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Abstract 

Chronic obstructive pulmonary disease (COPD) is a non-communicable inflammatory lung disease 

that is caused by chronic inhalation of irritants, most commonly smoke.  COPD sufferers experience 

airflow obstruction and an abnormal inflammatory response in the lungs leading to a progressive 

decline in lung function. The therapies currently used can only reduce the rate of disease 

progression but are unable to fully stop or reverse lung damage. Tobacco smoking is a major 

environmental risk factor for COPD, particularly in high-income countries, however, in developing 

regions and in low- and middle-income countries (LMIC), household air pollution where biomass is 

used as a fuel source for cooking and heating, is a major risk factor. COPD is the third leading cause 

of death worldwide, with > 3 million deaths annually, with 90% of those occurring in individuals less 

than 70 years of age in LMIC.  

Airway inflammation is an immunological response to smoke exposure and involves the recruitment 

of immune cells including neutrophils, macrophages, eosinophils and T-cells into the airways that 

contribute to tissue damage and airway and airspace remodelling. The primary features of COPD are 

inflammation of the small airways, airway remodelling and destruction of lung parenchyma 

(emphysema). In early stages of the disease, correlation of airway remodelling and lung functional 

measurements are care found. In advanced stages of COPD, airflow limitation is reflected by airway 

narrowing, and degree of emphysema. Most investigators have focused on tobacco smoke exposure 

to study the mechanisms of COPD; however, it is a heterogeneous disease and multiple endotypes 

and phenotypes have been described, characterised by the presence of different ratios of underlying 

conditions: emphysema, small airways disease, and chronic bronchitis. It has been proposed that 

COPD induced by chronic exposure to biomass smoke (BS-COPD), is a distinct phenotype of the 

disease and appears to be primarily characterised by chronic bronchitis with comparatively low rates 

of emphysema. While there are observable clinical differences between BS-COPD-affected 

individuals and patients with tobacco smoke-induced COPD (TS-COPD), the inflammatory and 

immunological drivers of this heterogenicity are poorly understood. Furthermore, it is unclear why 

only a portion of smoke-exposed individuals develop significant signs of disease.  

Previous research suggests that COPD patients have been shown to exhibit dysregulated immune 

states. Specifically, an imbalanced ratio of pro-inflammatory to anti-inflammatory T-cells has been 

identified, leading to prolonged immune activation and inflammation. T-cells, which are highly 

adaptable immune cells, play a pivotal role in orchestrating subsequent immune responses. While 

many changes in T-cell phenotypes are linked to COPD, the specific variations in immune 

dysregulation across different COPD phenotypes remain unclear. The research presented in this 
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thesis explored the hypothesis that dysregulated immune responses to chronic smoke exposure 

show distinct characteristics in individuals with clinical symptoms and vary between those exposed 

to biomass smoke and those exposed to tobacco smoke. In essence, unique immune states underly 

the heterogenicity of COPD. It is crucial to understand the mechanisms underlying the phenotypes as 

they could have substantial implications for treatment.   

To test this hypothesis two cohorts of participants were investigated. The first group of participants 

consisted of well-clinically characterised Australians with a history of tobacco smoking who were 

admitted to the hospital with an acute exacerbation of COPD. The second cohort of participants 

were poorly clinically characterised individuals from a rural community in Papua New Guinea (PNG) 

who were chronically exposed to biomass smoke from cooking fires. These contrasting cohorts 

enabled the examination of distinct phenotypes of COPD. The immune profiles of both cohorts were 

investigated using flow cytometry and transcriptomics techniques to better understand the 

dynamics of the disease and to identify potential markers or drivers.  

Flow cytometric and transcriptomic analyses of peripheral blood T-cells from the urban Australian 

TS-COPD cohort revealed phenotypic differences in T-cells compared to healthy controls. Both CD4+ 

helper and CD8+ cytotoxic T-cells in TS-COPD had an activated and exhausted phenotype which 

provides evidence for T-cell impairment and dysregulation in these patients. Concurrently, there was 

a downregulation of many transcription factors associated with T-cell differentiation. Additionally, 

there was a reduction in the proportion of mucosal-associated invariant T-cells (MAITs) in COPD 

patients. A phenotypically distinct population of MAITs was identified in the exacerbating COPD 

patients that expressed high levels of the T-cell exhaustion markers CTLA4, PD1, and TIM3. These 

results indicated that T-cell exhaustion is involved in TS-COPD. 

