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Abstract (300 words)

Background:  Asthma  encompasses  several  clinical  phenotypes.  Metagenomic 

sequencing  enables  species-level  characterisation  and  functional  profiling. 

Characterisation of the airway microbiome, dysbiosis phenotypes and host-microbial 

crosstalk is wanting.

Methods:  Metagenomic  sequencing  of  induced  sputum  from  asthmatic  patients 

(n=148) was performed. Patient data was stratified by asthma severity, inflammatory 

status and human transcriptome-associated clusters (TACs). Dysbiosis phenotypes 

associated  with  high  abundance  bacterial  species  were  determined.  A  relative 

dominant  species  (RDS)  was  defined  and  characterised  using  sputum 

transcriptomics. Crosstalk between host immune responses and the microbiome was 

evaluated in early- (EO) and late-onset (LO) asthma. 

Results:  Reduced alpha-diversity occurred with severity and was accompanied by 

an increase in  Haemophilus influenzae (Hi) and  Moraxella catarrhalis (Mc) in non-

smokers.  Hi  and  Tropheryma  whipplei (Tw)  were  increased  in  ex-  and  current 

smokers.

53% of samples were classified as RDSs with Hi RDS being most common (31%). Hi 

RDS had the longest disease duration.  Clustering of RDSs revealed a cluster (n=9) 

of exclusively Hi RDSs with a longer duration of disease, higher sputum neutrophilia 

associated  with  enrichment  of  MAPK,  NF-B,  TNF,  mTOR  and  necroptosis 

pathways. This cluster was also enriched for neutrophil extracellular traps (NETosis) 

and Th-17 activation.

Host-microbial integrative analysis revealed shared pathways between EO and LO 

phenotypes  although  the  constituent  genes  and  species  were  different.  Barrier 

function  and  adhesion  molecule-associated  pathways  were  associated  with  EO 

asthma. Mc was only associated with pathways in EO and Tw with pathways only in 

LO.
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Conclusions: Hi and Mc were more abundant in neutrophilic asthma and linked to 

inflammasome. Hi and Tw were linked to TAC1 and ILC2 signatures. A Hi abundant 

cluster with neutrophilic activation and NETosis driven by host-microbial interaction 

was  elucidated  in  EO  asthma.  Shared  pathways  with  unique  host-microbe 

interactions  exist  between  EO  and  LO  asthma  indicating  distinct  mechanisms 

underpinning the heterogeneity of asthma immunopathophysiology.
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Chapter 1. Introduction & Background  

1.1 Asthma

Asthma,  one of  the most  common diseases worldwide,  is  defined by the Global 

initiative for Asthma (GINA) as a heterogeneous disease characterised by chronic 

inflammation, recurring episodes of wheezing, breathlessness, chest tightness and 

coughing (1). It is estimated that more than 300 million people worldwide of all ages 

suffer from asthma and it is the most common type of airway disease in children and 

young adults (2) with its prevalence doubling over the last 20 years (3,4). The United 

Kingdom has the highest incidence of adult and childhood asthma in Europe  (5,6) 

with an overall prevalence of 6.5% in 2016 (7) and overall annual cost incurred to the 

United Kingdom public  sector  estimated to  be  in  excess of  £1.1  billion  (8).  It  is 

estimated that  50% of annual healthcare costs are attributed to the most severe 

asthmatics  (9) those experiencing  worse control  of  asthma symptoms and signs. 

While  the majority  of  people with  asthma respond well  to  inhaled corticosteroids 

(ICS) with or without long-acting beta2 agonists (LABA) and have their disease well 

managed and controlled, some 5-10% of asthmatics have poorly controlled disease 

(10).  These  severe  asthmatics  require  high  dose  ICS  in  addition  to  a  second 

controller,  such as systemic or oral  corticosteroids (OCS) in an attempt to better 

control  the  disease  better  (11).  The reliance  on  the  dose  of  ICS/OCS to  define 

asthma severity adds a major confounding factor to understanding asthma.

Due to the heterogeneous clinical presentation of asthma and the complex interplay 

between genetic and environmental factors, the focus of the definition of the disease 

has been aimed at observable characteristics in the clinic rather than the underlaying 

mechanisms  by  which  the  disease  manifests  (12,13).  Therefore,  treatment 

approaches  have  been shaped  by  disease  severity  rather  than  the  fundamental 

mechanisms involved for each patient (14).

Severe asthma is a chronic inflammatory disease of the airways, with complex and 

heterogenous  clinical  presentation  (15).  Among severe  asthma subtypes,  severe 

eosinophilic  or  type-2  (T2)  high  asthma  is  the  most  established  inflammatory 

phenotype and is characterized by an increased production of type 2 inflammatory 
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markers,  namely  interleukin  (IL)  4,  IL-5  and  IL-13  cytokines  (16).  Mast  cell 

degranulation (or activation) (Figure 1) is mainly triggered by allergens interacting 

with IgE forming an allergen-IgE complex, which in turn binds to the high affinity IgE 

receptor (FcεRI) on the surface of mast cells (17).

Figure 1 Mast cell degranulation triggers airway inflammation (18)

Legend: Mast cells can release a variety of mediators that drive inflammation by activating 

other  cells,  triggering  bronchoconstriction  and  altering  the  permeability  of  the  bronchial 

barrier.

Reproduced under creative commons license © 2022, Taylor & Francis Group. See appendix: copyright permissions.

 As shown in Figure 2, reduced barrier property of the airway epithelial barrier allows 

allergens and microbes to translocate into the stromal tissues. The airway epithelial 

cells (AECs) detect  these foreign bodies through the formers’ pattern recognition 

receptors  (PRRs)  and  release  cytokines  called  alarmins  such  as  thymic  stromal 

lymphopoietin  (TSLP),  IL-25,  and IL-33.  Specificly,  TSLP activates dendritic  cells 
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(DC) which would subsequently migrate to the closest lymph nodes and stimulate 

the differentiation of naive T cells into T-helper cell type 2 (Th2). Th2 cells will then 

release interleukin (IL) 4, IL-5 and IL-13 cytokines (19).

Figure 2. T2-high endotype (19)

Legend:  T2-high  inflammatory  pathways  in  asthma.  A  dysregulated  epithelial  barrier 
facilitates translocation of allergens, air pollution, and viruses, leading to release of alarmins 
such as thymic stromal lymphopoietin (TSLP), IL-25, and IL-33. TSLP primes dendritic cells 
to induce the differentiation of naïve T cells into Th2 cells. Th2 cells activate B cells via IL-4 
to  differentiate  into  plasma cells  that  generate  IgE  required  for  mast  cell  responses  to 
allergens. The alarmins IL-25 and IL-33 can activate group 2 innate lymphoid cells (ILC2s), 
mast cells,  eosinophils,  and basophils.  Activated ILC2s, like Th2 cells,  produce IL-5 and 
IL-13. IL-5 promotes eosinophil  differentiation and survival.  IL-13, IL-4,  and inflammatory 
mediators  from  mast  cells,  basophils,  and  eosinophils  have  effects  on  airway 
hyperresponsiveness, smooth muscle hypertrophy, and airway remodeling. CysLT, cysteinyl 
leukotrienes;  ECP,  eosinophil  cationic  protein;  EDN,  eosinophil-derived  neurotoxin;  EPx, 
eosinophil peroxidase; MBP, major basic protein; PGD2, prostaglandin D2.
Reproduced with permission © 2018, Springer. See appendix: copyright permissions.
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Conversely,  type  1  inflammation,  activation  of  the  inflammasome  activation  and 

subsequent sputum neutrophilia are characteristic of the neutrophilic inflammatory 

phenotype  (20). However, the mechanism(s) underlying neutrophil recruitment and 

activation  have  yet  to  be  elucidated,  despite  evidence  linking  inflammasome 

activation and neutrophil airway recruitment in asthma  (21). The demonstration of 

asthma molecular phenotypes is needed to clarify the potential connection between 

these species and the host immunological and inflammatory responses (20).

1.2 Epidemiology

Epidemiological data reveal the persistence of asthma’s global burden despite the 

decline  in  age-standardised  rates  of  asthma prevalence,  mortality  and  disability-

adjusted life years (DALYs); In the three decades (between 1990 and 2019),  the 

prevalence of asthma decreased by almost 25%, accompanied by a 50% reduction 

in mortality and 42.55% loss in DALYs probably reflecting the use of ICS (22). More 

than 262 million prevalent cases of asthma were estimated in 2019, reflecting the 

disease’s continued global health burden (22). 

Geographical  variations in asthma burden were also clear;  areas with high socio 

demographic index are afflicted with a higher incidence of asthma, while those with a 

low  socio  demographic  index  suffer  from  higher  asthma-related  mortality  rates 

(22,23). Western Europe and High-income North America were among the regions 

with the highest number of prevalent asthma cases, while mortality was higher in 

lower income areas such as South and Southeast Asia  (22).  This latter point may 

reflect the reduced access to inhaled drugs in low- and middle-income countries due 

to their relatively high costs (24).
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Figure 3. Deaths and disability due to asthma 1990–2019 (24)

Legend:  a)  Number  of  deaths and disability-adjusted life  years  (DALYs)  due to  asthma 
according to World Bank income category for both sexes and all ages. Between 1990 and 
2019 the number of deaths and DALYs in lower middle income countries far exceeded those 
of other income brackets. b) Percentage of deaths and DALYs due to asthma according to 
World Bank income category for both sexes and all ages. In 2019, rates of asthma deaths 
were highest in lower middle income countries, followed by low income countries. By 2019, 
disease burden (DALYs) in lower middle income countries had overtaken that of high income 
countries. Both death rates and DALYs have been increasing in low income countries, and 
DALYs in  lower  middle  income countries.  In  contrast,  deaths  and disease burden have 
decreased steadily in high income countries from 1990 to 2019. 
Reproduced with permission © 2022, ERJ. See appendix: copyright permissions.

Estimated at 9166.57 per 100,000, the prevalence of asthma in The United Kingdom 

is the second highest in the world (25). A health survey conducted in 2018 showed 

that  close to  20% of  the adult  population in  England have been diagnosed with 

asthma (25). In addition to the high prevalence of the disease, emergency admission 

and  death  rates  are  among  the  highest  in  Europe  for  childhood  asthma  (26). 

Moreover,  asthma  health  care  disparities  continue  to  exist  on  the  level  of 

socioeconomic status and geographic regions in England (27). The high burden of 
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asthma  in  England,  is  most  likely  fuelled  by  unmet  needs  for  effective  asthma 

management, particularly socioeconomic deprivation with asthma care (27,28). This 

has spurred national efforts towards the improvement of asthma outcomes, with the 

National Health Service Long Term Plan (29) including respiratory disease (such as 

asthma) as a national clinical priority with the aim of early detection and diagnosis, 

improved outcomes,  appropriate  medication  use  and reduced exacerbations  and 

emergency admissions.

1.3 The pathophysiology of asthma

The  immunopathophysiology  of  asthma  is  characterised  by  chronic  airway 

inflammation driven by both innate and adaptive immune responses (30). Several 

triggers  of  chronic  airway  inflammation  have  been  identified  and  established  as 

prominent risk factors of asthma. These include allergens, infections, smoking, cold 

air  as  well  as  hormonal  changes,  obesity,  genetic  mutations  and  exercise.  The 

resulting  airway  obstruction  and  hyperresponsiveness  are  hallmarks  of  asthma, 

which  involves  swelling  of  the  airways,  mucus  hypersecretion,  mucus  plugs  and 

airway remodelling (Figure 4).

Figure 4. Airway remodelling in Asthma (31)

Legend: Chronic asthma is associated with structural changes to the airway wall which are 
termed airway remodelling. These structural changes include hyperplasia of the bronchial 
epithelial cells (EpC), which leads to excess mucus secretion and might lead to occlusion of  
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the airways.  An imbalance in  metabolism of  extracellular  matrix  (ECM),  either  increased 
production or reduced breakdown of matrix proteins, leads to deposition of collagens and 
other matrix protein within the subepithelial and submucosal areas. Myocyte muscle mass is 
increased by hyperplasia airway smooth muscle (ASM) and myofibroblast proliferation. The 
combination  of  these  processes  leads  to  airway  narrowing  and  therefore,  reduced  lung 
function.
Reproduced with permission © 2004, Elsevier Ltd. See appendix: copyright permissions.

As  the  name  suggests,  airway  remodelling  refers  to  the  ongoing  and  possibly 

irreversible  structural  changes  that  occur  in  the  airway  of  asthmatics;  several 

processes modify the architecture of both small and large airways in such a way as 

to narrow the airway lumen and increase airway wall thickness (32). 

Figure 5. Pathophysiology of T2-high and T2-low asthma (33)

Legend:  Alarmins secreted by airway epithelial cells activate T cells and innate lymphoid 
cells (ILC). Type 2 cytokines mediate the recruitment of  eosinophils/basophils in T2-high 
asthma. Type 1 and type 17 cytokines are thought to drive T2-low asthma and contribute to 
neutrophil recruitment. Cytokines discussed in this review are indicated in red. DC, dendritic 
cell; GM-CSF, granulocyte-macrophage colony-stimulating factor; IgE, immunoglobulin E; IL, 
interleukin;  Th,  T  helper  cell;  TNF,  tumor  necrosis  factor;  TSLP,  thymic  stromal 
lymphopoietin.
Reproduced with permission © 2022, Elsevier Ltd.. See appendix: copyright permissions.

 Airway inflammation is a major feature of asthma and is driven by a combination of 

T helper (Th) 1, Th2 and Th17-mediated responses (Figure 5) as well as genetic 

predisposition. While the Th1 response is usually involved in immune reactions to 

viral infections, it can also play a role in airway inflammation. That being said, Th2-

mediated immune reactions, better known as type 2 (T2) inflammation, are observed 
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in the majority of paediatric and adult asthma (Figure 6) cases involving sensitization 

to allergens (34–36). Once activated by dendritic cells in reaction to allergens in the 

airway (Figure 5),  Th2 cells will  initiate a cascade leading to bronchoconstriction 

starting with the release of Th2 cytokines such as interleukin (IL)-4, IL-5, IL-9, and 

IL-13. Epithelial cell-derived cytokines or alarmins such as IL-25, IL-33, and thymic 

stromal lymphopoietin (TSLP) perpetuate the inflammatory mechanisms underlying 

eosinophilic allergic asthma (37,38). Clinically, readily accessible biomarkers such as 

blood eosinophil counts and fractional exhaled nitric oxide (FeNO) are used to define 

T2 asthma with levels of ≥ 150/μl or ≥ 25 ppb respectively according to the GINA 

Guidelines (36). 

Figure 6. Clinical phenotypes of asthma as T2-high and T2-low endotypes (39)

Legend:  Depiction  of  the  T2  and  non-T2  associations  with  the  clinical  phenotypes  of 
asthma.
Reproduced with permission © 2015, Springer Nature. See appendix: copyright permissions.

While this immune response is mainly mediated by eosinophils, other immune cells 

can be involved, namely neutrophils, macrophages, mast cells, among others  (40)

(Figure 5). T2 inflammation is predominantly found in classic allergic-type asthma 

which  involves  mast  cell  activation  (13),  but  neutrophilic  asthma  has  also  been 

described and was linked with Th1 (41), Th17 cells (42) and with IL-6 trans-signalling 

(43). In addition to its prominent positive drivers of inflammation, asthma involves 

defective  termination  or  resolution  of  inflammation  culminating  in  failure  to 

downregulate  inflammatory  responses.  This  leads  to  prolonged  survival  of 
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inflammatory  cells  such  as  mast  cells  and  eosinophils  in  the  airway,  and  by 

extension,  continued  airway  inflammation.  Within  T2-low  inflammation  IL-17  has 

been recognized as a potential contributor to neutrophilic asthma (44) with an IL-17-

driven non-T2 molecular endotype of severe asthma reported in 2019 (45). However 

associations  with  the  Th17  pathway  remain  unclear  with  an  analysis  of  blood, 

induced sputum and airway tissue showing no clear link of Th17 cells with asthma in 

general  or  specifically  with  neutrophilic  asthma  (46,47).  This  suggests  that  other 

factors may play an important role in asthma pathophysiology. The following section 

will explore the airway microbiome and its potential implications on asthma with a 

glance on advancements in other respiratory diseases.

1.4 The Airway Microbiome

1.4.1 The airway microbiome

The human lung, which was previously thought to be a sterile environment below the 

larynx (48), is now known to harbour a variety of different types of micro-organisms 

including bacteria, archaea, fungi, protozoa and viruses (49,50). These microbes and 

their interaction with their local environment are thought to play an important role in 

respiratory health and disease. The symbiotic co-evolution of humans and microbes 

has fostered an ecosystem which is finely tuned to provide balance with fluctuations 

in  host  physiology  contributing  to  the  maintenance  of  homeostasis  (51).  The 

respiratory  microbiome  experiences  variations  in  its  composition  in  response  to 

different  factors,  such  as  breastfeeding,  antibiotics,  living  and  environmental 

situations  (e.g.  house  dust  mites,  allergens,  second-hand  smoke  exposure),

vaccinations and infections (52). The composition of the microbiome also varies by 

specific location in the lung, with lower levels of the respiratory tract associated with 

decreasing microbial  density  (53).  In  normal  “healthy”  circumstances,  the genera 

Streptococci will  dominate  the  upper  airway  microbiome,  followed  by  Neisseria, 

Prevotella,  Rothia, and  Haemophilus (54). Similarly, variations in the upper airway 

virome  and  mycome  are  evident  albeit  with  the  general  abundance  of  the 

Herpesviridae family in the virome (55), and Candida and Saccharomycetales in the 

mycome. As for the lower respiratory tract, the microbiome is generally transient as 
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introduced microbes are cleared by innate systems.  Bacteroidetes,  Proteobacteria, 

Firmicutes compose the bacterial microbiome of the lower respiratory tract, and at 

genus  level,  Streptococcus,  Prevotella and  Veillonella are  described  (56).  The 

virome is mainly composed of Anelloviridae while Ceriporia lacerate, Saccharomyces 

cerevisiae and Penicillium brevicompactum make up the mycobiome (57,58). 

The human gut is the most densely colonised organ, inhabited by 100 thousand to 

100  billion  bacteria  per  mL of  luminal  content  (59).  Gut  bacteria  serve  several 

functions  that  are  beneficial  to  the  host,  such  as  production  of  vitamins,  ion 

absorption, immune function enhancement and even protection against pathogens 

(60). Both human and animal studies have provided confirmation of the connection 

between the lungs and the gut (58). The gut-lung axis was further supported by the 

evident  influence  between  different  lung  diseases  and  the  intestinal 

microenvironment  (61).  The opposite  relationship also holds true.  In  asthma,  the 

interactions between the gut and the lung are largely attributed to their microbiota 

(62). Similar associations and changes in gut microbiota were reported from other 

respiratory  diseases,  such  as  severe  bacterial  pneumonia,  cystic  fibrosis  and 

influenza when compared to healthy individuals (62–64). 

Dysbiosis  of  the  gut  microbiota  in  early  life  has  also  been  implicated  in  the 

development of many respiratory diseases through the modulation of immune cell 

maturation and resistance to  pathogens  (65).  Children who were shown to  have 

significantly reduced relative abundance of some bacterial taxa in the first 3 months 

of age were at higher risk of asthma compared to their healthy counterparts (66–68). 

This  may  be  due  to  the  hypothesis  that  a  diverse  microbiome  promotes 

immunological tolerance, thus with the reduction of microbiome diversity early in life, 

the immune system moves toward a state that promotes allergic disease and asthma 

(66). As compared with the gut microbiome, the airway microbiome is more sparse, 

exhibits a low biomass and is more amenable to shifts in composition (50). However, 

the interaction of airway microbiota with host immunity and inflammatory responses 

in the lung suggests that  similar  to the gut,  the lung microbiome plays a role in 

modulating clinical and inflammatory asthma phenotypes (Figure 7) (67,68). This will 

be discussed in more details in the next section. 
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Figure 7. Signals from the respiratory microbiome influence lung immunity (67)

Legend:  Respiratory  microbiota  produce structural  ligands (A)  or  metabolites  (B),  which 
influence  host  immune  activity  in  health  and  disease  (arrows).  GPR=G protein-coupled 
receptor. HDAC=histone deacetylase. TMA=trimethylamine. SCFA=short chain fatty acids. 
TLR=toll-like receptor. MDC=macrophage-derived chemokine. 
Reproduced with permission © 2019, Elsevier. See appendix: copyright permissions.

1.4.2 Lung microbiome in respiratory diseases: Focus on asthma

Microbes are known to play an important  role in all  ecosystems they engage in. 

Among asthmatics,  studies  have shown the bacteria  Streptococcus pneumoniae, 

Haemophilus  influenzae and  Moraxella  catarrhalis to  be  clinically  relevant 

contributors  to  asthma  exacerbations  (69,70),  although  these  species  have  also 

been cultured in stable in asthmatics  (71).  Compared with a healthy subject,  the 
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emergence of these bacteria suggests a dysbiosis of the lung and potentially gut 

microbiome (72). This dysbiosis may be implicated in the development and inception 

of asthma  (63,73).  The hygiene hypothesis proposes that the environment one is 

exposed to in early life may influence the development of the microbiota in the lungs 

(74). Given their proximity to the mucosal membrane, these species may play a role 

in the shaping of the immune system; less exposure to pathogenic bacteria during 

infancy may result in the development of allergies later in life.

The lung microbiota have actually been linked to both childhood and adult asthma; 

neonates  with  detected  presence  of  pathogens  such  as  S.  pneumoniae,  M. 

catarrhalis and H. influenzae, had a higher risk of childhood wheeze and asthma at 

the age of 5 years  (75).  Recurrent wheeze and persistent childhood asthma has 

been confirmed by 16 rRNA gene sequencing to  be linked to  the dominance of 

Staphylococcus in the upper respiratory tract during early childhood (76,77). The role 

of the lung microbiome in the development of childhood asthma is further supported 

by the sharp increase in the risk of asthma among children who received one or 

more  antibiotic  courses  in  early  life (78–80), most  likely  due to  the  reduction  of 

species diversity caused by antibiotics (81,82).

Similar associations have been reported in adult asthma. Asthmatics have a higher 

bacterial burden compared to healthy controls  (83,84). While keeping in mind that 

sampling site (i.e.  between bronchial  brushing, induced sputum, oral  wash, nasal 

brushings) can affect results, studies have reported that mild asthmatics who are not 

being treated by ICS have reduced abundance of commensal organisms (Prevotella 

and  Veillonella), but increased abundance of  Proteobacteria, mainly  Haemophilus, 

Neisseria and Moraxella (56,83–85).

In  addition  to  its  association  with  childhood-and  adult-onset  asthma,  the  airway 

microbiome  can  provide  important  insights  into  both  asthma  phenotypes  and 

endotypes.  In  regard  to  asthma  phenotypes,  the  Enterobacteriaceae and 

Actinomycetaceae families are common in asthmatics and are associated with the 

eosinophilic inflammatory phenotype  (86). The examination of microbiota in severe 

asthmatic  patients’  sputum  allowed  Abdel-Aziz  et  al  (87) to  identify  2  microbial 

clusters based on Bray-Curtis β-diversity measures. Patients belonging to the cluster 

with  decreased  microbial  richness  and  diversity  had  associations  to  worse  lung 
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function, blood or sputum neutrophilia as well as higher likelihood of requiring add-on 

asthma treatment compared to those in the other cluster.  The cluster with higher 

microbial  richness  and  diversity  was  also  detected  in  mild  to  moderate  asthma, 

confirming  the  correlation  between  lung  microbiota  and  asthma  severity  (87). 

Increased  relative  abundance  in  different  microbes  was  linked  to  either  having 

allergic  asthma  (atopic  asthma)  or  asthma  without  atopy;  Increased  relative 

abundance of Prevotella, Actinomyces and Lactobacillus was associated with allergic 

asthma while asthmatics without atopy had an increased abundance of the genera 

Aggregatibacter, Haemophilus and Actinobacteria (85).

As for asthma endotypes, decreased bacterial burden and diversity has also been 

associated with  T2-high asthma, while T2-low samples  had an increased relative 

abundance of  Haemophilus,  Moraxella and  Neisseria (88).  The AMAZES study by 

Gibson et al suggested that macrolide antibiotics may be preferable for use before 

OCS in severe T2-low asthma (89). As previously mentioned, eosinophilia in asthma 

has  been  linked  to  increased  abundance  of  certain  microbes,  namely  the 

Halomonas,  Aeribacillus,  Streptococcus and  Actinomycetaceae genera  (70,90). On 

the other hand,  the severe treatment resistant  neutrophilic  asthma endotype has 

been linked to abundance of the genera Moraxella, Haemophilus and Streptococcus 

in  the  sputum  (91).  Based  on  extensive  and  increasing  evidence  of  the  lung 

microbiome’s  involvement  in  asthma  pathogenesis  and  clinical  presentation,  it 

stands to reason that the microbiome could constitute a valuable and potential target 

for asthma prevention and treatment (92), as will be discussed in the next section.

1.5 Asthma Treatment: current approaches and the respiratory microbiome

1.5.1 Conventional asthma treatment

The latest GINA guidelines, published in 2023 (93), maintain that the main goals of 

asthma  treatment  are  symptom  control  and  prevention  of  future  asthma-related 

complications (mortality, exacerbations, airflow limitation, and treatment side effects). 

Asthma treatment follows a continual cycle of assessment, adjustment of treatment 

and review; assessment focuses on asthma symptoms, exacerbations, lung function 

and  treatment  side  effects,  in  addition  to  patient  adherence,  inhaler  technique, 



33

comorbidities  and  preferences (94).  Treatment  is  then  adjusted  based  on  these 

assessments,  be it  based on pharmacological  or  non-pharmacological  strategies. 

Following this, a review of response to treatment is done in keeping with treatment 

goals. The GINA guidelines encourages shared decision-making when it comes to 

asthma management, considering the crucial role of patient involvement in improving 

treatment outcomes (95). 

Several  types  of  medications  are  used  for  asthma  treatment (93).  ICS  are  the 

hallmark of first-line asthma management. Daily use of ICS was shown to act on 

asthma’s underlying inflammation and reduce cell infiltration of the lung epithelium, 

swelling and mucus production (96). Corticosteroids are effective against allergic and 

T2-driven asthma exacerbations (96). A leukotriene receptor antagonist (LTRA) can 

also be used, although it is less effective than ICS  (97). To note, a LTRA may be 

particularly useful in Th2 and Th17-driven asthma, but not Th1-driven asthma. LABA 

are another major class of medication used for asthma treatment. They are usually 

prescribed in combination with ICS based on their action on smooth muscles in the 

airway and their  relief  of  bronchoconstriction.  Another add-on treatment option to 

ICS, LABA and LTRA is long-acting muscarinic agents (LAMAs). LAMA also reduces 

bronchoconstriction through its antagonistic activity on acetylcholine, with a possible 

role in neutrophilic asthma.
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Figure 8. Global Initiative for Asthma treatment guidelines (93)

Legend: The Global Initiative for Asthma (GINA) guidelines for recommended steps in 

therapy in adults and adolescents aged 12+ years.
Reproduced with permission © 2021, Global Initiative for Asthma, available from ginasthma.org, published in Fontana, WI, USA. See 

appendix: copyright permissions.

There  are  two  basic  treatment  “Tracks”  (Figure  8)  recommended  for  adult  and 

adolescent asthmatics, both of which involve stepping-up treatment as needed (1). 

Simply put, the preferred treatment approach (referred to as Track 1), relies on low-

dose ICS-formoterol as a “reliever” medication. In other words, an ICS-containing 

treatment is used whenever relief of symptoms is needed (‘as-needed’ therapy) in 

mild  cases.  Patients  with  more  frequent  or  more  severe  asthma  symptoms  be 

prescribed regular daily lCS-formoterol as prophylactic therapy (93). The use of an 

ICS-containing treatment for asthma is preferred seeing as it  reduces the risk of 

exacerbations and leads to comparable control of asthma symptoms compared to a 

short-acting beta-agonist (SABA) reliever alone (98). This clinical benefit is observed 

irrespective  of  the  baseline  severity,  lung  function  or  inflammatory  profile  of  the 

patient (99,100). Moreover, the use of the same inhaler as a reliever and (if needed) 

prophylaxis is a simple and convenient approach for both patients and clinicians.

Track 2 is an alternative to Track 1 wherein SABA alone or in combination with ICS is 

used  as  reliever  medication (93).  However,  in  addition  to  the  higher  risk  of 
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exacerbations and need for emergency care associated with a SABA-only approach, 

it also promotes the risk of poor adherence to ICS once prescribed (93). 

Both Track 1 and Track 2 recommend the consideration of biologic therapy at severe 

(Step  5)  asthma.  Patients  at  this  stage  should  be  referred  to  a  specialist  for 

assessment, phenotyping and subsequent biologic therapy tailored to each patient’s 

asthma phenotype (93). Anti-immunoglobulin E treatment should be considered for 

patients  with  allergic  asthma  (101),  while  those  with  eosinophilic  asthma  would 

benefit from anti-IL5/5R treatment (101–103). In a similar vein, anti-IL4Ra therapies 

are recommended for severe eosinophilic/ T2 asthma cases as determined by high 

blood  eosinophil  (≥150/μl)  or  FeNO  ≥25  ppb  levels  or  OCS-dependent  patients 

(101,104–106), and anti-TSLP treatment can be considered for the management of 

severe asthma in patients aged 12 years or above (101). 

Severe asthma outcomes remain suboptimal despite the use of biologic therapies, 

creating a need for new techniques such as precision medicine.

1.5.2 The lung microbiome and asthma treatment

While there is limited to no data on bronchodilators’ effect on lung microbiota, there 

is  some  evidence  to  suggest  that  the  LABA  formoterol  and  the  LABA/ICS 

combination treatment can cause a decrease in microbiome diversity in patients with 

chronic  obstruction  pulmonary  disease  (COPD),  possibly  affecting  response  to 

bronchodilators  (107). Evidence on corticosteroids is more prevalent,  with studies 

showing changes in microbial diversity and composition based on the use of ICS 

(108,109); an increase in the abundance of  Proteobacteria has been linked to ICS 

use  (80),  while  ICS-naive  asthmatics  have  enriched  Haemophilus,  Neisseria, 

Fusobacterium and Porphyromonas (110). The airway microbiota can also change in 

response to ICS dose, with Streptococcus enrichment associated with lower doses, 

whilst Parvimonas and H. parainfluenzae were linked to higher ICS doses (110,111). 

Similar  influences  were  noted  between  oral  corticosteroid  use  and  the  lung 

microbiome (110).

Biological  therapies targeting  T2  inflammatory  pathways can also affect  the lung 

microbiota (112). The use of omalizumab was linked to a decrease in  H. influenza 
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and  M.  pneumonia  and  Bordetella-free  bacteria  pellets  but  an  increase  in  C. 

pneumonia,  N.  meningitidis and  S.  aureus  bacteria  pellets  (112).  A  significant 

modification of the airways microbiome is reported with biologics, as in the case of 

mepolizumab  (113).  In  addition,  an  alteration  of  the  lung  microbiota  has  been 

observed  two  years  post  treatment  with  reslizumab,  particularly  an  increased 

abundance  in  Mycoplasma  pneumonia,  Neisseria  meningitidis and  Haemophilus 

influenza  (112).  Evidence  from  the  sputum  of  COPD  patients  showed  that  the 

biologic  benralizumab can reduce bacterial  load,  with  Streptococcus pneumoniae 

being significantly  reduced compared to placebo,  however no changes in clinical 

outcomes were observed (114). 

Further  exploration  of  the  lung  microbiome  remains  sorely  needed  in  asthma, 

particularly how it  may be utilised as a therapeutic target for the improvement of 

clinical outcomes.

1.6 Phenotypes and endotypes: A place for molecular phenotyping in asthma

1.6.1 Asthma phenotypes:

Understanding  and  recognizing  the  biological  and  immunological  processes  in 

asthma  is  crucial  for  the  characterization  of  asthmatics  and  guiding  clinical 

management  (19).  Traditionally,  asthma  is  divided  into  phenotypes  based  on 

demographic, clinical and pathophysiological characteristics (19). These phenotypes 

ultimately  fail  to  account  for  disease mechanisms and consequently  have limited 

practical  utility.  Asthma  phenotypes  recognized  by  GINA are  based  on  clinical 

features  and  represent  allergic  asthma,  non-allergic  asthma,  adult-onset  or  late 

onset asthma, asthma with persistent airflow limitation and asthma with obesity (93). 

These  phenotypes  are  not  necessarily  distinct  and  may  overlap.  Early-onset 

(childhood)  asthma  is  generally  attributed  to  allergic  asthma,  which  is  also 

eosinophilic  and responsive to  ICS  (115).  A more  heterogeneous presentation  is 

evident  with  non-allergic  asthma,  which  could  involve  eosinophilic,  neutrophilic, 

pauci-granulocytic  or  even mixed inflammatory subtypes,  with worse response to 

ICS-based therapy  (114).  While males are more likely to present with early-onset 

allergic asthma, adult-onset asthma occurs more frequently in females and also has 
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a poor response to ICS as seen in non-allergic asthma (114). Obesity-related asthma 

is  another  recognized  phenotype  commonly  associated  with  persistent  airflow 

limitation  and  airway  remodelling  fuelled  by  neutrophilic,  rather  than  eosinophilic 

inflammation (115,116).

1.6.2 Asthma endotypes

Considering  the  limitations  of  asthma  clinical  phenotypes  in  delineating  asthma 

mechanisms,  asthma molecular phenotypes or “endotypes” are now recognized in 

order to optimise disease management and further support the use of personalised 

and precision medicine (117). Asthma endotypes would divide asthma into distinct 

disease  entities  with  specific  mechanisms  that  can  be  targeted  with  precision 

medicine (12,118–120). The identification of the T2 inflammatory complex endotype 

was  the  most notable  advancement  in  this  regard  with  the  enhanced  mRNA 

expression of periostin, serpin B2 and CACL1 in bronchial epithelial cells following 

IL-13 treatment and in a subset of patients with asthma  (121,122). These patients 

responded well  to  ICS therapy and eventually  led to  the expansion of  treatment 

options for previously poorly treated/controlled patients. Biologics targeting the T2 

inflammatory  pathway  have  paved  the  way  for  better  outcomes  in  patients  with 

severe asthma with a high number of exacerbations, high blood eosinophil counts 

and/or  a  high  FeNO  level.  These  patients  were  often  relatively  refractory  to 

corticosteroids and other  standards of  care,  yet  were clinically  indiscernible  from 

their corticosteroid-sensitive counterparts (122,123). The use of targeted therapy had 

another distinct advantage, namely their corticosteroid-sparing or -tapering effect in 

patients who are dependent on these therapies for symptom control yet continuously 

suffering from their side-effects  (124).  However, initial  studies using mepolizumab 

and other anti-IL5 monoclonal antibodies (moAbs) failed clinically in asthmatics not 

selected for T2 high features (i.e. FeNO and blood eosinophils) and using primary 

endpoints such as FEV1 rather than exacerbation rate  (125), despite suppressing 

blood and sputum eosinophils.
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1.6.3 Molecular phenotyping: advancements and gaps

The  ‘omics’  suffix  has  emerged  to  describe  a  comprehensive  assessment  of  a 

particular type of molecule  (126). This started with genomics, which was coined in 

1986  (127), but now incorporates other molecular types including transcriptomics, 

epigenomics,   proteomics,  metabolomics  and  microbiomics  (126).  Analysis  using 

single-omics alone is limited as it can only provide correlations or associations within 

that  single  molecular  group  or  with  phenotypes;  Integrating  multi-omics  datasets 

together  can  provide  a  greater  understanding  of  the  interaction  between  these 

individual omic datasets and insights into the mechanisms at play (Figure 9) (126). 

