. With the help of Hinks 

group clinical team, we defined 4 broad study categories (allergic eosinophilic asthma, 

allergic non-eosinophilic asthma, non-allergic eosinophilic asthma, non-allergic non-
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eosinophilic asthma), which were further divided or grouped together (type 2-high 

(eosinophilic) and type 2-low (non-eosinophilic) for more in-depth comparisons. Figure 

5-3 details the clinical phenotypes defined and the corresponding immune 

classifications derived from the characterisation of the sputum samples. 

Patient characteristics are summarised in Table 5-1. In total, 39 patient samples were 

collected, with non-allergic and non-eosinophilic patients slightly older than the control 

group, however most of the study was well matched. Caucasian individuals formed the 

majority of the patient groups, and a small proportion had a history of tobacco smoking, 

however, none were current smokers. The FeNO measurements were consistent with the 

correlation of this biomarker with type 2 (eosinophilic) inflammation, with mean FeNO 3-

5-fold higher in allergic eosinophilic and non-allergic eosinophilic groups compared to 

non-eosinophilic groups and healthy patients. 

Similarly to study described in chapter 3, patients underwent fibreoptic bronchoscopy 

and up to 10 biopsies were collected along with brushings of the a brushing of their nasal 

epithelium (Figure 5-3 A). The biopsy was enzymatically dissociated, and both the biopsy 

and the nasal brush were mechanically dissociated using a syringe and needle. A mix of 

flow cytometry and sequencing antibodies allowed me to sort live cells and correct for 

the low abundance of immune cell types, by sorting the samples in such way that the 

immune and non-immune cells (CD45+ and CD45-, respectively) were approximately 

equal in cell numbers (Figure 5-3 A). Sequencing libraries were constructed for the 

transcriptome, BCR and TCR sequences, and the panel of antibodies (Figure 5-3 A).  
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Figure 5-2 Clinical phenotypes in the MORSE study of severe asthma 
Patients were stratified by the clinical team into four phenotypes— allergic eosinophilic asthma, 
allergic non-eosinophilic asthma, non-allergic eosinophilic asthma, non-allergic non-
eosinophilic asthma —based on the biochemical markers and clinical history detailed in the 
figure. These clinical phenotypes correspond to the molecular phenotypes depicted on the 
right. ICS = inhaled corticosteroids 
Original figure created by Timothy Hinks, Maisha Jabeen, and Anastasia Fries; modified for 
inclusion in this thesis. 
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Table 5-1 Cohort characteristics for MORSE project 

 
Healthy 
control 
(n=10) 

Allergic 
eosinophilic 
(n=13) 

Allergic 
non-eosinophilic 
(n=6) 

Non-allergic 
eosinophilic 
(n=7) 

Non-allergic 
non-eosinophilic 
(n=3) 

Age, years 
(mean ± SD) 36.44 ± 12.49 44.08 ± 16.40 52.83 ± 18.95 63.14 ± 17.22 73.00 ± 3.46 

Male/female 3/7 7/6 3/3 5/2 2/1 

Ethnicity 
(Caucasian, Asian) 9, 1 12, 1 6, 0 7, 0 3, 0 

BMI, kg/m2 

(mean ± SD) 25.90 ± 6.33 28.08 ± 6.34 28.75 ± 9.00 24.86 ± 2.61 31.00 ± 7.94 

Eosinophil count, 
counts x 109/ml 
(mean ± SD) 

1.05 ± 0.53 5.28 ± 0.27 1 ± 0.08 2.96 ± 0.30 0.35 ± 0.11 

Fractional exhaled 
nitric oxide [FeNO] 
(ppm) 

18.86 ± 6.67 74.70 ± 54.50 21.00 ± 11.39 96.14 ± 39.49 20.33 ± 9.50 

Smoker (%) 10% 23% 0% 14% 33% 

Current smoker (%) 0% 0% 0% 0% 0% 

Ex-smoker (%) 30% 0% 17% 14% 33% 

Smoking status 
unknown (%) 0% 8% 17% 14% 33% 
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Figure 5-3 MORSE study design and data processing overview 
A Overview of the patient phenotypes (allergic eosinophilic, non-allergic eosinophilic, allergic non-
eosinophilic, non-allergic non-eosinophilic, healthy control) and the experimental processing, 
consisting of sample collection from upper (nasal brush) and lower (biopsy) airway, physical (nasal 
brush) and enzymatic (biopsy) dissociation, antibody staining and flow cytometry sort to equalise 
immune (CD45+) and non-immune (CD45-) populations, and single cell genomics library 
preparation collecting four modalities (gene expression, B and T cell receptor sequence, antibody 
staining). B Summary of key preprocessing steps with associated cell and droplet counts. The key 
steps are QC filtering, dimensionality reduction with batch correction (batch = patient ID), 
annotation of broad compartments, and detailed cell type annotation. 
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5.4.2 DATA PREPROCESSING AND METHOD DEVELOPMENT 

Data was processed with panpipes to increase reproducibility and streamline the 

preprocessing workflow. 287,295 raw droplets were obtained (Figure 5-3B). Only genes 

expressed in more than 10 droplets were considered, leaving 31,913 genes. Droplets 

with less than 100 protein counts, indicating poor antibody staining, were excluded from 

the analysis in the protein modality, but the RNA modality was retained (Figure 5-3B). 

Droplets with more than 30% mitochondrial gene counts, indicative of dead or dying cells 

as described in chapter 3, were excluded (Figure 5-3B). Similar doublet exclusion 

approach was taken as described in the chapter 3, with heterotypic doublets identified 

using hashing oligos, and homotypic doublets identified using scrublet, an algorithm 

comparing droplets to simulated doublets. A consensus of multiple algorithms was used 

to call the tissues (biopsy, nasal brush) versus the doublets (Figure 5-4 A). Taken together, 

these approaches removed further 56,810 poor-quality droplets, leaving 230,485 cells in 

the dataset (Figure 5-3B). I selected highly variable genes using scanpy implementation 

of Seurat highly variable gene calling function, which automatically selects the optimal 

number of HVGs to capture the dataset variance, determined to be 3,185 genes. These 

genes were fed to the PC algorithm and 30 PCs were used to calculate the UMAP 

embedding and batch correction (Figure 5-3 B and Figure 5-4 B-C). Patient ID was used 

as the batch to aggregate technical variables, which can be approximated to the random 

effects introduced by the clinician performing the bronchoscopy, the operator 

processing the tissue, the day of the experiment, the sequencing batch and instrument, 

amongst others. By assessing the UMAP embeddings visually and comparing the density 
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of LISI scores (Figure 5-4 B-C), I decided Harmony performed best at the batch 

integration task. 

  

Figure 5-4 Summary of optimisation of de-hashing and batch correction algorithms 
A Summary of the cell calls of 7 different de-hashing algorithms and 100% consensus majority vote 
method (‘consensuscall’). BBX=biopsy, NB=nasal brush B Comparison of four data integration methods 
on the UMAP embedding coloured by patient diagnosis (healthy control or any of the asthma phenotypes). 
C Local Inverse Simpson’s Index (LISI) scores calculated for each integration method. 
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5.4.3 CELL ANNOTATION 

The Harmony clusters were separated into immune (protein CD45+) and non-immune 

(protein CD45-, EPCAM+) cell subsets, with the immune subsets further divided 

according to haematopoietic origin to myeloid, NK and T, and B and plasma cell 

compartments, using cluster markers, BCR/TCR sequences, and antibody staining for 

cell compartment assignment (Figure 5-3 B and Figure 5-5 A-B). The HVGs and 

embedding was re-calculated for each subset and Leiden clusters were calculated at 

multiple resolutions (0.1-2.0, cell numbers permitting). I annotated the cells by 

amalgamating HLCA annotations (Figure 5-6), literature reported cell type markers, and 

expert input, which resulted in a total of 59 distinct cell states. Clusters with mixed cell 

types, representing further doublets or ambient RNA contamination, were removed, as 

is the best practice [154], resulting in the final number of 219,922 high-quality cells 

(Figure 5-3 B and Figure 5-5). Of those, 2,531 were in B and plasma compartment 

(CD79B, CD19, Figure 5-5 C), 79,029 were in the NK and T cell compartment (CD3E, CD8A, 

CD4 Figure 5-5 D), 29,940 in myeloid compartment (S100A8, S100A9, FCER1G, CLEC7A, 

CP3A, Figure 5-5 E), 108,422 in the epithelial compartment (EPCAM, Figure 5-5 F). In 

summary, 111,500 immune and 108,422 non-immune cells were captured, 

demonstrating the efficacy of the sorting strategy (50.70% vs 49.3% ratio). On average, 

approximately 5,640 cells were captured per patient, compared to 30,000 – 50,000 

loaded cells (11 – 19% efficacy). 