The biomass smoke-exposed cohort from PNG was the next focus of investigation. Initially, a 

baseline of peripheral blood leukocyte profiles was established from non-health-seeking biomass-

smoke exposed (i.e., healthy) participants. Examination of peripheral blood from these participants 

revealed a trend toward lower concentrations of T-cells including T-helper and cytotoxic T-cells yet, 

increased concentrations of natural killer T-cells compared to Australian reference ranges. 

Furthermore, the concentrations of T-helper cell type-1 (Th1), type-2 (Th2), and Th17-related plasma 

cytokines were greatly increased compared to the reference ranges established in Australia and the 

United States of America.  

These newly established baselines were then used to identify peripheral blood cellular and cytokine 

markers associated with symptoms of biomass-smoke-induced lung disease (i.e., unhealthy 

individuals). Participants in this group had elevated levels of plasma Th-17-related cytokines. 
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Furthermore, mitogen stimulation of whole blood samples from this cohort revealed that T-cells 

from the unhealthy participants were less able to respond to subsequent stimulation; they produced 

significantly lower concentrations of cytokines primarily related to Th-1 and Th-17-driven 

inflammation. This indicates that in this remote community from PNG, lung disease induced by 

chronic inhalation of biomass smoke results in increased inflammatory cytokines and functional 

impairment of peripheral immune cells, including T-cells. These changes may increase susceptibility 

to infectious disease, cancer, and other co-morbid conditions.  

Transcriptomic profiling was subsequently used to gain a deeper understanding of the immune 

differences underlying disease in the biomass-smoke-exposed cohort. RNA sequencing of peripheral 

blood revealed altered transcriptomes relating to different T-cell states. This included reduced 

expression of LY9 (Lymphocyte Antigen 9), ITK (Interleukin-2-inducible T-cell Kinase), IL7R 

(Interleukin 7 Receptor), and CD96 (Cluster of Differentiation 96) in the unhealthy participants. 

Additionally, the expression of HSPA1A (Heat Shock Protein Family A Member 1A), and NR1H1 

(Nuclear Receptor Subfamily 1 Group H Member 2) was increased in these participants. Gene set 

enrichment analysis identified increased expression of gene sets relating to innate immune cells and 

concurrent reduced expression of gene sets relating to multiple T-cell subtypes. Notably, there was 

increased expression of gene sets related to neutrophil and monocyte activity and hypoxia. 

However, the results also provided evidence that unique immune mechanisms may underly biomass-

smoke-induced versus tobacco-smoke-induced disease. The expression of CD96 and IL7R, which 

exhibited heightened levels in the T-cells of TS-COPD patients, showed reduced expression in the 

peripheral blood of the unhealthy biomass-smoke-exposed participants compared to their healthy 

counterparts. Furthermore, whereas the expression of NFKB1 (nuclear factor kappa B subunit 1), 

TGFB1 (transforming growth factor beta 1), IFNG (Interferon Gamma), and STAT3 (Signal Transducer 

and Activator Of Transcription 3) was diminished in the T-cells of TS-COPD patients, gene sets 

associated with these markers demonstrated increased expression in unhealthy participants from 

the PNG cohort. 

Together, these studies show evidence of dysregulated immune responses associated with tobacco 

smoke and biomass smoke-induced lung disease. There was also evidence of functional impairment 

of immune cells in both cohorts of patients. TS-COPD patients expressed exhausted MAITs as well as 

T-helper and cytotoxic T-cells that displayed an activated and exhausted phenotype. Participants 

with biomass smoke-induced lung disease had immune profiles associated with increased and 

impaired Th-17-driven inflammation as well as impaired type-1 responses. These studies provide a 

better understanding of these unique aetiologies and begin to carve a path toward therapies that 

account for the heterogeneity of COPD. 
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Chapter 1: Introduction 

The motivation for this study stems from the inadequate understanding and management of chronic 

obstructive pulmonary disease (COPD), especially in developing countries. COPD ranks as a foremost 

cause of mortality globally, characterized as a progressive condition impacting all regions of the 

lungs, which results in diminished respiratory function. This condition also has broader implications 

as it substantially contributes to co-morbidity within the impacted communities. COPD sufferers are 

unable to efficiently oxygenate their blood leading to dyspnea, lack of energy, and in severe cases 

reduced cognitive abilities causing confusion, and memory lapses. Currently, there are no therapies 

that can stop or reverse the disease. Treatment is rather aimed at suppressing the disease’s 

progression. 