This integrative approach is especially important when it comes to disease with a 

complex aetiology, where a clear deterministic factor is missing (126,128). 

Figure 9. Multiple omics data types and approaches to disease research (126)



39

Legend: Layers depict different types of omics data. Omics data are collected on the entire 
pool of molecules, represented as circles. Except for the genome, all data layers reflect both 
genetic regulation and environment, which may affect each individual molecule to a different 
extent.  The  thin arrows represent  potential  interactions or  correlations detected between 
molecules in different layers—for example, the red transcript can be correlated to multiple 
proteins.  Within  layer  interactions,  although  prevalent,  are  not  depicted.  Thicker  arrows 
indicate different potential starting points or conceptual frameworks for consolidating multiple 
omics data to understand disease. The genome first approach implies that one starts from 
associated locus, while the phenotype first approach implies any other layer as the starting 
point. The environment first approach (not shown) examines environmental perturbations.
Reproduced under creative commons license © 2017, Springer Nature. See appendix: copyright permissions.

Given the complex disease aetiology of asthma (128), Integrative omics can provide 

an important  platform for  improving the understanding of  asthma endotypes and 

developing optimal treatment approaches (129). Previous applications of integrative 

multi-omics  have  succeeded  in  generating  much-needed  insights  into  the 

mechanisms  and  host-microbe  interactions  underlying  another  major  respiratory 

condition,  COPD  (130,131).  A similar  approach  is  therefore  needed  in  asthma, 

particularly for severe asthma where response to therapy remains suboptimal even 

with  the use of  biomarkers  and biologics.  Asthma management  strategies would 

benefit  from  a  deeper  evaluation  of  disease  mechanisms,  particularly  the  host-

microbiome interactions that could be driving inflammatory responses (15). 

Multi-omics  integrative  approaches  have  been  categorised  into  three  groups  by 

Hasin et al in 2017 (126); “genome first”, “phenotype first”, and “environment first”. 

For  this  thesis,  “phenotype  first”  and  “environment  first”  are  most  relevant. 

“phenotype first” approach looks at how different in phenotype of disease, such as 

disease severity, correspond to changes in the omics data and likewise “environment 

first” looks at how factors such as diet perturb different layers of omics data (126). 

With the advent of high-throughput sequencing techniques such as next-generation 

sequencing  (NGS)  (132) and  the  continued price  reduction  of  these  techniques, 

metagenomic sequencing of microbial communities’ resident in human microbiomes 

has become possible.

Around  3  decades  ago,  culture-independent  studies  assessed  the  microbiota 

community  using  targeted  sequencing  of  the  highly  conserved  16S  ribosomal 

ribonucleic acid (rRNA) gene  (133).  In turn, this has allowed the development of 

more rapid methods of surveying the microbiota directly from deoxyribonucleic acid 
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(DNA) extracts (131).  In asthma,  the majority of analysis undertaken have utilised 

16S small  subunit  ribosomal  RNA (rRNA)  -  16S rRNA based profiling  of  human 

microbiota  (56,70,83,85,86,90,91,110,134–138).16S-based  profiling  identifies  the 

16S  small  subunit  rRNA gene  which  provides  a  targeted  bias  approach  while 

metagenomics  can  provide  an  unbiased  approach  to  sequence  the  whole 

microbiome (139). However, for this to happen, metagenomic sequencing pipelines 

needs to be evaluated and selected to parse the sequence data and remove noise.

The evolution of these high-throughput methods has generated vast amounts of data 

(140). In 2012 Dennis Noble proposed that there is no privileged level (omics layer) 

of causation; thus biological systems cannot be determined by genomics alone but 

rather by the interactions between each layer (141) .  This has driven the need for 

conceptual approaches that analyse these system-wide datasets in a holistic manner 

providing  details  on  complex  interactions  and  behaviours  which  emerge  from 

systems properties of these samples (129).  Unsupervised integration or fusion of 

these  heterogeneous  omics  datasets  to  create  a  comprehensive  view  of  the 

interactions  which  drives  a  particular  disease  system  through  the  extraction  of 

homogeneous  latent  factors,  is  becoming  increasingly  important  (142).  These 

methods aim to cluster patients together into meaningful disease subtypes which will 

form the basis of distinct tailored therapies (142). Several integrative and clustering 

methods  exist  which  fall  into  three  broad  categories;  matrix  factorisation  or 

regression-based analysis,  set-based analysis  and network-based analysis  (143–

149). 

Matrix  factorisation aims to infer  a set  of  latent  variables in  a lower dimensional 

space from data by find factors of a data matrix consisting of different omics layers. It  

involves the factorization of a m×n non-negative matrix of omics variables V  into two 

non-negative matrices, m×k matrix W  and k ×n matrix H : 

V=WH

If dimensionsk<rank (V ) the factorisation is lossy and hence is formulated as such:

V ≃WH

and is formed as an optimisation problem and achieved by minimising error:
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min||V −W H||2 ,W ≥0 , H ≥0

This  method  has  an  inherit  clustering  property  as  it  extracts  a  low  number  of 

common latent features from multiple high-dimensional data into latent space W and 

the columns of H give the contribution of each basis. The latent space represents the 

commonality  and may account  for  distinct  molecular  phenotypes  related  disease 

features.  The  iCluster  method  (144)  formulates  the  clustering  as  a  joint  latent 

variable that is estimated from multiple omic layers where the clustering scheme in 

each layer is represented as a Gaussian latent variable model.

Canonical Correlation Analysis (CCA) is a method to identify interactions between 

two datasets. CCA searches to find linear combinations of variables from the two 

datasets X ,Y  that maximizes their correlation with each other in order to find loading 

weights for each component j (a pair of orthogonal canonical variates):

argmax corr (u j X , v jY ) j=1…r

The number of components r is equal to the minimum number of variables in either 

X  or Y . The dimensionality of the maximisation problem can be reduced by applying 

a lasso penalty.

The application of integrative omics in asthma is critical considering the limitations of 

current treatment approaches. However, it requires the understanding of the airway 

microbiome  and  its  complex  interactions  before  any  asthma  subtypes  can  be 

identified and targeted. The following section will explore the airway microbiome and 

its  potential  implications  on  asthma  with  a  glance  on  advancements  in  other 

respiratory diseases.

1.7 Towards bridging clinical gaps: Precision medicine in asthma

Exploring  the  intrinsic  biology  of  a  disease  and  attempting  to  deepen  the 

understanding  of  its  mechanisms,  pathogenesis  falls  in  line  with  calls  for  the 

establishment  of  a  new  disease  taxonomy  and  the  improvement  of  healthcare 

outcomes (150). Despite the integration of biologics into the management of asthma, 
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significant clinical gaps are still faced as many patients have poor asthma control 

(151). Ongoing research is critically exploring clinically relevant biomarkers for the 

easy  and  low-cost  determination  of  optimal  patient  candidates  for  each biologic, 

particularly for the as-of-yet enigmatic  non-T2 asthma (152).  It is important to  note 

that  the  distinction  between  T2  and  non-T2  asthma  might  ultimately  be  an 

oversimplification  as  it  is  not  possible  to  fully  reconcile  the  clinical  response  to 

biologics of many severe asthmatics with the carefully crafted asthma phenotypes 

(19).  New therapeutic  approaches are thus likely  to depend on an individualised 

approach  that  consists  of  targeting  “treatable  traits''  and  “treatable  mechanisms” 

specific  to  asthma phenotypes  and  endotypes  in  each  asthma patient (153).  To 

achieve this, researchers and clinicians need to mobilise the power of an innovative 

approach to medical management tailoring: precision medicine (also referred to as 

personalised medicine, tailored medicine, stratified medicine, or targeted medicine) 

(153). 

Rather than the traditional one-size-fits-all approach where treatments are developed 

based around an average response of a population, precision medicine harnesses 

the multi-omics data to tailor treatment decisions and medical interventions based on 

an  individual’s  lifestyle,  genes  and  environmental  exposure  (150).  Precision 

medicine aims to treat “the right patient, with the right drug, at the right time” (154).

For this to be achieved in the clinic, asthma needs to be understood as a complex 

dynamic system with many interacting parts  (15). Harnessing multi-omics data and 

systems biology becomes critical for the analysis, modelling and understanding of 

these complex interactions. Defining asthma endotypes and treatable traits requires 

the  analysis  of  all  genes,  proteins,  lipids,  metabolites  and  factors  that  might  be 

implicated  in  the  pathogenesis  of  asthma.  Precision  medicine  is  not  limited  to 

investigating interactions on the level of patients’ genome, but also considers the 

impact of the exposome (environmental exposures) and the microbiome (exposure 

to pathogens) on cellular and immune function (63). With the employment of systems 

biology’s integrative approach, asthma pathways and processes could be unveiled 

through  the  modelling  of  these  intricate  systems  with  multi‐level  multi‐scale 

mathematical  and  computing  methods (155).  These  methods  will  rely  on  data 

generated  from multi-omics  levels,  such  as  transcriptomics  or  proteomics  which 
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provide information regarding changes in the host immune/inflammatory response 

associated with alterations in the micriobiota. 

As  previously  mentioned,  current  trends  in  asthma  management  favour  the 

distinction  of  treatable  traits  based  on  clinical  phenotypes  and  endotypes  (156). 

Currently recognized treatable traits in asthma are divided into three domains, each 

with their distinct treatment approaches (157): the pulmonary domain encompasses 

airway  eosinophilic  inflammation,  airway  hyperresponsiveness,  proclivity  to  lung 

attacks,  mucus  hypersecretion  and  pathogen  colonisation  particularly  with 

Haemophilus  influenzae  (157);  the  extrapulmonary  domain  is  characterised  by 

osteopenia, sarcopenia, activity limitation and dysfunctional breathing (157); and the 

behavioural domain includes patients with suboptimal self-management skills (poor 

inhaler technique, inhaler use, planning for asthma attacks) (157) and those who are 

current smokers but willing to quit (157). 

Another  notable  distinction  made  in  recent  asthma  research  is  the  concept  of 

treatable mechanisms, which are established based on molecular phenotypes (15). 

While  treatable  traits  describe  clinical  features  based  on  clinical  phenotyping, 

effective treatments are not always readily available for these “treatable” traits as 

inherently implied in their qualification  (15). This gap can be bridged by identifying 

treatable mechanisms of the treatable traits; for example, the treatable trait of airflow 

obstruction could be due to differential expression of gene networks that are in turn 

associated with distinct inflammatory processes, airway remodelling and treatment 

responses (15).

The recognition of microbiological treatable traits in asthma is of particular note to 

this thesis. Prominent traits reported in asthma and COPD are chronic respiratory 

infection  and  microbiological  colonisations  (158).  Integrative  multi-omics  have 

already been used to determine the mechanisms and host-microbe interactions in 

COPD   (130,131).  The  presence  of  an  organism  in  the  human  airway  carries 

significant  prognostic  implications  even in  the  absence of  pathogenicity  (159).  A 

comprehensive evaluation of asthmatic patients’ microbiome composition is therefore 

crucial  and  is  enabled  by  advanced  culture-independent  techniques,  such  as 

metagenomics (160). 
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By applying such techniques,  it  becomes possible  to  link  changes in  the airway 

microbiota to clinical asthma presentation. For example, an increase in the frequency 

of proteobacteria in the airway of asthma patients  (56) has been associated with 

airway  hyperresponsiveness  and  poorer  asthma  control  (83).  More  specifically, 

patients  with  neutrophilic  asthma  were  found  to  have  reduced  sputum  bacterial 

diversity  compared  to  other  asthma  phenotypes,  as  well  as  higher  levels  of 

Proteobacteria,  including  Moraxella and  Haemophilus (particularly  Haemophilus 

influenzae)  (134,161).  Studies  of  microbiome  composition  have  also  shown 

associations  between  stable  asthma  and  concentrations  of  bacteria  such  as 

Streptococcus pneumoniae,  Moraxella  catarrhalis (75,91) and  Haemophilus 

influenzae (56,83,91). These associations diversify treatment options for asthmatics, 

potentially  ensuring  much-needed  improvement  in  asthma  outcomes;  antibiotics, 

mucolytics,  roflumilast,  education,  and  inhaled  interferon-β  treatment  become 

possible therapeutic options (158,162,163).

The overall hypothesis of this thesis is that species-level sputum metagenomic data 

can provide insights into asthma phenotypes and when integrated with host sputum 

transcriptomics  can reveal  microbiome-host  interactions  and mechanisms at  play 

between childhood-onset and adult-onset asthma.

1.8 Thesis Aims

The aim of  this  thesis  is  to understand whether  species-level  metagenomic data 

coupled with host-transcriptomics can better elucidate asthma patient phenotypes.

The objectives were:

- To characterize and investigate the microbiome of asthmatic patients down to 

the  species  level  with  the  use  of  metagenomic  whole  genome  shotgun 

sequencing approach from induced sputum. 

- To better  understand and explore  the  impact  of  relative  dominant  species 

(RDS)  on  the  clinical  phenotype  of  patients  in  addition  to  the  effect  on 

transcriptomic pathways. 
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- To investigate  the  interaction  between the  microbiome and the  host  gene 

expression in regard to the distinct mechanisms at play between childhood-

onset and adult-onset asthma.

In the next chapter the datasets and methodologies used throughout the thesis are 

described.
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Chapter 2. Datasets & Methodology  

Parts of this chapter are based on the publication:

Kermani N, Versi A, Gay A, Vlasma J, Jayalatha AKS, Koppelman GH, et al. Gene 
signatures in U-BIOPRED severe asthma for molecular phenotyping and precision 
medicine: time for clinical use. Expert Rev Respir Med. 2023;17(11):965–71.

2.1 Introduction

This chapter introduces and describes the datasets used throughout the thesis in 

addition to the common methodologies employed throughout each of the chapters. 

Other methods that are specific for each Chapter are described in the appropriate 

chapters.

2.2 Datasets

2.2.1 U-BIOPRED

The  Unbiased  BIOmarkers  in  PREDiction  of  respiratory  disease  outcomes  (U-

BIOPRED) is  a pan-European study conducted by a consortium of  20 academic 

institutions, 11 pharmaceutical companies and six patient organisations funded by 

the  European  Commission  and  The  European  Federation  of  Pharmaceutical 

Industries and Associations (EFPIA) (NCT01976767) (164). The study began in 2008 

and was completed in 2013. The study was approved by the local ethics committee 

for  each  participating  clinical  institution,  and  adhered  to  the  standards  set  by 

International  Conference  on  Harmonisation  and  Good  Clinical  Practice.  All 

participants gave written and signed informed consent.

It  employs  a  bottom-up  data-driven  approach  and  was  carried  out  in  a  non-

interventional  manner  to  discover  biomarkers  relating  to  asthma  and  to  identify 

meaningful asthma subtypes. 

https://clinicaltrials.gov/ct2/show/NCT01976767
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2.2.2 Participants

The  study  produced  a  wide  variety  of  multi-omics  data  for  610  clinically  well-

characterised adults, which were divided into four cohorts; severe asthmatic non-

smoking subjects (SAn, n=311), severe asthmatic smokers and ex-smokers (SAs/ex, 

n=110), mild-moderate asthmatic non-smokers (MMA, n=88), healthy non-smoking 

controls (HC, n=101) (164)and 282 paediatric asthmatics (165). The analysis in this 

thesis is restricted to adult subjects. Details of the definitions used to define each 

group are provided in Table 1.

Table 1. Criteria for participants of each adult cohort in the U-BIOPRED study

Cohort A SAn severe  non-

smoking 

asthma

Participants  in  this  group  were  non-

smokers  for  at  least  the  past  12  months, 

with  a  less  than  5  pack-year  smoking 

history,  with  asthma  and  uncontrolled 

symptoms  defined  according  to  Global 

Initiative for Asthma (GINA) guidelines (1) 

and/or  frequent  exacerbations  (more  than 

two  per  year)  despite  high-dose  inhaled 

corticosteroids  (1000  µg  fluticasone 

propionate per day or equivalent dose).

Cohort B SAs/ex smokers  and 

ex-smokers 

with  severe 

asthma

This  group  was  defined  as  for  the  SAn 

group except that they were either current 

smokers  or  ex-smokers  with  a  smoking 

history of at least 5 pack-years.

Cohort C MMA mild/moderate 

non-smoking 

asthmatics

Participants  in  this  group  were  non-

smokers  for  at  least  the  past  12  months, 

with  a  less  than  5  pack-year  smoking 

history  and  had  controlled  or  partially 

controlled asthma symptoms, as defined by 

GINA,  whilst  receiving  a  dose  of  <500µg 
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fluticasone propionate/day or equivalent.

Cohort D HC healthy  non-

smoking 

controls

These participants had no history of asthma 

or wheeze, had no other chronic respiratory 

disease, were non-smokers for at least the 

past 12 months with a smoking history of 5 

pack  years  and  their  pre-bronchodilator 

forced expiratory volume in the first second 

(FEV1) was 80% pred.

2.2.3 Samples collected

The dataset consisted of samples taken from multiple compartments including nasal 

brushings, exhaled breath, sputum, bronchial brushings, bronchial  biopsies, blood 

and  urine.  The  type  of  data  included  metagenomic  and  microbiome  16S  data 

(sputum)  in  addition  to  transcriptomic  (blood,  nasal  and  bronchial  brushings, 

bronchial  biopsies and sputum),  proteomic (serum and sputum), lipidomic (serum 

and sputum) and metabolomic (sputum and urine) data.

Metagenomics  and  microbiome  16S  data  was  collected  from  induced  sputum 

samples and therefore the sputum compartment will be the focus of the thesis.

2.2.4 Sputum induction and initial sample handling

At  baseline  and  at  12-16  months,  induced  sputum  samples  were  obtained  by 

inhalation of  hypertonic saline solution,  sputum plugs were collected and sputum 

supernatant and cells were obtained. The protocol for sputum induction and immune 

cell analysis has been published previously (166).

Induced sputum samples contain a composite of both the lower airway secretions in 

addition to pulmonary surfactant, saliva, immune and squamous cells from the upper 

airways. Figure 10 shows a consort diagram indicating the number of samples from 

each  subject  group  for  which  sputum  samples  were  taken  at  each  time  point. 
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Longitudinal follow-up was performed only in patients with severe asthma and not in 

healthy subjects or patients with asthma classified as MMA.
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Figure  10.  Consort  Diagram of  Adult  Cohorts  with  sputum samples collected and the timepoints  of  collection in  U-

BIOPRED
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Legend:  The consort  diagram depicts the number adult  participants in  each cohort  of  U-BIOPRED and the number of  sputum samples 
collected for both baseline and follow up. 
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Gene  expression  profiling  was  performed  using  Affymetrix  microarray  (GPL570 

Affymetrix  GeneChip® Human Genome U133  Plus  2.0  Array)  (Affymetrix,  Santa 

Clara,  CA)  (167) with  RNA extracted  from  sputum  cells  (GEO  accession  no.: 

GSE76262).  This microarray assay chip contains over 47,000 gene specific probes, 

which  when  a  probe  is  exposed  to  its  corresponding  sequence  of  mRNA, 

hybridisation of the mRNA to the probe occurs and quantification of the level of gene 

expression is provided.

Details of  the RNA extraction, quality control  and gene expression analysis have 

been reported elsewhere (168,169).

For metagenomic sequencing and 16S microbiome profiling, sputum samples were 

frozen and sent to Second Genome (San Francisco, California, USA). The frozen 

samples  were  treated  with  MoBio  Tissue  and  Cells  DNA Isolation  Kit  (Qiagen, 

Germantown, USA) according to the manufacturer’s instructions to extract and purify 

genomic DNA.  The DNA extraction was performed in a BioSafety Cabinet in an ISO 

8  Cleanroom and  each  batch  included negative  and  positive  controls.  Extracted 

gDNA was immediately stored in a -20C freezer.

For  metagenomics  sequencing,  the  frozen  gDNA  samples  were  prepared  for 

sequencing with the Illumina Nextera kit (Illumina, San Diego, USA). The Nextera kit 

employs  the  technique  of  tagmentation,  where  unfragmented  DNA  undergoes 

fragmentation and adaptor tagging in the same step by utilising the transposase tn5 

enzyme.  The  resultant  tagged  fragments  were  then  amplified  using  polymerase 

chain reaction (PCR). Quantification was then performed with Quant-iT dsDNA High 

Sensitivity assays (ThermoFisher Scientific, Waltham, USA). Libraries were pooled 

and  run  using  100  base-pair  paired-end  sequencing  protocols  on  the  Illumina 

HiSeq® 2500 platform (170). 

For 16S microbiome profiling, enrichment of the 16S v4 rDNA region was performed 

by  DNA  amplification  using  fusion  primers  designed  against  the  surrounding 

conserved  regions  which  are  tailed  with  sequences  to  incorporate  Illumina  (San 

Diego, CA) adapters and indexing barcodes. Samples were then PCR amplified and 

those that met a quantification minimum were selected for pooling and sequencing. 

These selected samples were loaded into a MiSeq® reagent cartridge, and then onto 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE76262
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the instrument along with the flow cell. DNA fragments are amplified by a process 

known as cluster generation. After cluster formation on the MiSeq® instrument, the 

amplicons were sequenced for 250 cycles with custom primers designed for paired-

end sequencing (171).

For lipidomics, lipids were extracted as described previously  (172). Lipid extraction 

was performed using the semi-automated Bligh-Dyler protocol  (173) and samples 

were analysed using shotgun mass-spectrometry (172).

Proteomics data was generated using the SOMAscan® V3 (174) proteomics assay 

(SomaLogic,  Boulder,  CO, USA; www.somalogic.com) on the sputum supernatant 

samples  of  the  adult  U-BIOPRED  cohort  as  described  previously  (175).  This 

technology is a high throughput, multiplexed proteomic assay, which simultaneously 

measures native folded proteins directly from small volumes of biological samples. It 

leverages the use of aptamers, which are single stranded oligonucleotides that are 

designed to fold into a designated shape in order to bind to specific target proteins 

(176). After the probes have been exposed to the sample, the number of each of  

these aptamer probes attached to its corresponding specific protein represents the 

abundance of that protein. These are then quantified as relative fluorescence units 

(177).

One of the limitations of the data is the overlap in the number of patients providing 

each of the multi-omics datasets. The Venn diagram (Figure 11) shows the number 

of  patients  for  the  baseline  time-point  which  data  has  been collected  for  and is 

available for analysis after quality control (QC) and after bioinformatics pipeline have 

been run for each respective omics type. Collection for each patient for each omic 

dataset at both time-points would be ideal to allow for analysis between all the omic 

datasets.  However  rarely  is  this  met  due  to  the  practicalities  of  taking  multiple 

samples from patients and the processing of all these samples to identifying outliers 

during data pre-processing.
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Figure  11. Venn Diagram depicting data overlap of available platforms in the 

sputum

Legend:  The  Venn  diagram  depicts  the  overlap  of  samples  available  at  the  baseline 
timepoint after sample collection, quantification and computational processing for the sputum 
compartment for transcriptomic, proteomic, lipidomic and metagenomic data platforms.

After  quality  checking  and  normalisation,  datasets  were  uploaded  on  to  the 

tranSMART system at the Data Science Institute (DSI),  Imperial  College London. 

TranSMART  is  an  open-source  knowledge  management  platform  for  sharing 

research data (178).

2.2.5 Statistical Methods

Data and statistical analysis in addition to pre-processing was performed using R 

version 4.1.1 (codename: Kick Things)  (179) and pandas 1.4.2  (180) using python 
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3.9.10 (181). All code was run via Jupyter Lab, in an environment which was created 

using Docker (available here). Dependencies were pinned to ensure all analysis was 

performed under the same package versions. All notebooks were version controlled 

using  Git.  Intermediate  datasets  were  version  controlled  using  Git  LFS  and  the 

processed U-BIOPRED data was accessed from tranSMART.

2.2.6 Differentially expressed gene (DEG) analysis

To  identify  the  subset  of  genes  which  are  differentially  expressed  between  two 

groups of samples, a method known as differentially expressed gene (DEG) analysis 

was performed. This method compares gene expression levels between different 

groups or conditions to identify these differentially expressed genes. In general, the 

approaches  used  to  identify  these  signatures  typically  start  by  defining  a  null 

hypothesis,  generating a p-value,  and then applying a significance threshold that 

considers multiple comparisons to minimize the risk of type 1 errors (182). 

The most common techniques include Wilcoxon rank-sum test, Limma (183), edgeR 

(184) or DESeq2  (185). The three techniques of Limma, edgeR and DESeq2 are 

similar  but  have  different  steps  and  approaches.  Limma  is  usually  used  for 

microarray continuous data and edgeR and DESeq2 for RNA-seq count data.  Both 

Limma and edgeR start with normalised count data, often quantile normalisation or 

TMM  (trimmed  mean  of  M  values)  to  control  for  sequence  depth  and  RNA 

composition bias  (184,186). Whereas DESeq2 uses an internal normalisation (size 

factor) to correct data for library size and RNA composition bias (185).

All three methods utilize empirical Bayes, calculating different methods of dispersion 

to  moderate gene-specific  variance to  give more accurate identification of  DEGs 

especially for genes with low or noisy counts. Gene expression values are then fitted 

to a model – Limma employs a linear model (for continuous data, although RNA-seq 

count data can be transformed via Limma-Voom) and t-statistic is used to find DEGs. 

Both edgeR and DEseq2 utilise a negative binomial generalised linear model (GLM) 

together  with  the  Wald-test  to  find  DEGs.  These DEGs can  then  be used as  a 

candidate gene signature. 

https://hub.docker.com/r/3liv/bioscience-notebook
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In the U-BIOPRED sputum compartment, the focus of this thesis, Limma is utilized 

for  DEGs as  the  transcriptomic  dataset  was  derived from microarray  techniques 

which generate  continuous data  as opposed to  RNA-seq which generates count 

data. Unless stated otherwise, a log2 fold change of > 0.5 and an adjusted P-value of 

< 0.05 was used as a cutoff.

2.2.7 Pathway Enrichment

Pathway  analysis  methods  for  utilising  gene  signatures  and  assessing  their 

enrichment in other samples include gene set enrichment analysis (GSEA) (187) and 

gene set variation analysis (GSVA) (188).

GSEA tests the hypothesis that none of the gene signatures is associated with the 

phenotype group. The genes are usually ranked by the mean expression level for the 

phenotype group and control group although other metrics can be used (189). Each 

gene in the gene signature is then matched up to the rank of the gene from the 

previous step. Then a walking sum is performed down the ranked gene expression 

data  and  a  running  sum of  expression  score  is  kept.  If  a  gene  is  in  the  gene 

signature the aggregate gene expression value for that group is added to the running 

sum and if  it  isn’t  in the gene signature, then a set value is subtracted from the 

running sum. The peak value of the running sum is set as the enrichment score of 

that phenotype.

GSVA is  used to  calculate sample-wise enrichment  (gene set  score)  of  a  set  of 

genes (gene signatures) in normalised gene expression matrix. First the genes are 

ordered  by  rank  of  the  expression  levels  for  each  sample.  Then for  each  gene 

signature, the cumulative distribution function (CDF) of the ranked expression values 

of  genes  within  the  gene  signature  and  genes  not  in  the  gene  signature  are 

calculated for each sample by means of a walking sum for both the within signature 

genes and the outside of signature genes. Kernel density estimation is performed to 

smoothen the CDF curves and finally  the Kolmogorov-Smirnov test  between the 

within gene signature CDF and outside gene signature CDF is calculated and the p-

value gives the probability they come from the same distribution. 
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Both GSEA and GSVA was used during the analysis within this thesis to calculate 

group-phenotype wise enrichment (GSEA) and sample-wise enrichment (GSVA) of a 

set of genes (gene signatures) in the sputum transcriptomics. Each gene signature 

utilised describes a set  of  genes associated with a biological  pathway and were 

collected from the literature. 

All gene signatures are listed in Appendix I. and each gene signature is referred by 

referencing the original literature from which the signature was derived from as well 

as the row on the Appendix Table (e.g.  Sig1 (189)) .  In addition both the KEGG 

(Kyoto encyclopaedia of genes and genomes) (190) and Gene Ontology (GO) (191) 

biological process database were used throughout for GSEA; where these are used 

they are referenced in the methods section of each results chapter.

2.2.8 Derivation of transcriptomic-associated clusters (TACs)

As previously described by Kuo et al. in 2017 (20), three transcriptome-associated 

clusters have been defined. Affymetrix microarray (GPL570 Affymetrix GeneChip® 

Human Genome U133 Plus 2.0 Array) (Affymetrix) microarrays with RNA extracted 

from sputum cells (GSE76262) were used for gene expression profiling. Derivation of 

the three TACs was undertaken by applying hierarchical  clustering based on the 

Euclidian distance of a reduced set of 508 genes that were differentially expressed 

between eosinophil-high and eosinophil-low subjects using sputum transcriptomics 

(20).  The optimum number of  clusters was established via consensus clustering, 

where  the  optimum number  k  is  chosen  when  the  consensus  matrix  histogram 

reaches a bimodal distribution (20). Gene signatures for each TAC were determined 

based on the nearest shrunken centroid (Figure 12). 
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Figure  12.  TAC  (transcriptome-associated  clusters) definition by  genes 

associated with each TAC group and enrichment of the pathways IL12, ILC2, 

Inflammasome, Neutrophil, Aging & Oxphos for each TAC group.

 
Legend:  
Left:  List  of  gene  signatures  associated  with  each  of  the  TACs  dervived  from  nearest 
shrunken centroid.

Right:  GSVA heatmap of signatures associated with specific pathways. Heatmap showing 
the GSVA enrichment score of the pathway signatures for IL13-T2 [SIG4] (192), ILC2 [SIG3] 
(193),  inflammasome  [SIG11]  (21),  neutrophil  [SIG2]  (194),  aging  [SIG10]  (195),  and 
Oxidative Phosphorylation [SIG5] (196) grouped by the TACs. Data is taken from Kuo et al 
(20).
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Chapter 3. Evaluation  of  metagenomic  pipelines  for  U-BIOPRED   

metagenomic sequence data

Parts of this chapter are based on the publication:

A Versi,  I  Fransiskus Xaverius et  al.  H influenzae & M catarrhalis  in  sputum of 

severe asthma with inflammasome and neutrophil activation. Allergy 2023; 00:1–14.

3.1 Introduction

Metagenomics  has  been  a  recent  development  in  the  field  of  microbiology  and 

genomics that  allowed scientists  to  explore the genomic and genetic  diversity  of 

microorganisms and entire microbial communities found in environmental and clinical 

samples.  Metagenomics  can  be  divided  into  two  distinct  approaches;  amplicon 

metagenomics, a targeted approach that focuses on specific genes or markers for 

taxonomic  classification  (including  16S/18S/26S  rRNA and  intergenic  transcribed 

spacer  (197,198),  and  shotgun  metagenomics,  which  provides  a  more 

comprehensive  and  unbiased  view  of  both  taxonomic  and  functional  aspects  of 

microbial communities based on all DNA sequences in the samples (199,200).

This  powerful  technique  has  the  potential  to  transform current  understanding  of 

microbial  ecosystems,  enabling  researchers  to  predict  major  metabolisms  in 

surveyed  environments  as  well  as  uncover  novel  microorganisms,  study  their 

functional  potential,  and  investigate  their  roles  in  shaping  the  environment  and 

human health (201–203).

3.1.1 Shotgun metagenomics

Metagenomics  generally  follows a  four-step sequential  process:  1)  sampling and 

DNA extraction, 2) sequencing, 3) bioinformatics processing, and 4) analysis and 

visualisation.  One  of  the  key  methodologies  in  metagenomics  is  shotgun 

metagenomic  sequencing,  which  is  a  method  of  randomly  fragmenting  all  DNA 

present in a given sample, followed by the sequencing of these fragments. Shotgun 

metagenomics  addresses  the  limitations  of  amplicon  sequencing,  which  targets 

specific genetic markers (e.g. 16S rRNA genes); shotgun metagenomics provides a 
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more  comprehensive  view  of  the  entire  genetic  material  within  a  sample  by 

sequencing all DNA fragments and allowing the recovery of the entire length of target 

genes. It yields vast amounts of sequence data, including the DNA of known and 

unknown microorganisms, viruses, and other genetic elements. That being said, both 

short-read and long-read sequencing techniques for gene assembly face limitations. 

For example, the presence of universal and highly conserved regions complicates 

the  assembly  of  short-read  sequencing.  Moreover,  the  long-read  sequencing 

techniques used to overcome this limitation are typically plagued by high cost and 

unstable sequencing quality (204).

3.1.2 Bioinformatics pipeline for taxonomy classification and functional genomics

The vast amount of data generated by shotgun metagenomics requires sophisticated 

bioinformatics  tools  and  pipelines  for  analysis  (205,206).  As  with  traditional 

microbiological studies, identifying the microbial taxon or taxa in the obtained DNA 

sequences  is  a  critical  step  in  the  metagenomics  analysis  process.  Taxonomy 

assignment can be performed using sophisticated classifiers and involves classifying 

each sequence into taxonomic groups, typically at various levels such as species, 

genus,  family,  and so on  (207).  This  information is  crucial  for  understanding the 

composition and diversity of the microbial community within a sample.

3.1.3 Kraken, Kaiju and MetaPhlAn: Three metagenomic pipelines

Several  bioinformatics  pipelines  have  been  developed  to  perform  taxonomy 

classification and gene microbial pathway classification from shotgun metagenomic 

data. Taxonomic classification tools are based on different types of data, utilising 

either DNA, protein or markers. Kraken, Kaiju, and MetaPhlan2 are three of the most 

widely used pipelines that involve unique features and algorithmic approaches.
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3.1.3.1 Kraken 

Kraken is an ultrafast  and highly accurate metagenomic classification tool  that is 

designed to assign taxonomy to DNA sequencing based on the alignment of k-mers. 