Comparing the final annotations with those generated by reference mapping to the HLCA 

(Figure 5-6), I observed broad agreement, however, I was able to capture substantial 
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granularity in the T cell compartment (MAIT cells, gamma-delta T cells, and multiple 

CD8+ T cell states), B cell compartment (naïve, activated, and memory B cells and 

plasma cells), and myeloid compartment (multiple monocyte and airway macrophage 

populations, pDCs, cDC2s and LAMP3+ DCs). Notably, in my dataset I was able to 

identify a rare LAMP3+ dendritic cell population, but not a DC1 population. In addition, I 

did not observe capillary or lymphatic epithelial cells, submucosal glands, or tuft cells, 

which were present in the HLCA mapping. In summary, whilst the HLCA was a useful tool 

to guide cell type annotation, further manual curation was necessary to remove noise 

and enhance granularity of the annotations, likely due to the absence of asthma-specific 

data in the HLCA. 
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Figure 5-5 Details of annotation of cell states across compartments 
A Location of the cell compartments (B and plasma, NK and T, myeloid, non-immune) cells annotated 
according to their developmental origin. B Mapping of the immune cell receptors to confirm the 
location of B, T, and plasma cells on the UMAP embedding. C-F Embeddings of individual cell 
compartments and corresponding cell state annotations. 
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Figure 5-6 Comparison of HLCA and manual cell type annotations 
UMAP embedding coloured by the finest level of annotation available from A HLCA mapping performed using scvi at resolution 
‘annotation_finest_level’ and B manual annotation using sub-grouping approach at cell-state (highest) resolution. 
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Figure 5-7 Characterisation of B and plasma cell compartment 
A Sankey diagram of B and plasma cell populations and states across increasingly detailed 
annotation levels. B Normalised surface protein staining signal across annotation level 2 and 
cell state annotation. C Dotplot demonstrating normalised expression levels of key markers 
used in cell state annotations, with the per cell-type cell count indicated as the bars. D 
Normalised abundance of B cell receptor types in B and plasma cells. 
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5.4.4 CELL STATES IN THE HUMORAL IMMUNITY COMPARTMENT 

In the B and plasma compartment, I was able to identify all states in the developmental 

pathway (Figure 5-7 A): naïve B cells (IGHD, padj=2.72E-9 / 7.72E-4; FCER2, padj=1.15E-13 

/2.45E-4; TCL1A, padj=9.91E-14/n.s. in the CD69+ / FOXP1+ subset, respectively), 

memory B cells (CD27, padj=1.04E-7/8.41E-43; TNFRSF13B, padj=4.96E-43 / 5.92E-102 in 

the BANK1+ SOX1+ / MHCII+ subset, respectively), and plasma cells (MZB1, padj= 1.00E-

123; SDC1, padj=1.75E-8). Whilst naïve and memory cells expressed CD19 and CD38 

surface proteins, the plasma cells exclusively bound anti-CD138 antibody (Figure 5-7 B). 

Of note, both memory B cells and plasma cells expressed high levels of IgA (IGHA1 and 

IGHA2, padj<0.05 for activated memory, DUSP4+ KLF6+ activated memory, BANK1+ 

SOX5+ memory, MHCII+ memory B cells, and plasma cells, see Figure 5-7 C-D), with 

previous reports of IgA+ memory B cells having increased abundance in asthma and 

diseases resulting in small airway dysfunction [226]. Overall, the clonotype switching 

typical of mucosal surfaces was seen, with an increase in IgA+ and decrease in IgD/IgM 

between B and plasma cells (Figure 5-7 D). Only a very small proportion of B and plasma 

cells were the IgE-expressing cells, with only a single cell each called as IGHE+ in the 

immune repertoire library (Figure 5-7 D). Activated B cells in both naïve and memory 

compartment had upregulated JUN and FOS transcription factors, likely resulting from a 

combination of biological activation [227] and cellular stress due to handling and 

dissociation, particularly enzymatic dissociation in physiological (37 °C) temperatures 

[119]. Compared to chapter 3, the B and plasma cell numbers captured were similar, 

even though the number of patients was increased 5-fold (39 versus 8), showing the 

benefit of sorting to increase the abundance of immune cell populations in small studies. 
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5.4.5 CELL STATES IN THE MYELOID COMPARTMENT 

In the myeloid compartment, I observed monocytes, macrophages, dendritic cells, as 

well as mast cells and granulocytes (Figure 5-8 A). I confidently identified conventional 

type 2 dendritic cells involved in epithelial antigen presentation (cDC2s or CD1C+ DCs, 

CD1C, padj<1E-300; CLEC10A, padj=3.31E-241) as well as plasmacytoid dendritic cells 

responsive to viral infections (TCF4; IRF7; GZMB, padj<1E-300 for all) (Figure 5-8 B-C). I 

also identified a rare population of LAMP3+ DCs (also known as mregDCs [228], LAMP3, 

padj=1.06E-72; CCR7, padj=1.11E-54) (Figure 5-8 B-C). The macrophages had dual origin – 

either airway resident which included four subsets: CCL+ (CD68 and IL1B, padj<1E-300 

for both), SPP1+ (SPP1, padj=1.22E-41; MARCO padj=8.19E-56), CX3CR1+ airway (CX3CR1, 

padj=3.59E-5; IL1B, padj=7.75E-269), SLC8A1+ airway macrophages (SLC8A1, padj<1E-300; 

MEF2C, padj=1.19E-161) or recruited from the blood – monocyte derived macrophages 

(C1QA, padj=1.44E-179; CLEC10A, padj=1.62E-120) (Figure 5-8 B-C). Both dendritic cells 

and macrophages expressed HLA proteins at high levels on their surface (Figure 5-8 B), 

as would be expected of professional antigen presenting cells. In the monocyte group, I 

identified a CXCL8+ subset (CXCL8, padj<1E-300) and a CXCR4+ subset (CXCR4, 8.00E-

129), as well as an activated subset expressing JUN and FOS (padj<1E-300 for both). The 

monocytes were CD14+ and/or CD16+, suggesting the presence of classical and non-

classical cells (Figure 5-8 B). The granulocytes expressed IL3RA (padj=1.12E-53, 

basophils) and CR1 (padj=1.08E-23) and are likely a mixed cluster with basophils being 

the majority of cells (as neutrophils are poorly captured by 10X fluidics), see Figure 5-8 

C. Due to larger mast cell numbers compared to the dataset in Chapter 3 (4,486 versus 

848), I was able to identify both the mast cell cluster (TPSAB1, TPSB2, CPA3, padj<1E-300 
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for all) and an activated mast cell population, which, in addition to these markers, 

expressed CD69 and other activation markers (CD69, padj=1.26E-204; LIF, padj=8.75E-65; 

CD83, padj=3.26E-108; Figure 5-8 C), previously described to be upregulated in mast cells 

binding IgE or having FcεRI receptor cross-linked in a different way [23]. 

Consistent with previous lung atlasing efforts [78,112,229], I was not able to identify 

eosinophils in the granulocyte subset, despite their known involvement in the 

pathophysiology of asthma. Moreover, in contrast to Chapter 3, I could not identify a 

separate neutrophil cluster, which is likely due to a combination of technical and 

methodological factors – poor capture rate in the 10X Chromium chip and low-count cell 

filtering at the QC stage. 