COPD is caused by chronic inhalation of irritants. In Western countries, tobacco smoke is the primary 

aetiology. However, chronic biomass smoke exposure is a major cause in low-to-middle-income 

countries (LMICs). In these at-risk LMIC communities, the disease is particularly not well 

characterised due in part to poor access to health care and therefore the clinical management of 

these patients is even more challenging. Indeed, even though PNG has the second highest death rate 

due to COPD in the world, the clinical impact and pathology are not well described (1).   

The ongoing impact of biomass smoke exposure can be severe. In many COPD patients, lung function 

continues to decline even after irritant exposure has been halted (2). This long-term lung damage is 

due in large part to an aberrant immune response initiated by inhaled irritants rather than solely by 

direct damage from the irritants. The immunopathology is complex and not fully understood and 

therefore treatment and management can be difficult. Even in countries with well-resourced health 

systems, clinical presentation is heterogeneous, and the immune response is complex leading to 

challenges in disease management. Recent literature has suggested that T-cell dysregulation might 

be particularly important in this COPD-driven immunopathology (See Chapter 2) and therefore our 

study focused on this aspect of the immune system and T-cell dysregulation. Therefore, this PhD 

project intended to further investigate the heterogenicity of immune and transcriptomic landscapes 

in COPD patients, particularly that of the cell-mediated immune responses, and compare and 

contrast urban (development world) vs rural (developing world) at-risk cohorts from these 

communities. The underlying hypothesis of this work was the following: 

Dysregulated cellular immune responses to chronic smoke exposure have distinctive characteristics 

among individuals exhibiting clinical symptoms of disease, as well as variations between individuals 
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exposed to biomass smoke and cigarette smoke. Therefore, an understanding of these mechanisms is 

required for directed and evidence-based treatment and may prove useful as diagnostic biomarkers. 

To test this hypothesis this project was established across two cohorts: a clinically well-characterized 

group of patients from urban Australia with tobacco smoke-induced COPD and a clinically poorly 

characterized group of biomass smoke-exposed participants from a rural area in Papua New Guinea 

(PNG). These cohorts allowed this project to capture and analyse much of the heterogenicity that is 

associated with COPD sufferers and to broadly identify the unique and common pathways involved 

in biomass-smoke-induced lung disease.  

To establish a baseline understanding of COPD in a well-characterized population, a cohort from 

Australia was studied as a preliminary step towards investigating the condition in participants from a 

rural community in Papua New Guinea. Patients were recruited upon admission to the Prince 

Charles Hospital (Brisbane) with an acute exacerbation of COPD (AECOPD). These patients were 

clinically very well characterized and diagnosed using Global Initiative for Chronic Obstructive Lung 

Disease (GOLD) guidelines. Blood samples were acquired on admission, during recovery, and after 

recovery. The major T-cell subsets were isolated from the blood samples and used in downstream 

analyses to identify immune phenotypes and transcriptional changes associated with COPD in this 

cohort compared to healthy controls.   

The next portion of the study shifted to focus on the participants from rural PNG. Characterization, 

treatment, and research in this region are limited due, in part, to the remoteness and lack of 

infrastructure and resources. There is often no diagnostic facility in this area or trained respiratory 

clinicians to accurately diagnose these patients. Participants in this study were recruited when they 

presented to Balimo District Hospital for investigation of respiratory symptoms. Additional 

participants who were not seeking medical attention were recruited from the general population to 

help determine a non-disease baseline. In all of these participants, biomass smoke exposure from 

cooking was ubiquitous. Participants were excluded from the study if they were found to have a 

pulmonary tuberculosis infection, which is endemic in this region. A portable spirometer supplied by 

the research team for the study was used to measure lung function. Additionally, blood and 

spontaneous sputum samples were acquired from participants. These samples and data were 

transported back to James Cook University (Townsville) for analysis.  

Since lung function testing presents immense challenges in remote communities, this study 

attempted to characterise lung disease by focussing on immune parameters. The blood samples 

were analysed to determine the concentrations of immune cells and cytokines present. This data 

was initially analysed to determine how biomass smoke exposure affects immune responses. This 
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was accomplished by comparing the values to the range of what is expected in healthy individuals 

who have not been chronically exposed to smoke. Next, the participants were segregated into two 

groups: one with symptoms of respiratory disease and one without. This made it possible to 

distinguish immune profiles that were specific to lung disease from profiles that were solely artifacts 

of biomass smoke exposure.  