By using reference genomes, Kraken is able to construct a database of k-mers and 

the lowest common ancestor of all organisms with genomes in which each k-mer can 

be found. Kraken will then match k-mers in the metagenomic data to the database in 

order to identify the most likely taxonomic origin of each sequence  (208). Kraken 

allows  for  rapid  sequence  classification  with  a  high  sensitivity  and  specification. 

However,  the  database  size  of  Kraken  can  become  high,  and  advanced 

computational resources may be needed for running the program (207). MiniKraken 

is a variant of Kraken with a reduced memory requirement from 70GB of RAM to 

4GB of RAM (208). Kraken 2 also aimed to address the limitations of large memory 

requirements with Kraken, which significantly reduced the memory needed without 

sacrificing the high accuracy of  the program. Moreover,  Kraken 2 offers a 5-fold 

higher speed compared to Kraken 1 and improved sensitivity in viral metagenomics 

analysis  through  its  new  translated  search  mode  (209).  Braken  (Bayesian 

Reestimation of Abundance with Kraken) uses a Bayesian formula to perform the 

estimation  of  species  and  genus-level  abundance  from the  Kraken  classification 

results (210).

3.1.3.2 Kaiju

Kaiju is a taxonomic classification program that is based on protein-level sequence 

classification  as  opposed  to  relying  on  k-mers.  Kaiju  finds  maximum  (in-)exact 

matches of amino acid sequences on the protein-level using the Burrows–Wheeler 

transform  (211).  Kaiju  relies  on  the  alignment  of  metagenomic  reads  to  a  pre-

processed database of annotated proteins from microbial reference genomes, thus 

leading to the identification of the taxon or taxa on the best matches. Kaiju offers 

important advantages, namely high speed, efficiency, sensitivity and precision, with 

reduced database size compared to Kraken  (211), although its sensitivity remains 

database-dependent. 
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3.1.3.3 MetaPhlAn2

MetaPhlAn2 is a marker-based taxonomic classification tool distinct from Kraken and 

Kaiju, which rely on DNA and proteins references to assign taxa, respectively.  Using 

clade-specific  markers,  MetaPhlAn2  unequivocally  assigns  reads  from  shotgun 

metagenomics to taxonomic clades from a database (212). In addition to taxonomic 

assignment,  MetaPhlAn2  can  provide  an  accurate  estimation  of  the  coverage, 

presence and abundance of markers and by extension, the organisms. strain-level 

analyses are also possible via sub-species markers  (212).  In addition to its high 

resolution in species-level profiling,  MetaPhlAn2 is not computationally demanding, 

with  one of  the lowest  memory requirements  of  all  taxonomic classification tools 

(207). However, MetaPhlAn2 is not without its disadvantages; it is limited to species-

level  classification and may not  capture  the full  taxonomic  diversity  of  a  studied 

sample. In fact, MetaPhlAn2 was one of the taxonomic classification tools with the 

lowest performance due to limited marker-based databases (207).

3.1.3.4 HUMAnN2

HUMAnN2  is  a  functional  metagenomic  profiling  pipeline  originating  from  the 

Huttenhower Lab (213), the same group which develops and maintains MetaPhlAn2. 

Using shotgun metagenomics and metatranscriptomics, HUMAnN2 follows a three-

tier search approach to profile the metabolic pathway content contributed by known 

and uncharacterized species within a given sample. In the first tier, a custom gene 

database  is  constructed  based  on  species  found  within  the  sample  using 

functionally-annotated pangenomes. In the second tier, gene alignment statistics are 

generated per species in addition to the unmapped reads through the alignment of 

the entire sample to the constructed custom gene database (from the first tier). In the 

final and third tier, unmapped reads are aligned to databases such as UniProt (214). 

This is usually followed by the construction and quantification of metabolic pathway 

prevalence,  achieved  by  stratifying  the  alignment  statistics  into  per-species  and 

unclassified contributions and gene abundance values.
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In this chapter these pipelines were evaluated to decide which was the most suitable 

pipeline to use with the U-BIOPRED data going forward.

3.2 Methods

3.2.1 Participants:

As detailed earlier in Chapter 2 (Datasets and Methodology), the U-BIOPRED 

cohort  consists  of  four  groups.  Severe  non-smoking  asthmatics  (SAn),  severe 

smoking or ex-smokers asthmatics (SAs/ex), mild-moderate asthmatics (MMA) and 

heathy controls (HC). Induced sputum samples were taken at a baseline time-point 

(BL) and, in a subset of patients with severe asthma only, at a longitudinal time-point 

(LT) 12 months later.

3.2.2 Sample collection, Library preparation and Sequencing:

Sputum  induction  was  undertaken  as  described  earlier  in  the  Methods 

chapter.  Following inhalation of  hypertonic  saline,  induced sputum samples were 

collected from participants. Sputum plugs were isolated and frozen immediately at 

-70°C.

Samples were then sent to Second Genome (San Francisco, California, USA) for 

library preparation and metagenomic sequencing. Genomic DNA was extracted from 

the frozen sputum samples using the MoBio Tissue and Cells  DNA Isolation Kit 

(Qiagen,  Germantown,  USA)  at  250μl  input  volume.  The  DNA extraction  was 

performed  in  a  BioSafety  Cabinet  in  an  ISO8  Cleanroom.  Each  batch  included 

negative and positive controls. Extracted DNA was immediately stored in a -20°C 

freezer.

For  the  metagenomic  analysis,  samples  were  prepared  for  sequencing  with  the 

Illumina Nextera kit (Illumina, San Diego, USA) and quantified with Quant-iT dsDNA 

High  Sensitivity  assays  (ThermoFisher  Scientific,  Waltham,  USA).  Libraries  were 

pooled and run with 100 base-pair paired-end sequencing protocols on the Illumina 

HiSeq 2500 platform. 
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Although  Blank  DNA extractions  were  performed  on  sterile  phosphate-buffered 

saline (PBS),  no  analysis  was  performed  to  assess  the  degree  of  background 

contamination  associated  with  DNA extraction  and  sequencing  reagents,  as  the 

sequence files of the blanks were not returned by the sequencing company.

3.2.3 Quality control and host reads removal:

In order to check the quality of the metagenomic sequencing reads FastQC version 

0.11.8  (215) was used. Then, bowtie2 version 2.3.5.1 (with its default parameters) 

(216) was used to align the quality-filtered reads to the human reference genome 

(hg38  [https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.26/]).  Unmapped, 

non-host  reads  were  separated  from the  host  reads  and  sorted  using  samtools 

version 1.9 (217). The output files, which were in a BAM format, were converted into 

fasta files using bedtools version 2.28 (218) (for the conversion of BAM files into 

paired-end fastq files) and R/Bioconductor package ShortRead version 3.6.2  (219) 

(for the conversion of fastq files into fasta files).

3.2.4 Bioinformatics Pipelines:

Non-host metagenomic reads were subjected to bioinformatic pipelines to generate 

microbiome profiles. Three approaches were used to estimate microbiome profiles: 

Kraken2  with  MiniKraken2  and  Braken2  (208),  Kaiju  version  1.7.4  (211) and 

MetaPhlAn2 version 2.7.2  (220). Quality controlled metagenomic sequences were 

run  through  kraken2,  kaiju  and  MetaPhlAn  programmes  using  the  following 

commands:

Kraken command:

Kraken2 --threads 32 --fastq-input --confidence 0.05
--bzip2-compressed {input_1.fastq.bz2} {input_2.fastq.bz2} --
output
{output.reads}) --report {output.report}

Kaiju command:
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kaiju -t {db.nodes} -f {db.fmi} -i {input.1} -j {input.2} -o 
{output}
-z 32

MetaPhlAn2 command:

metaphlan2.py --input_type fastq --nproc 32 --bowtie2out
{output.bowtie2out} {db} {input} {output.report}

The functional profiling that estimates the abundance of microbial gene families and 

pathways from metagenomic data was performed using the HUMAnN2 (213).

HUMAnN2 command:

humann2 --verbose --threads 4 --input {input} --output humann2

3.3 Results

195 paired read metagenomic sequence files were received from Second Genome 

(San  Francisco,  California,  USA)  and  had  passed  quality  control  from  the  374 

number of  sputum samples taken (see  Chapter 2).  These included 148 baseline 

samples and 47 follow-up samples (Figure 13). All the sequence data have been 

uploaded to  the National  Center  for  Biotechnology Information (NCBI)  Sequence 

Read Archive (SRA) under project accession PRJNA946921.

https://www.ncbi.nlm.nih.gov/sra/PRJNA946921
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Figure 13. Cohort information after metagenomic sequencing of sputum.

Legend: Table showing the number of metagenomic samples of all subjects in the study at 
both  baseline  and  longitudinal  timepoints  by  disease  severity  cohorts.  The  number  of 
samples at the baseline and longitudinal are shown with 34 subjects having samples at both 
timepoints. Study cohorts: SAn (non-smokers with severe asthma); SAs/ex (smokers or ex-
smokers with severe asthma), MMA (non-smokers with mild or moderate asthma) and HC 
(healthy controls).

Out  of  the 47 follow-up samples  only  34 were paired  to  corresponding baseline 

sample taken from the subject, due to samples not passing quality control.

The 195 paired read sequence files were fed through the three pipelines using the 

commands described above in the methods section after host removal. 

Table 2. Summary of the output of the three pipelines

MetaPhlAn2 KrakEN2 Kaiju

# Species 320 4,525 116

# Samples 145 195 148

Species 

Density
100% 25% 100%

Legend: Table depicting at the baseline time-point, the number of species, the number of 
samples with one or more non-zero species-level assignments and the species density (the 
fraction of non-zero species in the output table) of the three pipelines tested; MetaPhlAn2, 
KrakEN2 and Kaiju.
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Table 2 depicts the number of species, the number of samples with one or more 

non-zero  species-level  assignments  and  species  density  of  each  of  the  three 

pipelines. The species density represents the fraction of non-zero elements in the 

abundance matrix.

Unusual and unexpected species were found in both the Kraken and Kaiju output. 

The  Kraken  output  consisted  of  dominant  Homo  sapiens  even after  host-read 

removal  with  bowtie2.  Kaiju’s  output  contained  high  abundances  of  the  species 

Ralstonia solanacearum,  Klebsiella pneumoniae,  Escherichia coli  and  Plasmodium 

ovale. The MetaPhlAn2 output was more comparable with previously published data 

on the airway microbiome (85) and therefore the MetaPhlAn2 output was chosen to 

go forward with.

3.3.1 Microbiome profiling with MetaPhlAn2

Out of the 195 samples, 5 samples were excluded as their reads were not assigned 

to any phylum by MetaPhlAn2, leaving 190 samples. 

A illustrates the depth of metagenomic sequencing of these 190 sputum samples 

before host read removal.  The sequencing depth ranged from 9.1 million to 63.6 

million  reads,  with  a  median and an interquartile  range of  33.3  million  and 17.2 

million reads, respectively. The range of the depth of non-host sequencing reads had 

a median of ~1.5 million reads after removing host reads. The assessment of airway 

microbiome data was conducted at phylum level (Figure 14B). Airway microbiome 

profile  was  not  affected  by  the  sequencing  depth  (Figure  14C). The  overall 

abundance of  bacteria  was vastly  (>95%)  accounted for  by  four  bacterial  phyla, 

Bacteroidetes, Firmicutes, Proteobacteria and Actinobacteria (Figure 14D).

Figure 14. Assessment of metagenomic sequencing and overview of phylum-

level microbiome profiles



68

Legend:  (A) Bar plot showing the metagenomic sequencing reads of sputum DNA of all 
subjects in the study ordered by increasing depth.  (B) bagplot showing the phylum-level 
airway microbiome profiles of subjects in the study using the same order of subjects as in 
(A). (C) bar plot showing Spearman correlation between the relative abundance of bacterial 
phyla and the depth of metagenomic sequencing reads. (D) bagplot showing the average 
phylum-level  airway  microbiome  profiles  across  study  cohorts.  Significance:  ns  (not 
significant, P>0.05), *P0.05, **P0.01 and ***P0.001. Study cohorts: SAn (non-smokers 
with  severe  asthma);  SAs/ex  (smokers  or  ex-smokers  with  severe  asthma),  MMA (non-
smokers with mild or moderate asthma) and HC (healthy controls).

After  species-level  reads  assignment  by  MetaPhlAn2,  189  samples  remained 

consisting of 91 samples for SAn, 50 for SAs/ex, 25 for MMA and 23 for HC. Both the 

SAn and SAs/ex cohorts contained samples from baseline and follow-up timepoints, 

with  97  (64  from SAn  and  33  from SAs/ex)  samples  coming  from the  baseline 
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timepoint and 44 coming from the follow-up time-point (28 from SAn and 16 from 

SAs/ex). Out of these only 34 paired samples with both time-points remained.

Batch effects were analysed using permutational multivariate analysis of variance 

(PERMANOVA) of the Bray-Curtis dissimilarity of the species-level abundance data 

(Figure  15)  which  showed  there  was  no  significant  difference  between  the 

composition of batches, indicating that contaminants were either low or consistent.

Figure  15.  Principle  coordinate  analysis  (PCoA)  based  on  Bray-Curtis 

dissimilarity  illustrating  species-level  -diversity  of  airway  microbiomes 

across sample batches B1-B5.

Legend:  Plot  showing  the  principle  coordinate  analysis  (PCoA)  on  the  brays-Curtis 
dissimilarity  matrix  of  the  metagenomic  data,  where  the  colours  represent  each  batch. 
PERMANOVA test showed a non-significant difference between the batches.
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 compares previously used and published taxonomic abundance data from an older 

version of the pipeline (87) run by Second Genome with the taxonomic abundance 

data generated from the updated version (2.7.2) of the pipeline. The figure shows an 

increase in all taxa, from order to species level and the abundance of all the common 

taxa from both versions of the pipeline are well correlated.
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Figure 16. The Venn diagram depicts the overlap for the two datasets at each 

taxa-level. 

Legend: (A) order-level, (C) family-level, (E) genus-level and (G) species-level. The density 
plots depict the frequency of the spearman’s correlation value for each taxa at each taxa-
level,  (B)  order-level,  (D)  family-level,  (F)  genus-level  and  (H)  species-level.  The  figure 
depicts that the updated abundance dataset has picked up more taxa and the intersection 
between the two datasets are well correlated.
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3.4 Discussion

For  microbiome profiling  MetaPhlAn2’s  results  were  more  realistic  than  both  the 

results of Kraken and Kaiju. This is because the top taxa of Kaiju’s results were 

dominated by unexpected microbes including Ralstonia,  Klebsiella and Escherichia 

(with the corresponding species are Ralstonia solanacearum, Klebsiella pneumoniae 

and Escherichia coli). MetaPhlAn2 implements an approach that aligns sequencing 

reads to marker genes. It is fast and requires very low memory, but its performance 

is  usually  limited  by  the  bias  introduced by  the  uneven distribution  of  sequence 

markers  across  microbes  of  interest  (207).  The  Kraken output  contained  a  high 

abundance of human reads even after human read removal with bowtie2. This may 

be  due  to  MiniKraken’s  reduced  k-mer  alignment  database  which  may  have 

introduced more false positive assignments compared to MetaPhlAn2.

Due to the metagenomic sequencing of the U-BIOPRED samples occurring between 

2010 and 2015,  the standard read length  at  the time was a  100 base-pair  (bp) 

paired-end sequencing protocol and hence the sequence data read length is shorter 

than the current standard of 150 bp or higher (221). This imposes a few limitations 

when it comes to pipeline choice. As noted in its original publication (211), Kaiju is 

shown to be much less sensitive for classifying reads whose length is approximately 

100 bp  (on average,  the sensitivity  for  genus-level  classification is  about  40%), 

compared to reads whose read length is approximately 250 bp (sensitivity is about 

70%).  This short read length may also be the reason why the Kraken algortihm with 

the  MiniKraken  database  pipeline  produced  abundance  data  containing  unusual 

species  such  as  Homo  sapiens  even  after  host  removal.  For  short-reads  the 

sensitivity of Kraken with MiniKraken can decrease by up to 11% (208).

MetaPhlAn2  is  therefore  a  more  preferrable  pipeline  although  one  of  the 

consequences of this is that some samples were not mapped to known reference 

microbial markers and thus not included in further analysis.

Another limitation to the taxonomic classification and abundance data is the inherent 

biases generated from the Illumina HiSeq sequencing platform and how this may 

impact  the interpretation of  the abundance data.  Several  studies have described 

guanine-cytosine (GC) content bias, where there is an underrepresentation of GC 
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poor  organisms  (222,223).  Another  example  is  the  higher  sequencing  yields  of 

organisms with GC-balance across regions of  Plasmodium falciparum (mean GC; 

19%) and  Rhodobacter sphaeroides (69%), as opposed to organisms with low-or 

high-content GC regions which had fewer yields (224).

In addition, another limitation is lack of sequenced negative control samples for each 

batch due to it not being kept by the sequencing company. This therefore means that 

batch specific contaminants cannot be shown and removed. However,  Figure 15, 

demonstrates that differences in the taxonomic abundance between batches is non-

significant and hence gives more confidence that the lack of accounting for negative 

controls  in  the  downstream  analysis  do  not  significantly  change  the  outcome 

between batches.

Having  determined  he  optimal  pipeline  for  analysis  of  U-BIOPRED  sputum 

metagenomics,  the  examination  of  differential  enrichment  of  microbial  species 

across asthma severity and molecular phenotypes could proceed, which is the topic 

of the next chapter in the thesis. 
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Chapter 4. Haemophilus influenzae and Moraxella catarrhalis in the sputum   

of severe asthma associated with inflammasome and neutrophil activation

Parts of this chapter are based on the publication:

A Versi,  I  Fransiskus Xaverius et  al.  H influenzae & M catarrhalis  in  sputum of 

severe asthma with inflammasome and neutrophil activation. Allergy 2023; 00:1–14.

4.1 Introduction

Severe asthma is a chronic inflammatory disease of the airways, with complex and 

heterogenous  clinical  presentation  (15).  Among severe  asthma subtypes,  severe 

eosinophilic  asthma  is  the  most  established  inflammatory  phenotype  and  is 

characterized by an increased production of type 2 inflammatory markers, namely IL- 

4, IL- 5 and IL- 13 cytokines (16). Conversely, type 1 inflammation, activation of the 

inflammasome activation and subsequent sputum neutrophilia are characteristic of 

the neutrophilic inflammatory phenotype  (20). However, the mechanism underlying 

neutrophil  recruitment  and  activation  has  yet  to  be  elucidated,  despite  evidence 

linking inflammasome activation and neutrophil airway recruitment in asthma (21). In 

fact,  the  interaction  of  airway  microbiota  with  host  immunity  and  inflammatory 

responses  in  the  lung  suggests  the  potential  role  of  the  lung  microbiome  in 

modulating clinical and inflammatory asthma phenotypes (67,68).

A  comprehensive  evaluation  of  asthmatic  patients’  microbiome  composition  is 

enabled by advanced culture-independent techniques, such as 16S ribosomal RNA 

microarray  and  PCR.  By  applying  such  techniques,  it  becomes  possible  to  link 

changes in the airway microbiota to clinical asthma presentation. For example, an 

increase in the frequency of proteobacteria in the airway of asthma patients (56) has 

been associated with airway hyperresponsiveness and poorer asthma control  (83). 

More  specifically,  patients  with  neutrophilic  asthma were  found  to  have  reduced 

sputum bacterial diversity compared to other asthma phenotypes, as well as higher 

levels  of  Proteobacteria,  including  Moraxella and  Haemophilus (particularly 

Haemophilus influenzae)  (134,161).  Studies of microbiome composition have also 
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shown associations between stable asthma and concentrations of bacteria such as 

Streptococcus  pneumoniae,  Moraxella  catarrhalis  (75,91) and  Haemophilus 

influenzae (56,83,91). 

The hypothesis of this chapter is distinct microbial species, such as  Haemophilus 

influenzae  and  Moraxella catarrhalis are associated with specific inflammatory and 

molecular phenotypes in severe asthma.

The present chatpter thus aimed to comprehensively characterize and investigate 

the microbiome of asthmatic patients down to the species level in an unprecedented 

use of metagenomic whole genome sequencing approach of induced sputum. This 

approach provided valuable insights into the relationship between airway dysbiosis 

and  airway  inflammation  through  an  extensive  assessment  of  clinically  relevant 

microbial species. Based on this, we examined the relationship between microbial 

species and relevant factors such as asthma severity and granulocytic inflammation. 

The  study  also  undertook  the  first-ever  examination  of  the  association  between 

bacterial species abundance and molecular asthma phenotypes, in an effort to clarify 

the potential  connection between these species and the host  immunological  and 

inflammatory responses (20).

4.2 Methods

The  participants  and  cohorts,  the  sputum  induction  and  initial  sample  handling 

together  with  the  TACs  derivation  are  described  in  Chapter  2.  Datasets  and 

Methodology.

4.2.1 Quality control of metagenomic data and host reads removal

Quality check for the original sequencing reads (using FastQC version 0.11.817) was 

followed by the alignment of quality-filtered reads to the human reference genome 

(hg38)  using  the  default  parameters  of  bowtie2  version  2.3.5.1(216).  Samtools 

version 1.9 was used to sort unmapped, non-host reads after their separation from 

host reads (217). Output file conversion was done as follows: bedtools version 2.28 

(218) was used to convert BAM format output files in fastq files, which were then 

converted into fasta files using R/Bioconductor package ShortRead version 3.6.2. 

https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.26/
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(219).  Microbiome  profiles  were  generated  by  subjecting  non-host  metagenomic 

reads  of  each  sputum  sample  to  bioinformatics  pipelines.  Microbiome  profile 

estimation was done using MetaPhlAn2 version 2.7.7 and its marker database (220), 

excluding viruses from the output. 

4.2.2 Statistical and computational analysis

Shannon's  index  within  sample  diversity,  α-diversity  (225) and  Bray–Curtis 

dissimilarity  between  microbiome  sample  pairs  were  calculated  using  the  R 

languages’ vegan package (226). Similarity between pairs of profiles was calculated 

as 1- day, where day is the associated Bray–Curtis dissimilarity. Sample to sample 

diversity  and  β-diversity  were  then  evaluated  using  the  generated  dissimilarity 

matrices between cohorts and timepoints using the PERMANOVA implemented in 

vegan's ADONIS function  (226). The dissimilarity matrices also served to visualize 

the  relationship  between  sample  groups  using  the  principal  coordinate  analysis 

implemented  in  R's  phyloseq package  (227) for  the  identification  of  differentially 

abundant  microbiome taxa,  the R's  DESeq2 package  (185) with test  and fitType 

parameters set  to ‘Wald’ and ‘parametric’,  and with pseudocount of  1 addition to 

species-level  MetaPhlAn2  data,  were  used  in  case  of  a  significant  results  after 

PERMANOVA analysis. Correction of Wald test’s p- values for multiple testing was 

done using the Benjamini–Hochberg method.

Differences between groups (alpha diversity) was evaluated with the Kruskal–Wallis 

test. When significant differences were detected on the Kruskal-Wallis test, results 

were  subjected to  post  hoc comparisons using  the  Mann–Whitney U-test  with  a 

Holm–Bonferroni correction. Wilcoxon signed-rank test was used to test differences 

in alpha diversity  over time using paired baseline and longitudinal  follow- up.  All  

performed  statistical  tests  were  two-tailed.  The  relationship  between  microbiome 

abundance  and  clinical  traits  and  inflammatory  biomarkers  were  determined  via 

Spearman correlations.

4.3 Results
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Table 3 summarizes the clinical and physiological characteristics and  Table 4 and 

Table 5 the asthma participants according to granulocytic inflammation status and to 

molecular phenotype, respectively. 

Species-level  analysis  was  conducted  for  189  of  193  sputum  samples  using 

MetaPhlAn2.  Where  available,  paired  samples  were  used  for  baseline  and 

longitudinal analyses. This yielded 33 subjects in the final analysis, despite the 46 

sputum samples being analysed at follow-up. Analysis was also conducted according 

to several factors, namely granulocytic inflammation defined by the level of sputum 

eosinophils and neutrophils (Table 4)  (169) and molecular phenotypes defined as 

transcriptomic- associated clusters (TACs) (Table 5) (20).
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Table 3. Characteristics of participants

Baseline Longitudinal

SAn SAs/ex MMA HC
P 

value*
SAn SAs/ex

P 

value**

Subjects, n 67 33 24 23 ND 30 16 ND

Age (years) 54.1 (12.6) 53.7 (10.2) 40.4 (15.8) 39.3 (13.9) <0.01 56.7 (11.5) 56.8 (7.8) NS

Females, n (%) 40 (59.7) 18 (54.5) 11 (45.8) 7 (30.4) NS 17 (56.7) 8 (50.0) NS

BMI (SD) 28.3 (5.5) 29.5 (5.8) 25.6 (4.9) 25.5 (3.2) <0.01 28.0 (5.2) 28.1 (4.6) NS

Current Smoking, n (%) 0 11 (33.3) 0 0 <0.001 0 4 (25.0) <0.001

Oral corticosteroid daily, n (%) 23 (34.3) 16 (48.5) 0 0 <0.001 9 (30.0) 8 (50.0) NS

ACQ-5 score, (SD) 2.3 (1.3) 2.4 (1.2) 1.0 (0.7) 0.1 (0.2) <0.001 2.0 (1.3) 2.1 (1.0) NS

Severe exacerbations, per year, 

(SD)
1.8 (1.9) 1.8 (2.2) 0.1 (0.3) 0 <0.01 1.6 (1.7) 1.7 (2.4) NS

Nasal polyposis, n (%) 24 (35.8) 9 (27.3) 4 (16.7) 2 (8.7) NS 11 (36.7) 5 (31.2) NS
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Eczema, n (%) 18 (26.9) 8 (24.2) 9 (37.5) 0 NS 22 (73.3) 12 (75.0) NS

Allergic rhinitis, n (%) 28 (41.8) 9 (27.3) 13 (54.2) 2 (8.7) NS 12 (40.0) 4 (25.0) NS

Non-Allergic rhinitis, n (%) 11 (16.4) 7 (21.2) 2 (8.3) 0 NS 9 (19.6) 6 (20.0) NS

GERD, n (%) 26 (38.8) 18 (54.5) 3 (12.5) 1 (4.3) <0.05 10 (33.3) 10 (62.5) NS

Hay fever, n (%) 29 (43.3) 16 (48.5) 15 (62.5) 3 (13.0) NS 10 (33.3) 5 (31.2) NS

Blood Eosinophils μL-1, mean (SD) 0.4 (0.3) 0.3 (0.2) 0.2 (0.1) 0.1 (0.1) NS 0.4 (0.4) 0.3 (0.3 NS

Blood Neutrophils μL-1, mean (SD) 5.2 (2.3) 5.8 (2.8) 3.6 (1.2) 3.5 (1.4) <0.001 5.1 (2.0) 5.1 (2.6) NS

Sputum Neutrophils (%), mean (SD) 58.8 (28.2) 56.1 (19.6) 48.7 (24.8) 42.6 (28.0) NS 58.6 (28.2) 53.1 (19.5) NS

Sputum Eosinophils (%), mean (SD) 14.0 (21.7) 12.5 (16.4) 4.0 (11.3) 0.3 (0.5) <0.05 9.2 (17.1) 13.7 (17.6) NS

FEV1% predicted, mean (SD) 62.2 (21.9) 67.6 (17.4) 90.5 (19.4) 104.1 (11.8) <0.001 64.3 (19.5) 67.9 (19.1) NS

FVC % predicted, mean (SD) 87.4 (18.6) 93.5 (19.0) 108.2 (17.0) 110.5 (11.1) <0.05 89.7 (19.3) 95.1 (19.7) NS

FEV1/FVC Ratio, mean (SD) 0.70 (0.16) 0.72 (0.12) 0.83 (0.12) 0.94 (0.07) <0.001 0.71 (0.13) 0.71 (0.12) NS
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Abbreviations:

ACQ5: Asthma Control Questionnaire score; BMI: Body mass index; FEV1: Forced Expiratory Volume in the first second pre-salbutamol; FVC:  
Forced Vital Capacity; HC: Healthy Control group; MMA: Mild-Moderate Asthma; N/A: Not applicable; ND: Not done; NS: Not significant; SAn:  
Severe Asthmatic non-smoking; SAs/ex: Severe Asthmatic smoking or ex-smoker; SD: Standard Deviation. 

P value*: One-way ANOVA (continuous) & Chi-squared (categorical) tests P-value comparing the three asthmatic cohorts: SAn, SAS/ex, MMA.

P value**: One-way ANOVA (continuous) & Chi-squared (categorical) tests P-value comparing the two severe asthmatic cohorts: SAn, SAS/ex.
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Table  4. Characteristics  of  subjects  classified  by  sputum  granulocytic 

inflammation type.

EOS NEU MIX
PAU P 

value*

Subjects, n 42 20 16 25 ND

Age (years) 52.8 (14.8) 49.0 (16.2) 53.8 (7.6)
49.0 

(11.7)
NS

Females, n (%) 25 (59.5) 11 (55.0) 12 (75.0) 11 (44.0) NS

BMI (SD) 27.2 (4.9) 29.1 (6.1) 27.5 (4.4) 28.1 (5.7) NS

Current Smoking, n (%) 5 (11.9) 1 (5.0) 1 (4.0) NS

Oral corticosteroid daily, n (%) 18 (42.9) 6 (30.0) 8 (50.0) 2 (8.0) NS

ACQ-5 score, (SD) 2.0 (1.2) 2.2 (1.3) 2.1 (1.2) 1.6 (1.5) NS

Exacerbations, per year, (SD) 2.0 (1.8) 2.6 (2.4) 2.8 (2.2) 1.1 (2.1) <0.05

Nasal polyposis, n (%) 14 (33.3) 7 (35.0) 7 (43.8) 6 (24.0) NS

Eczema, n (%) 9 (21.4) 11 (55.0) 6 (37.5) 6 (24.0) NS

Allergic rhinitis, n (%) 26 (61.9) 8 (40.0) 8 (50.0) 10 (40.0) NS

Non-Allergic rhinitis, n (%) 6 (14.3) 3 (15.0) 5 (31.2) 2 (8.0) NS

GERD, n (%) 16 (38.1) 9 (45.0) 7 (43.8) 8 (32.0) NS

Hay fever, n (%) 23 (54.8) 10 (50.0) 6 (37.5) 13 (52.0) NS

Blood  Eosinophils  μL-1,  mean 

(SD)
0.4 (0.3) 0.2 (0.1) 0.4 (0.3) 0.2 (0.2) <0.001

Blood  Neutrophils  μL-1,  mean 5.4 (2.4) 5.5 (3.1) 5.2 (1.7) 4.2 (1.5) NS
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(SD)

Sputum Neutrophils  (%),  mean 

(SD)
42.5 (17.5) 86.8 (7.0) 84.5 (8.1)

42.1 

(19.7)
<0.001

Sputum Eosinophils  (%),  mean 

(SD)
25.3 (22.1) 0.3 (0.3) 6.4 (6.0) 0.5 (0.5) <0.001

FEV1% predicted, mean (SD) 62.3 (18.7) 70.0 (25.4)
56.3 

(24.9)

80.5 

(20.8)
<0.01

FVC % predicted, mean (SD) 91.2 (18.1) 88.5 (20.1)
88.1 

(21.4)

101.9 

(18.6)

NS

Abbreviations:

ACQ5:  Asthma  Control  Questionnaire  score;  BMI:  Body  mass  index;  FEV1:  Forced 
Expiratory Volume in the first  second pre-salbutamol;  FVC: Forced Vital  Capacity;  EOS: 
Sputum eosinophilic high; NEU: Sputum neutrophilic high; MIX: Both Sputum eosinophilic 
and Sputum neutrophilic high; PAU:  paucigranulocytic; N/A: Not applicable; ND: Not done; 
NS: Not significant; SD: Standard Deviation. 

*: One-way ANOVA (continuous) & Chi-squared (categorical) tests P-value comparing the 4 
inflammatory cohorts.
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Table 5. Characteristics of subjects classified by Transcriptome-Associated  Cluster (TAC)

TAC1 TAC2 TAC3 P value*

Subjects, n 30 22 51 ND

Age (years) 56.47 (11.31) 49.55 (13.64) 49.02 (13.96) <0.05

Females, n (%) 17 (56.67) 15 (68.18) 27 (52.94) NS

BMI (SD) 27.28 (4.97) 28.54 (5.38) 27.88 (5.42) NS

Current Smoking, n (%) 2 (6.67) 1 (4.55) 4 (7.84) NS

Oral corticosteroid daily, n (%) 14 (46.67) 8 (36.36) 12 (23.53) <0.05

ACQ-5 score, (SD) 2.05 (1.12) 2.27 (1.29) 1.80 (1.37) NS

Severe  exacerbations,  per 

year, (SD)
2.17 (2.20) 1.41 (1.65) 1.18 (1.94) NS

Nasal polyposis, n (%) 14 (46.67) 6 (27.27) 14 (27.45) NS

Eczema, n (%) 14 (46.67) 6 (27.27) 14 (27.45) <0.05

Allergic rhinitis, n (%) 12 (40.00) 10 (45.45) 20 (39.22) NS

Non-Allergic rhinitis, n (%) 6 (20.00) 6 (27.27) 4 (7.84) NS

GERD, n (%) 0 (33.33) 10 (45.45) 20 (39.22) NS

Hay fever, n (%) 16 (53.33) 9 (40.91) 27 (52.94) NS

Blood  Eosinophils  μL-1,  mean 

(SD)
0.47 (0.35) 0.28 (0.20) 0.26 (0.24) <0.01

Blood  Neutrophils  μL-1,  mean 

(SD)
5.77 (2.45) 5.58 (2.78) 4.49 (1.85) <0.05
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Sputum Neutrophils (%), mean 

(SD)
48.23 (25.58) 88.04 (8.86) 49.78 (20.59) <0.001

Sputum Eosinophils (%), mean 

(SD)
32.90 (22.00) 1.70 (2.30) 3.08 (4.28) <0.001

FEV1% predicted, mean (SD) 8.10 (23.95) 63.72 (22.89) 76.96 (18.76) <0.001

FVC % predicted, mean (SD) 8.51 (20.03) 85.05 (20.30) 98.98 (17.35) <0.01

Abbreviations: 

ACQ5:  Asthma  Control  Questionnaire  score;  BMI:  Body  mass  index;  FEV1:  Forced 
Expiratory  Volume  in  the  first  second  pre-salbutamol;  FVC:  Forced  Vital  Capacity;  HC: 
Healthy Control group; MMA: Mild-Moderate Asthma; N/A: Not applicable; ND: Not done; 
NS:  Not  significant;  SAn:  Severe  Asthmatic  non-smoking;  SAs/ex:  Severe  Asthmatic 
smoking or ex-smoker; SD: Standard Deviation. 