 
 

159 

  
Figure 5-8 Characterisation of the myeloid compartment 
A Sankey diagram of myeloid cell populations and states across increasingly detailed 
annotation levels. B Normalised surface protein staining signal across annotation level 2 and 
cell state annotation. C Dotplot demonstrating normalised expression levels of key markers 
used in cell state annotations, with the per cell-type cell count indicated as the bars. 
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5.4.6 CELL STATES IN THE NK AND T CELL COMPARTMENT 

In the T and NK cell compartment, I identified CD4+ and CD8+ T cells, as well as NK cells, 

and unconventional subsets – gamma-delta T cells, and MAIT cells, as seen in Figure 5-9 

A. CD4+ T cells constituted a cluster with naïve-like phenotype (CD4; padj=8.66E-21, 

CCR7; padj<1E-300, LEF1; padj=8.51E-196), which also expressed high levels of ribosomal 

proteins, regulatory T cell cluster (FOXP3, padj=3.96E-65; CCR4, padj=1.34E-25;CTLA4, 

padj=5.63E-91), and Th2 cluster (IL5, padj=4.04E-8; IL13, padj=3.23E-36; GATA3 padj=6.79E-

64) as seen in Figure 5-9 B-C. 

In the CD8+ T cell compartment, I observed JUN and FOS expressing activated T cells, 

with distinct subsets characterised by the expression of interferon (IFNG, padj=1.44E-88), 

XCL2 (padj=1.33E-150), CXCR6 (padj<1E-300), ITGA1 (padj<1E-300), GZMK and CXCR4 

(padj<1E-300 for both) subsets (Figure 5-9 B-C), with granzyme K (GZMK) expressing cells 

typically being considered effector memory T cells [112,230]. I also identified ribosomal-

high and mitochondrial-high clusters of CD8+ T cells. In the unconventional T cell 

compartment, I located MAIT cells (KLRB1, padj<1E-300; IL7R padj=3.35E-241), which 

expressed TCR- V𝛼7.2 protein (Figure 5-9 B). The gamma-delta T cells expressed KLRC2 

(padj<1E-300) and TRDC (padj=2.94E-46), and could be divided into two clusters, one of 

which showing activation signature. In the innate compartment, I characterised ILCs 

(SOX4, padj=2.96E-18; KIT, padj=1.68E-12), which also expressed GATA3 (padj=1.75E-20) 

and are thus likely ILC2s, as well as NK cells (FCERG1, GLNY, padj<1E-300 for both), which 

also expressed CD16 protein (Figure 5-9 B-C). I did not identify iNKT cells, and the anti-

V𝛼24 -J𝛼18 antibody only showed binding to T cell subsets. 
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Figure 5-9 Characterisation of NK and T cell compartment 
A Sankey diagram of NK and T cell populations and states across increasingly detailed 
annotation levels. B Normalised surface protein staining signal across annotation level 2 and 
cell state annotation. C Dotplot demonstrating normalised expression levels of key markers 
used in cell state annotations, with the per cell-type cell count indicated as the bars. 
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5.4.7 CELL STATES IN THE EPITHELIAL AND STROMAL 

COMPARTMENTS 

Within the epithelial and stromal compartment, I observed a range of stromal and 

epithelial cell subtypes (Figure 5-10 A). The epithelium consisted of progenitor basal 

(KRT5, TP63, padj<1E-300 for both) and suprabasal cells (KRT19, padj<1E-300), together 

with their activated state, characterised by expression of JUN and FOS transcription 

factors (Figure 5-10 A-B). I also identified cells which differentiate from these progenitors, 

including club cells (SCGB3A1, padj=6.49E-123; TSPAN8, padj<1E-300), deuterosomal 

cells (CDC20B, padj<1E-300; FOXN4, padj=1.27E-97), and mucous-secreting goblet cells 

(MUC5AC, CEACAM5, padj<1E-300 for both), see Figure 5-10 A-B. I identified three 

subgroups of the ciliated cells, which shared expression of FOXJ1 and PIFO (both padj<1E-

190 in every subset), but formed distinct clusters on the UMAP, with type 2 (‘mucous’) 

cells expressing high levels of MUC5AC (padj=5.16E-13) (Figure 5-10 B and Figure 5-5 F). I 

also discovered rare cell types, such as ionocytes (FOXI1, CFTR, padj<1E-300 for both) 

and Hillock cells (sometimes referred to as ‘Hillock-like’), which expressed KRT4 

(padj=1.94E-130) and KRT13 (padj=4.09E-165), thought to be injury-resistant reservoirs of 

stem cells in the airway [231] (Figure 5-10 B). I also identified neuroendocrine cells, 

secreting neuropeptides such as CHGA (padj=3.71E-19) and CALCA (padj=1.25E-11) 

(Figure 5-10 B). Finally, I identified -stromal cells – fibroblasts (PI16, CXCL14, padj<1E-300 

for both) and pericytes (ACTA2, padj=1.55E-146; TAGLN, padj=2.28E-148) (Figure 5-10 B). 

All the anticipated cell types have been captured in the annotation, except the tuft cells, 

which I was not able to reliably distinguish. Tuft cells have been previously described by 

some (e.g. HLCA [78]), but not other single cell studies [112]. 
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Figure 5-10 Characterisation of non-immune cell compartment 
A Sankey diagram of NK and T cell populations and states across increasingly detailed 
annotation levels. B Dotplot demonstrating normalised expression levels of key markers used in 
cell state annotations, with the per cell-type cell count indicated as the bars. 
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5.4.8 ASSOCIATION OF GENE EXPRESSION WITH CLINICAL 

VARIABLES 

To understand how the clinical data correlates with the gene expression, as well as to 

identify any spurious correlations to correct for at the differential gene expression testing 

stage, the association of pseudobulk-level principal component scores with clinical 

variables was calculated, as seen in Figure 5-11. The first few components, which explain 

the most variance, do not associate with clinical variables (Figure 5-11 A-B), but do 

separate patients into homogenous clusters (especially PCs1-5, Figure 5-11 C). Starting 

with principal component 9, multiple PCs correlated with clinical variables relevant in 

asthma, such as eosinophil count, FeNO measurement, presence of specific IgE, or 

clinical phenotype (Figure 5-11 A). In addition, some PCs, such as 17, 18, 28, associated 

with other confounding variables, such as sex, BMI, or smoking status (Figure 5-11 A). 

PC17 was driven by expression of molecules such as GNAO and NRXN1, both previously 

associated with neurodegenerative diseases [232,233], thus it can be hypothesised that 

neuroendocrine cells are involved, as well as IL-6, known to be secreted by dendritic 

cells and macrophages in severe asthma [234] (Figure 5-11 D). PC18 changes were 

driven by FCER1A, which encodes high affinity IgE receptor, FcεRI, present on mast cells 

and basophils [4], and TNFSF8, encoding CD30, a TNF receptor (Figure 5-11 E). FCER1A 

polymorphisms were demonstrated to influence the IgE levels in allergic asthma [195], 

whilst CD30 expression was linked to increased inflammation, serum IgE levels, and 

type-2 cytokines in mouse models [235]and humans [236]. 
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Whilst the variables such as age, sex, BMI, and smoking status are interesting on their 

own, and have all been linked to asthma [3], they may obscure the picture in the gene 

expression testing. Together with ethnicity, they have been included as confounding 

variables in the differential gene expression analysis. The DGE analysis was conducted 

for the cells in the upper airway (nasal brush), the lower airway (biopsy), and disregarding 

the tissue of origin (all), to increase the statistical power and capture general trends, and 

the results are summarised in Figure 5-11 F. Overall, the patterns were broadly 

consistent across the upper and lower airway, with monocytes, airway macrophages, 

and cDCs showing the greatest amount of significant DGEs, consistent with the disease 

mechanism. In the lower airway, mast cells exhibited a greater number of DGEs than in 

the upper airway (351 vs 143). Conversely, fibroblasts showed more of DGEs in the upper 

airway compared to lower airway (362 vs 29). Some cell types (T cells, basal cells, 

macrophages, plasma cells) showed few or no differentially expressed genes, despite 

their known role in asthma pathogenesis. 
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Figure 5-11 Association of principal components calculated from pseduobulk gene expression 
values with clinical variables 
A Correlation score and ANOVA test result for clinical variables collected for the cohort. 
B Percentage of variance explained for each principal component. C Principal component 
scores calculated for each gene – patient combination at annotation level 2 with patient 
diagnosis included as ‘Phenotype’. D-E Top and bottom 20 loadings of PC17 and PC18, example 
PCs with high clinical variable association. F Number of statistically significant genes for all the 
cells tested and in tissue-specific comparisons when adjusting for correlated clinical variables 
not related to disease (sex, age, BMI, ethnicity, smoker status) at annotation level 2. 
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5.4.9 SSOCIATION OF CELL ABUNDANCE WITH CLINICAL 

VARIABLES 

Similarly to gene expression, I investigated correlations of clinical variables with the cell 

abundance calculated per compartment (annotation level 0), as seen in Figure 5-12. 