To further elucidate markers of lung disease in this cohort transcriptomics was used. While the 

previous studies used flow cytometry to identify the major cell types and cytokines expressed in the 

participants, this allowed thousands of genes to be analysed that were differentially expressed in the 

entire cell population. This allows much deeper insights into the immune dysregulation that 

underlies biomass smoke-induced lung disease. These studies allowed for the identification of 

transcription factors that are associated with the development of specific immune cell lineages and 

phenotypes. Further, pathway and gene ontology analyses allowed for multi-gene signatures to 

reveal the biological processes that are active in biomass smoke-induced lung disease. 

The combination of these cohorts provides a comprehensive analysis of immune and T-cell 

dysregulation, broadly comparing urban Australian populations with rural communities in Papua 

New Guinea (PNG). This dual-cohort approach is instrumental in identifying unique patterns of 

immune response associated with different aetiologies. Specifically, the inclusion of the cohort from 

rural PNG, where biomass smoke-induced lung disease is prevalent, addresses a significant gap in 

current research. By contrasting this with urban Australian cohorts, where lung disease aetiologies 

differ markedly, the study facilitates a deeper understanding of how biomass-smoke exposure 

contributes to immune dysregulation. These studies may advance our understanding of why biomass 

smoke-induced lung disease has a very different clinical presentation compared to tobacco smoke-

induced disease and begin to provide insights into why only a portion of people chronically exposed 

to biomass smoke develop chronic lung disease. These studies may advance therapeutics and 

diagnostics, particularly in these underserved communities. 
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Chapter 2: Review of the Literature 

2.1 Introduction 

Chronic obstructive pulmonary disease (COPD) is a common lung disease caused by inhalation of 

noxious particles or gasses, most commonly from tobacco smoke. Biomass smoke, air pollution, and 

other factors also significantly contribute to its prevalence as about 30% of COPD patients have 

never smoked (3). Lung pathology of COPD is characterised by progressive narrowing of the airways 

due to small airways disease chronic bronchitis, and emphysema. These underlying conditions are 

present in varying ratios among patients and represent separate phenotypes of the disease. 

Currently, there is no cure for COPD as the airway and lung damage incurred is irreversible. COPD 

management is limited to the treatment of ongoing and acute symptoms, prevention and 

management of exacerbations, and management of co-morbidities. In 2019, COPD caused 3.23 

million deaths making it the third leading cause globally (4). In Australia, approximately 638,000 

people suffer from COPD and the direct costs totalled $831.6 million in 2020-2021 (5). Papua New 

Guinea has the highest rate of COPD in people under 50 years old and it has one of the highest age-

standardized disability-adjusted life years (DALY) rates from COPD in the world (6). 

While tobacco smoke exposure is the primary aetiology of COPD in industrialized countries, the 

increasing use of electronic cigarettes is associated with a 75% higher incidence of chronic 

bronchitis, emphysema, or COPD however, more evidence is needed to establish this link (7). 

However, biomass smoke-induced COPD is a major concern in low to middle-income countries 

where inefficient fuel sources (i.e., wood and crop waste) are used for cooking and heating and has 

distinct characteristics compared to tobacco smoke-induced disease (8, 9). The immune drivers 

underlying these unique clinical characteristics are not understood (10). Other clinical phenotypes 

based on the frequency of exacerbations and pattern of comorbidities have been described but no 

correlation to underlying inflammatory signatures has been identified thus far (11).  

Current treatments for COPD are aimed at managing the symptoms. This includes a combination of 

short and long-acting bronchodilators (beta-agonists and muscarinic antagonists) however 

effectiveness reduces with prolonged use. Inhaled corticosteroids (ICS) and phosphodiesterase-4 

(PDE-4) inhibitors are often used in combination with bronchodilators to reduce airway 

inflammation. Both ICS and PDE-4 inhibitors suppress immune function and increase susceptibility to 

infections which can lead to increased damage in the lungs. Additionally, ICS treatment is only 

effective in a subset of patient. None of these treatments target the root causes of COPD and reduce 

bronchoconstriction or inflammation. Better treatments are needed to target the underlying 

pathological mechanisms that cause COPD. However, this is challenging due to the clinical and 
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cytokine production functions to their equivalently named CD4+ T-helper cells. That is, Tc1, Tc2, and 

Tc17 cells have similar capabilities to Th1, Th2, and Th17 cells respectively (12). Tc10s are CD8+ cells 

named for their ability to secrete Il-10 similar to CD4+ Tregs (18, 19). 