P  value*:  One-way  ANOVA  (continuous)  &  Chi-squared  (categorical)  tests  P-value 
comparing the three TACs.

4.3.1 α- and β-diversity

Figure 17A shows the relative abundance of bacterial species by asthma severity. At 

species level, study cohorts exhibited differences in airway microbiome in both α-

diversity  (p = .001,  Figure  17B)  and  β-diversity  (p ≤ .002,  Figure  17C).  Severe 

asthmatics had similar levels of α-diversity, regardless of smoking status (SAn and 

SAs/ex). However, patients in the MMA and HC cohorts have higher α-diversity when 

compared to SAs/ex (Figure 17B). 

Figure  17.  Airway of  severe asthma subjects  exhibits  distinct  species-level 

microbiome profiles



85

Legend:  (A) Barplot showing the average species-level airway microbiome profiles across 
study cohorts. (B) Boxplot illustrating species-level -diversity of airway microbiome across 
study cohorts. (C) Principle coordinate analysis (PCoA) based on Bray-Curtis dissimilarity 
illustrating  species-level  β-diversity  of  airway  microbiomes  in  the  severity  cohorts.  (D) 
Barplots showing log2 fold-change of significantly differentially abundant airway microbial 
species  between  the  4  groups  of  SAn,  SAs/ex,  MMA and  HC.  Significance:  ns  (not 
significant, P>0.05), *P0.05, **P0.01 and ***P0.001. Study cohorts: SAn (non-smokers 
with  severe  asthma);  SAs/ex  (smokers  or  ex-smokers  with  severe  asthma),  MMA (non-
smokers with mild or moderate asthma) and HC (healthy controls). 

An inverse correlation was found between α- diversity and sputum neutrophils in 

SAn, neutrophilic and paucigranulocytic inflammation groups, and in TAC1 and TAC3 

(Figure 18). Number of exacerbations in the previous year or smoking pack-years 

were not correlated with α-diversity, as opposed to FEV1 (% predicted) which was 

positively correlated to α- diversity in neutrophilic inflammation and in TAC2 (Figure

18).

Figure 18. Heatmap of Spearman’s correlation coefficients 
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Legend:  The heatmap depicts  the spearman’s correlation between FEV1 (% predicted), 
FEV1/FVC  ratio,  exacerbations  in  previous  year,  sputum  neutrophil  and  eosinophil  cell 
counts (%), blood neutrophil and eosinophil counts, fractional exhaled nitric oxide (FeNO) 
levels and smoking pack years against bacterial species -diversity in the 3 classifications 
studied: asthma severity cohorts (San, SAs/ex and MMA), sputum inflammatory types (EOS, 
NEU, MIX and PAU) and transcription-associated clusters (TAC1, TAC2 and TAC3). 

SAn: non-smokers with severe asthma; SAs/ex: smokers or ex-smokers with severe asthma; 
MMA: mild-moderate non-smoking asthma; EOS: eosinophilic high (sputum eosinophil % ≥ 
1.49%); NEU: neutrophilic high (sputum neutrophil count % ≥ 73.6%); MIX: both neutrophilic 
and eosinophilic high; PAU: paucigranulocytic (sputum eosinophil % < 1.49% and sputum 
neutrophil count % < 73.6%); TAC: Transcription-Associated Cluster. 

Significance of Spearman test for each group level correlation: not significant (adjusted p > 
0.05) with clear boxes; *adjusted p ≤ 0.05; **adjusted p ≤ 0.01 and ***adjusted p≤0.001.



87

The species-level  relative abundance across the granulocytic types are shown in 

Figure  19A.  Lower  α-diversity  was  observed  across  several  inflammation 

phenotypes compared to HC, namely in eosinophilic (p < .05), neutrophilic (p < .05) 

and mixed granulocytic (p < .001) (Figure 19B). As for β-diversity, Bray–Curtis-based 

dissimilarity  was evident  across  the inflammatory  groups using PERMANOVA (p 

< .001) and ordination using principal coordinate analysis (Figure 19C).

Figure 19. Sputum inflammation type shows distinct species-level microbiome 

profiles

Legend:  (A)  Barplot  showing  the  average  species-level  airway  microbiome  profiles 
according to granulocytic sputum inflammation type. (B) Boxplot illustrating species-level ⍺-
diversity  of  airway  microbiome according  to  granulocytic  sputum inflammation  type.  (C) 
Principle coordinate analysis (PCoA) based on Bray-Curtis dissimilarity illustrating species-
level β-diversity of airway microbiomes in the 4 granulocytic sputum inflammation types and 
HC. (D)  Barplots  showing  log2  fold-change  of  significantly  differentially  abundant  airway 
microbial species according to granulocytic sputum inflammation type. (E) Barplots showing 
log2 fold-change of  significantly  differentially  abundant airway microbial  species between 
each of the sputum granulocytic types and healthy control. Significance: ns (not significant, 
P>0.05), *P≤0.05, **P≤0.01 and ***P≤0.001. Granulocytic sputum inflammation type: EOS: 
eosinophilic high (sputum eosinophil % ≥ 1.49%); NEU: neutrophilic high (sputum neutrophil 
count  % ≥ 73.6%);  MIX:  both neutrophilic  and eosinophilic  high;  PAU: paucigranulocytic 
(sputum eosinophil % < 1.49% and sputum neutrophil count % < 73.6%) and HC (healthy 
controls). 
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With regards to the TAC molecular phenotypes, TAC1 and TAC2 had reduced α- 

diversity  compared  to  TAC3  and  HC  (p < .001)  (Figure  20B).  Differences  in  β- 

diversity based on Bray–Curtis dissimilarity were also observed across the TACs (p 

< .001) (Figure 20C).

Figure  20.  Molecular  phenotypes  of  asthma  exhibit  distinct  microbiome 

profiles

Legend: (A) Barplot showing the average species-level airway microbiome profiles across 
the 3 transcriptome-associated molecular phenotypes (TACs) and in healthy controls (HC). 
(B) Boxplot illustrating species-level  -diversity of airway microbiome across the TACs and 
HC. (C) Principle coordinate analysis (PCoA) based on Bray-Curtis dissimilarity illustrating 
species-level β-diversity of airway microbiomes in the 3 TACs and HC (D) Barplots showing 
log2 fold-change of significantly differentially abundant airway microbial species between the 
3 TACs (E) Barplots showing log2 fold-change of significantly differentially abundant airway 
microbial species between each TAC and HCs. Significance: ns (not significant, P>0.05), 
*P0.05, **P0.01 and ***P0.001.
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4.3.2 Differentially abundant genera and species by asthma grouping

Sputum  samples  from  healthy  subjects  exhibited  the  following  major  genera: 

Prevotella,  Veillonella,  Haemophilus,  Neisseria,  Streptococcus,  Porphyromonas, 

Rothia, Alloprevotella and Tropheryma (Figure 21A). Compared to HC, patients with 

severe  asthma  (SAn  and  SAs/ex)  had  higher  abundance  of  Moraxella and 

Tropheryma (Figure 21C).

Figure  21.  Airway  of  severe  asthma  subjects  exhibits  distinct  genus-level 

microbiome profiles

Legend:  (A) Barplot showing the average genus-level airway microbiome profiles across 
study cohorts. (B) Boxplot illustrating genus-level  -diversity of airway microbiome across 
study cohorts. (C) Barplots showing log2 fold-change of significantly differentially abundant 
airway microbial genus between the 4 groups of SAn, SAs/ex, MMA and HC. Significance: 
ns (not significant, P>0.05), *P0.05, **P0.01 and ***P0.001. Study cohorts: SAn (non-
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smokers with severe asthma); SAs/ex (smokers or ex-smokers with severe asthma), MMA 
(non-smokers with mild or moderate asthma) and HC (healthy controls). 

The  most  abundant  microbes  included  Haemophilus  influenzae and  Tropheryma 

whipplei (Figure 17A). Compared to MMA and HC, non-smoking severe asthmatics 

(SAn) had higher abundance of  Haemophilus influenzae and Moraxella catarrhalis. 

By contrast, previous or current smokers (SAs/ex) had higher levels of Haemophilus 

influenzae, Tropheryma whipplei and Veillonella atypica compared to both MMA and 

HC (Figure 17D). When examining the potential impact of smoking status (current vs 

ex-smoking),  it  was evident  that  Haemophilus parainfluenzae and  Neisseria flava 

abundance was higher in ex-smokers compared to current smokers (Figure 22).

Figure 22. Barplots of the microbiome composition by smoking status
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Legend: Microbiome composition of the average relative abundance of the top 20 species 
for the current and ex-smokers severe asthmatics (A). Boxplot illustrating species-level  -
diversity of airway microbiome for the current and ex-smokers (FB).  Principle coordinate 
analysis  (PCoA) based on Bray-Curtis  dissimilarity  illustrating species-level  β-diversity  of 
airway microbiomes in the severe asthma patients comparing ex-smokers against current-
smokers  (C).  Barplots  showing  log2  fold-change  of  significantly  differentially  abundant 
airway microbial  species between ex-smokers and current-smokers in severe asthmatics 
(D). ns: non-significant.

As for the impact of exposure to daily OCS therapy, severe asthmatics (SAn and 

SAs/ex) had comparable α- and β-diversity whether they were on OCS or not (Figure

23). 

On a species-level,  Haemophilus influenzae, Moraxella catarrhalis, Porphyromonas 

gingivalis and Porphyromonas endodontalis had higher abundance in SAn that were 

not on OCS, while lower  Haemophilus parainfluenzae abundance was observed in 

SAs/ex, (Figure 23).

Figure 23. Barplots of the microbiome composition by OCS usage
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Legend: Microbiome composition of the average relative abundance of the top 20 species 
for severe asthma patients on daily oral corticosteroid (OCS) (yes) versus those not on daily 
OCS (no)  in  cohorts  SAn  (A-D)  and  SAs/ex  (E-H).  Boxplot  illustrating  species-level  -
diversity of airway microbiome on daily oral corticosteroid (OCS) (yes) versus those not on 
daily OCS (no) in cohorts SAn (B) and SAs/ex (F). Principle coordinate analysis (PCoA) 
based  on  Bray-Curtis  dissimilarity  illustrating  species-level  alpha-diversity  of  airway 
microbiomes on daily oral corticosteroid (OCS) (yes) versus those not on daily OCS (no) in 
cohorts  SAn  (C)  and  SAs/ex  (G).  Barplots  showing  log2  fold-change  of  significantly 
differentially abundant airway microbial species between those on OCS and those not on 
OCS in cohorts SAn (D) and SAs/ex (H). ns: non-significant.

4.3.3 Species abundance and clinical and inflammatory features

The abundance of the top 16 species with clinical and inflammatory features in the 

whole group of asthmatics and in the 3 subgroups of SAn, SAs/ex and MMA were 

examined (Figure 24).

Figure  24.  Heatmap  of  Spearman’s  correlation  coefficients  by  species  and 

severity

Legend:  Spearman’s  correlations  between  FEV1  (%  predicted),  FEV1/FVC  ratio, 
exacerbations in  previous year,  sputum neutrophil  and eosinophil  cell  counts (%),  blood 
neutrophil and eosinophil counts, and fractional exhaled nitric oxide (FeNO) levels  against 
the abundance of top bacterial species for the 3 asthma cohorts. Significance of Spearman 
coefficient correlation: ns - not significant (adjusted p > 0.05), with clear box; *adjusted p ≤ 
0.05; **adjusted p ≤ 0.01; ***adjusted p ≤ 0.001.  SAn: non-smokers with severe asthma; 
SAs/ex:  smokers  or  ex-smokers  with  severe  asthma;  MMA:  mild-moderate  non-smoking 
asthma; HC: healthy non-smoking and non-asthmatic.
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4.3.3.1 Airflow obstruction

When evaluating  indexes  of  airflow obstruction,  a  positive  correlation  was found 

between FEV1 and species  including  those  of  Veillonella and  Prevotella,  Rothia 

mucilaginosa and  Haemophilus  parainfluenzae.  There  was  a  positive  correlation 

between  Prevotella  intermedia,  Prevotella  melaninogenica,  Veillonella  unclassified 

and  Veillonella  atypica in  SAn,  between  Veillonella  atypica and  Prevotella 

melaninogenica in SAs/ex, and between Prevotella sp C561 in MMA with FEV1 (% 

predicted)  (Figure 24).  In  SAs/ex,  there was a  negative  correlation of  FEV1 (% 

predicted) and Haemophilus influenzae, Neisseria sicca and Tropheryma whipplei.

4.3.3.2 Exacerbations

In  the  entire  study  group,  a  negative  association  was  observed  between 

exacerbations in the previous year and  Prevotella melaninogenica and  Prevotella 

intermedia.  However,  the  negative  correlation  with  Prevotella  melaninogenica 

emerged  only  in  SAn  (Figure  24).  Meanwhile,  Neisseria  sicca was  negatively 

correlated with exacerbations in the SAs/ex group, where a positive correlation also 

emerged with Rothia mucilaginosa.

4.3.3.3 Sputum neutrophils

Moraxella catarrhalis was positively correlated with sputum neutrophils but there was 

a  strong  negative  correlation  of  sputum  neutrophils  with  Prevotella  intermedia, 

Prevotella  melaninogenica,  Prevotella  nigrescens,  Alloprevotella unclassified, 

Haemophilus parainfluenzae, Neisseria flavescence, Neisseria sicca, Streptococcus 

pseudopneumoniae,  Porphyromonas endodontalis,  Rothia mucilaginosa,  Veillonella 

unclassified and Veillonella atypica. These correlations all persisted when examining 

the  SAn  group  specifically,  except  for  a  lack  of  correlation  with  Alloprevotella 

unclassified.  Correlations  between  sputum  neutrophils  and  bacterial  species  in 

SAs/ex were negative for  Prevotella nigrescens and Alloprevotella unclassified, but 

positive for Moraxella catarrhalis and Neisseria sicca. In MMA, Prevotella sp C561, 

Prevotella  nigrescens,  Streptococcus  pseudopneumoniae,  Neisseria  flavescens, 



94

Neisseria sicca, Rothia mucilaginosa, Haemophilus parainfluenzae and Haemophilus 

influenzae were negatively correlated with sputum neutrophils.

4.3.3.4 Sputum eosinophils

In  regards to sputum eosinophils,  Moraxella  catarrhalis,  Prevotella  sp C561,  and 

Prevotella nigrescens exhibited a negative association, as opposed to  Tropheryma 

whipplei which was positively correlated to sputum eosinophils. Less associations 

were  observed  in  the  SAs/ex  group,  where  sputum eosinophils  were  negatively 

correlated with Rothia mucilaginosa, but positively with Tropheryma whipplei. As for 

SAn,  Streptococcus  pseudopneumoniae and  Alloprevotella  unclassified showed 

positive associations (Figure 24).

4.3.4 Species abundance according to granulocytic inflammation

The abundance of Haemophilus influenzae and Moraxella catarrhalis was higher in 

the neutrophilic rather than the eosinophilic and paucigranulocytic groups, and more 

Moraxella  catarrhalis compared  to  the  mixed  granulocytic  group.  Interestingly, 

Tropheryma whipplei was lower in the paucigranulocytic group and HC compared to 

the  eosinophilic  group,  which  also  had  more  abundant  Tropheryma  whipplei, 

Haemophilus  parainfluenzae,  and  other  species  including  Prevotella  pallens, 

Prevotella  melaninogenica,  Porphyromonas  sp  oral  taxon  279 and  Veillonella 

unclassified compared to the mixed granulocytic group (Figure 19C).

4.3.5 Species abundance according to TAC molecular phenotypes

As previously described (18), TAC1 is characterized by the expression of immune 

receptors IL- 33R, CCR3R and TSLPR, TAC2 by TNF- and IFN-associated genes, 

and TAC3 by expression of high glucose and succinate metabolism genes (Figure

24). There was an increase in relative abundance of Tropheryma whipplei, Prevotella 

melaninogenica, Porphyromonas sp oral taxon 279,  Prevotella histicola, Neisseria 

unclassified, Veillonella unclassified and Veillonella atypica but decrease in relative 

abundance  of  Moraxella  catarrhalis in  TAC1 compared  to  TAC2.  An  increase  in 

relative abundance of  Haemophilus influenzae and  Tropheryma whipplei in TAC1 
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compared  to  TAC3,  and  in  Haemophilus  influenzae and  Moraxella  catarrhalis in 

TAC2 compared  to  TAC3 (Figure  20D).  It  is  worth  mentioning  that  none  of  the 

samples  in  the  TAC1  group  exhibited  Moraxella  catarrhalis.   By  comparison  to 

healthy controls, TAC1 which has the highest expression score for an IL-13 Th2 and 

an  ILC-2  signatures  had  an  excess  of  Haemophilus  influenzae and  Tropheryma 

whipplei while TAC2 which had the highest expression scores for inflammasome and 

neutrophil activation an excess of Haemophilus influenzae and Moraxella catarrhalis.

4.3.6 Longitudinal stability of microbiome according to asthma severity

Follow-up data from the 1-year visit of severe asthma patients participating in the 

study are shown in  Table 3, when available. Overtime persistence of  Haemophilus 

influenzae or Tropheryma whipplei dominance was observed: 3 out of 4 subjects with 

Haemophilus  influenzae dominance  at  baseline  and  2  out  of  3  subjects  with 

Tropheryma  whipplei dominance  at  baseline  maintained  this  prevalence  at 

longitudinal follow- up (Figure 25). 
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Figure 25. Airway of severe asthma subjects exhibits temporal stability in 
species-level microbiome profiles

Legend: (A) Barplots showing the baseline and longitudinal follow-up of species-level airway 
microbiome  profiles  in  subjects  with  severe  asthma,  using  the  same  order  of  subject 
identifiers.  (B)  Paired  boxplot  illustrating  species-level  -diversity  of  airway  microbiomes 
across in severe asthma cases. (C) Principle coordinate analysis (PCoA) based on Bray-
Curtis dissimilarity illustrating species-level -diversity of airway microbiomes at baseline or 
longitudinal follow-up. Paired samples that are from the same subject are connected by a 
line. (D) Boxplot showing the species-level microbial compositional similarity across possible 
sample pairing: Within BL (pairing between any two baseline samples), Within LT (pairing 
between any two longitudinal follow-up samples), Unpaired (pairing between baseline and 
longitudinal follow-up samples from different subjects), and paired (pairing between baseline 
and  longitudinal  samples  from  the  same  subject).  Timepoint:  BL  (baseline)  and  LT 
(longitudinal  follow-up).  Significance:  ns  (not  significant,  P>0.05),  *P0.05,  **P0.01 and 
***P0.001.
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The same trend was observed at the genus level (Figure 26A). Longitudinal stability 

of airway microbiome was also observed in α- diversity (Figure 25B) and β- diversity 

(Figure 25C) of severe asthmatics at the species level. Similar results were seen at 

the genus level in α- diversity (Figure 26B) or β- diversity (Figure 26C). Moreover, 

Mann– Whitney U- test with Holm correction between paired and non- paired groups 

showed that genus- and species- level (Figure 25D and  Figure 26D) microbiome 

compositional similarity between paired samples that were from the same subject 

was significantly higher compared to that from other possible sample pairings.

Figure 26. Airway of severe asthma subjects exhibits temporal stability in 
genus-level microbiome profiles

Legend: (A) Barplots showing the baseline and longitudinal follow-up of genus-level airway 
microbiome  profiles  in  subjects  with  severe  asthma,  using  the  same  order  of  subject 
identifiers.  (B)  Paired  boxplot  illustrating  genus-level  -diversity  of  airway  microbiomes 
across in severe asthma cases. (C) Principle coordinate analysis (PCoA) based on Bray-
Curtis dissimilarity illustrating genus-level  -diversity of airway microbiomes at baseline or 
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longitudinal follow-up. Paired samples that are from the same subject are connected by a 
line. (D) Boxplot showing the genus-level microbial compositional similarity across possible 
sample pairing: Within BL (pairing between any two baseline samples), Within LT (pairing 
between any two longitudinal follow-up samples), Unpaired (pairing between baseline and 
longitudinal follow-up samples from different subjects), and Paired (pairing between baseline 
and  longitudinal  samples  from  the  same  subject).  Timepoint:  BL  (baseline)  and  LT 
(longitudinal  follow-up).  Significance:  ns  (not  significant,  P>0.05),  *P0.05,  **P0.01 and 
***P0.001.

4.4 Discussion

The results of this analysis sheds valuable insights on the role of microbial species in 

severe asthma. In this approach, we were able to examine differences in microbial 

species in the sputum of severe asthmatics from the level of asthma severity and 

inflammatory status to the extent of the molecular phenotype. This was achieved 

using metagenomic sequencing of samples from one of the largest cohorts of severe 

asthmatics. 

Owing  to  their  potential  pathogenicity  in  respiratory  diseases,  three  pathogenic 

microbial  species  were  chosen  as  the  focal  point  of  the  study.  These  were 

Haemophilus influenzae,  Moraxella  catarrhalis and  Tropheryma whipplei.  Analysis 

revealed  reduced  bacterial  α-  diversity  of  microbial  species  across  both  study 

groups.  That  being  said,  patients  in  the  SAn  cohort  had  higher  frequency  of 

Haemophilus influenzae and  Moraxella catarrhalis compared to those in the MMA, 

HC,  SA/ex  groups.  The  latter  (SA/ex)  had  a  higher  abundance  of  Haemophilus 

influenzae and Tropheryma whipplei compared to the MMA group only, with no other 

notable  differences  in  microbial  species  between study  groups.  That  being  said, 

further  examination of  the microbiome with  distinctions in  regard to  inflammatory 

status revealed the mixed granulocytic group as the one with the lowest α- diversity.  

While  the  neutrophilic  group  exhibited  only  a  slight  reduction  in  α-  diversity, 

increased Haemophilus influenzae and Moraxella catarrhalis abundance was linked 

to neutrophilic inflammation. By contrast, increased levels of  Tropheryma whipplei 

were associated with eosinophilic inflammation. The study also described the first 

attempt  at  assessing  the  relationship  between  microbial  species  and  molecular 

phenotypes in asthma; TAC1 and TAC2 were associated with the highest abundance 

of  Haemophilus  influenzae.  This  was  of  interest  considering  that  Haemophilus 

influenzae was  highly  present  in  both  an  eosinophilic  (TAC1)  and  a  neutrophilic 
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(TAC2) phenotype, but not a paucigranulocytic phenotype (TAC3). Other findings of 

note  were  a  higher  abundance  of  Moraxella  catarrhalis in  TAC2,  but  very  low 

abundance in TAC1 and TAC3, while Tropheryma whipplei was increased in TAC1. 

The observed variation in  Haemophilus influenzae abundance might be due to the 

reduced phagocytosis of this bacterium by lung macrophages in patients with severe 

asthma, leading to an increased abundance in the sputum (228). Current evidence 

suggests activation of toll-like receptor 2 (TLR2) (229) on human tracheal epithelial 

cells, leading to the release of inflammatory markers IL-1α, IL-1β, IL-6, IL-8, MCP-1 

and  TNF-α  (230).  While  this  cascade  would  result  in  neutrophil  activation  and 

inflammation,  it  is  uncertain  why  Haemophilus  influenzae  is  present  in  higher 

amounts in both TAC1 and TAC2, with no evident association to oral corticosteroid 

therapy. 

Severe or poorly controlled asthma presenting with evidence of neutrophilic airway 

inflammation is known to occur as a result of respiratory infections caused by airway 

pathogens,  one  of  which  is  Moraxella  catarrhalis  (91,134).  In  the  present  study, 

sputum neutrophils were most positively correlated with Moraxella catarrhalis in both 

the SAn and Sas/ex groups. This was directly opposed to the MMA group, where an 

inverse correlation was found between sputum neutrophils and Moraxella catarrhalis. 

Our results also support the potential association between Moraxella catarrhalis and 

neutrophilic  inflammation  induction  in  severe  asthmatics;  when  looking  at  the 

molecular phenotype level, the abundance of  Moraxella catarrhalis was highest in 

the TAC2 phenotype,  which is  characterized by activation of  neutrophils  and the 

inflammasome.  This  finding,  in  combination  with  its  correlation  with  sputum 

neutrophilia, further supports the link between Moraxella catarrhalis and neutrophilic 

inflammation.  In  the same vein,  Moraxella  catarrhalis  has been shown to act  on 

several  mediators  of  neutrophilic  inflammatory  processes,  such  as  macrophage 

activation through TLR 2, 4 and 9 (231) as well as NF-κB-dependent release of IL- 6, 

IL- 8 and prostaglandin E2 in the lung epithelium (232,233).

While commonly associated with Whipple’s disease with inflammatory involvement of 

the gastrointestinal  system,  Tropheryma whipplei has also been implicated in the 

aetiology of several respiratory conditions; aspiration as well  as pneumonia (both 

ventilator-associated  and  community-acquired),  can  be  caused  by  Tropheryma 
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whipplei  (234).  When  examining  bronchoalveolar  lavage  fluid  of  asymptomatic 

immunosuppressed Human Immunodeficiency Virus patients,  Tropheryma whipplei 

colonization was evident and was susceptible to anti-retroviral therapy (235). There 

is also a report of Tropheryma whipplei in sputum samples of severe asthmatic with a 

predominately eosinophilic phenotype, as determined via PCR  (134). Our findings 

revealed that among severe asthma patients, current smokers or ex-smokers have 

the highest levels of Tropheryma whipplei. Patients from the Sas/ex are more likely 

to exhibit sputum eosinophilia when higher abundance of Tropheryma whipplei was 

present.  Moreover,  pack  years  of  smoking  also  affected  the  abundance  of 

Tropheryma whipplei in a positive trend among patients presenting with the TAC1 

and TAC2 phenotypes. At the time of writing, this remains the only evidence of the 

implication  of  smoking  status  on  sputum  metagenome  of  severe  asthmatics 

(particularly, Sas/ex vs non-smoking asthmatics). Previous examinations of the lung 

microbiome of smokers in comparison with non-smokers employing 16S ribosomal 

RNA microarray have either failed to detect a difference between the two groups 

(236,237),  or  have  reported  on  the  level  of  microbiota  other  than  Tropheryma 

whipplei (increase in Veillonella and Megasphaera with a decrease in Haemophilus) 

(237). As such, it is uncertain what mechanisms underly the increased abundance 

and potential pathogenesis of  Tropheryma whipplei in smoking/ex-smoking severe 

eosinophilic asthma.

The above-described variations in bacterial species were not the only ones found in 

the  analysis;  Severe  asthmatics,  be  they  smokers  (Sas/ex  group),  ex-smokers 

(Sas/ex group), or non-smokers (SAn group), exhibited reductions in several species 

when compared to the MMA and/or HC groups. Consistently with extant evidence of 

enriched Prevotella in non-asthmatics compared to asthmatics (56,138), the present 

analysis  noted  a  decreased  abundance  of  Prevotella  intermedia in  patients  with 

severe  asthma,  regardless  of  their  smoking  status  (SAn  and  SAS/ex  groups). 

Moreover,  a  negative  correlation  was observed  between most  of  these  bacterial 

species  and  sputum  neutrophilia.  Similar  associations  emerged  on  the  level  of 

asthma exacerbations; an increase in the abundance of  Prevotella melaninogenica 

and Prevotella intermedia was indicative of lower asthma exacerbations in the whole 

asthma group. As such, samples from patients with non-smoking severe asthma had 
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reductions in some Prevotella species (vs. HC and MMA), consistent with previous 

reports of higher levels in healthy controls and mild-moderate asthmatics (56). That 

being said,  knowledge on these bacterial  species’ potential  lung pathogenicity  is 

limited. In particular, few studies have examined the implication of Prevotella species 

in  the  human  respiratory  system,  although  it  has  been  linked  to  mucosal 

inflammation through Th-17 mediated pathways (238).

Another finding of note is the notable reduction of  Haemophilus parainfluenzae in 

non-smokers (SAn) and in both TAC1 and TAC2. As for this species’ relationship with 

sputum neutrophilia, the SAn and MMA groups, as well as the TAC1 and TAC3 had 

negative  correlations.  While  current  smokers  also  had  reduced  abundance  of 

Haemophilus  parainfluenzae when  compared  to  ex-smokers,  patients  on  OCS 

exhibited similarly  reduced levels  compared to  those who are  not,  regardless  of 

whether they were current or ex-smokers. This calls into question the role of current 

smoking in reducing this bacterial species as this particular change in the bacterial 

microbiome could be due to OCS therapy.  It is worth mentioning that by triggering 

TAK1/MAPK  activation,  Haemophilus  parainfluenzae  can  negatively  affect 

corticosteroid  responsiveness  in  asthmatic  patients’  alveolar  macrophages  (110), 

possibly contributing to the development of corticosteroid resistance.

Follow-up data after 12 months suggests the stability of the microbiome in severe 

asthma patients, as determined by the maintenance of α- and β-diversity. Relative 

overtime stability was evident in two distinct robust severe asthma phenotypes when 

the same microbial  data was subjected to unbiased microbiome-driven clustering 

(87).  However,  achieving relative stability  does not  exempt  asthma patients  from 

experiencing  worsening  of  their  disease,  such  as  acute  exacerbations,  and 

consequently exhibit microbiome changes (specifically, an increase in gram-negative 

microbes)  in  induced  sputum  (239).  Delving  deeper  into  the  two  identified 

phenotypes,  it  was  found  that  40  patients  exhibited  worse  asthma  outcomes, 

increased  sputum  neutrophilia  and  greater  abundance  of  several  species  (i.e. 

gamma-proteobacteria,  Haemophilus  influenzae and  Moraxella  catarrhalis).  A 

genetic component has been linked to these phenotypes,  with previous report  of 

changes in the expression of genes implicated in inflammatory processes and their 

regulation such as TNFα, IL-1, TLRs and inflammasomes (240).
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Some technical limitations of the analysis presented above are worth mentioning. 

Firstly, MetaPhlAn2 was used based on the higher utilitarian value of its taxonomic 

composition  for  respiratory  microbiome  consideration  compared  to  protein-based 

methods, such as Kaiju  (211). Despite this, higher accuracy in taxonomy profiling 

could have been achieved with sequencing technology reads of 150 base-pairs or 

longer at lower depth compared to the paired-end 100 base-pairs at high sampling 

depth used in our analysis. 

Secondly,  the  taxonomic  assignment  approach  used  in  MetaPhlAn2  (algorithmic 

marker-based approach) may not yield complete results; This is thought to arise out 

of the generation of high amounts of host DNA in sputum samples by neutrophils and 

neutrophil extracellular traps and the consequent low level of microbial reads. The 

estimation of taxonomic composition thus becomes difficult based on the resulting 

lack of marker genes, leading the exclusion of some samples from the downstream 

analysis.  DESeq2  was  used  for  differential  analysis  in  order  to  account  for  the 

negative binomial distribution of metagenomic data as well as make allowances for 

pseudocount, thus addressing the fact that not all  samples share the same taxa. 

Another important limitation in our study was incomplete data on previous or current  

medication  (antibiotics,  oral  corticosteroid  therapy,  etc.)  which  could  impact  lung 

microbiota.  Selective  reduction  of  bacterial  load  has  been  reported  with  some 

therapy,  with  a  study  reporting  azithromycin  (macrolide  antibiotic)  to  lead  to  a 

significant  reduction  in  Haemophilus  Influenzae among  patients  with  unstable 

asthma.  However,  no  decrease  was  observed  in  Streptococcus  pneumoniae, 

Staphylococcus aureus, Pseudomonas aeruginosa, or Moraxella catarrhalis (241). In 

the current patient cohort, few reported antibiotic therapy at baseline or follow-up, but 

treatment  history  was  unavailable.  Moreover,  results  indicated  a  decrease  in 

Haemophilus Influenzae and  Moraxella catarrhalis with the use of OCS in severe 

asthmatics who were non-smokers, further supporting the role of OCS, and other 

relevant therapy, in the modulation of the microbiome.

In conclusion, this metagenomic analysis of sputum derived from severe asthmatics 

illustrated  the  airway  inflammation  phenotype-dependent  change  in  bacterial  α- 

diversity  at  the  species  level.  On  the  one  hand,  neutrophilic  inflammation  and 

activation  of  neutrophils  and  inflammasome  were  associated  with  reduced 
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abundance  of  some  bacterial  species,  namely  Haemophilus  influenzae and 

Moraxella catarrhalis. On the other hand,  Haemophilus influenzae and Tropheryma 

whipplei were most  abundant  in  the presence of  eosinophilic  inflammation,  while 

Moraxella  catarrhalis could  not  be  detected.  Moreover,  associations  emerged 

between Tropheryma whipplei and eosinophilic inflammation, as well as smoking (be 

it  current  or  ex-smoking).  The associations revealed in  our  analysis  suggest  the 

potential causal relationship between specific inflammatory pathways and bacterial 

species; particular inflammatory pathways could be active by some bacteria, while 

the  opposite  holds  true  with  certain  inflammatory  pathways  inducing  selective 

bacterial proliferation. Regardless, results suggest the correlation between disease 

severity  and  inflammatory  phenotype  (especially  neutrophilic  inflammation)  and 

bacterial species established in the airways of severe asthmatics. Future studies are 

needed in order to confirm and explore the implication of various bacterial species in 

the inflammatory processes underlying asthma, particularly by evaluating variations 

on  the  lung  microbiome  between  patients  treated  with  type  2  or  non-type  2 

inflammation pathway treatments. There is current evidence to suggest that certain 

clinical  variables such as fractional  exhaled nitric oxide (FeNO) might be able to 

predict which subgroup of severe asthma is more likely to benefit from antimicrobial 

strategies,  and  that  biologic  therapy  used  to  improve  asthma control  in  type  2-

mediated severe asthma, such as mepolizumab, does not necessarily alter airway 

microbial  composition  (113).  Further research is needed to better understand the 

optimal integration of microbial  species (and their  targeted treatments) in asthma 

patients’ management.
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Chapter 5. A  severe  neutrophilic  asthma  phenotype  with  high  airway   

Haemophilus influenzae abundance

Parts of this chapter are based on the publication:

A Versi, A Azim et al. A severe asthma phenotype of excessive airway Haemophilus 

influenzae relative abundance associated with sputum neutrophilia. Clin Transl Med. 