Only two principal components – PC2 and PC3, explaining 21% and 15% of dataset 

variance, respectively – were associated with the clinical variables measured (Figure 

5-12 A-B). There was no obvious clustering between healthy and asthmatic patients 

(Figure 5-12 C). PC2 associated with presence of IgE specific to an aeroallergen (Figure 

5-12 A), and was most influenced by monocytes and epithelial (secretory and ciliated) 

cells (Figure 5-12 D). The contribution of epithelial and mucous-secreting cells would be 

consistent with damage to the epithelial barrier, discussed in Chapter 1, whereas 

contribution of monocytes supports high number of DGEs expressed between healthy 

and asthmatic patients. Conversely, PC3 values were most influenced by memory B cells, 

plasma cells, and mast cells numbers, and it associated with a measure of airway type-

2 inflammation (FeNO value and FeNO classification – ‘low’, ‘intermediate’, and ‘high’), 

as seen in Figure 5-12 E. Overall comparison of cell type abundances across the upper 

and lower airway again reveals similar patterns, with only a few cells changing the 

proportion – for example, mast cells and ciliated cells increase in abundance in asthma, 

whereas memory B cells decrease in proportion (Figure 5-12 F). In summary, no 

confounding factors appear to be associated with the cell abundances, beyond clinically 

relevant variables. To draw robust conclusions about relative cell proportions, statistical 

modelling of cell type proportions is introduced in section 5.4.10.  
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Figure 5-12 Association of principal components calculated from cell abundance values with clinical 
variables 
A Correlation score and ANOVA test result for clinical variables collected for the cohort.  
B Percentage of variance explained for each principal component. C Principal component 
scores calculated for each cell type - patient combination at annotation level 2 with patient 
diagnosis indicated as ‘Phenotype’. D-E Loadings of PC2 and PC3, PCs with significant clinical 
variable association. F Cell type abundance calculated per compartment in asthma and health 
across all the cells, in the cells from nasal brushes, and in the cells from biopsies. 
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5.4.10 CELL ABUNDANCE CHANGES ACROSS TISSUES IN 

ASTHMA AND HEALTH 

To understand broad patterns in cellular composition of samples collected from healthy 

and asthmatic individuals, I calculated the proportion of cells in each compartment 

(annotation level 0: NK and T cells, myeloid cells, B and plasma cells, non-immune cells) 

and clustered them using Bray-Curtis dissimilarity index, taking into consideration the 

sample origin (upper or lower airway) and overall (Figure 5-13 Cellular composition of 

Figure 5-13 Cellular composition of samples in upper 
and lower airway in asthmatic and healthy patients 
Stacked barplots showing proportion of cells in 
each compartment (NK and T cells, myeloid cells, 
B and plasma cells, non-immune cells) within 
individual patient samples in the A biopsies and B 
nasal brushes. Samples are ordered according the 
UPGMA (unweighted pair group method with 
arithmetic mean) clustering on Bray-Curtis 
dissimilarity index and coloured by the diagnosis 
(asthma, healthy). 
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samples in upper and lower airway in asthmatic and healthFigure 5-13). Overall, the 

biopsies contained more immune cells compared to the nasal brushes, where the 

epithelial cells were more represented (Figure 5-13 Cellular composition of samples in 

upper and lower airway in asthmatic and healthFigure 5-13). In the biopsies, the samples 

divide into two subgroups, one with balanced epithelial/immune compartment, and 

another with characterised by high abundance of NK and T cells – as the samples in either 

group do not map to any distinct patient diagnosis (asthmatic or healthy) or phenotype, 

this could be explained by the sampling bias and the effect of sampling location and the 

operator on cellular composition of the biopsy. Nonetheless, a smaller cluster 

predominantly composed of myeloid cells can be identified in the data (patients 

OAS1245, 1269, 1309, see Figure 5-13 A), which consists of eosinophilic asthmatic 

patients. Similar patterns could be observed in the nasal brushes, with a broad divide 

into two subsets – predominantly NK and T infiltrated, and a balanced cluster with larger 

presence of epithelial cells (Figure 5-13 B). Again, a small cluster of eosinophilic 

asthmatic patients with large myeloid infiltrates could be identified (OAS1273, 1384, 

1512, see Figure 5-13 B). Whilst these broad patterns help with understanding of overall 

cellular composition of airway samples and may point to a sampling bias, a more robust 

statistical framework is needed to draw conclusions about the individual cell types. 

To further characterise the changes in abundance of each cell type in immune and 

epithelial tissue across asthma phenotypes, I again employed miloR to characterise 

cellular neighbourhoods, as shown in Figure 5-14. The KNN graph, with the average 

neighbourhood size in the range of 100-200 (mean: 186.9, SD: 64.7), showed separation 

of cell compartments – B/plasma, myeloid, NK/T, and non-immune subset, with non-
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immune subset further splitting into epithelial and stromal compartments, as can be 

seen in Figure 5-14 A. Comparing the asthmatic patients with healthy controls revealed 

that the relative proportions of most cells remained stable (Figure 5-14 B). A low number 

of Th2 cells identified (274) unfortunately precluded any neighbourhoods consisting of 

Th2 cells from being identified. The other key driver of eosinophilic inflammation, ILCs, 

showed an increase in abundance in the upper, but not the lower airway. ILC2s have 

been reported to be involved in the pathogenesis of eosinophilic chronic rhinosinusitis 

with nasal polyps (CRSwNPs), another disease driven by type-2 cytokines [237]. The 

abundance of mast cells was consistently higher in patients with asthma across the 

upper and lower airway. Interestingly, some rare cell populations, such as gamma-delta 

T cells, Hillock cells, were decreased across the samples, with other cell types, such as 

memory B cells, airway macrophages, and pDCs being present in lesser abundance in 

biopsies only. Goblet cell metaplasia is a widely reported feature of asthma [11], 

however my data suggests that there is a general decrease in cell types (goblet, ciliated, 

club) in asthma compared to health, which may result from the breakdown of the 

epithelial barrier. 
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Figure 5-14 Differential abundance of epithelial, stromal, and immune cells in severe asthma and health 
A Neighbourhood graphs showing cell neighbourhoods and relative neighbourhood distances, coloured by 
annotation levels 0 (compartment) and 1 (broad cell type annotation).B Differential abundance as log fold 
change in cell proportions between asthma and health in lower (biopsy) and upper (nasal brush) airway at 
annotation level 3. 
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Figure 5-15 Gene expression changes across the tissues in upper and lower airway in the immune compartment in asthma versus health 
A-D Volcano plots showing gene expression changes in select immune cell types are key effector cells in type-2 inflammation at annotation level 3 in samples 
from the upper (nasal brush) and lower (biopsy) airway. 
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Figure 5-16 Gene expression changes across the tissues in upper and lower airway in the epithelial compartment in asthma versus health 
A-D Volcano plots showing gene expression changes in major epithelial cell types (club, goblet, and ciliated) cells and recently discovered Hillock cells in samples 
from the upper (nasal brush) and lower (biopsy) airway. 
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Figure 5-17 MSigDB Hallmark dataset gene-set enrichment analysis in upper and lower airway in asthma versus health 
Statistically significant pathways are shown per cell type at annotation level 3 in biopsy (A) and nasal brush (B) samples. 
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5.4.11 GENE EXPRESSION CHANGES IN ASTHMA AND HEALTH 

5.4.11.1  IMMUNE COMPARTMENT 

To understand the transcriptional changes resulting from asthma, I investigated 

differential gene expression patterns across the upper (nasal brush) and lower (biopsy) 

airway samples and identified notable differences between these anatomical regions, 

and between asthma and health. After carrying out a differential gene expression 

analysis on per-cell type calculated pseudobulk profiles using MAST [130], accounting 

for confounding variables, including age, sex, ethnicity, BMI, and smoking status, several 

cell types associated with type-2 inflammation revealed intriguing insights (Figure 5-15). 