2.2 Inflammatory pathogenesis of COPD 

Many cell types play a role in the pathophysiology of COPD including innate and adaptive 

lymphocytes as well as epithelial cells. Inhaled irritants induce airway mucus hypersecretion, 

epithelial cell hyperplasia, and the release of inflammatory cytokines and chemokines from the 

airway epithelium that induce the migration of immune cells (20-22). Recruited macrophages and 

neutrophils cause inflammation and release proteases that destroy lung tissues (Figure 2.1A) (23, 

24). Repair mechanisms result in excess collagen deposition leading to fibrosis and the permanent 

and progressive loss of elastic recoil (25). This results in the clinical symptoms of emphysema which 

is observed in some COPD patients and is typically preceded by small airway disease. In contrast to 

the neutrophilic inflammation seen in the majority of COPD patients, a subset (37%) of COPD 

patients also has eosinophilic inflammation which represents a distinct phenotype of the disease 

(26). The presence of eosinophilic inflammation may indicate pre-existing asthma and allergy 

underlying COPD (Figure 2.1B). These patients respond better to corticosteroid treatment which is 

less effective in non-eosinophilic driven COPD (27). 

The cell types and cytokines driving inflammation vary across patients, the severity of the disease as 

well as stable and acute stages (28-32). T-cells display a high level of plasticity and can exert control 

over many other immune-cell types and likely play a role in the heterogeneous nature of COPD. 

Understanding the roles of these cells may lead to a better understanding of COPD pathophysiology 

and targeted treatment options. 
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Figure 2.1. Neutrophilic and eosinophilic mechanisms in COPD.  
(A) Neutrophilic inflammation in COPD lung. Excess biomass particles induce goblet cells to produce mucus 
hyper-secretion in the lung alveolar epithelium. Th17 cells are recruited that induce inflammatory chemokines 
that recruit neutrophils from the peripheral blood. This results in tissue destruction and excess collagen 
deposition in the alveolar epithelium via neutrophils releasing neutrophil extracellular traps (NETs), 
metalloproteinases (MMPs), and the further recruitment of Th17 cells. (B) Eosinophilic inflammation in COPD 
lung. Inhaled allergens stimulate alveolar epithelial cells to release cytokines that activate Th2 and ILC2 cells. 
Activated Th2 and ILC2 cells produce IL-5 which leads to eosinophil recruitment in the lungs. Lung eosinophils 
recruit macrophages which release MMP12 leading to tissue damage and collagen deposition. Figure created 
in Google Drawings. 

2.3 Role of Th17 and regulatory T-cells in COPD pathology  

Airway inflammation characterised by an infiltrate of neutrophils is present in the majority of COPD 

cases, especially those with chronic bronchitis. While the mechanisms underlying the 

pathophysiology of COPD are not fully understood, Th17 cells that produce cytokines associated with 
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Figure 2.2. Macrophages and T-cells in COPD. 
M0 macrophages are directed into hemostatic or inflammation phenotypes via biomass inhalation. Normal 
immunity comprises hemostatic M2 macrophages, Th2 CD4+ T-cells, and CD4+ Tregs (blue). Excessive biomass 
inhalation and overexpression of BAMBI result in inflammatory M1 macrophage formation, effector Th1 CD4+ 
T-cell recruitment, and tissue destruction from CD4+ Th17 cells (orange). This cumulative results in chronic 
immune activation in the blood and lungs causing the thickening of the lung bronchial walls. 

Recent research has highlighted the potential role of IL-36 in the induction of the Th17 responses 

observed in COPD. IL-36 is a pro-inflammatory cytokine that can be expressed in many cell types 

including macrophages, dendritic cells, neutrophils, and bronchial epithelium (57). Studies have 

shown that the expression of the isoforms IL-36a and IL-36y are increased in COPD patients 

compared to healthy controls. This effect is particularly pronounced in patients with a neutrophilic 

phenotype of COPD (58). The source of IL-36 has not been identified in COPD, however, 

macrophages and dendritic cells are likely candidates and are implicated as sources of IL-36 in the 

context of other inflammatory diseases (57). Further, in vitro studies and rat models have shown 

that biomass smoke exposure is capable of activating Toll-like receptor 2 (TLR2) on dendritic cells 
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patients compared to controls (18). Despite the increase in CD8+ cell types, COPD patients have an 

increased susceptibility to viral infections, possibly due to the breakdown of innate defences of the 

respiratory tract. COPD patients have a disturbed balance of pro-inflammatory and anti-