2024 Sep;14(9):e70007.

5.1 Introduction

A paradigm shift in asthma unfolded with the emergence of molecular phenotypes in 

asthma,  characterized  by  the  predominant  type  of  inflammation  (eosinophilic  or 

neutrophilic inflammation) that are established based on transcriptomic or proteomic 

analyses of severe asthmatics’ bronchial biopsies or sputum cells  (20,175). In fact, 

molecular phenotypes carried important implications for the management of severe 

eosinophilic asthma; this phenotype is characterized by type 2 inflammation and thus 

exhibited  a  good  response  to  biologic  therapy  targeting  type  2  inflammatory 

mediators such as cytokines, IL-4, IL-5 and IL-13.  By contrast, studies have yet to 

clearly  define  neutrophil-driven  asthma  phenotypes  beyond  their  potential 

association with airway microbiome dysbiosis which is common to uncontrolled or 

severe  asthma  (161,240).  Species-level  metagenomic  insights  into  the  airway 

microbiome of asthma patients has linked neutrophilic asthma to an abundance of 

Haemophilus  influenzae and  Moraxella  catarrhalis  (170),  consistently  with  other 

reports  of  Proteobacteria  enrichment  (including  Moraxella  and Haemophilus, 

particularly Haemophilus influenzae) in the neutrophilic asthma phenotype (134,161). 

It  seems  that  Haemophilus  influenzae and  Moraxella  catarrhalis are  involved  in 

triggering  an  inflammatory  response  via  the  activation  of  neutrophils  and 

inflammasomes (170). That being said, opportunistic pathogens have been known to 

develop evasive mechanisms for the evasion of neutrophil-driven bacterial  killing, 

thus circumventing the crucial role of neutrophils in the defence against respiratory 

infections (242).

Based on the evident interplay between pathogenic bacteria and the host immune 

response in the airways, we examined whether the abundance of bacterial species 
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could further the definition of severe asthma phenotypes. To that end, a definition of 

bacterial species outgrowths was developed based on the impairment of the diversity 

of species revealed by the metagenomic analysis of sputum samples in the severe 

asthma  U-BIOPRED  cohort  (170).  We  assessed  the  associations  between  host 

molecular  pathways  and  relative  dominant  species  containing  specific  abundant 

bacterial  species.  In  so  doing,  we  have  defined  a  phenotype  of  severe  asthma 

dominated by abundant airway Haemophilus influenzae.

The hypothesis of this chapter was that an increased relative abundance of particular 

species  in  the  airway  microbiome may  be  associated  with  distinct  host  immune 

response pathways.

5.2 Method

5.2.1 Participants

The U-BIOPRED cohort included severe asthmatics (SA) and two control groups. 

SAs consisted of nonsmokers and current and/or ex-smokers, while mild-moderate 

asthmatics (MMA) and healthy volunteers (HC) constituted the two control groups 

(164) (Table 6).  Written informed consent was obtained from all  patients prior  to 

study participation.  
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Figure 27. Consort diagram depicting subjects in analysis

 

Legend:  Consort  diagram  depicting  the  repartition  of  asthma  subjects  recruited  in  U-
BIOPRED cohort into various groups and in the hierarchical clustering with 3 clusters of 
RDS.

Hi: Haemophilus influenzae; MMA/HC: mild-moderate asthma and Healthy control subjects; 
RDS:  relative  dominant  species;  SAn:  severe  non-smoking  asthma;  SAs/ex:  severe  ex-
smoking or current smoking asthma.



107

5.2.2 Sample collection, DNA/RNA extraction and data pre-processing

The patients inhaled nebulized hypertonic saline for the induction of sputum. Sputum 

cells  from  the  collected  induced  samples  were  used  for  RNA  extraction. 

Transcriptomic expression was performed using this RNA via Affymetrix U133 Plus 

2.0 (Affymetrix, Santa Clara, CA, USA) microarrays. Quality checks were performed 

according to Affymetrix® recommendations and the expression matrix was derived 

using the robust microarray analysis (RMA) method from the affy R package (243). 

Metagenomic sequencing analysis was performed on frozen sputum samples from 

148 participants (100 SA, 25 MMA, 23 HC) by Second Genome (San Francisco, 

California, USA) (170) (Figure 27). Following this, metagenomic data was subjected 

to quality control and removal of host reads yielding a final sample of 145/148 (97 SA 

patients and 48 MMA and HC subjects) for  further analyses. Microbiome profiles 

were then estimated through the MetaPhlAn2 pipeline (version 2.7.2) and its marker 

database  (220).  Metagenomic functional  profiling was undertaken to estimate the 

abundance of microbial gene families and pathways from metagenomic data using 

the HUMAnN2  (213) and the UniProt pathway database (UNIPATHWAY database) 

(214,244).

5.2.3 Definition of relative dominant species (RDSs)

We  defined  the  abundance  of  a  particular  bacterial  species  being  high  to  be 

designated as an RDS. In the SA cohort, for each species a minimum abundance 

cut-off was determined based on the minimum abundance required to for a reduction 

in  Shannon’s  -diversity to  below  the  Shannon’s  -diversity pre-determined 

threshold  of  a  Z-Score of  -2  obtained from the combined MMA and HC cohorts 

(Figure  28 &  Figure  29).  Samples  with  an  abundance  of  equal  or  above  the 

mimimum abundance cut-off for that species would be designated as an RDS. 

Figure 28. Flowchart showing the determination of relative dominant species 
(RDS) by α-diversity threshold in the sputum samples and applied to samples 
of severe asthma patients and hierarchical clustering of RDS samples. 
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Legend:  MMA/HC:  Mild-moderate  asthma/Healthy  controls;  SA:  Severe  asthma.  The 
numbers studied in each cohort are shown.
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Figure 29. Relative dominant specie (RDS) cut-off methodology. 

Legend:  The  α-diversity  (Shannon’s  diversity  index)  distribution  of  mild-moderate 

asthma/healthy controls (MMA/HC) and severe asthma (SA).  Those with α-diversity in the 

range of or less than –2-Z score were included as RDSs.

5.2.1 Method for designating a relative dominant species (RDS)

The formula for the Shannon’s diversity index is described below:

H '=∑
i=0

S

pi ln ( pi )

where pi denotes the proportion of the entire sample composed of species I (245).

Used to  measure entropy,  the shannon’s diversity  index originates in  information 

theory.  The formula  above illustrates  the concept  that  as the number  of  taxa or 

species there are and as their equalness in abundance increases, then it becomes 

more difficult to  predict the next taxa/species and its abundance - hence there is 

higher entropy or disorder in the sample (246). Therefore, the Shannon’s α diversity 

in  the current  context  is  a  metric  of  richness and evenness of  the species in  a 
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particular  sample.  The term  -piln(pi) contributes  the  measure  of  evenness in  the 

equation.

As decrease in Shannon’s diversity denotes, a decrease in evenness and richness of 

species within the sample. A decrease in evenness of abundance within a sample 

denotes that  the abundance of  one or  more species rises above the rest  of  the 

sample,  hence  a  dominant  species  emerges.  To  determine  an  arbitrary  point  at 

which the evenness is reduced enough to be abnormal, a 2-standard deviation below 

the mean of the mild-moderate asthma and healthy control (MMA/HC) group was 

used as an arbitrary threshold. By using this threshold on the severe asthma group 

we were able to identify the species which are attributed to this low evenness within 

the  samples.  Those  samples  within  severe  asthma  that  do  not  fall  below  this 

threshold  would  be  considered  not  to  have  severe  asthma  associated  with  any 

degree of microbial dysbiosis. 

This approach enables us to identify the bacterial species which are associated with 

this reduction in evenness within the sample and can then be defined as a relative 

dominant  species  (RDS).  These  samples  with  a  particular  RDS  can  then  be 

analysed with paired transcriptomics data to gain insight into the host response to 

the bacterial species dominance. This makes it possible to explore the heterogeneity 

of the host response to a particular species.

As the aim of this study was to gain a deeper understanding of the abnormalities 

associated with low diversity severe asthma, the healthy control (HC) subjects and 

the mild-moderate asthma (MMA) subjects were combined into a single comparator 

group.  This  approach was deemed appropriate  because the mean α diversity  of 

MMA and HC were within 5% of each other with the standard deviation of MMA 

cohort less than the standard deviation of the HC cohort. The Z-test between the two 

distributions of MMA vs HC showed they were not significantly different, with a Z-

statistic of -0.3, suggesting the samples were of the same distribution and a non-

significant p-value (0.76). Figure 30 depicts the distribution plots of the two cohorts.
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Figure 30. Distribution plot of alpha-diversity for MMA and HC Cohorts

Legend: A Frequency plot of the alpha diversity using Shannon’s index for the cohorts MMA 
and HC. MMA: Mild-moderate asthma; HC: Healthy controls.

Using this diversity threshold in the SA group, an abundance cut-off was determined 

for  each  bacterial  species  based  on  the  minimum  abundance  of  that  species 

associated with the reduction in Shannon’s a-diversity to, or below, this threshold 

(Method for designating species     RDS   ).  We iterated through a set of  abundance 

values for each species and excluded samples that do not have an abundance at or 

above that value and then calculated the diversity of the remaining samples. When 

the Shannon’s -diversity of the remaining samples was found to be at or below the 

pre-calculated  threshold,  that  abundance  value  was  designated  as  the  RDS 

abundance cut-off for that species. For samples that contained no RDSs, the species 

was designated as a non-RDS.  The algoritm is shown below using pseudo-code.

ALGORITHM 1. ALGORITHM FOR RDS DETERMINATION

Input: abundance_matrix, Shannon_threshold

N <- input.length

For species = 0 to N:
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For cutoff = 0 to 75 with step 0.5:

new_abundance_matrix <- select_samples_of _species_less_than(species, cutoff)

If mean_shannon_diversity(new_abundance_matrix) >= shannon_threshold:

Output <- [species, cutoff]

break

End

End

5.2.2 Clustering on abundance of low-diversity bacterial species 

Clustering  by  similar  species  compositional  characteristics  was  performed.  To 

determine  similarity  between  samples,  the  Aitcheson  distance   β-diversity 

dissimilarity measure  (247) was employed because it was suited for compositional 

data  (248).  This  was  computed  on  the  species-level  abundance  from  the 

metagenomics data of the RDS samples in SA. Hierarchical Ward2 agglomerative 

clustering on the Aitcheson distance was performed and the optimum number of 

clusters  determined  using  the  average  silhouette  width  (249) and  the  Calinski-

Harabasz score  (250). Consensus clustering  (15) was used to assess stability by 

resampling, randomly removing 10% of the data and repeating the clustering through 

1,000 iterations. The empirical CDF displays the consensus distributions for each 

value of k derived using the ConsensusClusterPlus package (251). 

5.2.1 Determiniation of dominant RDS

For  samples  containing  multiple  RDSs,  the  definition  of  a  dominant  RDS  is 

described. We divided the abundance of all RDS species within a sample by the cut-

off abundance for that given species. This produced a factor and the spcies with the 
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highest factor in a given sample was considered to be the dominant RDS in that 

sample.

5.2.2 Longitudinal analysis

Paired baseline samples were available for 43 out of the 44 follow-up samples. This 

was used to identify the stability of dominant RDSs between baseline and follow-up. 

5.2.3 Statistical analysis

We used pandas 1.4.2  (180) and python 3.9.10 (181) data analysis tools. Statistical 

analyses  were  performed  using  R  version  4.1.1  (179).  Differentially-abundant 

microbiome taxa (DAT) between clusters were identified using ANCOM-BC  (252) 

which was selected due to its suitability for  compositional  data  (248).  The Holm-

Bonferroni for adjustment was used to control for false discovery rate (FDR). DAT 

analysis was performed between clusters generated from the hierarchical clustering 

of low-diversity RDS samples and MMA/HC group. 

DEG analysis  was performed on  sputum transcriptomics  (253) between different 

RDS species vs MMA/HC, and non-RDS vs MMA/HC groups using Limma (183). A 

Benjamini–Hochberg FDR adjustment  was applied with  FDR <0.05 and log2 fold 

change  ≥  0.5  were  considered  statistically  significant  in  transcriptomic  analyses. 

DEG results were used to perform GSEA using ClusterProfiler (254). Comparison of 

the  clinical  variables  between  groups  was  performed  using  analysis  of  variance 

(ANOVA) for multiple group comparison of normally-distributed variables. Kruskal-

Wallis  test  was  used  for  multiple  group  comparison  of  non-normally  distributed 

variables  or  ordered  categorical  and  chi-squared  test  was  used  for  qualitative 

variables.

5.3 Results
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5.3.1 Low a-diversity RDSs 

Sputum neutrophil  levels  and  sputum macrophages  were  lower  in  patients  with 

normal a-diversity compared to those with low a-diversity, who were more likely to 

have allergic rhinitis (Table 6). 

Table 6. Characteristics of relative dominant species (RDS) and non-RDSs. 

Baseline Longitudinal

RDSs
Non-

RDSs

P 

Value
RDSs

Non-

RDSs

P 

Value

Subjects, n 51 46 NA 24 19

Age (years)

54.0 

[47.0,59.5

]

55.0 

[45.2,62.8]
NS

56.0 

[46.8,61.2

]

58.0 

[53.5,65.5]
NS

Female, n (%) 27 (52.9) 29 (63.0) NS 12 (50.0) 12 (63.2) NS

BMI 28.6 (5.1) 28.8 (6.3) NS 27.8 (4.9) 28.1 (5.1) NS

Duration years,
27.9 

(16.1)

22.4 

(16.1)
NS

28.9 

(15.2)

21.5 

(17.4)
NS

Current 

smoking, n (%)
5 (9.8) 6 (13.0) NS 2 (8.3) 1 (5.3) NS

Oral 

corticosteroid 

daily, n (%)

22 (43.1) 17 (37.0) NS 8 (33.3) 4 (21.1) NS

ACQ-5 score, 2.3 (1.2) 2.3 (1.2) NS 2.1 (1.3) 1.8 (1.2) NS

Exacerbations, 

per year,
2.1 (2.2) 2.4 (2.1) NS 1.5 (1.8) 2.3 (2.3) NS
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Nasal 

polyposis, n (%)
18 (35.3) 15 (32.6) NS 7 (29.2) 9 (47.4) NS

Eczema, n (%) 14 (27.5) 11 (23.9) NS 7 (29.2) 3 (15.8) NS

Allergic rhinitis, 

n (%)
25 (49.0) 11 (23.9) <0.05 10 (40.0) 6 (31.6) NS

GERD, n (%) 24 (47.1) 18 (39.1) NS 12 (48.0) 8 (42.1) NS

Blood 

Eosinophils μL-1
0.3 (0.3) 0.3 (0.3) NS 0.2 (0.1) 0.4 (0.2)

<0.00

5

Blood 

Neutrophils μL-1
5.7 (2.5) 5.1 (2.6) NS 6.0 (2.8) 4.7 (1.9) NS

Sputum 

Neutrophils (%)

63.6 

(24.7)

49.5 

(24.0)
0.005

65.8 

(20.5)

55.1 

(23.7)
NS

Sputum 

Eosinophils (%)

14.5 

(20.2)

13.1 

(20.5)
NS 8.1 (13.6)

14.9 

(22.2)
NS

Sputum 

Lymphocytes 

(%)

1.0 (1.1) 1.6 (1.4) <0.05 1.3 (1.7) 1.9 (1.5) NS

Sputum 

Macrophage 

(%)

20.8 

(18.5)

35.7 

(22.5)
0.001

24.5 

(20.7)

28.1 

(17.2)
NS

FEV1% 

predicted

62.4 

(21.3)

67.4 

(18.7)
NS

59.9 

(17.5)

64.9 

(15.6)
NS

FeNO (ppb),
35.0 

(34.9)

40.1 

(38.6)
NS

31.5 

(26.9)

50.9 

(46.0)
NS

Smoking (pack 15.3 18.3 NS 17.4 12.5 (6.6) NS
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years) (16.1) (18.4) (19.3)

Antibiotic 

current, n (%)
7 (13.7) 10 (21.7) NS 4 (16.0) 3 (15.8) NS

Serum CRP 

(mg/L)
6.6 (12.2) 6.6 (15.3) NS 6.4 (11.2) 6.8 (19.5) NS

Serum IL1α 

(pg/ml)
35.7 (7.9) 35.1 (6.4) NS 36.5 (9.4) 35.2 (7.1) NS

Serum IL6 

(pg/ml)
1.4 (1.2) 1.1 (0.8) NS 1.0 (0.7) 1.2 (0.7) NS

Serum IL8 

(pg/ml)
4.8 (7.0) 4.0 (3.0) NS 6.0 (10.2) 4.9 (4.3) NS

Serum C5a 

(pg/ml)

50.4 

(28.8)

39.8 

(19.6)
<0.05

54.8 

(32.8)

38.9 

(20.5)
NS

Abbreviations:

ACQ5:  Asthma  Control  Questionnaire  score;  BMI:  Body  mass  index;  CRP:  Serum  C-
Reactive Protein; FeNO: Fractional exhaled nitric oxide; FEV1: Forced Expiratory Volume in 
the  first  second  pre-salbutamol;  FVC:  Forced  Vital  Capacity;  GERD:  Gastroesophageal 
reflux disease; N/A: Not applicable; NS: Not significant; ppb: parts per billion.  Data shown 
as mean (Standard Deviation) unless variable is categorical where n (%). Age shown as 
median [95% Confidence intervals].

P value: One-way ANOVA (continuous) & Chi-squared (categorical) tests p-value comparing 
RDSs and non-RDSs.
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Figure 31. Presence and abundance of bacterial species by phylum.

Legend: Scatter plot showing the presence and abundance of all species classified by the 
species phylum in the severe asthma groups, SAn and SAs/ex. Presence is defined as the 
percentage  of  samples  where  a  particular  species  exists  with  a  greater  than  zero 
abundance.  Abundance  is  defined  as  the  median  abundance  of  all  the  samples  for  a 
particular species where it  exists with a greater than zero abundance. Red dots indicate 
species  relative  dominant  species,  and blue  indicates  species  without  relative  dominant 
species.  

Overall, 24 species were categorised as being RDSs. The most common RDSs in 

descending  order  were  Haemophilus  influenzae  (16  samples),  Actinobacillus 

unclassified (n=10), Veillonella unclassified (n=9), Haemophilus aegyptius  (n=9), 

Streptococcus pseudopneumoniae (n=7),  Propionibacterium  acnes 

(n=5), Moraxella catarrhalis (n=5) and Tropheryma whipplei (n=5) (
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).

Table  7.  Presence and abundance of bacterial  species in sputum of  severe 

asthma.

Species Phylum RDS 

Samples 

(n=97)

Presence 

(%  of 

samples 

with 

detectable 

species)

Mean 

abundance 

(%)*

Mean 

abundance

in RDS samples 

(%)*

Haemophilus 

influenzae

Proteobacteria 16 44.33 

(43/97)

18.40  ± 

31.73

48.23 ± 36.14

Actinobacillus 

unclassified

Proteobacteria 10 47.42 

(46/97)

2.00  ± 

2.73

5.62 ± 4.05

Veillonella 

unclassified

Firmicutes 9 87.63 

(85/97)

14.00  ± 

17.10

50.53 ± 30.96

Haemophilus 

aegyptius

Proteobacteria 9 17.53 

(17/97)

2.02  ± 

2.07

3.40 ± 1.98

Streptococcus 

pseudopneumoniae

Firmicutes 7 41.24 

(40/97)

8.48  ± 

17.04

40.05 ± 21.40

Moraxella catarrhalis Proteobacteria 5 10.31 

(10/97)

24.98  ± 

37.50

49.09 ± 41.35

Tropheryma whipplei Actinobacteria 5 14.43 

(14/97)

22.13  ± 

25.67

53.71 ± 12.31
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Propionibacterium 

acnes

Actinobacteria 5 14.43 

(14/97)

7.24  ± 

16.22

19.77 ± 23.45

Streptococcus  mitis 

oralis pneumoniae

Firmicutes 4 69.07 

(67/97)

3.80  ± 

6.82

26.10 ± 5.71

Neisseria unclassified Proteobacteria 2 56.70 

(55/97)

5.46  ± 

8.22

38.98 ± 4.06

Rothia dentocariosa Actinobacteria 2 53.61 

(52/97)

2.11 ± 5.65 28.79 ± 6.08

Pseudomonas 

aeruginosa

Proteobacteria 1 1.03 (1/97) 23.83 23.83

Porphyromonas 

gingivalis

Bacteroidetes 1 20.62 

(20/97)

13.04  ± 

18.85

75.01

Haemophilus 

parainfluenzae

Proteobacteria 1 75.26 

(73/97)

6.18  ± 

6.80

46.75

Porphyromonas 

endodontalis

Bacteroidetes 1 38.14 

(37/97)

5.48  ± 

12.25

66.76

Pseudomonas 

unclassified

Proteobacteria 1 1.03 (1/97) 4.23 4.23

Alloprevotella 

unclassified

Bacteroidetes 1 23.71 

(23/97)

3.02  ± 

6.71

32.32

Deinococcus 

unclassified

Deinococcus 

Thermus

1 11.34 

(11/97)

1.72  ± 

5.26

17.57

Kingella unclassified Proteobacteria 1 34.02 

(33/97)

1.63  ± 

5.32

30.86

Prevotella baroniae Bacteroidetes 1 15.46 1.53  ± 12.70
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(15/97) 3.49

Fusobacterium 

nucleatum

Fusobacteria 1 35.05 

(34/97)

1.03  ± 

2.15

12.16

Comamonas 

unclassified

Proteobacteria 1 3.09 (3/97) 0.53  ± 

0.90

1.57

Prevotella dentalis Bacteroidetes 1 14.43 

(14/97)

0.50  ± 

0.80

3.11

Eimeria tenella Apicomplexa 1 5.15 (5/97) 0.26  ± 

0.50

1.15

Legend: Presence denotes the percentage of samples where a particular species exists 
with a greater than zero abundance. Abundance is the median abundance of all the samples 
for a particular species where it exists with a greater than zero abundance.
RDS: Relative dominant specie. * Data shown as mean ± SD. 

As shown in  Table 6 close to half (52.6%) (51 out of 91) of samples contained at 

least one RDS. That being said, the RDS were in the majority mutually exclusive; of 

the 97 samples, 29 contained only one RDS, 10 samples two RDSs, 9 samples three 

RDSs and 3 samples four RDSs (Figure 32A). Haemophilus aegyptius RDSs always 

co-occurred with  Haemophilus  influenzae RDSs or  the  Actinobacillus unclassified 

RDS.  The  Actinobacillus unclassified RDS  generally  co-occurred  with  the 

Haemophilus  influenzae  RDS  (7  samples).  Pseudomonas  aeruginosa  and 

Pseudomonas unclassified RDSs were seen in 1 sample and co-occurred with the 

Haemophilus  aegyptius RDS  and  Haemophilus  influenzae RDS.  Moraxella 

catarrhalis RDS only co-occurred with one or more RDS species in 1 sample, which 

were  the  RDS  species Haemophilus  aegyptius  and  Haemophilus  influenzae. 

Tropheryma whipplei  RDS cooccurred with the  Streptococcus pseudopneumoniae 

RDS in 1 sample.
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Figure 32. Relative dominant specie (RDS) co-occurrence heatmap. 

Legend: The heatmap shows the co-occurrences of RDSs within severe asthma groups 
(combined SAn and SAs/ex). The heatmap defines the number of samples containing more 
than one RDS type. The number of samples containing a particular RDS is denoted in the 
labels of the plot for each RDS. Panel A is for baseline and Panel B is for follow-up.
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5.3.2 Haemophilus  influenzae,  Moraxella  catarrhalis  and  Tropheryma  whipplei 

RDSs

5.3.2.1 Haemophilus influenzae RDS  

Haemophilus influenzae was detectable in 44% (43/97) of severe asthmatic (SAn & 

SAs/ex)  samples  with  a  mean  abundance  of  1.42%  ±  13.5%.  37%  (16/43)  of 

samples with Haemophilus influenzae met the loss of diversity criteria, becoming a 

RDS. The mean abundance of  Haemophilus influenzae within RDS samples was 

47.02 ± 36.14.  

In 51% of samples with low diversity,  Haemophilus influenzae  was not identified. 

Patients with Haemophilus influenzae RDS had the longest duration of disease with 

evidence  of  more  severe  disease  with  highest  number  of  exacerbations  in  the 

previous year and of patients on oral corticosteroid therapy amongst these 3 RDSs 

(Table 8).  

They had the second highest sputum neutrophil count after the Moraxella catarrhalis 

RDS (p<0.05 compared with non-RDSs).  

Relative  to  the  patients  with  RDSs,  sputum transcriptomics  identified  few DEGs 

differentially-expressed between severe asthma patients with normal diversity and 

MMA groups. Patients with  Haemophilus influenzae RDS have 6,964 more genes 

upregulated compared to MMA/HC and non-Haemophilus influenzae RDSs (

A). Pathway analysis of DEGs showed enrichment of positive regulation of  natural 

killer cell mediated cytotoxicity, positive regulation of type 2a hypersensitivity, antigen 

processing and toll-like receptor  signalling pathway compared to the MMA group 

(Figure 34A).



123

Figure 33. Transcriptomic differentially-expressed genes between RDS groups 

and MMA/HC cohort. 

Legend: Volcano plot depicting the sputum transcriptomic DEG between (A) Haemophilus 
influenzae RDS vs MMA/HC, (B) Moraxella catarrhalis RDS vs MMA/HC, (C) Tropheryma 
whipplei RDS vs MMA/HC. Venn diagram depicts the overlap between up-regulated genes 
(D) and down-regulated genes (E) from the differentially-expressed genes of the sputum 
transcriptomics between the Haemophilus influenzae, Moraxella catarrhalis and Tropheryma 
whipplei RDSs and MMA/HC. MMA/HC: mild-moderate asthma and healthy controls.

 

5.3.2.2 Moraxella catarrhalis RDS 

Moraxella catarrhalis  was detectable in 10% (10/97) of  severe asthmatic (SAn & 

SAs/ex) samples with a mean abundance of 6.79% ± 23.3% (interquartile range, 

IQR) and 40% (4/10) of samples met the loss of diversity criteria of RDS. The mean 
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abundance of Moraxella catarrhalis within RDS samples was 24.44 ± 41.35. Patients 

with Moraxella catarrhalis 

RDS had the shortest duration of disease but had the highest sputum neutrophils 

(Table 8).  Sputum eosinophils were low at 1.4% (p=0.001 compared with non-RDSs 

comparator) and FeNO was also reduced (p<0.05). In addition, these subjects had 

less  exacerbations  per  year  (p<0.05  compared  with  non-RDSs).  Patients  with 

Moraxella catarrhalis RDS had 2,820 genes upregulated compared to MMA (

B & 

D).  Gene ontology analysis of  DEGs showed positive regulation of  diacylglycerol 

kinase  activity  and  granulocyte  colony-stimulating  factor  and  macrophage colony 

stimulating  factor  production  and  negative  regulation  of  LPS-mediated  signalling 

pathway and IL-13 production compared to MMA/HC (Figure 34B) 
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Table  8. Characteristics of severe asthma with Haemophilus influenzae (Hi),  Moraxella catarrhalis (Mc) & Tropheryma 

whipplei (Tw) relative dominant species (RDS).

Hi RDS Mc RDS Tw RDS non-RDSs MMA/HC P Value #P value ##P Value

Subjects, n 15 4 5 46 48 NA NA NA

Age (years)
51.0 

[45.5,56.5]

57.5 

[48.2,62.0]

62.0 

[46.0,71.0]

55.0 

[45.2,62.8]

42.0 

[27.8,50.2]
<0.001 NS NS

Females, n (%) 9 (60.0) 3 (75.0) 3 (60.0) 29 (63.0) 19 (39.6) NS NS NS

BMI 26.4 (2.6) 27.7 (4.5) 29.9 (5.0) 28.8 (6.3) 25.6 (4.1) <0.05 NS NS

Duration years, 38.2 (14.0) 18.0 (21.5) 25.0 (13.0) 22.4 (16.1) 23.5 (16.6) <0.05 <0.05 <0.05

Current Smoking, n (%) 2 (13.3) 0 (0) 0 (0) 6 (13.0) 0 (0) <0.005 NS NS

Oral corticosteroid daily, n 

(%)
7 (46.7) 1 (25.0) 1 (20.0) 17 (37.0) 0 (0) <0.001 NS Ns

ACQ-5 score, 2.2 (1.3) 2.9 (1.6) 2.8 (1.1) 2.3 (1.2) 0.9 (0.8) <0.001 NS NS

Exacerbations, per year, 2.9 (2.5) 1.0 (0.8) 1.2 (1.3) 2.4 (2.1) 0.3 (0.8) <0.001 NS NS
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Nasal polyposis, n (%) 4 (26.7) 2 (50.0) 2 (40.0) 15 (32.6) 6 (12.5) NS NS NS

Eczema, n (%) 6 (40.0) 1 (25.0) 0 (0) 11 (23.9) 9 (18.8) NS NS NS

Allergic rhinitis, n (%) 8 (53.3) 3 (75.0) 1 (20.0) 11 (23.9) 15 (31.2) NS NS NS

GERD, n (%) 6 (40.0) 1 (25.0) 2 (40.0) 18 (39.1) 4 (8.3) <0.005 NS NS

Blood Eosinophils μL-1 0.3 (0.2) 0.5 (0.6) 0.4 (0.2) 0.3 (0.3) 0.2 (0.1) 0.005 NS NS

Blood Neutrophils μL-1 6.5 (2.5) 6.8 (4.4) 4.8 (1.5) 5.1 (2.6) 3.6 (1.3) <0.001 NS NS

Sputum Neutrophils (%), 68.0 (27.7) 82.1 (25.4) 56.2 (11.0) 49.5 (24.0) 45.5 (26.1) <0.005 <0.05 NS

Sputum Eosinophils (%) 19.4 (25.2) 1.4 (1.8) 19.7 (13.2) 13.1 (20.5) 2.1 (8.1) <0.001 NS NS

Sputum Lymphocytes (%) 0.8 (0.6) 0.7 (0.5) 1.2 (1.3) 1.6 (1.4) 1.9 (2.0) NS NS NS

Sputum Macrophage (%) 11.8 (8.3) 15.8 (23.2) 22.8 (18.8) 35.7 (22.5) 50.9 (26.0) <0.001 0.001 NS

FEV1 (% predicted) 65.1 (26.9) 62.2 (21.1) 40.3 (10.2) 67.4 (18.7) 97.0 (17.2) <0.001 NS NS

FeNO (ppb) 30.8 (28.7) 22.2 (10.9) 28.2 (20.1) 40.1 (38.6) 31.0 (26.7) NS NS NS
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Smoking pack years 16.8 (11.4) 0 (0) 5.7 (3.3) 18.3 (18.4) 3.2 (1.7) NS NS NS

Antibiotic current, n (%) 2 (13.3) 0 (0) 1 (20.0) 10 (21.7) 0 (0) <0.05 NS NS

CRP (mg/L) 10.0 (16.6) 3.6 (1.5) 2.7 (1.8) 6.6 (15.3) 1.3 (1.8) NS NS NS

IL-1α (pg/ml) 34.5 (10.7) 34.8 (6.2) 36.7 (8.3) 35.1 (6.4) 32.3 (5.3) NS NS NS

IL-6 (pg/ml) 1.3 (1.3) 1.6 (0.6) 1.1 (0.4) 1.1 (0.8) 0.6 (0.5) <0.005 NS NS

Serum IL-8 (pg/ml) 7.6 (12.7) 3.0 (1.4) 3.1 (0.6) 4.0 (3.0) 3.2 (1.6) NS NS NS

Serum C5a (pg/ml) 60.9 (27.3) 36.7 (9.9) 51.5 (76.0) 39.8 (19.6) 33.8 (19.7) <0.01 NS NS

Only samples with no co-occurring RDSs were selected.
Abbreviations:  ACQ5: Asthma Control  Questionnaire  score;  BMI:  Body mass index;  CRP:  Serum C-Reactive Protein;  FeNO: Fractional 
exhaled  nitric  oxide;  FEV1:  Forced  Expiratory  Volume  in  the  first  second  pre-salbutamol;  FVC:  Forced  Vital  Capacity;  GERD: 
Gastroesophageal reflux disease; MMA/HC: Mild-moderate asthma/Healthy controls; N/A: Not applicable; NS: Not significant; ppb: parts per 
billion.  Data shown as mean (Standard Deviation) unless variable is categorical where n (%). Age shown as median [IQR]. 
P value: comparing RDSs and non-RDSs.
Hi – Haemophilus influenzae, Mc- Moraxella catarrhalis and Tw - Tropheryma whipplei RDS group
P value: comparing the five groups: Hi RDS, Mc RDS, Tw RDS, non-RDSs, MMA/HC. #P value: comparing the four groups: Hi RDS, Mc RDS, 
Tw RDS, non-RDSs. ##P value: comparing the three cluster groups: Hi RDS, Mc RDS, Tw RDS.
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5.3.2.3 Tropheryma whipplei RDS 

Tropheryma  whipplei was  detected  in  14% (14/97)  of  severe  asthmatic  (SAn  & 

SAs/ex) samples with abundance of 9.50% ± 48.6%. 36% (5/14) of samples with 

Tropheryma whipplei were  RDSs.  The mean abundance of  Tropheryma whipplei 

within RDS samples was 58.17 ± 12.31.  Sputum neutrophils and eosinophils were 

not different in  Tropheryma whipplei RDS patients compared to non-RDS subjects 

(Table 8). FEV1 was reduced in Tropheryma whipplei RDS (p=0.001 compared with 

non-RDSs). Patients with  Tropheryma whipplei RDS had only 4 genes upregulated 

and none down-regulated compared with MMA. 

Figure  34.  GO  enrichment  dot-plots  between  the  Haemophilus  influenzae 

(panel  A)  and  Moraxella  catarrhalis  relative  dominant  species  (panel  B) 

compared to MMA group.
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Legend: Dot plots of the top GO enrichment terms (A) Go enrichment dotplot from the DEG 
of  Haemophilus  influenzae RDS  vs  MMA (B)  Go  enrichment  dotplot  from  the  DEG  of 
Moraxella catarrhalis RDS vs MMA.

5.3.3 Cluster analysis of low diversity samples 

Cluster analysis of samples with low diversity identified two clusters as demonstrated 

on  silhouette  width  (C1  and  C2)  (Figure  35B)  and  by  Calinski-Harabasz  score 

(Figure 35C). 

Figure  35.  Metagenomic  hierarchical  clustering  of  sputum  metagenomic 

species-level abundance of relative dominant specie samples (k=2). 
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Legend: (A) Dendrogram of the hierarchical clustering. (B) Silhouette score. (C) Calinski-
Harabasz score (D) CDF plot displaying consensus distributions for each number of clusters 
(k). (E) Consensus matrix heat map depicting consensus values on a white to blue colour 
scale of cluster for κ=2.