In activated mast cells, which differed in gene expression profile from the mast cells, 

SLAMF1 and AREG were upregulated in cells obtained from the nasal brushes (Figure 

5-15 A). 

SLAM receptors are transmembrane proteins expressed on many immune cell types, 

such as monocytes, macrophages, NK cells, CD8+ T and B lymphocytes, and dendritic 

cells [238,239]. SLAMF1 plays a role in CD8+ T cell activation and interferon production 

[239] and incudes production of type-2 cytokines, such as IL4 [240]. In human 

macrophages, SLAMF1 has been demonstrated to regulate TLR4-mediated response to 

bacteria by forming a protein complex which promotes IFNβ secretion [241]. TLR4 is a 

receptor for HDM proteins and potentially other allergens [242], which I speculate may 

highlight the influence of allergens on other cell types beyond epithelium in type-2 high 

asthma. Upregulation of SLAMF1 in the upper airway would be consistent with it being 

the first site of exposure to inhaled allergens. 
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Amphiregulin, encoded by AREG, is found at increased concentration in the blood of 

patients with asthma, and has been proposed as a biomarker. Whilst its role in airway 

inflammation is debated, with some proposing its involvement in ILC2-mediated 

resolution of inflammation [243], recent research demonstrates that AREG mediates the 

TGFβ-induced epithelial-mesenchymal transition in airway epithelium via a mechanism 

involving EGFR/JNK/AP-1 activation [244]. 

Alarmins play a central role in across phenotypes of eosinophilic asthma, with IL33 being 

one of the key alarmins (Figure 5-1). IL33 is a member of the IL1 family, and together with 

its cognate receptor, interleukin-1 receptor like-1 (IL-1RL1 or ST2) , both are 

susceptibility genes for childhood-onset asthma identified in many GWASes, as 

summarised in chapter 1, and a regulator of IL33 concentration in the lung parenchyma 

[245]. Its upregulation in Th2 cells in the upper airway may suggest that IL33 is also driving 

inflammation in the upper airway (Figure 5-15 B). Of note, no genes were found to be 

differentially expressed in Th2 cells in the lower airway when broad asthma-health 

comparison was used. 

Among ILCs (Figure 5-15 C), the patterns of differential gene expression were in broad 

agreement between the upper and lower airway. Amphiregulin, AREG, was again 

upregulated, potentially highlighting multiple sources of this molecule acting on the 

airway epithelium. Other DEGs mostly included ribosomal genes, indicative of either 

general activation pattern, or an artifact of cell handling and dissociation [120]. 
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In DC2s (Figure 5-15 D), important for antigen presentation in asthma, ALOX15, a gene 

encoding 15 lipoxygenase 1 (15LO1) protein and induced by type-2 cytokines, was 

upregulated in the lower airway, with evidence of 15LO1 metabolites secreted by 

immune cells leading to airway epithelial injury in animal models of asthma [246]. 

Overall, the immune cell types expressed genes with previous links to asthma through 

either genome-wide association or mechanistic studies, with some potential biomarkers 

expressed across multiple cell types, such as amphiregulin, identified as potential 

biomarkers of asthma in the clinic. 

5.4.11.2 EPITHELIAL COMPARTMENT 

Next, to investigate the gene expression profiles in asthma in the epithelial compartment, 

I focused on the predominant airway epithelial cell types – club, goblet, and ciliated cells 

– as well as rare cell types, such as Hillock cells, where notable changes were observed, 

as seen in Figure 5-16. 

In club cells (Figure 5-16 A), I observed the upregulation of nitric oxide synthase 2 (NOS2), 

both in the upper and lower airway, with nitric oxide being used as a biomarker of type-2 

inflammation in asthma in the clinic [6,68], but with limited understanding of its cellular 

source in the epithelium. In addition, similarly to ALOX15 upregulation in the immune 

compartment, it was also upregulated in club cells in the upper airway. CST1, one of the 

top DGEs both in terms of log-fold change and p value, was reported to promote airway 
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eosinophilic inflammation in asthma via the AKT signalling pathway [247] and inhibit 

HDM protease activity in allergic asthma [248].  

Similar to club cells, other secretory cells, goblet cells (Figure 5-16 B), displayed 

upregulation of CST1 and ALOX15 genes. In addition, SLPI gene was upregulated in both 

upper and lower airway. It encodes secretory leukocyte protease inhibitor, which is 

capable of broad spectrum inhibition of mast cell and leukocyte serine proteases [249]. 

In animal models of asthma, SLPI inhibits allergen-induced inflammation, and may be 

part of the physiological regulatory response of the airway in allergic asthma [250,251]. 

In ciliated cells (Figure 5-16 C), CD200R1 was upregulated in the biopsy samples. This 

anti-inflammatory receptor was previously thought to be mainly expressed on non-

epithelial cell types [252], with reports of dysregulation in asthma, and is thought to 

contribute to the resolution of inflammation in the lung [253]. One of the top differentially 

expressed genes in the nasal brushes and biopsies was TFF3, previously reported to be 

present at elevated levels in the sputum of patients with COPD and asthma. TFF3 was 

shown to have an immune-resolving effect via downregulation of TNFɑ, TLR4, and NF­κB 

[254], as well as wound healing throughout mucosal tissues [255], including in the airway 

[256]. 

In recently characterised Hillock cells (Figure 5-16 D), CST1 was again observed to be 

upregulated, in the biopsies. Also in the lower airway, CAPN14, a gene in the locus 

epigenetically regulated by type-2 cytokines and associated with eosinophilic 

inflammation, was identified [257]. 
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In summary, I identified secretory cells (goblet and club cells) as the likely cellular 

sources of nitric oxide in asthma, and characterised broad gene changes related to the 

resolution of inflammation in the airway epithelium, pointing to the pro-inflammatory 

role of immune cells and regulatory role of the epithelium in asthma. Broadly, the 

changes observed in contrasts of asthma patients without phenotyping and healthy 

controls skew towards type-2 inflammation, with few genes being identified relating to 

type-2 low inflammatory response. 

5.4.11.3 PATHWAY ANALYSIS 

To understand the overall signalling landscape across the cell types in asthma when 

compared to health, I performed GSEA using MSigDB database, similarly to Chapter 3 

(Figure 5-17). Overall, enrichment of more pathways was observed in the lower airway 

compared to upper airway. TNFα signalling was upregulated across both tissues and in 

most cell types. While anti-TNFα therapies were trialled for asthma in the late 2000s 

[179], the treatment had to be discontinued early due to an unfavourable risk-benefit 

profile. The inefficacy of treatment may stem from the widespread upregulation of TNFα 

signalling across multiple cell types, making cell-type precise targeting challenging when 

designing drug candidates. Nevertheless, TNFα remains a key pro-inflammatory cytokine 

in asthma pathogenesis. 

Epithelial-mesenchymal transition (EMT) term was significantly enriched across both 

tissue types in immune (CD8+ T cells, macrophages) and epithelial (ciliated, basal cells) 

compartments, and was also evident at DGE-level, consistent with findings reported in 
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chapter Chapter 3. In a healthy airway, EMT contributes to tissue healing by generating 

mesenchymal cells necessary for regeneration. However, the context of chronic 

inflammation, excessive EMT can lead to tissue fibrosis and lung damage, a process 

where fibroblasts accumulate and secrete collagen fibres [182]. 

Finally, interferon ɑ and ɣ signalling terms were both upregulated in patients with asthma, 

which perhaps can be tied to type-2 low responses, characterised by upregulation of 

inflammasomes, as well as type I, II and III interferons, and IL17 signalling [258], or a 

broader feature of chronic inflammation present in the airway. 

In summary, the enrichment analysis shows various sources of inflammation across the 

immune cell types in asthma, along with evidence of airway fibrosis. 

5.4.12 CELL ABUNDANCE CHANGES IN EOSINOPHILIC VERSUS 

NON­EOSINOPHILIC ASTHMA 

Broad patterns in cell abundance changes can be observed by comparing healthy 

individuals to those with asthma. To better understand the heterogeneity within asthma 

phenotypes and examine the changes associated with type 2 immune response, I 

contrasted eosinophilic asthma with non-eosinophilic asthma in the upper and lower 
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airway. The results of the differential abundance analysis across the tissues are 

presented in Figure 5-18. 