inflammatory subsets CD8+ subsets similar to that observed in CD4+ subsets although there is a larger 

overall increase in CD8+ T-cells than in CD4+ T-cells (18, 76). CD8+ T-cell numbers negatively correlate 

with FEV1% in COPD patients (77, 78). Stable COPD patients primarily have an increased proportion 

of Tc1 cells and a decreased proportion of Tc2 and Tc10 cells. During exacerbations, patients also 

display an increase in Tc17 cells along with the upregulation of Tc2 cells to baseline (18). Healthy 

smokers have an increased proportion of CD8+ Tregs over COPD patients. In vitro studies have shown 

that cigarette smoke extract is involved in both the proliferation and apoptosis of CD8+ Tregs and the 

fate of these cells is likely dependent on the cytokine microenvironment. The deficiency of CD8+ 

Tregs undoubtedly has consequences on the inflammatory environment of the lungs in COPD 

patients (77). This is consistent with the studies on CD4+ and T-regs and similar interactions are likely 

involved, but little research has been performed on CD8+ T-regs in COPD.  

Multiple altered CD8+ phenotypes have been identified in COPD patients. It has been shown that 

CD8+ CD28null T-cells are increased in COPD patients. CD28 is a costimulatory receptor that is 

involved in the activation and survival of T-cells. A murine model has demonstrated that cigarette 

smoke exposure can increase the proportion of CD8+CD28null cells yet, ex-smokers COPD patients still 

exhibit increased CD8+CD28null cell numbers. CD8+CD28null cells express more pro-inflammatory 

cytokines and cytotoxic molecules upon stimulation than CD8+CD28+ cells and may be implicated in 

the inflammatory response of COPD (79). These cells were further shown to have lost expression of 

glucocorticoid receptors. This may further explain the resistance to steroid treatment observed in 

COPD patients (75). A classification of CD8+ T cells based on one or two additional markers may not 

provide a great deal of functional insight into pathology. For example, CD28 is an activation marker, 

and CD28+ T cells may be already committed to a particular cytokine profile, while CD28null cells are 

simply more receptive to stimulation. How these cells are implicated in the pathology of COPD is 

uncertain.  

COPD patients have an increased susceptibility to lung viral infections. The PD-1/PD-L1 pathway 

plays an important role in viral immunity in the lungs yet it appears to be disrupted in COPD 

patients. The binding of the PD-1 ligand, PD-L1, inhibits proliferation and cytokine secretion. PBMCs 

from COPD patients had higher PD-1 expression than those from controls indicating an exhausted 

cell phenotype (80). PD-1 expression on CD8+ cells was positively correlated to disease severity in 

COPD patients (81). Similarly, lung tissue from COPD patients displayed higher expression of PD1 on 

CD8+ T-cells than lung tissue from controls. Further, upon in vitro H3N2 virus infection COPD tissues 
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by the expression of different transcription factors and the cytokines they release (94). In-depth 

phenotypic analysis of NKT cells in COPD is lacking yet it may provide new insights into the 

mechanisms of COPD pathogenesis. 

A few studies have investigated the activity of mucosal-associated invariant T-cells (MAITs) in COPD. 

MAITs also express a unique TCR that recognizes riboflavin pathway-related antigens presented on 

MR1 molecules. MAITs are implicated in the defence against bacterial pathogens in mucosal 

membranes. COPD patients have reduced numbers of MAIT cells in their peripheral blood (91, 95, 

96). Concurrently, COPD patients have increased expression of CXCR2 and CXCL1 in the lungs which 

facilitates the migration of MAIT cells (96). The reduced MAIT cell counts in the blood may be an 

artifact of recruitment into lung tissues. MAIT cell counts are positively correlated with lung function 

measured by FEV1/FVC ratio (95). However, other studies have shown that in peripheral blood and 

bronchial samples, MAITs are only reduced in patients who have received steroid treatments (97). 