Consensus clustering also identified stability with 2 clusters (Figure 35D and E) with 

C2 having the lowest Shannon a-diversity (Figure 36A), with the greatest degree of 

separation shown on the principal component analysis plot (Figure 36B).

Figure  36.  Diversity  of  Aitcheson  distance  clusters  of  RDS  samples  and 

Bacterial Species composition. 

Legend: α-diversity using Shannon’s index of each of the clusters C1 and C2 with Non-RDS 
and MMA/HC groups (A). β-diversity of the clusters with Non-RDS and MMA/HC groups (B). 
Species-level relative abundance of each of the 2 clusters compared to that of Non-RDS and 
MMA/HC groups (C).
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C1  had  the  highest  a-diversity  with  greatest  similarity  to  MMA/HC  patients, 

corroborated by the differential abundance analysis with minimal changes in species 

abundance (Figure 37A & Figure 37B). 

Figure 37. Composition log-fold change between each of the C-Hi (A) and C2-

Hi (B) clusters and the MMA/HC group using ANCOM-BC

Legend: Log2-fold  change  of  the  composition  using  ANCOM-BC  between  C1-Hi  and 
MMA/HC and C2-Hi and MMA/HC.

C2  was  characterised  by  a  very  large  increased  abundance  of  Haemophilus 

influenzae with an abundance of 76.2±19.9% compared to 2.1 ± 5.1% for C1 (Table

9 and Figure 36C). By contrast, Tropheryma whipplei and Moraxella catarrhalis were 

more abundant in C1 than in C2. While C1 had no differentially-abundant bacterial 

species difference with MMA/HC (Figure 37A and Table 9), C2 had more than 2-fold 

higher abundance of  Haemophilus influenzae compared to MMA/HC, with reduced 

other bacterial species including Haemophilus parainfluenzae.  

Table 9. Abundance of RDS species present in C1 and C2 clusters and in 
MMA/HC 
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 Bacterial species BOG C1 (n=42) C2 (n=9) Non-RDS (n=46)

Tropheryma whipplei 7.06 ± 17.92 (R=5) 0.00 ± 0.00 

(R=0)

0.29 ± 1.88

Corynebacterium 

pseudodiphtheriticum

2.38 ± 15.43 (R=1) 0.00 ± 0.00 

(R=0)

0.00 ± 0.00

Rothia dentocariosa 1.70 ± 6.26 (R=2) 0.09 ± 0.22 

(R=0)

0.81 ± 1.50

Propionibacterium acnes 2.39 ± 9.77 (R=5) 0.07 ± 0.21 

(R=0)

0.01 ± 0.06

Porphyromonas endodontal 2.27 ± 10.33 (R=1) 0.00 ± 0.00 

(R=0)

2.34 ± 6.09

Porphyromonas gingival 3.86 ± 13.79 (R=1) 0.00 ± 0.00 

(R=0)

2.15 ± 5.79

Alloprevotella unclassified 1.01 ± 5.00 (R=1) 0.00 ± 0.00 

(R=0)

0.59 ± 1.63

Prevotella baroniae 0.32 ± 1.96 (R=1) 0.00 ± 0.00 

(R=0)

0.20 ± 0.97

Prevotella dentalis 0.09 ± 0.48 (R=1) 0.00 ± 0.00 

(R=0)

0.07 ± 0.20

Deinococcus unclassified 0.42 ± 2.71 (R=1) 0.00 ± 0.00 

(R=0)

0.03 ± 0.09

Streptococcus pneumoniae 4.29 ± 8.47 (R=4) 0.51 ± 1.08 

(R=0)

1.52 ± 2.16

Streptococcus 

pseudopneumoniae

7.46 ± 16.97 (R=7) 0.00 ± 0.00 

(R=0)

0.57 ± 1.03

Veillonella unclassified 15.47 ± 23.76 (R=9) 1.53 ± 3.22 11.46 ± 6.50
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(R=0)

Fusobacterium nucleatum 0.41 ± 1.90 (R=1) 0.00 ± 0.00 

(R=0)

0.39 ± 0.79

Comamonas unclassified 0.04 ± 0.24 (R=1) 0.00 ± 0.00 

(R=0)

0.00 ± 0.00

Kingella unclassified 0.80 ± 4.75 (R=1) 0.30 ± 0.80 

(R=0)

0.37 ± 0.75

Neisseria unclassified 4.44 ± 9.50 (R=2) 1.66 ± 2.88 

(R=0)

2.15 ± 3.19

Actinobacillus unclassified 0.81 ± 2.75 (R=4) 3.68 ± 1.79 

(R=6)

0.54 ± 0.69

Haemophilus aegyptius 0.17 ± 0.79 (R=2) 2.62 ± 2.42 

(R=7)

0.07 ± 0.21

Haemophilus influenzae 2.12 ± 5.13 (R=7) 76.28 ± 19.92 

(R=9)

0.34 ± 0.73

Haemophilus parainfluenzae 3.94 ± 8.08 (R=1) 0.59 ± 1.10 

(R=0)

6.09 ± 4.89

Moraxella catarrhalis 5.58 ± 20.63 (R=4) 1.24 ± 3.71 

(R=1)

0.09 ± 0.39

Pseudomonas aeruginosa 0.00 ± 0.00 (R=0) 2.65 ± 7.94 

(R=1)

0.00 ± 0.00

Pseudomonas unclassified 0.00 ± 0.00 (R=0) 0.47 ± 1.41 

(R=1)

0.00 ± 0.00

Eimeria tenella 0.03 ± 0.18 (R=1) 0.00 ± 0.00 

(R=0)

0.00 ± 0.00

Abbreviations:
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RDS:  Relative  dominant  specie;  MMA/HC:  Mild-moderate  asthma/Healthy  controls;  Data 
shown as mean ± Standard Deviation with number of  RDS samples for  that  species in 
parenthesis. C1 – Cluster 1 of RDS samples; C2 – Cluster 2 of RDS samples. B   denotes 
the number of   samples which contain RDSs for that species.

Haemophilus  influenzae-dominant  C2  cluster  had  a  longer  disease  duration 

compared  to  C1  (41.6  ±  12.4  vs  24.9  ±  15.3;  p  ≤  0.005)  (Table  10).  Sputum 

neutrophil counts (%) were also higher in C2 (85.5 ± 13.5% vs 58.9 ± 24.2%; p< 

0.001). Sputum eosinophil counts (%) on the other hand were higher in the C1 (16.4 

± 21.4 vs 5.6 ± 10.4; P ≤ 0.05) and sputum macrophages (%) were lower in C2 (p< 

0.001). Serum IL8 was higher in C2 compared to C1 and non-RDS groups (p<0.05). 

Gene ontology pathway analysis of DEGs of sputum between C1 and C2 clusters 

showed enrichment of pathways in C2 over C1 related to MAPK, NF-kB, TNF, mTOR 

and necroptosis (

). 

Table 10. Characteristics of clusters C1 and C2, and non-RDSs

C1 C2 non-RDSs #P value* ##P value

Subjects, n 42 9 46 ND ND

Age (years)
54.5 

[47.0,59.8]

53.0 

[46.0,55.0]

55.0 

[45.2,62.8]
NS NS

Females, n (%) 21 (50.0) 6 (66.7) 29 (63.0) NS NS

BMI 28.7 (5.2) 28.0 (4.5) 28.8 (6.3) NS NS

Duration (years) 24.9 (15.3) 41.6 (12.4) 22.4 (16.1) <0.005 <0.005

Current Smoking, n (%) 4 (9.5) 1 (11.1) 6 (13.0) NS NS

Oral corticosteroid daily, 

n (%)
18 (42.9) 4 (44.4) 17 (37.0) NS NS
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ACQ-5 score 2.3 (1.3) 2.3 (1.1) 2.3 (1.2) NS NS

Exacerbations, per year 1.8 (2.1) 3.4 (2.2) 2.4 (2.1) <0.05 NS

Nasal polyposis, n (%) 16 (38.1) 2 (22.2) 15 (32.6) NS NS

Eczema, n (%) 9 (21.4) 5 (55.6) 11 (23.9) NS NS

Allergic rhinitis, n (%) 20 (47.6) 5 (55.6) 11 (23.9) <0.05 NS

GERD, n (%) 19 (45.2) 5 (55.6) 18 (39.1) NS NS

Blood Eosinophils μL-1 0.3 (0.3) 0.3 (0.2) 0.3 (0.3) NS NS

Blood Neutrophils μL-1 5.5 (2.4) 6.8 (2.7) 5.1 (2.6) NS NS

Sputum Neutrophils (%) 58.9 (24.2) 85.5 (13.5) 49.5 (24.0) <0.001 <0.001

Sputum Eosinophils (%) 16.4 (21.4) 5.6 (10.4) 13.1 (20.5) NS <0.05

Sputum Lymphocytes (%) 1.1 (1.1) 0.6 (0.4) 1.6 (1.4) <0.05 <0.05

Sputum Macrophage (%) 23.6 (19.1) 8.2 (7.9) 35.7 (22.5) <0.001 0.001

FEV1 (% predicted) 63.9 (20.1) 55.6 (26.5) 67.4 (18.7) NS NS

FeNO (ppb) 38.3 (37.6) 19.8 (8.7) 40.1 (38.6) NS <0.01

Smoking pack years 15.2 (16.7) 15.9 (12.9) 18.3 (18.4) NS NS

Antibiotic current, n (%) 5 (11.9) 2 (22.2) 10 (21.7) NS NS

Serum CRP (mg/L) 6.1 (12.5) 9.1 (10.5) 6.6 (15.3) NS NS

Serum IL-1α (pg/ml) 36.7 (6.3) 31.3 (12.6) 35.1 (6.4) NS NS

Serum IL-6 (pg/ml) 1.4 (1.1) 1.5 (1.5) 1.1 (0.8) NS NS

Serum IL-8 (pg/ml) 3.7 (1.4) 9.6 (15.8) 4.0 (3.0) <0.05 NS
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Serum C5a (pg/ml) 49.0 (30.5) 56.7 (18.9) 39.8 (19.6) NS NS

Abbreviations:

ACQ5:  Asthma  Control  Questionnaire  score;  BMI:  Body  mass  index;  CRP:  Serum  C-
Reactive Protein; FeNO: Fractional exhaled nitric oxide; FEV1: Forced Expiratory Volume in 
the  first  second  pre-salbutamol;  FVC:  Forced  Vital  Capacity;  GERD:  Gastroesophageal 
reflux disease; N/A: Not applicable; NS: Not significant; ppb: parts per billion.  Data shown 
as mean (Standard Deviation) unless variable is categorical where n (%). Age shown as 
median [IQR]. P value: comparing RDSs and non-RDSs.
#P value: One-way ANOVA (continuous) & Chi-squared (categorical) tests P-value comparing 
the three groups: C1-RDS, C2-RDS, non-RDSs.
##P  value:  One-way  ANOVA  (continuous)  &  Chi-squared  (categorical)  tests  P-value 
comparing the two cluster groups: C1-RDS, C2-RDS.

Figure 38. DEG and pathway analysis of clusters C1 vs C2

Legend: Panel A. DEG and GO pathway enrichment between C1 and C2 clusters. Panel B. 
Volcano plot depicts the sputum transcriptomics DEG between C1 and C2 cluster. Dot-plots 
depict the GO pathway enrichment for C1 and C2 cluster.
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5.3.4 Haemophilus influenzae RDSs of C1 and C2 clusters

Haemophilus influenzae RDS samples were composed of 7/42 in C1 (denoted as 

C1-Hi) and 9/9 in C2 samples (denoted as C2-Hi), that were differentiated by sputum 

neutrophilic inflammation in C1 and eosinophilic inflammation in C2 (

 and 

B). 

Table 11. Characteristics of severe patients with the Haemophilus influenzae 
RDSs samples in C1 and C2 clusters

C1-Hi (n=7) C2-Hi (n=9) Non-Hi-RDS
#P 

Value

##P 

Value

###P 

Value

Subjects, n 7 9 35 NA NA NA

Age (years)
47.0 

[45.0,52.5]

53.0 

[46.0,55.0]

56.0 

[50.5,62.0]
NS NS NS

Females, n (%) 3 (42.9) 6 (66.7) 18 (51.4) NS NS NS

BMI 26.0 (1.7) 28.0 (4.5) 29.2 (5.5) NS <0.01 NS

Duration years, 31.7 (14.9) 41.6 (12.4) 23.6 (15.3) NS NS <0.005

Current Smoking, 

n (%)
1 (14.3) 1 (11.1) 3 (8.6) NS NS NS

Oral corticosteroid 

daily, n (%)
4 (57.1) 4 (44.4) 14 (40.0) NS NS NS

ACQ-5 score, 1.9 (1.5) 2.3 (1.1) 2.4 (1.2) NS NS NS

Exacerbations (per 

year)
2.6 (3.0) 3.4 (2.2) 1.7 (1.8) NS NS <0.05

Nasal polyposis, n 3 (42.9) 2 (22.2) 13 (37.1) NS NS NS
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(%)

Eczema, n (%) 2 (28.6) 5 (55.6) 7 (20.0) NS NS NS

Allergic rhinitis, n 

(%)
3 (42.9) 5 (55.6) 17 (48.6) NS <0.005 NS

GERD, n (%) 6 (40.0) 1 (25.0) 17 (48.6) NS NS NS

Blood Eosinophils 

μL-1
0.2 (0.2) 0.3 (0.2) 0.4 (0.3) NS <0.05 NS

Blood Neutrophils 

μL-1
6.2 (2.2) 6.8 (2.7) 5.4 (2.4) NS NS NS

Sputum 

Neutrophils (%),
49.3 (28.2) 85.5 (13.5) 60.9 (23.2) <0.05 NS <0.001

Sputum 

Eosinophils (%)
34.4 (29.3) 5.6 (10.4) 12.8 (17.9) <0.05 NS NS

Sputum 

Lymphocytes (%)
1.1 (0.6) 0.6 (0.4) 1.1 (1.2) NS NS <0.05

Sputum 

Macrophage (%)
15.3 (7.2) 8.2 (7.9) 25.2 (20.3) NS <0.05 <0.001

FEV1 (% 

predicted)
73.4 (25.6) 55.6 (26.5) 62.0 (18.7) NS NS

FeNO (ppb) 44.6 (37.7) 19.8 (8.7) 37.1 (38.0) NS NS <0.05

Smoking pack 

years
20.8 (10.5) 15.9 (12.9) 14.4 (17.5) NS NS NS
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Antibiotic current, n 

(%)
0 (0) 2 (22.2) 5 (14.3) NS NS NS

CRP (mg/L) 10.7 (22.2) 9.1 (10.5) 5.2 (9.9) NS NS NS

IL1α (pg/ml) 38.0 (5.2) 31.3 (12.6) 36.4 (6.5) NS NS NS

IL6 (pg/ml) 1.0 (0.9) 1.5 (1.5) 1.4 (1.1) NS NS NS

Serum IL8 (pg/ml) 4.2 (1.4) 9.6 (15.8) 3.6 (1.3) NS NS NS

Serum C5a (pg/ml) 65.8 (34.8) 56.7 (18.9) 45.7 (28.9) NS NS NS

H.influenzae 

abundance (%)
12.2 (6.1) 76.3 (19.9) 0.1 (0.3) <0.001 <0.005 <0.001

Abbreviations:

ACQ5:  Asthma  Control  Questionnaire  score;  BMI:  Body  mass  index;  CRP:  Serum  C-
Reactive Protein; FeNO: Fractional exhaled nitric oxide; FEV1: Forced Expiratory Volume in 
the  first  second  pre-salbutamol;  FVC:  Forced  Vital  Capacity;  GERD:  Gastroesophageal 
reflux disease; MMA/HC: Mild-moderate asthma/Healthy controls; N/A: Not applicable; NS: 
Not significant; ppb: parts per billion.  Data shown as mean (Standard Deviation) unless 
variable is categorical where n (%). Age shown as median [95% Confidence intervals]. 

C1-Hi –  Cluster  1  of  Haemophilus  influenzae RDS;  C2-Hi  –  Cluster  2  of  Haemophilus 
influenzae RDS; Non-Hi-RDS – Non-Haemophilus influenzae RDS cluster.
#P Value:  C1-Hi vs C2-Hi;  ##P Value:  C1-Hi vs Non-Hi-RDS;  ###P Value:  C2-Hi vs Non-Hi-
RDS;

The relative abundance of  Haemophilus influenzae in C2-Hi (76.3 ± 19.9%) was 

higher than in C1-Hi (12.2 ± 6.1%) (

A), and when compared to MMA/HC, C2-Hi had more than 4-fold higher abundance 

of  Haemophilus  influenzae compared  to  MMA/HC,  with  reduced  other  bacterial 

species including Haemophilus parainfluenzae (

C). C1-Hi  had 2-fold higher abundance than MMA/HC, with no other difference of 

other bacterial species.  
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Figure 39. Haemophilus influenzae component of C1 (C1-Hi) and C2 (C2-Hi) 
clusters of RDS samples. 
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Legend: A:  Haemophilus influenzae abundance of C1-Hi and C2-Hi with Non-Hi-RDS.  B: 
Sputum eosinophils and sputum neutrophils (%) of C1-Hi and C2-Hi with Non-Hi-RDS.  C: 
Composition log-fold change between each of the C1-Hi (i) and C2-Hi (ii) clusters and the 
MMA/HC group. RDS: Relative dominant species of severe asthma groups; MMA/HC: mild-
moderate  asthma  and  healthy  controls.  C1-Hi  (Haemophilus  influenzae)  component  of 
Cluster  1  RDS samples;  C2-Hi  (Haemophilus  influenzae)  component  of  Cluster  2  RDS 
samples.

Using gene set variation analysis, there was a higher expression score of the gene 

signature  of  NETosis  (256)  and  of  Th17  activation  (257)  in  the  C2-Hi  cluster 

compared to C1-Hi, while for the IL6-transignalling (257), the score was also higher 

in C2 but not significantly because of a high score in one C1-Hi subject (

). There were no significant differences for the gene signatures representing blood 

eosinophils,  neutrophil  activation,  oxidative  phosphorylation,  innate  lymphoid  cell 

type-2 (ILC2) and lung-tissue resident macrophages.

Figure  40. Gene set variation analysis (GSVA) enrichment score between the 

C1 and C2 cluster component of Haemophilus Influenzae RDS (C1-Hi & C2-Hi) 

and the Non-Hi-RDS. 

Legend: Boxplot of the enrichment scores of 9 gene signatures representing NETosis [SIG6] 
(256,258),  Blood  Eosinophil  [SIG8]  (259),  IL6-transignalling  [SIG7]  (260),  Oxidative 
phosphorylation (Oxphos)  [SIG5]  (196),  Innate lymphoid cell  type 2 (ILC2)  [SIG3]  (193), 
Lung-Tissue Resident Macrophage (Macrophage TR) [SIG1]  (189), IL13-T2 [SIG4] (192), 
Neutrophil  [SIG2]  (194)  and  Th17  [SIG9]  (257).  GSVA was  performed  in  R  using  the 
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Bioconductor GSVA package to estimate the variation in gene signature enrichment scores 
(ES).

Mann–Whitney U test was used for comparison between groups. Significance: *:P0.05.

On the other hand, there were no DEGs of sputum transcriptomics between C1-Hi 

and C2-Hi, and between C1-Hi and Non-Hi-RDS groups (

A, 

B & 

C). However, there were 2,944 DEGs between C2-Hi and Non-Hi-RDS, particularly 

with the neutrophil extracellular trap formation being more active in C2-Hi  than in 

non-Hi-RDS (

D & 



143

E), which is confirmed by the GSVA analysis. 

Figure 41. Comparison of C1-Hi, C2-Hi and Non-Hi-RDS groups

Legend: Comparison  of  C1-Hi,  C2-Hi  and  Non-Hi-RDS  groups:  (A)  Differentially-
expressed genes (DEGs) in sputum between C1-Hi and C2-Hi groups. (B) DEGs between 
C1-Hi  and Non-Hi-RDS groups.  (C)  DEGs between C2-Hi  and Non-Hi-RDS groups.  (D) 
KEGG enrichment  pathway dot-plot  between C2-Hi  and Non-Hi-RDS groups.  (E)  KEGG 
pathway for NETosis with C2-Hi and Non-Hi-RDS groups DEG overlayed.
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A  distinct  microbial  pathway  profile  was  found  between  C1-Hi and  C2-Hi by 

metagenomic  functional  analysis  (Figure  42A  & Figure  42B)  with  difference  in 

PERMANOVA of  the  Bray-Curtis  dissimilarity  matrix  (p  <  0.001).  2  significantly-

different  UniProt  sub-pathways  were  found  in  C2-Hi  compared  to  C1-Hi when 

applying differentially-abundant pathway analysis using ANCOM-BC (

).  Further  analysis  showed  that  pathways  of  carbohydrate  metabolism  and 

biosynthesis associated with glycolysis are more abundance in C2-Hi  compared to 

C1-Hi of. 

Figure 42. Microbial pathway prevalence in C1-Hi and C2-Hi cluster samples
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Legend: (A) Microbial pathway relative abundance of each of the 2 Haemophilus influenzae 
clusters (C1-Hi and C2-Hi) compared to that of Non-Hi-RDS. (B) β-diversity of the relative 
abundant microbial pathways of the Haemophilus influenzae clusters (C1-Hi and C2-Hi) with 
Non-Hi-RDS.

Figure 43. ANCOM-BC plot depicting differentially prevalent microbial 
pathways between C2-Hi and C1-Hi.
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Legend: The blue labels indicate a positive log-fold change and the red labels indicate a 
negative log-fold change.

5.3.5 Longitudinal Analysis of severe asthma samples

At one year follow-up, 7 of the 22 non-RDS samples became RDS with dominance 

of Pseudomonas aeruginosa, Haemophilus aegyptius, Haemophilus parainfluenzae, 

Streptococcus mitis oralis pneumoniae and Veillonella unclassified. 13 of 21 RDSs 

samples changed RDS status in terms of bacterial species with a shift for Moraxella 

catarrhalis (2 out of  2),  Haemophilus influenzae (2 out of  5) and for  Tropheryma 

whipplei (1 out of 3).

Figure 44. Sankey plot of the stability of dominant RDS over time.
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Legend: Sankey plot  depicting the stability of  the dominant RDS within each sample at 
baseline  and  follow-up.  The  number  of  samples  for  the  dominant  RDSs  and  non-RDS 
groups (n=43 in total) at baseline and at one year follow-up is shown alongside each of the 2 
time-points with regards to the bacterial species
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5.4 Discussion

The present study employed a new approach (RDS) to establish which bacterial 

species were prone to major shifts in abundance in severe asthmatics. The approach 

consisted of the quantification of species abundance in induced sputum samples 

from  severe  asthma  patients  using  the  state  of  significantly-low  diversity  as  a 

comparator. The latter was defined according to the diversity variance obtained from 

the control groups of MMA and HC.  The RDS approach was deemed appropriate 

considering the high susceptibility of low-abundance taxa to exhibit major shifts in 

their growth and abundance (255,256). Moreover, lowly-abundant or ‘rare’ taxa play 

a  major  role  in  supporting  and  maintaining  ecosystem/community  structure  and 

function that is not commensurate with their abundance (257).

Low α-diversity was accompanied by outgrowths of 24 bacterial species, many of 

which are of unknown pathogenic significance. Of the known pathogenic species 

with  implications  in  airway  diseases  such  as  asthma  and  COPD,  Haemophilus 

influenzae most  frequently  constituted  a  RDS  (44%)  followed  by  Moraxella 

catarrhalis and  Tropheryma whipplei, which each contributed to 14.4% of detected 

RDSs. Upon evaluation, species of RDS had variable associations with some clinical 

and inflammatory factors. In fact, the highest number of exacerbations, highest daily 

corticosteroid  use,  and  longest  duration  of  asthma  were  associated  with 

Haemophilus  influenzae RDS.  The  latter  was  also  associated  with  elevated 

neutrophils  but  decreased  macrophages  in  the  sputum,  with  some  subjects 

exhibiting high sputum eosinophilia.  As for  the  Moraxella  catarrhalis RDS, it  was 

associated  with  the  worst  asthma  control  (highest  asthma  control  questionnaire 

(ACQ-5) score), as well as sputum neutrophilia, low sputum eosinophils and FeNO. 

Tropheryma whipplei RDS was associated with both increased levels of eosinophils 

in the sputum and FeNO, which are suggestive of type-2 inflammation and severe 

airflow obstruction.

The  data  also  supports  that  the  neutrophilic  T2-low  asthma  phenotype  is 

characterized  by  an  increased  abundance  of  Haemophilus  influenzae.  Cluster 

analysis of bacterial BOGs led to the identification of a small but select cluster (C2) 
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with  the  highest  abundance  of  Haemophilus  influenzae  that  had  a  distinct 

association with longer duration of disease, increased neutrophil levels in the sputum 

and higher serum IL-8 levels, but decreased counts of sputum macrophages and 

eosinophils, and low FeNO levels. These findings further supported the association 

between increased abundance of Haemophilus influenzae and both neutrophilic and 

a low T2 inflammation. Therefore, the C2 cluster membership composed exclusively 

of  Haemophilus  influenzae  RDS  and  no  other  RDS  represented  a  neutrophilic 

phenotype without eosinophilic inflammation. We were thus able to establish, for the 

first  time,  an  association  between  the  Haemophilus  influenzae  cluster  with 

enrichment  of  pathways  associated  with  MAPK,  NF-B,  TNF,  mTOR  and 

necroptosis.  This  is  consistent  with  previous  reports  of  the  cross-talk  between 

Haemophilus influenzae and epithelial cells (258,259). 

Our results also reveal that the high abundance of  Haemophilus influenzae likely 

elicits a host immune response as evidenced by the high expression of the gene 

signature for neutrophil  extracellular traps (NETs) in the  Haemophilus influenzae-

dominant C2-Hi cluster. In response to pro-inflammatory stimuli (e.g. IL-8 and, TNF), 

and downstream kinases (e.g. MAPK and mTOR) neutrophils are activated leading 

to the release of NETs, which are web-like scaffolds of DNA in complex with histones 

and  neutrophil  granular  proteins.  While  secreted  as  part  of  the  host  immune 

response to pathogens, excessive NETs in severe asthma may lead to damage of 

the airway epithelium, which in turn will  perpetuate NETopathic inflammation, and 

ultimately, cause lung tissue injury  (260). It  is therefore entirely possible that this 

innate  mechanism,  namely  the  release  of  NET  for  pathogen  entrapment  and 

neutralization,  occurs  in  response to  the  Haemophilus  influenzae  dominating  the 

microbiome of C2-Hi cluster subjects found in our study (261). 

However, this finding gives rise to the ‘NET paradox’; why are respiratory pathogens 

commonly found to colonize airways of patients with lung diseases when neutrophils 

are dedicated to their eradication through the release of NETs. The immune evasion 

mechanisms  (generation  of  redox  active  enzymes)  developed  by  Haemophilus 

influenzae to bypass the NET neutralization (242), which itself is triggered directly by 

this  pathogen,  gives  rise  to  the  ‘NET  paradox’  which  surrounds  NETopathic 



150

inflammation  and  bacterial  colonisation  of  the  airways  in  certain  severe  asthma 

phenotypes. Extant evidence from in vitro studies suggests that the contribution of 

Haemophilus influenzae to neutrophilic inflammation (262) could be the result of the 

invasion and persistence of this pathogen within macrophages (263,264). Moreover, 

a  significantly  low  percentage  of  sputum  macrophages  was  linked  to  the 

Haemophilus  influenzae RDS  in  our  study.  This  suggests  that  the  uncontrolled 

proliferation and outgrowth of the pathogen could be due to the combined effect of 

the lower number of airway macrophages and the reduced phagocytic capacity of 

these  cells  in  severe  asthma  (228).  The  resulting  impairment  of  effective 

macrophage-based  immune  surveillance  likely  hinders  the  elimination  of 

Haemophilus influenzae thus contributing to its outgrowth, and by extension, airway 

dysbiosis.  Although fewer  in  number  than the  Haemophilus  influenzae RDS,  the 

Moraxella catarrhalis RDS was indicative of another neutrophilic phenotype than that 

described with Haemophilus influenzae. In a confirmation of previous studies on the 

interactions between Moraxella catarrhalis  and the airway epithelium (265,266) the 

Moraxella  catarrhalis RDS was associated  with  enrichment  of  immune pathways 

implicated in the innate host response against pathogens in addition the activation of 

granulocyte and macrophage colony stimulating factors.

It  is  also  important  to  remember  that  other,  less  abundant  species  may  also 

contribute to airway inflammation.  However,  these species are disregarded when 

characterizing clusters by abundant species, with one such example being  Rothia 

mucilaginosa which was lost in the Haemophilus-dominant C2 cluster. Studies have 

reported that Rothia mucilaginosa can inhibit the NF-B pathway, potentially lending 

it  anti-inflammatory  effects  (267).  Another  study  found  significantly  low  levels  of 

Rothia mucilaginosa  in children who are at high risk of asthma, but observed an 

improvement  in  airway inflammation in  mice who were inoculated with  this  taxa, 

suggesting  the  possible  bioprotective  role  of  this  bacteria  (268).  It  is  therefore 

plausible that inhibition of other protective or anti-inflammatory species could be one 

of  the mechanisms employed by  Haemophilus influenzae  in  order  to induce and 

maintain airway inflammation  (269). That being said, very little is known about the 

bacterial species that had low abundance in the C2 cluster (such as Prevotella and 

Veillonella) and the clinical relevance of bacterial species RDS remains ambiguous 
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apart from Haemophilus influenzae, Moraxella catarrhalis and Tropheryma whipplei. 

Therefore, elucidating the properties of these bacterial species and delineating their 

interactions with the airway epithelial cells and host immune response would be of 

interest. 

This study is not without its limitations. We recognize that the number of samples 

that constituted a RDS was relatively low, partly due to the low number of sputum 

samples from severe asthma patients. This limitation could also be attributed to the 

stringency of the RDS definition, although this approach allowed the strict definition 

of the  Haemophilus influenzae RDS and the consequent characterization of its 2 

subgroups; the first presenting with neutrophilic inflammation with evidence of NETs 

and the second presenting with eosinophilic inflammation. Associations could also 

be drawn with other RDSs albeit with an even lower number of samples, such as the 

Moraxella  catarrhalis RDSs  which  was  also  associated  with  diminished  sputum 

macrophages but with purely neutrophilic inflammation. Confirmation of these RDSs 

following  an  improved  definition  of  the  neutrophilic-associated  Haemophilus 

influenzae RDS should be undertaken in a greater number of severe asthmatics. 

That being said,  there has been no similar metagenomic analysis that  has been 

performed in severe asthma.

In summary, we have characterised a distinct phenotype of severe asthma with an 

increased  abundance  of  Haemophilus  influenzae.  These  patients  have  sputum 

neutrophilia,  associated with a host sputum transcriptomic response and NETosis 

indicating an adaptive immune response to Haemophilus influenzae.  Therefore, a 

proportion of  neutrophilic  severe asthma may be driven by an overabundance of 

Haemophilus influenzae that may respond well to targeted antibiotic therapy.
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Chapter 6. Host-microbial interactions differ with age of asthma onset     

Parts of this chapter are based on the publication:

A Versi, A Azim et al. Host-microbial interactions differ with age of asthma onset. Eur 

Respir J 2024 Sep 5;64(3):2400428.

6.1 Introduction

Asthma is characterised by chronic airway inflammation and is well recognized to be 

a  heterogenous  disease  (90).  Several  distinct  clinical  phenotypes  have  been 

identified in asthma (275–277), the most common and easily recognized of which is 

allergic  asthma.  This  phenotype  is  characterised  by  eosinophilic,  or  T2  airway 

inflammation,  and  often  commences  in  childhood.  Another  recognized  asthma 

phenotype is late-onset (LO) asthma, which refers to asthma that presents for the 

first time in adult life. This phenotype can be divided into T2-high and T2-low (270). 

Inflammation in late onset (LO) asthma also exhibits heterogeneity, particularly on 

the level of the relationship between airway neutrophilia and the airway microbiome 

(70,87,134,161).

There is  a  growing body of  evidence supporting the association between airway 

microbiota in early life and the development of childhood asthma (75,76,271–280) as 

discussed in the introduction. The likelihood of asthma development by age 5 years 

was actually increased in infants who had pathogenic bacterial colonisation of the 

upper  airways,  in  other  words,  abundances  of  certain  pathogens  such  as 

Haemophilus  influenzae,  Moraxella  catarrhalis,  Streptococcus  pneumoniae, 

Veillonella and Prevotella species (271,273).

Describing asthma’s heterogeneity by age of disease onset, variably dichotomised 

into early-onset (EO) and late-onset (LO) disease due to clear variations in patient 

characteristics, comorbidities and asthma control (281) also identifies differences in 

lung function decline (282) and response to anti-inflammatory therapies (269,283). 

Taken together, these findings indicate that there are distinct mechanisms relating to 

airway inflammation that underlie EO and LO disease. Although limited, previous 
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efforts  that  have  identified  distinct  severe  asthma phenotypes  based  on  sputum 

microbiome profiles have also recognized asthma onset and the duration of asthma 

as an important differentiating factor (70,87). 

Moreover, the relationship between host-microbial interactions and age of asthma 

onset has not been fully established and several gaps persist in current knowledge. 

It is therefore critical to explore this relationship as it is increasingly recognised that 

age of asthma onset is important, not only for the diagnosis of the condition i.e. the 

differential  diagnosis  of  suspected  asthma  varies  with  age  (93) but  also  its 

management i.e. the response to asthma therapy varies with age of onset (284). 

The hypothesis of this chapter was that host-microbial interactions in asthma may 

differ  based  on  the  age  of  asthma onset  and  these  interaction  differences  may 

contribute to distinct inflammatory mechanisms.

In this analysis, we sought to apply a machine learning-based framework to describe 

differences in host-microbial interactions in the airways of EO and LO asthma. The 

use of this method addresses common difficulties in combining multi-omic data, such 

as  high-dimensionality,  sparsity,  and  multicollinearity,  while  also  allowing  for  the 

discovery of existing interactions between airway microbes and host genes. 

6.2 Method

6.2.1 Participants

The  U-BIOPRED  cohort  consists  of  SA that  included  non-smokers  and  current 

and/or ex-smokers, and two control groups, MMA and HC as previously described in 

Datasets & Methodology (164). Participants provided induced sputum samples that 

passed quality  control  for  metagenomic  and  transcriptomic  analysis  (20,170).  All 

patients gave written informed consent to participate in the study. 

6.2.2 Induction and initial sample handling

Sputum  induction  was  undertaken  and  processed  as  previously  described  (20). 