In the biopsies, there was an increased abundance of fibroblasts, pericytes, mast cells 

and activated mast cells, cDCs, and plasma cells. The increased presence of mast cells, 

plasma cells, and dendritic cells is consistent with the type-2 inflammation. The 

increased abundance of fibroblasts and pericytes may be attributed to the EMT or 

fibrosis, further suggesting it may play a role in eosinophilic asthma. Some of those shifts 

in airway cell populations are mirrored in the upper airway – mast cells and activated 

mast, as well as cDCs cells increase in abundance – and there is a marked increase in 

the monocytes and granulocytes. Changes in epithelial composition do not seem to be 

present in the upper airway except for an increase in the abundance of goblet cells, 

Figure 5-18 Differential abundance of 
epithelial, stromal, and immune cells in 
eosinophilic and non-eosinophilic 
asthma 
Differential abundance as log fold 
change in cell proportions between 
eosinophilic and non-eosinophilic 
asthma in lower (biopsy) and upper 
(nasal brush) airway at annotation 
level 3. 
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consistent with goblet cell metaplasia, when comparing eosinophilic and non-

eosinophilic asthma (Figure 5-18). 

Conversely, in non-eosinophilic asthma, in the biopsies there is an increase in the 

presence of CD4+ T and MAIT cells, as well as basal and suprabasal cells. MAIT cells 

have been described, by Hinks group [259] and others [260], to be involved in the 

pathogenesis of neutrophilic asthma and correlate with the number of exacerbations in 

severe asthma. The increase in abundance of MAIT cells in non-eosinophilic asthma is 

recapitulated in the upper airway (Figure 5-18). In addition, a subset of CD8+ T, club, and 

ciliated cells also seem to increase in abundance in non-eosinophilic asthma, however, 

further investigations would be needed to establish how it differs from the subset 

increased in eosinophilic phenotype. 

Overall, distinct patterns of cell abundance can be observed when contrasting 

eosinophilic and non-eosinophilic asthma, with the involvement of mast cells, DCs, and 

plasma cells in eosinophilic type, and CD4+ T and MAIT cells in non-eosinophilic asthma. 
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Figure 5-19 Gene expression changes across the tissues in upper and lower airway in the immune compartment in eosinophilic versus non-eosinophilic 
asthma 
A-D Volcano plots showing gene expression changes in select immune cell relevant in neutrophilic inflammation at annotation level 3 in samples 
from the upper (nasal brush) and lower (biopsy) airway. 
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Figure 5-20 Gene expression changes across the tissues in upper and lower airway in the epithelial compartment in eosinophilic versus non-eosinophilic 
asthma 
A-D Volcano plots showing gene expression changes in major epithelial cell types (club, goblet, and ciliated) cells and recently discovered 
Hillock cells and ionocytes in samples from the upper (nasal brush) and lower (biopsy) airway. 



 
 

186 

5.4.13 GENE EXPRESSION CHANGES IN EOSINOPHILIC AND 

NON­EOSINOPHILIC ASTHMA 

As demonstrated in section 5.4.11, the overall differential gene expression profile 

comparing asthmatic patients to healthy controls, disregarding of phenotype, is 

reminiscent of eosinophilic asthma and type-2 inflammation. To better understand the 

differences in type-2 high and type-2 low inflammation, I contrasted gene expression in 

eosinophilic versus non-eosinophilic asthma. 

5.4.13.1  IMMUNE COMPARTMENT 

The results of differential gene expression analysis in key cell types relevant in non-

eosinophilic asthma, as summarised in Figure 5-1 in the introduction to this chapter, are 

presented in Figure 5-19. 

As seen in Figure 5-19 A, macrophages upregulated class II MHC genes HLA-DRA and 

HLA-DQB1. MHC II genes have been identified in GWASes with polymorphisms linked to 

IgE responses to common allergens [261]. In the upper airway, genes encoding heat-

shock proteins are upregulated, likely related to general stress response and/or 

activation due to dissociation [120]. Conversely, in non-eosinophilic asthma, MHC class 

I gene HLA-B is differentially expressed in nasal samples. These differences in 

associations of asthma phenotypes with HLA genotypes were previously reported [262], 

however, they have never been linked to a cell type or molecular mechanism. In addition, 

in non-eosinophilic asthma, a steroid-response gene CRIP1 was identified as a DGE in 

the biopsies [174], as described in chapter 3. In the upper airway, IL1-encoding genes, 
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IL1A and IL1B, were differentially expressed. IL-1 locus was previously reported to be 

differentially methylated in asthma [263] and to correlate with neutrophilia and 

inflammasome activation in asthma and is associated with disease exacerbations [264]. 

MAIT cells also upregulated MHC class II genes, both in biopsy and nasal brush samples 

in non-eosinophilic asthma (Figure 5-19 B). WFDC2 and CD74 were two other genes 

upregulated across both tissues. WFDC2 is a peptide previously has been reported to 

have antibacterial activity against bacteria such as Staphylococcus aureus, Salmonella 

enterica and Pseudomonas aeruginosa [265], with the later pathogen present in some 

patients with asthma and associated with increased number of exacerbations and poor 

long-term prognosis [266]. Therefore, MAIT cells may be involved in antimicrobial 

protection in asthma. CD74, which is also differentially expressed by other cell types 

such as NK cells and CD8+ T cells (Figure 5-19), serves multiple roles. It acts as a 

chaperone in the assembly of MHC class II molecules and functions as a receptor for the 

cytokine MIF. MIF has been shown to induce pro-inflammatory mediators, including TNF, 

while also modulating the expression of TLR4 [267], both important mechanisms in 

asthma. 

NK cells also upregulated the previously mentioned genes (Figure 5-19 C), including 

MHC class I (HLA-B) across the sites, and WFDC2 and CD74 in the nasal samples. In 

addition, IL32 was also upregulated in nasal brushes. IL-32 exhibits anti-inflammatory 

properties in animal models of asthma but its role remains disputed in humans, with 

reports of IL-32 inhibiting airway remodelling, but also increasing the likelihood of 

exacerbations and increased sera levels of pro-inflammatory, with effects hypothesised 
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to be dependent on asthma phenotype [268]. Thus, IL32 would be an interesting 

candidate for further explorations of a potential phenotype-specific therapeutic target. 

CD8 cells also exhibited similar patterns (Figure 5-19 D), with upregulation of WFDC2 

and CD74 in the lower airway and class I ands II MHC in the upper airway in non-

eosinophilic asthma. Moreover, in the lower airway PDE3B was upregulated in biopsies, 

which was demonstrated contribute to airway inflammation in HDM-sensitized mouse 

models of asthma [269] and to regulate NLRP3 inflammasome and upregulate TNF and 

IL1β in adipose tissue [270]. In summary, those genes may be hypothesised to drive 

obesity-associated non-eosinophilic asthma subtype.  

In summary, genes differentially expressed in non-eosinophilic asthma are involved in 

antigen processing, bacterial response, inflammasome activation and to a by extension, 

neutrophilic inflammation. 

5.4.14 EPITHELIAL COMPARTMENT 

I contrasted gene expression in common and rare cell types, similarly to section 5.4.11, 

but focusing on eosinophilic versus non-eosinophilic asthma, with changes summarised 

in Figure 5-20. 

In non-eosinophilic asthma, club cells (Figure 5-20 A), in addition to upregulating 

previously described MHC class II genes and CD74 in nasal brushes as well as the 

biopsies, also showed differential expression of STAT1 in both of those tissues. STAT1 is 

a key signalling molecule involved in Th1 lymphocyte differentiation and IFNγ production 
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[271]. STAT1 phosphorylation induced by IFN-γ remained enhanced in the presence of 

corticosteroid treatment, thus mediating resistance to ICS treatment in asthma 

[272,273]. STAT1 signalling also regulates nitric oxide synthase NOS2 [274], which is a 

marker of steroid-resistant “FeNO non-suppressor” phenotype. Given these 

observations, epithelium may be another important tissue mediating steroid resistance, 

in addition to Th cells. 