2.7 Experimental Model Limitations 

The use of animals to model COPD is common despite their limitations. Mouse models of COPD have 

been able to replicate many of the features of the disease in a short timeframe (98). However, 

mouse lungs have important anatomical differences compared to humans including different 

branching patterns in the airways and the lack of respiratory bronchioles (99, 100). The respiratory 

bronchioles in humans contain respiratory airway secretory cells that are transcriptionally distinct 

from any cells found in the mouse lung (100). Additionally, mice have reduced numbers of goblet 

cells in their bronchi and bronchioles compared to humans (101). Large studies in humans have 

suggested that it takes years of chronic smoke exposure to induce sustained inflammation and 

structural changes in the lungs whereas mouse models can be established in weeks to months of 

intense cigarette smoke exposure (102). The differences bring into question the validity of mouse 

models in producing meaningful results. To circumvent many of the differences between mouse 

models and human COPD, a non-human primate model of COPD was proposed. Macaques were 

exposed to cigarette smoke five days per week for 12 weeks. The animals developed many of the 

features of COPD, yet they failed to develop emphysema (103). This may have been due to the short 

timeframe of the model. However, none of these models consider the multiple phenotypes seen in 

COPD. Animal models may provide insights into specific features of lung disease but are not useful in 

wholistically replicating human disease. 
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2.8 Conclusion 

The immune mechanisms involved in COPD are complex. There is evidence for the role of T-cell 

autoimmunity as well as autoinflammatory responses from neutrophils and macrophages. The 

degree to which each of these mechanisms plays a role in COPD is unclear. Cell counts are altered 

and out of balance as are cell phenotypes. Type 1 and type 2 adaptive responses are misaligned 

along with Th17 and Treg activity. Multiple potential causes for these imbalances have been 

investigated but no singular mechanism has been identified that can account for all these changes. 

Much of the research that has been performed has focused on changes in cell counts and ratios. Yet, 

these studies are limited in their ability to decipher the complex interactions that are occurring in 

COPD patients. Future research should be focused on in-depth analysis of clinical and cellular 

phenotypes as some cell types with known phenotypic subsets, such as CD4+ Th22 cells, have not 

been studied in COPD. The observed phenotypic differences in patients exposed to biomass smoke 

compared to tobacco smoke have been understudied. It is unknown whether the phenotypic 

differences seen in patients with these distinct induction triggers have unique immune drivers or if 

they are related to the vastly different demographics that are typical in these groups. Increased 

understanding of the immune drivers of COPD may provide clinically translational advances in the 

form of new treatments as well as diagnostic biomarkers that can allow clinicians to provide 

personalized treatment to patients. Some molecular signatures have already been identified that 

relate to disease phenotypes and lung function in patients but these need to be expanded to enable 

diagnostics that are of sufficient precision and accuracy to diagnose treatable characteristics of 

COPD patients. This will come through an improved understanding of the mechanics underpinning 

disease phenotypes. The mechanisms underlying both infective and non-infective exacerbation 

patients also warrant investigation. Exacerbations greatly accelerate lung damage and functional 

decline. Treatments that can prevent or halt exacerbations could substantially increase patients’ 

lifespans and quality of life.  

Adding to the complexity of COPD, the disease presents differently from one patient to the next. For 

example, some patients colloquially termed ‘pink puffers’, primarily suffer from emphysema 

whereas the ‘blue bloaters’ are plagued with chronic bronchitis. Additionally, these conditions are 

often preceded by small airway disease. It is not clear why patients experience these conditions in 

varying degrees and ratios which creates challenges for clinicians. Only about half of patients 

diagnosed with COPD have an accelerated decline in their lung function trajectory (104). There is 

also a significant overlap between other chronic lung pathologies like asthma and bronchiectasis. 

COPD-Asthma overlap syndrome yields different responses to treatments (105). All of this points to 

the need for awareness of the heterogeneity of COPD. It appears to be a disease with many subtypes 
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that have yet to be fully elucidated. It is unlikely that a singular mechanism will be deduced from all 

the immunological changes that have been and will be revealed. Future studies should attempt to 

find mechanistic differences and biomarkers in patients with different phenotypes of the disease. 

This may allow for more effective, individualized treatments for COPD patients.  
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Chapter 3: Pattern of early T-cell activation and exhaustion in patients with acute 

exacerbations of chronic obstructive pulmonary disease 

3.1 Introduction 

Chronic obstructive pulmonary disease (COPD) is an inflammatory condition of the small airways 

with emphysematous destruction of lung tissue that leads to irreversible airway obstruction (106). 

COPD is the 3rd leading cause of death worldwide with age-adjusted mortality that has doubled in 

the past 30 years (107). COPD is strongly associated with smoking however 25-45% of COPD patients 

have never smoked (108), suggesting that exposure to biomass smoke may be another leading risk 

factor.  