Transcriptomic  expression  was  performed  using  Affymetrix  U133  Plus  2.0 
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(Affymetrix, Santa Clara, CA, USA) microarrays using RNA extracted from sputum 

cells.  Frozen  sputum  samples  were  sent  to  Second  Genome  (San  Francisco, 

California,  USA)  for  metagenomic  sequencing  as  previously  described.  The 

MetaPhlAn2  pipeline  (version  2.7.2)  and  its  marker  database  (10)  was  used  to 

estimate microbiome profiles.

6.2.3 Statistical and computational analyses

Overall,  we included 99 paired sputum metagenomic and transcriptomic samples 

from SA (n=79) that included non-smokers and current and/or ex-smokers, and MMA 

(n=20)  subjects.  Both  the  metagenomic  and  transcriptomic  datasets  have  been 

previously published (20,170). These paired samples were split into two groups: EO 

and LO asthma using 18 years of age as the threshold. 43 samples were designated 

as EO and 56 as LO.

We employed a machine learning framework for integrating high-dimensional multi-

omic data which is like a previously described approach (285). 

Sputum transcriptomics pre-processing: Genes were filtered using a DEG analysis 

between SA (n=97) and HC (n=23) cohort using Limma (186) retaining genes which 

had an adjusted p-value < 0.05 and a log2 fold change (FC) > 0.5. Genes with low 

variance further filtered using a 25% quantile of variance across each, the LO group 

and EO group.

Sputum metagenomics pre-processing: Abundance based filtering was performed to 

retain species found at 0.01 relative abundance in at least 10% of samples across 

each group.

Sparse canonical correlation analysis (CCA) was used to identify paired host sputum 

gene  expression  and  host  sputum  bacterial  species  abundance  for  each  onset 

group. CCA identifies linear projection of two sets of observations into shared latent 

space that maximises the correlation between the two datasets. Sparse CCA is more 

suitable for high-dimensional datasets by utilizing lasso penalty for feature selection. 

Objective function: MaxuT . X T .Y . v
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subject to uT . X T Xu≤1 , v T Y T Yv ≤1 ,||u||1≤ λ1 ,||v||1≤ λ2 

Sparse CCA was separately applied to each onset group using R 4.1.3 with the PMA 

package  (version  1.2.1).  The  two  variables  to  be  correlated  were  the  bacterial 

species  relative  abundance  data  from  the  sputum  metagenomics  and  gene 

expression data from the sputum transcriptomics. 

6.2.4 Hyperparameter tunning

Hyperparameter tuning was performed to identify parameters for sparsity penalties 

for  both  the  sputum  microbiome  and  gene  expression  datasets.  A  grid-search 

approach using leave-one-out cross validation was performed and the parameters 

which gave the highest correlation under cross-validation was chosen. Using this 

approach, the penalty parameters identified for EO were 0.15 and 0.45 and for LO 

were 0.10 and 0.52. 

6.2.5 Sparse CCA correlation

After identifying the sparsity parameters, the sparse CCA model was fit  to obtain 

subsets  of  correlated  host  genes  and  airway  bacterial  species,  known  as 

components. Each component includes non-zero weights (or canonical loadings) on 

the airway microbes and non-zero weights on a subset of host genes correlated with 

those airway microbes, to capture joint variation in the two datasets. The first 10 

sparse CCA components were computed for each onset type and each component 

was computed iteratively, being informed from the previous component, so that all 

the components were uncorrelated.

6.2.6 Pathway enrichment of genes

To characterise host pathways enriched for the host sputum genes associated with 

sputum microbes in each component, a Fisher’s exact test was employed to assess 

pathway  enrichment.  The  set  of  host  genes  that  were  input  to  the  sparse  CCA 

analysis was used as background genes, and the set of host genes in a component 

as the genes of interest were used to determine assess pathway enrichment. KEGG 

and  Pathway  Interaction  Database  (PID)  gene  sets  from  the  MsigDB  canonical 
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pathways  collection 

(https://www.gsea-msigdb.org/gsea/msigdb/human/collections.jsp) were used in the 

pathway enrichment analysis. 

6.2.7 Visualization of shared host pathways and disease-specific host pathways

Shared  host  pathways  are  enriched host  pathways  for  which  host  sputum gene 

expression correlates with airway microbes across the two onset groups. Disease-

specific  host  pathways are  enriched host  pathways for  which host  sputum gene 

expression correlates with airway microbes for only one out of the two onset groups.

For visualizing shared host  pathways across the two onset groups in addition to 

disease-specific  host  pathways  for  each  onset  group,  pathways  were  selected 

(adjusted  p-value  <0.05)  and  the  enrichment  was  visualised  using  ggplot2.  For 

component  visualisation  corresponding  to  selected host  pathways,  both  the  host 

genes and species were ordered by their absolute weights in the components and 

the  top  10  genes  and  species  in  terms  of  the  weights  were  selected  for 

representation. The sparse CCA components were visualised using ggplot2.

Three specific bacterial species, which are commonly implicated in severe asthma, 

were examined by checking whether the species is within the top species for each 

component  ordered by absolute coefficient  from sparse CCA. The corresponding 

pathways which were enriched by the genes of that component were selected for 

visualisation. 

GSVA was used to calculate sample-wise enrichment score (ES) of a set of genes 

(gene signatures)  in  the normalised host  sputum gene expression matrix.  These 

signatures  were  derived  from the  components  produced  by  sparse  CCA,  taking 

genes  of  the  top  10  absolute  weights  for  a  component.  The  ES of  these  gene 

signatures were correlated with sputum neutrophils and sputum eosinophils using 

spearman’s correlation.

https://www.gsea-msigdb.org/gsea/msigdb/human/collections.jsp
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6.3 Results

The  number  of  paired  sputum  transcriptomic  and  metagenomic  samples (n=99) 

consisted of 79 SA and 20 MMA subjects. Out of the 99 paired samples, 56 samples 

were designated as LO and 43 as EO using a threshold of <= 18 years for the age of  

onset (Figure 45).

Figure 45. Flow Chart showing the overall method of sample collection, cohort 

grouping and the application of sparse CCA

Legend: Sputum  samples  were  taken  from  U-BIOPRED  asthmatic  subjects  (severe 

asthmatics (SA) and mild-moderate (MMA)). Metagenomic sequencing and transcriptomic 
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sequencing of samples was carried out. Grouping was done by age of asthma onset and 

sparse CCA was carried out. Pathway analysis of genes for each components were carried 

out.

There was a significant difference (p<0.001) in the duration of asthma between the 

LO  (16.7±12.2  years)  and  EO  (36.3±14.0  years)  groups.  LO  patients  had 

significantly  higher  blood  (0.4±0.3  vs  0.3±0.2  x103 µL,  p=0.012)  and  sputum 

eosinophils (15.8±21.1 vs 6.6±13.5 %, p<0.05) than EO patients (Table 12).

Table 12. Characteristics of Adult onset and Child onset

Early-Onset Late-Onset #P value

Subjects, n 43 56 ND

Age (years) 46.0 [32.5,52.0] 57.5 [51.0,64.2] NS

Females, n (%) 24 (55.8) 33 (58.9) NS

BMI 26.7 (5.7) 28.6 (5.0) NS

Duration (years) 36.3 (14.0) 16.7 (12.2) <0.001

Current Smoking, n (%) 3 (7.0) 4 (7.1) NS

Current & Ex-Smoking, n (%) 9 (20.9) 29 (51.8) <0.05

Oral corticosteroid daily, n (%) 12 (27.9) 21 (37.5) NS

ACQ-5 score 2.0 (1.4) 1.9 (1.2) NS

Exacerbations, per year 1.8 (2.1) 2.1 (2.1) NS

Nasal polyposis, n (%) 9 (20.9) 25 (44.6) <0.05

Eczema, n (%) 17 (39.5) 13 (23.2) NS

Allergic rhinitis, n (%) 24 (55.8) 17 (30.4) <0.05

GERD, n (%) 16 (37.2) 22 (39.3) NS

Blood Eosinophils μL-1 0.3 (0.2) 0.4 (0.3) <0.05

Blood Neutrophils μL-1 5.0 (2.6) 5.2 (2.2) NS

Sputum Neutrophils (%) 58.9 (26.1) 54.3 (25.3) NS

Sputum Eosinophils (%) 6.6 (13.5) 15.8 (21.1) 0.01
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Sputum Lymphocytes (%) 1.4 (1.3) 1.4 (1.2) NS

Sputum Macrophage (%) 33.4 (24.6) 28.4 (21.7) NS

FEV1 (% predicted) 71.4 (24.6) 68.7 (20.3) NS

FeNO (ppb) 35.2 (34.2) 43.6 (38.3) NS

Smoking pack years 12.3 (9.6) 13.5 (16.8) NS

Antibiotic current, n (%) 6 (14.0) 10 (17.9) NS

Serum CRP (mg/L) 4.7 (9.6) 6.6 (14.7) NS

Serum IL-1α (pg/ml) 33.6 (7.5) 35.1 (7.5) NS

Serum IL-6 (pg/ml) 1.0 (0.8) 1.3 (1.1) NS

Serum IL-8 (pg/ml) 5.0 (8.2) 3.8 (1.6) NS

Serum C5a (pg/ml) 39.4 (20.6) 45.0 (29.0) NS
Abbreviations:
ACQ5:  Asthma  Control  Questionnaire  score;  BMI:  Body  mass  index;  CRP:  Serum  C-
Reactive Protein; FeNO: Fractional exhaled nitric oxide; FEV1: Forced Expiratory Volume in 
the  first  second  pre-salbutamol;  FVC:  Forced  Vital  Capacity;  GERD:  Gastroesophageal 
reflux disease; N/A: Not applicable; NS: Not significant; ppb: parts per billion.  Data shown 
as mean (Standard Deviation) unless variable is categorical where n (%). Age shown as 
median [95% Confidence intervals]. 
#P value: One-way ANOVA (continuous) & Chi-squared (categorical) tests P-value comparing 
the two cluster groups: LO & EO.

Compared to EO patients, LO subjects showed a significantly higher percentage of 

subjects with nasal polyposis (44.6% vs 20.9%, p=0.03) and had significantly higher 

blood (0.4±0.3 vs 0.3±0.2x109/L, p=0.012) and sputum eosinophils (15.8±21.1 vs 

6.6±13.5%, p<0.05). In contrast, EO patients were more atopic (93.0% vs 58.9%, 

p=0.001), with a greater number of subjects having allergic rhinitis (55.8% vs 30.4%, 

p=0.03) and hay fever (65.1% vs 41.1%, p=0.02). However, no significant differences 

were  observed between the  two groups in  terms of  sputum neutrophils,  sputum 

macrophages,  current  use  of  antibiotics,  age,  lung function  (FEV1),  FeNO,  BMI, 

smoking  status,  oral  corticosteroid  use,  ACQ5  scores,  exacerbations,  blood 

granulocyte levels, and serum biomarkers (Table 12).
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Figure  46.  GSVA  sample-wise  enrichment  score  correlation  with  clinical 

characteristics for each component

Legend: GSVA  sample-wise  enrichment  score  correlation  with  clinical  characteristics 
showing the correlation of the ES of each gene set from all sparse-CCA derived components 
with sputum neutrophils and eosinophils.

The sparse-CCA analysis produced 5 components in LO asthma (LOC1-5) and 6 in 

EO asthma (EOC1-6).  Three out of  five components in LO asthma (LOC1, 2,  4) 

[(r=0.36, p<0.01), (r=0.70, p<0.001), (r=0.35, p<0.01) respectively] and four of six 

components  in  EO asthma (EOC1,  3,  5,  6)  [(r=0.36,  p<0.05),  (r=0.63,  p<0.001), 

(r=0.35, p<0.05), (r=0.35, p<0.05) respectively] had a gene set whose sample-wise 

ES using GSVA correlated with sputum neutrophilia (

)  in the  sputum  gene  expression  matrix of  their  respective  onset-group. One 

component (LOC5) had a gene set whose ES correlated with both sputum (r=0.32, 
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p<0.05)  and  blood  eosinophilia  (r=0.23,  p<0.05)  in  the  LO  subjects  and  was 

dominated by Neisseria and Haemophilus influenza.

Figure 47. Component-genes pathway analysis

Legend: Component-genes pathway analysis showing the enrichment of pathways for each 
component using KEGG and PID pathway databases
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Pathway enrichment analysis of the sparse-CCA produced components using the 

KEGG and PID databases revealed that  all  five  components  in  LO asthma saw 

enrichment of pathways. However, only three out of six components in EO asthma 

had  pathways  enriched.  Across  all  components  pathway  enrichment  identified  6 

pathways that were shared between the LO and EO phenotypes (Figure 47). These 

were  renal  cell  carcinoma,  regulation  of  actin  cytoskeleton,  leukocyte 

transendothelial migration, focal adhesion and endocytosis from the KEGG database 

and  Platelet-derived  growth  factor  receptor-beta  signalling  pathway  from  PID 

database.  In  addition,  10  pathways  were  only  enriched  in  LO  asthma  and  13 

pathways only enriched in EO asthma.

The shared pathways enriched in both LO and EO phenotypes, particularly involved 

components  EOC1  and  LOC2  and  4  (Figure  47).  However,  the  components  in 

question  had  different  constituent  genes  and  species,  which  were  not  identical. 

LOC4 and EOC1 were both enriched for leukocyte trans-endothelial migration, but 

LOC4 was characterised by Streptococcus species whilst EOC1 was characterised 

by  Moraxella  catarrhalis and  Haemophilus  influenzae with  the  shared  gene  of 

SQSTM1 in both components (Figure 48A). GSVA analysis revealed that the ES of 

genes in LOC4 were correlated with sputum neutrophilia in LO patients, but not in 

EO  asthma.  On  the  other  hand,  genes  in  EOC1  were  correlated  with  sputum 

neutrophilia in EO asthma, but not in LO patients (Figure 48B). 

Furthermore, LOC2 and  EOC1 were  both  enriched  for  focal  adhesion  and  both 

components were characterised by  Haemophilus influenzae  and the gene CFLAR. 

But  EOC1  was  again  characterised  by  Moraxella  catarrhalis whilst  LOC2  was 

characterised by  Tropheryma whipplei (Figure 48C). The GSVA analysis revealed 

ES correlation for LOC2 with sputum neutrophilia in LO patients and EO patients. 

However, EOC1 GSVA analysis ES only correlated with sputum neutrophilia in EO 

patients and not in LO patients.

Haemophilus influenzae was associated with pathways enriched in both EO and LO 

components (15 in EO and 10 in LO), meanwhile  Moraxella catarrhalis was only 

associated with pathways enriched in EO (19 pathways) and  Tropheryma whipplei 

with pathways enriched in LO (6 pathways) (Figure 49).  LOC 3 had a set of genes, 
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whose  ES  was  correlated  with  sputum  eosinophils  (r=0.32,  p<0.05)  and  was 

dominated by Neisseria and Haemophilus influenza.
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Figure  48. Visualization of Leukocyte Transendothelial Migration and Focal Adhesion for both LO and EO asthma and 
GSVA sample-wise enrichment score correlation with clinical characteristics
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Legend: Visualization of Leukocyte Transendothelial Migration and Focal Adhesion for both LO and EO asthma showing the top 10 genes and 
species by absolute weights and GSVA sample-wise enrichment score correlation with clinical characteristics showing the correlation of the ES 
of each gene set from the components in the Leukocyte Transendothelial Migration and focal adhesion pathway with sputum neutrophils and 
eosinophils.

Figure 49. Pathway analysis by dominant species in components for each onset-group

Legend: Pathway analysis by the species Haemophilus influenzae, Moraxella catarrhalis & Tropheryma whipplei for both onset groups LO and 
EO asthma showing the pathway enrichment of components for components which include Haemophilus influenzae, Moraxella catarrhalis & 
Tropheryma whipplei in the top 10 species by absolute weights.
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6.4 Discussion

By applying sparse-CCA this analysis was able to demonstrate differences in EO 

and LO asthma. Using a machine learning-based multi-omic integration framework, 

common and phenotype-specific interactions between the airway gene expression 

and microbiome were identified. The utility of integrating the sputum microbiome and 

host gene expression together to obtain insight into their contribution to the disease 

process,  is  superior  to single-dataset  omics alone,  as this  approach can provide 

some information about  the cross-talk  of  the complex network of  interaction that 

occur in the airways which underlie the complex trait (286,287). 

Pathway analysis of  components associated with sputum neutrophilia in both EO 

and LO asthma identified  upregulation  of  genes  associated  with  transendothelial 

leukocyte  migration.  This  broad  observation  is  consistent  with  the  established 

understanding that impaired barrier defences due to dysbiosis can lead to persistent 

airway neutrophilia (288).

This analysis also identifies upregulation of genes unique to each phenotype. In EO 

asthma, there is greater enrichment of genes associated with adhesion molecules. 

Compared  to  LO  disease,  there  is  a  stronger  transcriptomic  contribution  to  EO 

asthma  (289,290) particularly  barrier  function.  This  is  corroborated  by  a  greater 

association  of  atopic  conditions  in  EO  asthma  (291).  Furthermore,  the  analysis 

identified distinct correlations of LOCs and EOCs with sputum neutrophilia indicate 

that  these  host-microbial  interactions  are  unique  to  each  neutrophilic  asthma 

phenotype. 

Epithelial  cell  dysfunction  is  frequently  observed  in  asthma.  Loss  of  epithelial 

junctions and airway epithelial barrier function in asthma results from environmental, 

genetic and epigenetic factors and has been shown to increase host susceptibility to 

pathogens and allergens while also propagating pro-inflammatory responses in both 

EO and LO asthma (292). Bacterial airway colonisation is implicated in this pathway, 

as  S. pneumoniae infection can cause epithelial barrier dysfunction  (293) and the 

risk  of  asthma  increases  with  bacterial  colonisation  of  the  airways.  Given  this 



167

association we see in several components containing both  Haemohilus influenzae 

and the gene CFLAR it stands to reason that a similar interaction with Haemophilus-

CFLAR should be observed in both EO and LO asthma. 

When  exploring  potential  modifiers  of  the  asthma  phenotype,  polymorphisms  in 

CFLAR were found to be associated with asthma  (294). CFLAR expression in the 

epithelium can be affected by environmental factors and was shown to be reduced 

by exposure to cigarette smoke both in vitro and in vivo (283). The downregulation of 

CFLAR expression results in damage-associated molecular pattern (DAMP) release, 

which in turn may increase susceptibility to immunogenic cell death.  Haemophilus 

influenzae could provoke a similar process, as it is recognized that inflammasome 

activation  in  response  to  DAMPs  (or  pathogen-associated  molecular  pattern 

(PAMPs))  is  one  of  the  primary  consequences  of  epithelial  infection  with  non-

typeable  Haemophilus influenzae  (269).  This  is  corroborated  by  asthma  mouse 

models  showing  that  the  inflammasome,  including  CASP8  (which  is  related  to 

CFLAR), is associated with epithelial barrier function (295). Moreover, in vitro studies 

support the ability of bacteria to provoke CFLAR pathways in human epithelial cells 

(296,297).

Whilst  the  composition  of  the  airway  microbiome  changes  throughout  life,  it  is 

particularly dynamic in the early years of life, when perturbations are thought to be 

critical to lower airway immune maturation (298). Evidence of this was observed in 

this analysis, where IL2 signalling is enriched in EO asthma but not in LO asthma. 

IL-2 is essential for regulatory T-cell function and survival, necessary components of 

immune homeostasis (299). 

One limitation of  this study is  the use of  absolute weights from the sparse CCA 

components.  A  disadvantage  of  taking  absolute  weights  is  that  the  direction  of 

association is lost and therefore the gene set used for GSVA would include both 

upregulated  genes  and  downregulated  genes  associated  with  the  increase  or 

decrease  in  abundance  of  the  species  in  the  respective  component.  Another 

limitation is that the LO asthmatic group contains significantly more current and ex-
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smoking subjects than the EO group, which may confound the results with host-gene 

interaction based on smoking status rather than on onset-group alone.

In conclusion, analysis has revealed several host gene-microbiome associations and 

the combination of Wnt5a and CFLAR with SQSTM1, on microbial growth and on 

host-microbe immune interactions, which was not revealed in the previous chapter 

using  a  single-omic  dataset  approach  rather  than  an  integrative  one.  These 

associations may be a fruitful target for further studies.  However, it is not possible to 

determine dynamic (time-dependent) conclusions regarding causality in this cross-

sectional study. Furthermore, in this study microbial exposures cannot be accounted 

for and will clearly influence disease evolution and therefore a temporal microbiomics 

approach may be required to identify underlying endotypes (287). In addition, since 

U-BIOPRED is  an  adult  cohort,  the  age  of  disease  onset  is  confounded by  the 

duration of the disease and treatment. Nevertheless, previous microbial analysis of 

U-BIOPRED data has revealed differences in microbial  profiles and age of onset 

(87). This analysis expands on those findings by identifying shared and unique host-

microbial interactions between EO and LO phenotypes. The results suggest that a 

better understanding of the heterogeneity of asthma immunopathophysiology can be 

achieved through the examination of host-microbial interactions.
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Chapter 7. Summary & Discussion  

The objective of this thesis was to gain insight into the potential of metagenomic data 

in  enhancing  the  current  understanding  of  the  relationship  between  the  airway 

microbiome  and  various  phenotypes  of  asthma.  Current  approaches  of  the 

examination  of  the  airway  microbiome  typically  rely  on  16S  rRNA  sequence 

approaches or target PCR, which have limitations in terms of species-level resolution 

(300). The usage of shotgun metagenomics data presents a new approach which 

overcomes this limitation and provides functional profiling of the microbiome, giving 

us understanding of the metabolism of the microbiome (213). Metagenomic profiling 

was  carried  out  to  better  comprehend the  intricate  relationships  that  might  exist 

between  bacterial  species,  inflammatory  pathways,  and  clinical  parameters  in 

asthmatics  and  healthy  controls.  Furthermore,  it  employed  an  additional  omics 

platform, that of paired sputum transcriptomics, to get a more detailed understanding 

of  the  interactions  that  may  occur  between  airway  microbes  and  host  gene 

expression. The utilization of both these datasets with well characterized clinical data 

presents a new prospect in the understanding of asthma.

7.1 Summary

7.1.1 Data processing and pipeline evaluation

First, the analysis in chapter 3 examined the outcome of metagenomic profiling using 

three different profiling tools: MetaPhlAn2, kraken and kaiju. MetaPhlAn2 emerged 

as the preferred choice compared to the other two programs due to its more realistic 

results. Another advantage lies in the high speed and low-memory requirements of 

MetaPhlAn2’s efficient approach aligning sequencing reads to marker genes (207). 

Moreover,  MetaPhlAn2  was  able  to  address  the  limitation  introduced  by  the  U-

BIOPRED samples that were used; the samples spanned the years 2010-2015, at 

which time the standard of read length was a 100bp paired-end sequencing protocol 

(shorter than the current standard of 250bp). By contrast, Kaiju demonstrates lower 

sensitivity  for  classifying reads with approximately  100bp in lengths compared to 

longer, 250bp reads (40% vs 70% sensitivity), particularly at the genus level  (211). 
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This  could  account  for  the  results  obtained  via  Kaiju  in  our  study,  which  were 

dominated by unexpected microbes including Ralstonia, Klebsiella and Escherichia. 

MetaPhlAn2 thus was established as a preferable program for microbiome profiling 

of  the U-BIOPRED samples,  despite some samples not  being mapped to known 

reference  microbial  markers  and,  consequently,  being  excluded  from  further 

analysis.  However,  it  is  important  to  also  acknowledge  that  MetaPhlAn2’s 

performance  can  be  limited  by  uneven  distribution  of  sequence  markers  across 

microbes of interest, which introduces bias  (207). Another limitation of note to the 

taxonomic classification and abundance data was not related to the program used 

for microbiome profiling, but rather the sequencing platform used to characterize the 

samples.  The Illumina HiSeq sequencing platform has been associated with  GC 

content  bias,  leading  to  an  underrepresentation  of  organisms  with  low-or  high-

content  GC  regions  (222–224). Finally,  it  is  important  to  consider  that  we  were 

unable to account for batch specific contaminants due to the lack of negative control  

samples for each batch. Despite this, we were able to establish that differences in 

the taxonomic abundance between batches were non-significant.

7.1.2 Microbiome evaluation by phenotype

In chapter 4, the analysis explored the abundance of bacterial species present in the 

sputum  of  severe  asthmatics  and  how  they  may  relate  to  asthma  severity, 

inflammatory status, and molecular phenotype. Using metagenomic sequencing of 

samples  from one of  the largest  cohorts  of  severe  asthmatics,  three pathogenic 

microbial species with potential pathogenicity in respiratory diseases were selected, 

namely  Haemophilus  influenzae,  Moraxella  catarrhalis,  and  Tropheryma whipplei. 

Four  severity  cohorts  were  examined:  SAn,  SA/ex,  MMA,  and  HC.  Despite  the 

reduction  in  bacterial  α-diversity  observed  across  study  groups,  significant 

differences in microbial species were evident between patient cohorts; Haemophilus 

influenzae and  Moraxella  catarrhalis were most  abundant  in  the SAn cohort  (vs. 

MMA,  HC,  and  SA/ex),  while  the  SA/ex  group  had  a  higher  abundance  of 

Haemophilus influenzae and Tropheryma whipplei compared to the MMA cohort (but 

not others). Reductions in several bacterial species were observed in our study in 
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severe asthmatics, irrespective of smoking status, including the previously reported 

asthma-depleted Prevotella intermedia (56,138).

Delving deeper into potential associations with inflammatory status, it was observed 

that neutrophilic inflammation and activation of neutrophils and inflammasome were 

associated with variation in the abundance of some bacterial species; α- diversity 

was  the  lowest  in  the  mixed  granulocytic  group  but  only  slightly  reduced in  the 

neutrophilic group. Of note that neutrophilic inflammation was also associated with 

increased abundance of  Haemophilus influenzae and  Moraxella  catarrhalis,  while 

elevated  levels  of  Tropheryma  whipplei heralded  eosinophilic  inflammation. 

Moraxella  catarrhalis was  positively  correlated  with  sputum  neutrophils  in  both 

current and ex-smokers with severe asthma (but not MMA or HC). Prevotella species 

were  negatively  correlated  with  sputum  neutrophilia,  and  lower  asthma 

exacerbations  could  be  predicted  by  increased  abundance  of  Prevotella 

melaninogenica and Prevotella intermedia.

The relationship  between microbial  species  and molecular  phenotypes  in  severe 

asthma was also examined.  Notably,  TAC1 and TAC2 were associated with  the 

highest  abundance  of  Haemophilus  influenzae,  which  was  intriguing  given  the 

presence of  Haemophilus influenzae in both eosinophilic  (TAC1) and neutrophilic 

(TAC2) phenotypes, but not in the paucigranulocytic phenotype (TAC3). While the 

increased abundance of Haemophilus influenzae in the sputum could be accounted 

for  (reduced  phagocytosis  by  lung  macrophages  in  severe  asthma)  (228),  the 

expected cascade triggering neutrophil activation and inflammation  (229,230) is at 

odds with the higher presence of Haemophilus influenzae in both TAC1 and TAC2, 

and the lack of an evident association with oral corticosteroid therapy. By contrast, 

Haemophilus parainfluenzae was less present in non-smokers (SAn) as well as both 

TAC1  and  TAC2.  Moreover,  our  finding  of  reduced  abundance  of  Haemophilus 

parainfluenzae in current smokers (vs. ex-smokers) calls into question the role of 

current smoking in reducing this bacterial species as this particular change in the 

bacterial microbiome could be due to OCS therapy. 
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At the time of writing, our findings concerning smoking status as a predictor of higher 

Tropheryma whipplei abundance and pack years of smoking as a (positive) predictor 

of  eosinophilic  (TAC1)  and  neutrophilic  (TAC2)  phenotypes  remains  the  only 

evidence  of  the  implication  of  smoking  on  sputum  metagenome  of  severe 

asthmatics. The mechanism and potential pathogenesis of  Tropheryma whipplei in 

smoking/ex-smoking  severe  eosinophilic  asthma  remains  uncertain.  As  for, 

Moraxella catarrhalis, its higher abundance in TAC2 combined with its association 

with  sputum  neutrophils  supports  its  link  with  neutrophilic  airway  inflammation 

reported in pathogenic respiratory infections (91,134). Whether Morexella catarrahlis 

drives sputum neutrophilia in these patients or whether other factors are driving the 

presence  of  both  awaits  targeted  investigation.  A  vaccine  against  non-typeable 

Haemophilus  influenza  and  Moraxella  catarrhalis  is  safe  in  patients  with  COPD 

although it did not significantly prevent exacerbations in proof-of-concept phase 2b 

study  (301). Furthermore, a time course analysis of azithromycin, a macrolide that 

preferentially targets gram-negative bacteria such as  Haemophilus influenzae  and 

prevents exacerbations in patients with neutrophilic asthma  (241), may determine 

whether any effect on Haemophilus influenzae precedes sputum neutrophilia.

Long-term follow-up  data  indicated  relative  stability  in  the  microbiome of  severe 

asthma patients over 12 months in two distinct robust severe asthma phenotypes 

(87),  with  the  caveat  that  while  the  microbiome  may  remain  stable,  disease 

worsening  and  exacerbations  can  still  occur,  engendering  microbiome  changes 

(239).  Worsening  asthma  outcomes,  increased  sputum  neutrophilia,  and  higher 

abundance of certain bacterial species were identified in the two identified severe 

asthma phenotypes, with the possible implication of a genetic component  (240).  A 

limitation  of  the  earlier  study  by  Abdel-Aziz  and  co-workers  (87) is  that  the 

incorporation of transcriptomic analysis was undertaken after the identification of 2 

metagenomic clusters rather than utilising a truly integrated analysis.

The  technical  limitations  of  the  analysis  of  the  analysis  were  acknowledged, 

including  the  choice  of  MetaPhlAn2  (potential  decrease  in  taxonomy  profiling 

accuracy),  the  choice  of  algorithmic  marker-based  approach  for  taxonomic 

assignment (potential incomplete results) and incomplete data on medication history. 
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Despite  these  limitations,  the  findings  contribute  to  understanding  the  complex 

interplay between microbial species, inflammatory pathways, and disease severity in 

asthma,  emphasizing  the  need  for  further  research  to  confirm  and  explore  the 

implications of specific bacterial species in asthma pathogenesis.

7.1.3 Relative dominant species based phenotypes

The analysis from  chapter 5 aimed to quantify the frequency of relative dominant 

bacterial  species  in  the  sputum  of  severe  asthma  patients,  introducing  a  novel 

approach  based  on  linking  results  from  severe  asthma  patients  to  a  state  of 

significantly low diversity variance observed in control groups (mild-moderate asthma 

and healthy subjects). This approach accounts for the major abundance shifts that 

lowly-abundant  taxa are prone to  (256,257),  allowing the identification of  sputum 

samples  with  a  high  relative  abundance  of  a  particular  species,  termed  Rare 

Dominant Species (RDS). Based on this approach, we were able, for the first time, to 

demonstrate that a restricted phenotype of high relative abundance of Haemophilus 

influenzae in neutrophilic severe asthma is associated with an adaptive response of 

NETosis and Th17 activation.  The results require replication and testing in  in vivo 

models to show causality.

Low α-diversity in severe asthma was associated with the relative dominance of 25 

bacterial  species  (many  of  unknown  pathogenic  significance),  with  Haemophilus 

influenzae being the most prevalent (44%) RDS with known respiratory pathogenic 

effects, followed by Moraxella catarrhalis (14.4%) and Tropheryma whipplei (14.4%).

The  clinical  characteristics  showed,  longer  asthma  duration,  increased 

exacerbations, high use of oral corticosteroids, sputum neutrophilia, lower sputum 

macrophages  and  sputum  eosinophilia  were  associated  with  Haemophilus 

influenzae RDS. Moraxella catarrhalis RDS was solely associated with high sputum 

neutrophils but low sputum eosinophils and better outcomes (FeNO, asthma control), 

while Tropheryma whipplei RDS correlated with reduced FEV1, indicative of severe 

airflow obstruction and type 2 inflammation.
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Clustering  of  bacterial  RDSs  samples  produced  a  cluster  with  high  relative 

abundance  of  Haemophilus  influenzae.  While  small,  this  cluster  of  dominant 

Haemophilus  influenzae  RDSs  termed  C2-Hi  was  associated  with  long  asthma 

duration, neutrophilic inflammation (high sputum neutrophils, low sputum eosinophil 

and macrophage), and low T2 inflammation. More importantly, C2-Hi was linked, for 

the first time, to activation of pathways related to MAPK, NF-B, TNF, mTOR, and 

cellular necroptosis, as well as to a high expression of neutrophil extracellular traps 

(NETs).  These  are  web-like  scaffolds  of  DNA  complexing  with  histones  and 

neutrophil  granular  proteins  released  from  neutrophils  upon  activation  by  pro-

inflammatory stimuli (256). The high expression of the gene signature for NETs in 

C2-Hi  suggests  a  host-bacterial  response  to  high  relative  abundance  (>45%)  of 

Haemophilus  influenzae  in  the  airways,  potentially  contributing  to  NETopathic 

inflammation and airway epithelial damage (260,302).

Moraxella catarrhalis RDSs were associated with  pathways enriched for the innate 

immune  system  consistently  with  that  of  Haemophilus  influenzae RDSs,  with 

additional activation of granulocyte, and macrophage colony-stimulating factors. This 

confirmed  previous  reports  in  the  literature  (265,266).  By  contrast,  Tropheryma 

whipplei RDSs showed no association with thee immune-activated pathways.

It is important to note that while effective, the analysis’ approach of characterizing 

clusters  based  on  species’  relative  abundance  led  to  the  loss  of  other  species, 

including  Rothia  mucilaginosa,  which  may  have  anti-inflammatory  (267) or 

bioprotective properties in asthma (268). Despite the other limitations, such as the 

relatively low number of samples constituting RDS and the compositional nature of 

datasets  generated  for  the  metagenomic  sequencing  (only  relative  species 

abundance available), the study offers crucial insights; It is the first to delineate a 

phenotype characterized by a high relative abundance of Haemophilus influenzae in 

neutrophilic severe asthma, associated with an adaptive response of NETosis and 

Th17 activation. The clinical implications suggest that patients with this cluster may 

potentially respond well to targeted antibiotic therapy, such as macrolides, to which 

Haemophilus  influenzae  is  usually  sensitive  (241).  Further  research  with  larger 
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cohorts  and  longitudinal  studies  is  recommended  to  confirm  and  explore  these 

findings.