Goblet cells (Figure 5-20 B) again displayed upregulation of MHC class I and II genes and 

CD74. Interestingly, across upper and lower airway, they also upregulated LCN2 and 

SAA1, genes previously demonstrated to be blood biomarkers of Th17-mediated steroid-

resistant neutrophilic asthma [275]. The expression of lipocalin-2, encoded by LCN2, is 

regulated by IL-17 [276] and dexamethasone (in other tissues) [277]. By sequestering iron, 

it has been implicated in resolving bacterial infections [278] and promoting lung 

inflammation by inducing a state of oxidative stress in macrophages in mice [279]. Serum 

amyloid A (SAA) are proteins encoded by a family of genes: SAA1, SAA2, SAA3, and SAA4. 

SAA1 and SAA2, acute-phase response proteins, promote pathogenic Th17 

differentiation and IL-17A production in CD4+ T cells [280], and induce neutrophilic 

inflammation in the lung [281]. 

Ciliated cells upregulated claudins – CLDN3 and CLDN4 in the lower airway, and CLDN3 

in the upper airway – in non-eosinophilic asthma (Figure 5-20 C). Claudins are a large 

family of structural proteins that form tight junctions within the epithelial barrier across 

various tissues, including the lung [282,283]. Their diversity allows for the regulation of 

selective transport and paracellular permeability in epithelial layers [282]. Claudin 4 one 
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of the major claudins expressed in the lung, with increased blood plasma concentrations 

observed in patients experiencing asthma exacerbations and in mouse models of 

asthma [284]. Inhibition of claudin-4 has been shown to decrease transepithelial 

electrical resistance in both rats and humans [285]. Collectively, these findings suggest 

that claudins may play a role in barrier dysfunction in asthma. 

Interestingly, Hillock cells (Figure 5-20 D) found in nasal brushes upregulated SAA1 and 

SAA2, similarly to previously described goblet cells. This was in addition to the set of 

genes common across the epithelium, including CD74 and MHC II genes. Whilst 

mechanistic studies would be needed to establish the relevance of this finding, it suggest 

SAA proteins may be used as biomarkers of non-eosinophilic asthma in the upper airway. 

Ionocytes (Figure 5-20 E) were found to express previously described STAT1, along with 

MHC class II genes, CD74, and markers of activation (JUN and FOS). In the lower airway, 

ubiquitin-encoding genes UBB and UBD were upregulated. Notably, UBD was previously 

reported to be upregulated in biopsies from patients with neutrophilic asthma, along with 

increased IL17A signalling, and confirmed in a mouse model [286]. However, the original 

study did not identify the cell type of origin, whereas my analysis suggests ionocytes as 

a potential source of this signal.	

In summary, I identify gene expression changes common across many epithelial cell 

types (STAT1, CD74, HLA) and specific to a given cell type or subset (SAA, UBD). I identify 

club cells as the likely source of exhaled nitric oxide in non-eosinophilic asthma and 

hypothesise about novel mechanisms in Th1/Th17-mediated neutrophilic asthma. 
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5.4.15 TYPE 2 CYTOKINE AND ALARMIN PROFILING IN 

EOSINOPHILIC AND NON­-EOSINOPHILIC ASTHMA 

Alarmins and type-2 cytokines play a critical role in the pathogenesis of eosinophilic 

asthma [4], as illustrated in Figure 5-1. To determine whether these molecules act 

through changes in cell numbers or gene expression, I profiled the expression levels and 

quantified cell numbers in the epithelium (for alarmins) and mast cells, Th2 cells, and 

granulocytes (for type-2 cytokines). The results of this analysis are presented in Figure 

5-21. 

All alarmins were identified except IL25, for which no transcripts were detected (Figure 

5-21 A). Compared to healthy individuals and patients with non-eosinophilic asthma, a 

shift in the expression pattern of IL33 was observed, with a larger proportion of basal 

cells expressing it in eosinophilic asthma patients. In addition, basal cells also seem to 

upregulate TSLP. In previous sections, I demonstrated number of basal cells was 

significantly increased in some tissues when compared to non-eosinophilic asthma and 

healthy controls (Figure 5-14 and Figure 5-18). These findings suggest that in the 

epithelium, basal cells are significant contributors to the secretion of alarmins in type-2 

high asthma. 

No differences in type-2 cytokine secretion were observed across the three phenotypes 

profiled. However, the number of mast cells increased nearly 13-fold compared to 

healthy controls, as seen in Figure 5-21. In rare cell types, the expression levels of IL5 

and IL13 increased in Th2 lymphocytes, and expression of IL4 decreased in granulocytes, 

but again, their numbers increased approximately 12 times compared to healthy 
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individuals. Thus, it seems like whilst mast cells and granulocytes increase in numbers, 

the Th2 cells upregulate expression of type-2 cytokines in eosinophilic asthma. These 

changes agree with the patterns observed in allergic eosinophilic asthma in chapter 3. 

  

Figure 5-21 Alarmin and type-2 cytokine profiling in healthy, eosinophilic, and non-eosinophilic 
patients 
A Dotplots showing the magnitude of expression (dot colour), the percentage of cells 
expressing (dot size) and the total number of cells (bar height) of A canonical epithelial 
alarmins in asthma and B three hallmark cytokines of type-2 inflammation (IL4, IL5, IL13) at 
annotation level 3. 
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5.5 DISCUSSION 

In this chapter, I present a first of its kind study of four distinct phenotypes of severe 

asthma at the single-cell level, providing a dataset consisting of 220,000 cells annotated 

at high granularity, with 59 distinct cell states present. Clinical phenotyping, along with 

a full panel of blood and respiratory tests, supplement the data and provide a 

comprehensive resource for assessing associations between cellular and molecular 

signatures and clinical variables. Defined phenotyping criteria ensure clinically 

homogenous groups of patients within each of the four severe asthma phenotypes 

profiled. 

Association testing demonstrated links between cell type abundance and gene 

expression profiles with clinical metadata, but not the asthma diagnosis or phenotype 

per se, further highlighting the likely value of utilising unbiased cellular/molecular 

markers to refine patient classification. This is consistent with patterns identified in 

phenome-wide associatcion studies, with linkage found to traits such as wheezing, the 

FEV1/FVC ratio, and diagnosis of atopy (allergic rhinitis or eczema), and eosinophil 

counts [287]. 

When contrasting patients with a diagnosis of asthma to healthy individuals, both 

differential abundance analysis and differential gene expression profiling demonstrated 

changes associated with type 2-high disease, such as the upregulation of alarmins and 

an increase in mast cell abundance. Some of these changes were restricted to a single 

tissue site (upper or lower airway). The signalling landscape consisted of pro-
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inflammatory mediators such as TGFβ, with some suggestion that epithelial-

mesenchymal transition, with signalling contributions from both immune and non-

immune cells, may mediate fibrotic processes in asthma. 

In comparison, when contrasting type 2-high with type 2-low asthma (eosinophilic versus 

non-eosinophilic asthma), changes characteristic of Th2-mediated and Th17-mediated 

disease begin to emerge, with shifts in MAIT and CD4+ T cells and some epithelial cell 

subsets in the non-eosinophilic compartment. This demonstrates that detailed 

phenotyping in necessary to understand the varied molecular mechanisms in asthma, 

and that the changes in type 2-high inflammation are likely most pronounced and can 

thus obscure other differences when considering mixed cohorts of asthma patients. As 

the sample collection for this dataset is ongoing, even more detailed comparisons will 

be possible in the future, such as neutrophilic versus other non-eosinophilic asthma 

types. Indeed, as patients have the FeNO measured as part of the clinical panel, 

comparison between steroid treatment responders (‘FeNO suppressors’) and non-

responders (‘FeNO non-suppressors’) would be of particular interest. In the future, it 

would be exciting to better understand the mechanisms of action of biologic treatments 

on the airway at single-cell resolution, in addition to steroid response. 

Some phenotypes of non-eosinophilic asthma are defined by neutrophilic inflammation. 

Neutrophils were not identified in this dataset, which is a limitation. As the non-immune 

cells were profiled along the immune cells in this study, neutrophil numbers in the 

sample were likely too low for detection (further compounded by the poor neutrophil 

capture rate by microfluidic technologies). Whilst the neutrophils were not identified, 
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features characteristic of neutrophilic inflammation, such as upregulation of genes 

involved in antimicrobial response and NLRP3 inflammasome assembly, provide indirect 

clues that neutrophils are involved in inflammation in non-eosinophilic asthma. 

In addition to mapping out potentially novel mechanisms of inflammation in asthma, my 

analysis highlights the likely importance of rare epithelial cell types, such as the recently 

identified Hillock cells, in the pathogenesis of disease, as is the case in non-eosinophilic 

asthma, where those cells express genes encoding acute-phase proteins SAA1 and SAA2. 

As the existence of those cells was not appreciated until very recently, being able to 

capture them in this study opens new avenues of research to understand their 

involvement in disease. 

In summary, this dataset, unique in terms of the patient phenotypes, the size, and the 

number of modalities collected, will enable detailed profiling of molecular mechanisms 

of asthma. Its on-going expansion by a further 20 patients, resulting in a full dataset of 60 

individuals, 12 of each phenotype, along with 12 healthy controls, will enable robust 

comparisons across phenotypes. The existing annotation is a precious resource, as the 

samples are collected from multiple tissues of patients with varied asthma phenotypes 

and are not limited to healthy individuals or to a single lung tissue site, which hopefully 

would lead to improved reference mapping results, and remove the need for time-

intensive manual annotation. 
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6 DISCUSSION 

In this thesis, I present three large atlasing resources to study asthma at single-cell 

resolution. Together, they encompass over 400,000 cells, with detailed cell –state-level 

annotation, and rich clinical metadata. I demonstrate that new insights about molecular 

mechanisms of inflammation can be obtained by comparing and contrasting distinct 

asthma phenotypes - describing rare epithelial and inflammatory cell types, as well as 

epithelial structures, and expanding the profiling of asthma beyond the changes in gene 

expression by adding new modalities, antibody binding profiles, and immune receptor 

repertoires. 

In Chapter 3, I introduce a novel method to profile aeroallergens in asthma by 

implementing direct conjugation with DNA oligonucleotide barcodes. With this tool, I 

demonstrate that the binding profiles of two major allergens described in HDM 

sensitisation, DerP 1 and DerP2 , show differential binding profiles, consistent with their 

different molecular functions as a protease and a TLR agonist, respectively. I 

demonstrate that whilst IgE-producing plasmablasts are not present in the airway in the 

state of controlled disease, various cell types binding IgE, likely through FcεRI surface 

receptor, including mast cells and basophils, remain present in the airway. I also more 

broadly profile the three common sampling sites in human airways – BAL, nasal 

brushings, and biopsies – and show that there are profound differences in their cellular 

composition, an observation important when designing bronchoscopic studies of 

disease. I contrast gene expression profiles of immune cells, revealing features of type 2 

inflammation, TGFβ signalling, and enrichment of pathways relating to EMT, pointing to 
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possible sources of fibrosis. Finally, I demonstrate using ligand-receptor interaction 

analysis that airway macrophages may play an important role in inflammation as they 

signal to multiple other immune cell types. 

In Chapter 4 I expand the immune cell profiling carried out in Chapter 3 by profiling 

biopsies of the same or phenotype-matched patients using in situ spatial 

transcriptomics. I present a first-of-a-kind dataset capturing epithelial, immune, stromal, 

and vascular cells. Using pseudotime analysis I recapitulate differentiation trajectories 

of epithelial cell types, profiling potential goblet cell plasticity, as evidenced by high 

pseudotime entropy. I describe immune niches which seem to only be present in 

patients with allergic asthma and are consistent with the mechanisms of inflammation – 

a niche of B and CD4+ T lymphocytes which may arise from the antigen presentation or 

co-stimulation of B cells in the lung, and a mast cell-plasma niche, also enriched in CD8+ 

T cells, which could suggest low-level expression of IgE and its binding to the surface of 

mast cells, or that IgE signalling is absent in steady state but close co-localisation 

enables rapid response upon allergen stimulation. 

Two major phenotypes of asthma are driven by neutrophilic and eosinophilic 

inflammation, yet the datasets I generated are sparse in those important granulocytes. 

My datasets are not an isolated case, capture of granulocytes has proven to pose 

difficulties in single-cell research, likely due to their fragile nature. In general, gravity-

based microwell technologies have shown better rates of in capturing granulocytes 

compared to microfluidics-based platforms [197].  
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Neutrophils are commonly excluded at quality-control stages due to low cell counts, or 

get lost during sample handling, as activated neutrophils attach to laboratory ware and 

wells of microfluidic chips. My data suggest that neutrophils can be captured at greater 

rates when immune cells are sorted from the samples, which could simply be due to the 

sort increasing their relative concentration in the input material. 

Whilst eosinophils can be captured from the blood with relative ease, they have not yet 

been described in meaningful numbers (beyond a few isolated cells) in solid tissues, 

however, they can readily be captured in the lungs of patients with asthma using 

traditional techniques, such as immunohistochemistry [288]. The gene panel used in my 

study had limited power to discriminate eosinophils, however, I did not observe any IL5-

expressing cells in my samples. It could be that those fragile cells get destroyed during 

FFPE preservation, thus, it can be hypothesised that those cells can perhaps be 

identified using spatially-resolved profiling techniques utilising tissue preserved by snap-

freezing. 

Having extensively profiled allergic asthma across omics platforms and modalities, in 

Chapter 5 I expand my analysis to three other asthma phenotypes. When comparing 

asthmatic individuals to healthy controls, I observed an increase in the abundance of 

mast cells and upregulation of genes associated with type 2 inflammation, including 

upregulation of nitric oxide synthase, an enzyme responsible for production of NO 

detected in breath of asthmatic patients [50]. The pathway analysis, similarly to Chapter 

3, revealed a landscape of inflammation primarily mediated by TGFβ, with evidence of 

EMT signalling. Although only approximately half of the asthmatic patients in this comparison 
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had a diagnosis of eosinophilic asthma, most of the changes identified could be associated 

with eosinophilic inflammation, and resembled those identified in Chapter 3. This could be 

because patients with type 2 inflammation show the most extreme patterns in gene 

expression and abundance changes, obscuring the smaller changes present in 

individuals with non-eosinophilic inflammation. 

Indeed, contrasting eosinophilic patients with non-eosinophilic individuals revealed 

patterns of neutrophilic inflammation, including IL-1 and IL-32 signalling, inflammasome 

assembly and upregulation of genes involved in response to bacterial pathogens. When 

the full dataset is collected for the broader study described in Chapter 5, more detailed 

comparisons, including between patients responsive and resistant to steroid treatment, 

will become possible, highlighting the value of detailed phenotyping in the single-cell 

atlas of asthma that I have created. 

Interestingly, rare cell types in the epithelium seemed to be involved in inflammation and 

airway remodelling in asthma, such as Hillock cells, which express serum amyloid A 

proteins, which promote pathogenic Th17 differentiation. The advent of single-cell 

technologies enabled us to first identify and now profile those previously unknown cell 

types. Another rare cell type, the ionocyte, was implicated in the pathogenesis of cystic 

fibrosis [86,88], suggesting it may play an important role in disease pathogenesis, even if 

the ionocyte relative abundance in the epithelium is low. 
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The studies described in this thesis have limitations. Technical caveats include low 

number of cells and immune repertoire sequences acquired in Chapter 3 and thus 

limited discovery power of the study, possible activation signatures due to enzymatic 

dissociation detected in cells annotated in Chapter 3 and 5, and technical artefacts 

introduced by tissue sectioning in Chapter 4. Chapter 3 contains an experimental group 

consisting of a single patient, future studies could be improved by increasing the number 

of patients and better matching them to healthy controls in terms of age, sex, and body 

weight. The number of immune receptor sequences captured could be improved by 

including paired blood samples in the study design, as the number of required immune 

receptor sequences is likely on the order of tens of thousands. Importantly, the 

granulocytes, neutrophils and eosinophils, which are key in driving neutrophilic and 

eosinophilic/type-2 high asthma, respectively, are only captured in low numbers 

(neutrophils) or not at all (eosinophils) by current single cell and spatial omics 

techniques. As they can be visualised using conventional microscopy approaches, 

adding staining specific for those cell types in Chapter 4 could help us understand why 

thir transcriptomes are not being captured. 

Despite the caveats, together with other datasets I am working to profile asthma at 

molecular level, including single-cell ATAC data and whole genome profiling, the large 

omics datasets described in this thesis have the potential to transform our 

understanding of severe asthma phenotypes, and improve the treatment. 
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