7.1.4 Microbiome-host gene expression interaction analysis

Following on from the identification and analysis of RDSs, one interesting finding of 

this analysis is the distinct difference in the age of onset and duration of disease 

between RDS and non-RDS samples as well  as the  Haemophilus influenzae rich 

cluster (C2-Hi) vs the non-RDS group. Existing evidence have described the impact 

of airway microbiota in early life on the development of EO  asthma  (271,75,272–

277,76,278–280). However, very few if any studies have explored the association 

between the lung microbiome and age of disease onset in adult populations despite 

the clear differences in clinical outcomes (asthma control, lung function decline and 

response to anti-inflammatory therapies) between EO and LO asthma (281,282,284). 

A distinct phenotype has been linked with early-age of asthma onset, be it on the 

level of the lung microbiome  (70,87), or gut microbiota  (303). To understand this 

phenotype better and address existing gaps in the literature, a multi-modal machine 

learning-based framework (285) to describe differences in host-microbial interactions 

in the airways between EO and LO asthma was undertaken.

The pathway enrichment of the components produced by Sparse CCA produced 6 

pathways which were shared between both onset-groups. However, the genes and 

species  which  constitute  these  components  were  not  identical.  EO  asthmatics’ 

components  where  characterised  by  Moraxella  catarrhalis and  Haemophilus 

influenzae. Both onset-groups have a component which was enriched for leukocyte 

transendothelial migration. GSVA of genes in the LO group, but not in patients with 

EO asthma, correlate with sputum. Conversely, genes in EO component, but not LO 

asthma, correlate with sputum neutrophilia.

7.2 Discussion
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7.2.1 Impact on Landscape

This analysis is the first to investigate the airways of asthmatics with paired sputum 

metagenomics and transcriptomics. Shotgun metagenomic sequencing from sputum 

induction had previously only been conducted on a small number of subjects (n=55) 

(304) at the start of this thesis. Research has revealed the link between smoking and 

altered microbial  diversities and communities in the lungs  (84,305). However, the 

effect of smoking on the lung microbiome of the upper respiratory tract is variable; in 

one study, there was an increased abundance of Megasphaera, Veillonella spp. and 

depletion of  Capnocytophaga,  Fusobacterium,  Neisseria spp. in the oropharynx of 

healthy (non-asthmatic) smokers, while Eggerthella, Erysipelotrichaceae I.S., Dorea, 

Anaerovorax and Eubacterium spp. were enriched in the nasopharynx and Shigella 

spp. was depleted  (305). In another study, smoking in the general population was 

associated with significant disruptions to the airway ecosystem characterized by the 

lower  abundance  of  Neisseria spp.  and  the  increase  in  Streptococcus spp.  in 

posterior oropharyngeal swabs (84). It is possible that smokers might become more 

likely  to  develop  recurrent  infections  due  to  this  higher  prevalence  of  S. 

pneumoniae/mitis clades, which may in turn lead to respiratory conditions such as 

COPD  (305,306).  The data  also  suggests  that  the site  of  sample  collection  and 

disease status of subjects may impact on the results.

The study  from  chapter  4 demonstrated  the  influence  of  smoking  status  on  the 

sputum metagenome of severe asthmatics. Smoking predicted lower abundance of 

Haemophilus parainfluenzae.  Consistently, the abundance of H. parainfluenzae and 

other bacteria such as N. elongate and N. sicca were found to be decreased in the 

lung of smokers (307). Another study also reported an increased relative abundance 

of Haemophilus  as  well  as  different  genera  (Rothia,  Neisseria,  Actinomycetes, 

Porphyrins, Streptococcus,  and  Acinetobacter)  among smokers compared to non-

smokers  (308,309). By contrast, increased abundance of  Proteobacteria has been 

described in asthma, including many known potential  pathogens from the genera 

Haemophilus,  Moraxella,  and  Neisseria  (56,83–85,310).  These  pathogens  likely 

contribute  to  asthmatic  airway  inflammation  by  causing  intermittent  mucosal 

damage.
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The study also found higher  Tropheryma whipplei abundance among smokers and 

ex-smokers. The mechanism and potential pathogenesis of Tropheryma whipplei in 

smoking/ex-smoking  severe  eosinophilic  remains  uncertain.  Studies  suggest  a 

potential  link  between  corticosteroid-resistant  asthma  and  enrichment  of  certain 

genera, such as  Haemophilus and  Tropheryma  (311). On the other hand, relative 

ICS insensitivity in asthma has also been linked to smoking (312,313). It is therefore 

possible that increased abundance of Tropheryma whipplei and Haemophilus could 

contribute  to  the  development  of  a  severe  refractory  asthma phenotype,  both  in 

smokers and non-smoking asthmatics. 

Regarding asthma patients who are smokers,  alteration of  airway eosinophil  and 

neutrophil numbers have been observed. This could explain the positive association 

found in the Chapter 4 study between pack years of smoking and both eosinophilic 

(TAC1) and neutrophilic  (TAC2) phenotypes.  However,  evidence is  variable,  with 

some studies reporting reduced airway  eosinophils  (314–317), while other studies 

report unaltered eosinophils among smokers (318–322). A ≥10-pack-year history has 

been associated with increased eosinophilic airway inflammation in former smokers, 

in  addition  to  autoimmunity  toward  eosinophils,  and  reduced  sputum  eosinophil 

sensitivity to systemic corticosteroids, indicating the effect of cumulative exposure to 

cigarette smoke on the emergence of a phenotype of severe refractory eosinophilic 

asthma  (322).  Similarly,  the  impact  of  current  smoking  on  neutrophilic  airway 

inflammation was inconsistent.  Some data  showed comparable  airway neutrophil 

numbers  between  current  smokers  and  never  smokers  (314,316,317,323),  while 

other studies were able to link current smoking with neutrophilic airway inflammation 

(315,318,321).

As for asthma patients in general, smoking is not the only factor affecting asthma 

severity or airway inflammation, which are altered in response to variation in airway 

microbiota.  The  analysis  from  Chapter  4 found  significantly  reduced  α-diversity 

among severe asthmatics compared to mild-moderate asthma patients and healthy 

controls, irrespective of smoking status. This is consistent with reports of lower α-

diversity  in  asthmatics  with  evidence  of  airway  obstruction  (138).  Reduced 

abundance  of  commensal  bacteria  has  been  described  along  with  reduced  α-
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diversity,  most  likely  leading  to  the  growth  of  pathogenic  bacteria  (83,87). 

Enrichment  of  Proteobacteria  (such  as  Haemophilus  influenzae,  Moraxella 

catarrhalis and  Streptococcus  pseudopneumoniae) has  actually  been  linked  to 

greater  bronchial  hyper-responsiveness  and  worse  lung  function  (83,87). 

Consistently, our third study showed that patients with Haemophilus influenzae RDS 

had the  longest  duration  of  disease  with  evidence  of  more  severe  disease  with 

highest  number  of  exacerbations  in  the  previous  year  and  of  patients  on  OCS 

therapy.  This  provides  further  support  to  the  association  between  increase  in 

abundance of  pathogenic  bacteria  (such as  Haemophilus  influenzae)  in  the lung 

microbiome and the emergence of more severe asthma phenotypes.

Asthma endotypes also exhibit associations with airway microbiota. Lower bronchial 

bacterial burden, including a lower prevalence of pathogenic organisms in sputum 

(such  as  Haemophilus) has  been  associated  with  eosinophilic  inflammation 

(113,135). This could possibly be due to the bactericidal activity of airway eosinophils 

in  T2-high  inflammation  (324).  In  fact,  enrichment  of  Haemophilus,  Moraxella, 

Neisseria Actinomyces  and Rothia has been described in non-eosinophilic or low 

eosinophilic  asthma groups  (85,90),  while high eosinophilic  groups had higher α-

diversity  and  enrichment  of  other  bacteria  such  as  the  genera  Halomonas, 

Aeribacillus and  the  phylum  Firmicutes  (mainly  Streptococcus  and 

Actinomycetaceae) (70,90). 

By  contrast,  the  analysis  from  chapter  4 found  a  higher  abundance  of  both 

Haemophilus influenzae  and  Tropheryma whipplei  in eosinophilic inflammation.  In 

addition,  the eosinophilic  (TAC1) asthma phenotype was found to have a higher 

prevalence  of Haemophilus  influenzae. While  Tropheryma  whipplei  has  been 

previously detected in sputum samples of severe asthma patients who were mainly 

eosinophilic (134).

Neutrophilic  activation  mediated by  the  inflammasome has  been associated  with 

increased  abundance  of  several  Proteobacteria  including  Moraxella  and 

Haemophilus, and in particular Haemophilus influenzae (134,161,242). The analysis 

from  chapter  4 found  a  higher  prevalence  of Haemophilus  influenzae  in  the 
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neutrophilic (TAC2) asthma phenotype. This is consistent with the known activation 

of TLR2 by this pathogen and the subsequent cascade of inflammatory mediators 

(IL1α,  IL1β,  IL-6,  IL-8,  MCP-1  and  TNFα)  leading  to  neutrophil  activation  and 

inflammation in the epithelium (229,230). In chapter 5, a putative novel phenotype of 

severe  asthma that  is  driven  by  a  bacterial-host  interaction,  as  evidenced  by  a 

Haemophilus influenzae cluster of the highest abundance associated with activation 

of neutrophilic pathways and NETosis, is described. This cluster of highly dominant 

Haemophilus influenzae being associated with sputum neutrophilia and evidence of 

Th-17 activation is consistent with the reported ability of Haemophilus influenzae to 

switch  T2-mediated  eosinophilic  inflammation  to  a  Th17-driven  neutrophilic 

inflammation (261)

The new reincarnation of the hygiene hypothesis by Strachan in 1989,  the microflora 

hypothesis,  suggests  microbial  dysbiosis  in  early  life  may  result  in  increased 

occurrences of allergy disorders (325). The early infant airway microbiome of those 

who are likely to develop EO asthma is characterised by colonisation of pathogenic 

bacteria Moraxella, Haemophilus,  Streptococcus, Veillonella and Prevotella species 

(271,272).  The analysis from chapter 6 demonstrates that EO asthma continues to 

have  this  association  with  Moraxella catarrhalis and  is  associated  with  the 

enrichment of leukocyte transendothelial migration and focal adhesion with its impact 

being  neutrophilic  in  nature.  This  raises  questions  regarding  the  continued 

prevalence of  Moraxella catarrhalis throughout the lifespan of EO asthmatics and 

how this  develops  and  is  linked  to  an  increased propensity  for  reoccurring  viral 

infections and its impact on the morphology of the airways. 

Previous studies of the airway microbiome have found suggestions of an association 

with  age  of  asthma  onset.  Clustering  of  U-BIOPRED  patients  with  moderate  to 

severe asthma based on clinicophysiologic parameters allowed the detection of a 

cluster (T2) with LO severe asthma with a history of smoking and chronic airflow 

obstruction  (326).  Later,  microbiome  analysis  of  U-BIOPRED  confirmed  the 

presence  of  distinct  clusters  relating  to  age  of  onset,  identifying  differences  in 

microbial profiles and age of onset (87); eosinophilic inflammation, with implication of 

mast cells, group 3 innate lymphoid cells and ILC-3 pathways were associated with 
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LO severe asthma, while EO was linked to enrichment of genes related to lung injury 

and/or fibrosis (327). The analysis in Chapter 6 extends those findings by identifying 

shared and unique host-microbial interactions between EO and LO phenotypes. 

The  analysis  established  an  association  between  EO  asthma  and  Moraxella 

catarrhalis as well as neutrophilic inflammation.  This is consistent with results from 

chapter  5,  as  well  as  the  known  propensity  of  Moraxella catarrhalis to  cause 

respiratory infections mediated by neutrophilic inflammation in patients with severe 

or poorly controlled asthma (91,134). Infection with Moraxella catarrhalis in early life 

has been linked to a higher risk of asthma development of exacerbation of chronic 

pulmonary disease symptoms  (75). Consistently, the analysis from  chapter 6 also 

showed  that  EO  asthma  is  associated  with  the  enrichment  of  leukocyte 

transendothelial  migration  and  focal  adhesion.  While  upregulation  of  genes 

associated  with  transendothelial  leukocyte  migration  were  also  observed  in  LO 

asthma,  it  is  consistent  with  the impairment  of  barrier  defences that  is  expected 

when dysbiosis occurs and that can result in persistent airway neutrophilia (288). As 

for the enrichment of genes associated with adhesion molecules in EO asthma, it is 

evident  that  epithelial  barrier  dysfunction  can  be  caused  by  bacterial  airway 

colonisation (293). When specifically considering Moraxella catarrhalis, this bacteria 

targets airway epithelial cells, leading to an increase in the expression of adhesion 

molecules which in turn induce the production of chemoattractant proteins to recruit 

monocytes and dendritic cells (328). The inflammatory cascade that is triggered by 

Moraxella catarrhalis ultimately  results  in  the  release  of  elastase  by  activated 

neutrophils,  causing  tissue  damage  (328).  This  complex  interaction  between 

Moraxella catarrhalis, neutrophilic inflammation leukocyte transendothelial migration 

and focal adhesion in EO asthma could explain the previously reported association 

of  childhood-onset asthma and enrichment of  genes related to lung injury and/or 

fibrosis in the U-BIOPRED study (327).

While the influence of Moraxella catarrhalis seemed to be restricted to EO asthma, 

Haemophilus influenzae was associated with both LO and EO groups. Seeing as 

bacterial colonisation of the airways increases the risk of asthma, it is possible that 

the  interaction  of  Haemophilus-CFLAR should  be  observed  in  both  EO and  LO 
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asthma. Polymorphisms in CFLAR have actually been linked to asthma (294), and 

environmental factors such as exposure to smoking can reduce CFLAR expression 

(283). Studies have previously demonstrated that bacterial infections can provoke 

CFLAR pathways in human epithelial  cells  (296,297). It  is therefore possible that 

epithelial infection with  Haemophilus influenzae may decrease CFLAR expression 

through the release of DAMPs (or PAMPs) and the activation of the inflammasome 

that is characteristic of this pathogen (269). 

7.2.2 Limitations

There are  several  limitations  to  the analyses described in  this  thesis,  which  are 

discussed in each relevant results chapter. There are two significant limitations that 

are not discussed previously but have an overarching impact on the thesis. Firstly, 

the lack of  any additional  dataset  to  validate  the findings of  each of  the results 

chapters.  Currently  U-BIOPRED  is  unique  in  that  it  has  paired  sputum 

metagenomics  and  transcriptomics  in  well  characterised  subjects  with  ranging 

severity and healthy controls and therefore there exists no such other datasets with 

these  characteristics.  Although  much  of  the  findings  are  consistent  with  existing 

literature, the utilization of a validation cohort would give much more credence to the 

findings in the thesis and would allow us to understand to what extent the inherent 

limitation in metagenomic data of U-BIOPRED has had on the findings in this thesis.

The  second  fundamental  limitation  of  the  thesis  is  that  the  datasets  are  cross-

sectional in nature and hence limits the outcomes of the analyses to associations 

alone,  rather  than any causal  effect.  However,  these types of  datasets  allow for 

exploratory analysis and hypothesis building to narrow the field for further studies in 

man or in relevant disease/infection models.

Limitations associated with the metagenomic data are addressed in chapter 3. Due 

to  the  short  read  length  of  100bp  of  the  metagenomic  data  in  U-BIOPRED, 

taxonomic  classification  of  bacterial  species  may  be  prone  to  error.  In  addition, 

another limitation was the lack of sequencing of blank controls, which allows for the 

control of any contaminants in the reagents used.
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Limitations  of  small  number  also  impacted  this  thesis.  As  the  dissection  of 

prospective  phenotypes  occurred  the  number  of  observations  decreased.  This 

precipitated in the low numbers of subjects in the C1-Hi and C2-Hi  Haemophilus 

influenzae RDS clusters in chapter 5. Although these clusters provide an interesting 

observation in severe asthma, the limited number of subjects, reduced the statistical 

power in any subsequent analysis of these clusters. 

Clustering techniques also present some limitations, as these approaches aim to 

group subjects with similar profiles together and separate those with more distinct 

profiles. However, the choice of clustering technique and different preprocessing of 

the input data can have a direct impact on the outcome of clusters and how relevant 

they are  (329).   The use of  bootstrapping  was employed in  chapter 5 to assess 

stability  of  the  clusters  by  resampling,  randomly  removing  10% of  the  data  and 

repeating the clustering through 1,000 iterations. Using this approach gives more 

confidence that  the clusters produced were not  artificially  split,  but  rather due to 

inherit similarity in the metagenomic profiling.

7.2.3 Future Studies 

The biggest limitation of these analyses is the lack of a validation dataset. If time and 

resources were permitting, conducting a study to collect sputum samples with paired 

metagenomics (with 250bp read-length) and transcriptomics (RNA-seq) derived (with 

blank controls sequenced) from a larger number of well  characterised asthmatics 

and healthy controls would allow for the validation of these findings. The use of RNA-

seq analysis of sputum pellets and of airway epithelial cell brushings, would allow for 

not only investigation into host gene expression, but also into meta-transcriptomics 

(looking at  gene expression of  the microbiome) in  addition to RNA viruses.  This 

dataset would then allow us to test our hypothesis on C2-Hi cluster in chapter 5 

about whether there is a change to the glycolytic pathway for energy metabolism in 

this  Haemophilus rich cluster, due to meta-transcriptomic data being available with 

the functional metagenomic data. 

These  datasets  can  then  be  used  for  the  construction  of  a  pan-genome  scale 

metabolic model (pan-GEMs) (330,331), for both C1-Hi and C2-Hi clusters. This will 
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allow us to understand the distinctions between the two microbiome clusters in terms 

of flux through metabolic pathways and allows us to model the effects of different 

substrates on metabolic flux. In addition, we can also model the effects of introducing 

new species into these pan-GEMs to find species which will modulate the pathogenic 

activity  of  the  C1-Hi  and  C2-Hi  clusters.  For  example,  does  introducing  species 

which  are  considered  bioprotective,  such  as  Rothia  mucilaginosa or  Prevotella 

species, modulate the pathogenic activity of the C2-Hi cluster. Furthermore, recent 

work  has  adapted  GEMs  to  estimate  cooperative  and  competitive  indices  for 

pairwise interactions between species (332). This type of model can be used to infer 

competitive species to those dominant pathogenic species. 

Following validation in this new dataset,  with the additional  findings of  the meta-

transcriptomic profile of the airway microbiome, the question of causality can begin 

to be addressed with wet-lab experiments and using in vivo mice models allows for 

the assessment of  environmental influence and long term effects  (333). Although 

these models do have their weakness (333,334), they are considered a good step in 

determining causality  in  asthma  (335).  The usage of  murine microbiome models 

have been established for looking at the lung microbiome  (333,336).  Haemophilus 

influenzae has previously been shown to promote asthma progression and induce 

Th17 immune responses after 16 days of exposure to non-typeable  Haemophilus 

influenzae (261).  Future  work  on  the  C2-Hi  microbiome  interaction  on  epithelial 

barrier  function  using  murine  microbiome  models  would  allow  for  the  testing  of 

hypothesises gathered from chapter 5 and 6. Furthermore the addition of competitive 

species to these microbiomes using the results from the GEMs would allow us to test 

if the introduction of these species reduce the pathogenic burden of the microbiome.
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Appendix I.   Gene signatures used in this thesis.  

# Name Code Name Long Name Description Genes Reference (URL)

1 Lung-tissue 

resident Mφ

MACROPHAGES_TR Tissue-

resident 

Macrophage

tissue-resident  alveolar 

macrophages  gene 

expression  vs 

monocyte  derived 

alveolar  macrophage 

differentially  expressed 

gene

CEBPB TGFBI CD36 TNF CD80 TOMM20 

RNASEH2A  PPARG  RXRA  APOA1BP 

FAM100A  CSF2RA  NDUFA4  RAC1  CAD 

SIGLEC1 SIRPA

https://

pubmed.ncbi.nlm.nih.gov/

28694385/

2 Neutrophil NEUTROPHIL Heparanized  blood 

mixed  with  an  equal 

volume  of 

dextran/saline solution.

ABTB1  AMPD2  FAM53C  CCR3  CDA 

CMTM2 CLC CREB5 CTBS CTBS DICER1 

MSL1  FCGR2B  FCGR3B  FCGR3B 

MANSC1  FPR2  FRAT2  GPR27  FFAR2 

HSPA6 CXCR1 CXCR2 TMCC1 SLC45A4 

KRT23  MBOAT7  TSEN34  MXD1  YPEL3 

CEP19 R3HDM4 MPPE1 SLC25A37 NCF4 

NRBF2  PHC2  PROK2  RALB  RNF141 

SEC14L1  MSRB1  STX3  TSPAN16  VMP1 

VNN2 XPO6

http://

www.ncbi.nlm.nih.gov/

pubmed/15789058

3 ILC2 ILC2 Small intestine 

lamina  propria 

(Mus 

musculus)

IL2  genes  uniquely 

upregulated at  least  2-

fold compared to ILC1, 

ILC3, and LTi-like

PTGDR2 IL1RL1 IL17RB KLRG1 GATA3 

IL13 RORA HLF PPARG MAF KLF7 ZEB2 

POU1F1  HPGDS  HPGD  PTGER2  TCF7 

NOTCH1  TLE4  FCRL3  IL10RA  IL31 

http://

www.ncbi.nlm.nih.gov/

pubmed/25621825

http://www.ncbi.nlm.nih.gov/pubmed/25621825
http://www.ncbi.nlm.nih.gov/pubmed/25621825
http://www.ncbi.nlm.nih.gov/pubmed/25621825
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SLAMF1 P2RY1 TNFRSF9 ITGAM FASLG 

TNFRSF19

4 IL13 T2 IL13_T2 IL-13–driven  mucus 

production  in  human 

airway epithelial cells.

CST1  CCL26  PRB2  PRB1  PRB3  POSTN 

PRB4 ITLN1 ALOX15 SH2D1B CA2 NOS2 

FCGBP FOXA3 SPDEF CAPN14 DUOXA2 

CLDN5  PADI3  TSPAN8  ALPL  KCNJ16 

FETUB B3GNT6 CDH26 LRRC31 MUC13 

VSIG2  CSTA  FAM3B  SLC9B2  NTRK1 

KLF4 HPDL SOCS1 TRNP1 HS3ST1 VWF 

DUOX2 CISH ATP13A5 ZNF808 RNASE4 

CCBL1  SDCBP2  TMPRSS2  HYAL1 

CCDC109B  FAM83D  TRAK1  TPK1 

SLC7A1  CYP2C18  CDC42EP5  KCNS3 

ADRA2A  MRAP2  SLC2A10  PPARG 

FAM26E  ADCY4  WNT3  SLCO4A1 

ALDH1A2 C10orf99 WDFY2

https://

pubmed.ncbi.nlm.nih.gov/

23187130/
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5 Oxidative 

Phosphorylation

OXPHOS Genes  encoding 

proteins  involved  in 

oxidative 

phosphorylation  in 

MSigDB

OXPHOS,  ND1,  ND2,  ND3,  ND4,  ND4L, 

ND5, ND6, NDUFS1, NDUFS2, NDUFS3, 

NDUFS4,  NDUFS5,  NDUFS6,  NDUFS7, 

NDUFS8,  NDUFV1,  NDUFV2,  NDUFV3, 

NDUFA1,  NDUFA2,  NDUFA3,  NDUFA4, 

NDUFA4L2, NDUFA5, NDUFA6, NDUFA7, 

NDUFA8, NDUFA9, NDUFA10, NDUFAB1, 

NDUFA11,  NDUFA12,  NDUFA13, 

NDUFB1,  NDUFB2,  NDUFB3,  NDUFB4, 

NDUFB5,  NDUFB6,  NDUFB7,  NDUFB8, 

NDUFB9,  NDUFB10,  NDUFB11, 

NDUFC1,  NDUFC2,  NDUFC2-KCTD14, 

SDHA,  SDHB,  SDHC, SDHD, UQCRFS1, 

CYTB,  CYC1,  UQCRC1,  UQCRC2, 

UQCRH,  UQCRHL,  UQCRB,  UQCRQ, 

UQCR10, UQCR11, COX10, COX3, COX1, 

COX2, COX4I2, COX4I1, COX5A, COX5B, 

COX6A1,  COX6A2,  COX6B1,  COX6B2, 

COX6C,  COX7A1,  COX7A2,  COX7A2L, 

COX7B,  COX7B2,  COX7C,  COX8C, 

COX8A, COX11, COX15, COX17, ATP5A1, 

ATP5B, ATP5C1, ATP5D, ATP5E, ATP5O, 

ATP6,  ATP5F1,  ATP5G1,  ATP5G2, 

ATP5G3, ATP5H, ATP5I, ATP5J2, ATP5L, 

ATP5J,  ATP8,  ATP6V1A,  ATP6V1B1, 

ATP6V1B2,  ATP6V1C2,  ATP6V1C1, 

ATP6V1D,  ATP6V1E2,  ATP6V1E1, 

https://

pubmed.ncbi.nlm.nih.gov/

21546393/
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ATP6V1F,  ATP6V1G1,  ATP6V1G3, 

ATP6V1G2,  ATP6V1H,  TCIRG1, 

ATP6V0A2,  ATP6V0A4,  ATP6V0A1, 

ATP6V0C,  ATP6V0B,  ATP6V0D1, 

ATP6V0D2,  ATP6V0E1,  ATP6V0E2, 

ATP6AP1, ATP4A, ATP4B, ATP12A, PPA2, 

PPA1, LHPP

6 NETosis NETOSIS ITGAM C5AR1 MPO ELANE CTSG AGER 

CEACAM8 HMGB1 CCL

https://

pubmed.ncbi.nlm.nih.gov/

34775962/

7 IL6 

Transsignaling

IL6_TRANSSIGNALLING bronchial  epithelial 

cells)  ALI  (air  liquid 

interface)  cultures 

stimulated  with  IL6  to 

induce  a gene profile.

TNFAIP6  PDE4B  IL1R2  S100A9  S100A8 

S100A12 CHI3L1 SPP1

https://

pubmed.ncbi.nlm.nih.gov/

29902480/

8 Blood Eosinophil BLOOD_EOS_UP_PLOS201

5

DEFB105B  BCKDHA  ISG20  KRT23 

VSIG10  CREB3L3  IL2RA  IL10RA  IL3RA 

ENST00000367534  PMP22  GSTT1 

TMEM176B  CCS  S100A10  ACOT4  LIPA 

CCDC146  ENST00000449914  HRK 

CHRM4

https://

pubmed.ncbi.nlm.nih.gov/

26524763/

https://pubmed.ncbi.nlm.nih.gov/26524763/
https://pubmed.ncbi.nlm.nih.gov/26524763/
https://pubmed.ncbi.nlm.nih.gov/26524763/
https://pubmed.ncbi.nlm.nih.gov/29902480/
https://pubmed.ncbi.nlm.nih.gov/29902480/
https://pubmed.ncbi.nlm.nih.gov/29902480/
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9 Th17 TH17 KLRB1  RORC  PLXND1  CTSH  ALOX5 

PTPN13  IL4I1  C11orf75  NEFL  HLF 

JAKMIP2  DSE  LIMS1  HLA-DRB1  LTK 

HLA-DRB4 USP10 NR1D1 LCAT SAMD3 

HSPG2

https://

pubmed.ncbi.nlm.nih.gov/

23870669/

10 Aging AGING Meta-analysis  of  aging 

gene  expression 

datasets  (from  mice, 

rats and human) to find 

common  genes 

associated  with  aging 

across datasets

MMACHC,  PDE7B,  CTSS,  HLA-DRA, 

LUZP1,  C3,  C1QB,  BRINP3,  C1orf210, 

DENND6B,  APOD,  KHDRBS2,  DHDDS, 

VWF,  GPER1,  CALHM2,  MPEG1, 

FCGR2A, GPNMB, CLASP2,  MSL3,  C4A, 

MGST1,  SHARPIN,  APPBP2,  AIP,  IGJ, 

RNASET2, FCGR2B, ANTXR1, HIST1H1C, 

C1QA,  RAB40B,  CD74,  LYZ,  HMGN2, 

TLX3, SRPR, RORB, GFAP, ARRB1, MT2A, 

PTBP2,  ABCB6,  ARL11,  KITLG,  MMP10, 

UGT2B17,  FXYD1,  ANXA3,  BIRC7, 

CDKN1A,  AMH,  NPC2,  SH3GLB1,  HBB, 

PCSK6, GSTA1

https://

pubmed.ncbi.nlm.nih.gov/

19189975/

11 Inflammasome INFLAMMASOME Gene  expression  of 

Sputum  of  neutrophilic 

asthmatics vs healthy

IL1B NLRP3 CASP1 CASP4 CASP5 https://

pubmed.ncbi.nlm.nih.gov/

24136334/

https://pubmed.ncbi.nlm.nih.gov/24136334/
https://pubmed.ncbi.nlm.nih.gov/24136334/
https://pubmed.ncbi.nlm.nih.gov/24136334/
https://pubmed.ncbi.nlm.nih.gov/19189975/
https://pubmed.ncbi.nlm.nih.gov/19189975/
https://pubmed.ncbi.nlm.nih.gov/19189975/
https://pubmed.ncbi.nlm.nih.gov/23870669/
https://pubmed.ncbi.nlm.nih.gov/23870669/
https://pubmed.ncbi.nlm.nih.gov/23870669/


230

Appendix II. Permissions for reproduction of materials

Figure 1



231

Figure 2 (Full agreement available on request)



232

Figure 3



233

Figure 4



234

Figure 5



235

Figure 6



236

Figure 7



237

Figure 8

Figure 9


	Abstract (300 words)
	Acknowledgements
	Statement of Originality
	Copyright Declaration
	Table of contents:
	List of abbreviations:
	List of Tables:
	List of Figures:
	Chapter 1. Introduction & Background
	1.1 Asthma
	1.2 Epidemiology
	1.3 The pathophysiology of asthma
	1.4 The Airway Microbiome
	1.4.1 The airway microbiome
	1.4.2 Lung microbiome in respiratory diseases: Focus on asthma

	1.5 Asthma Treatment: current approaches and the respiratory microbiome
	1.5.1 Conventional asthma treatment
	1.5.2 The lung microbiome and asthma treatment

	1.6 Phenotypes and endotypes: A place for molecular phenotyping in asthma
	1.6.1 Asthma phenotypes:
	1.6.2 Asthma endotypes
	1.6.3 Molecular phenotyping: advancements and gaps

	1.7 Towards bridging clinical gaps: Precision medicine in asthma
	1.8 Thesis Aims

	Chapter 2. Datasets & Methodology
	2.1 Introduction
	2.2 Datasets
	2.2.1 U-BIOPRED
	2.2.2 Participants
	2.2.3 Samples collected
	2.2.4 Sputum induction and initial sample handling
	2.2.5 Statistical Methods
	2.2.6 Differentially expressed gene (DEG) analysis
	2.2.7 Pathway Enrichment
	2.2.8 Derivation of transcriptomic-associated clusters (TACs)


	Chapter 3. Evaluation of metagenomic pipelines for U-BIOPRED metagenomic sequence data
	3.1 Introduction
	3.1.1 Shotgun metagenomics
	3.1.2 Bioinformatics pipeline for taxonomy classification and functional genomics
	3.1.3 Kraken, Kaiju and MetaPhlAn: Three metagenomic pipelines
	3.1.3.1 Kraken
	3.1.3.2 Kaiju
	3.1.3.3 MetaPhlAn2
	3.1.3.4 HUMAnN2


	3.2 Methods
	3.2.1 Participants:
	3.2.2 Sample collection, Library preparation and Sequencing:
	3.2.3 Quality control and host reads removal:
	3.2.4 Bioinformatics Pipelines:

	3.3 Results
	3.3.1 Microbiome profiling with MetaPhlAn2

	3.4 Discussion

	Chapter 4. Haemophilus influenzae and Moraxella catarrhalis in the sputum of severe asthma associated with inflammasome and neutrophil activation
	4.1 Introduction
	4.2 Methods
	4.2.1 Quality control of metagenomic data and host reads removal
	4.2.2 Statistical and computational analysis

	4.3 Results
	4.3.1 α- and β-diversity
	4.3.2 Differentially abundant genera and species by asthma grouping
	4.3.3 Species abundance and clinical and inflammatory features
	4.3.3.1 Airflow obstruction
	4.3.3.2 Exacerbations
	4.3.3.3 Sputum neutrophils
	4.3.3.4 Sputum eosinophils

	4.3.4 Species abundance according to granulocytic inflammation
	4.3.5 Species abundance according to TAC molecular phenotypes
	4.3.6 Longitudinal stability of microbiome according to asthma severity

	4.4 Discussion

	Chapter 5. A severe neutrophilic asthma phenotype with high airway Haemophilus influenzae abundance
	5.1 Introduction
	5.2 Method
	5.2.1 Participants
	5.2.2 Sample collection, DNA/RNA extraction and data pre-processing
	5.2.3 Definition of relative dominant species (RDSs)
	5.2.1 Method for designating a relative dominant species (RDS)
	5.2.2 Clustering on abundance of low-diversity bacterial species
	5.2.1 Determiniation of dominant RDS
	5.2.2 Longitudinal analysis
	5.2.3 Statistical analysis

	5.3 Results
	5.3.1 Low a-diversity RDSs
	5.3.2 Haemophilus influenzae, Moraxella catarrhalis and Tropheryma whipplei RDSs
	5.3.2.1 Haemophilus influenzae RDS
	5.3.2.2 Moraxella catarrhalis RDS
	5.3.2.3 Tropheryma whipplei RDS

	5.3.3 Cluster analysis of low diversity samples
	5.3.4 Haemophilus influenzae RDSs of C1 and C2 clusters
	5.3.5 Longitudinal Analysis of severe asthma samples

	5.4 Discussion

	Chapter 6. Host-microbial interactions differ with age of asthma onset
	6.1 Introduction
	6.2 Method
	6.2.1 Participants
	6.2.2 Induction and initial sample handling
	6.2.3 Statistical and computational analyses
	6.2.4 Hyperparameter tunning
	6.2.5 Sparse CCA correlation
	6.2.6 Pathway enrichment of genes
	6.2.7 Visualization of shared host pathways and disease-specific host pathways

	6.3 Results
	6.4 Discussion

	Chapter 7. Summary & Discussion
	7.1 Summary
	7.1.1 Data processing and pipeline evaluation
	7.1.2 Microbiome evaluation by phenotype
	7.1.3 Relative dominant species based phenotypes
	7.1.4 Microbiome-host gene expression interaction analysis

	7.2 Discussion
	7.2.1 Impact on Landscape
	7.2.2 Limitations
	7.2.3 Future Studies


	Chapter 8. References
	Chapter 9. Appendix
	Appendix I. Gene signatures used in this thesis.
	Appendix II. Permissions for reproduction of materials