The clinical course of COPD is characterised by recurrent exacerbations of symptoms including cough 

and shortness of breath associated with impaired respiratory functions. These acute exacerbations 

of COPD (AECOPD) events are often triggered by viral or bacterial infection of the airways to which 

these patients are highly susceptible. COPD is therefore qualified by the level of airway obstruction, 

as defined by the forced vital capacity (FEV1%) into mild, moderate, or severe disease, and by the 

frequency of exacerbations requiring hospitalization in the GOLD classification (109).  

Previous research has shown that lymphocyte numbers are increased in the airways and blood of 

COPD patients with a further increase during exacerbations (18, 42, 44, 67). Both CD4+ and CD8+ T-

cell subsets have been shown to play a role in the pathology of COPD. In addition, MAITs cells are 

reduced in the blood of stable COPD patients (91) (95, 96).  Previous studies revealed that the ratios 

of T-cell subsets are skewed and favor an inflammatory environment. (42, 44, 67, 110). Importantly, 

altered phenotypes of these T-cell subsets also appear to contribute to COPD pathology. In 

particular, Tregs have lower expression of inhibitory ligands and have reduced immune suppressive 

abilities in COPD patients compared to controls (62). Further, CD8+ T-cells in COPD patients express 

altered phenotypes and release increased levels of inflammatory cytokines (79).  

Flow cytometry and qPCR analysis on lung-specific CD4+ T-cells have demonstrated impaired 

function and unique phenotypes in COPD patients (111). T-cells are known to freely circulate 

between the blood and the lung (112), suggesting that there is likely bidirectional movement 

between the diseased lung and the circulation. Indeed, using microarray gene profiling on whole 

blood, COPD gene modules were identified and could be linked to disease severity. Some of the 

strongest signals came from CD4+ and CD8+ T-cell-specific gene signatures (113). MAITs cells were 

also shown to have altered phenotypes in COPD patients. MAITs from COPD patients had increased 
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3.2.2 PBMC Isolation  

Blood samples were collected at four time points for each patient where possible: on admission to 

the hospital with an AECOPD (day 0), between days 3-5 post-admission, days 12-18 post-admission, 

and at stability (ST-COPD) (day 30+ post-admission). Age and sex-matched healthy controls (HCs) 

were recruited. Samples were immediately processed to separate the peripheral blood mononuclear 

cells (PBMCs) using density gradient centrifugation media (Lymphoprep, STEMCELL Technologies). 

Separated PBMCs were cryopreserved until used.  

Prior to use cells were thawed, DNase treated, and counted for viability.  

3.2.3 Fluorescence-activated sorting of CD4+ and CD8+ T-cells 

PBMCs collected from patients during an AECOPD and at stability as well as from healthy controls 

were used for T-cell sorting. Approximately 1x106 PBMCs were thawed and stained using a five-

colour T-cell sorting panel (Appendix 1A). Sorting was performed on a BD-FACS ARIA cell sorter (BD 

Biosciences). CD3+CD4+ and CD3+CD8+ lymphocytes were sorted into separate populations and 

collected into 2% FBS in PBS. 50,000 or more CD4+ and CD8+ cells were collected and re-sorted to 

ensure purity (cell populations were >98% pure). 

3.2.4 Flow Cytometry 

Flow cytometric analysis was performed on PBMCs from each of the four time points and HCs. Each 

sample was stained with one of the three panels. Panel 1 included T-cell lineage markers (Appendix 

1B). Panel 2 included surface markers and FoxP3 intracellular staining (Appendix 1C). Panel 3 

investigated the activation and exhaustion states of mucosal-associated invariant T-cells (MAITs) 

(Appendix 1D). Data were acquired using an LSRFortessa-II flow cytometer (BD Biosciences) running 

FACSDiva software.  

  

3.2.5 RNA Extraction and NanoString Transcriptomics 

Sorted CD4+ and CD8+ cells were thawed, and RNA was extracted using RNAzol (Sigma-Aldrich). The 

resulting RNA was quantified on a NanoDrop ND-1000 spectrophotometer (Thermo Fisher Scientific) 

and frozen at -80oC until further analysis. Gene expression was quantified using the NanoString 

nCounter system at the maximum resolution according to the manufacturer’s instructions 

(NanoString Technologies, USA). A custom set of 135 T-cell genes that was optimized from other 
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experiments was used for this study. This included genes with established roles in T-cell functions 

(i.e. activation, exhaustion, etc.)  

3.2.6 Data Analysis 

Gene expression data were imported into R (V3.5.3) and normalized using the NanostringClustR 

package (V0.1.1) using the quantile normalization technique. Principal Component Analysis (PCA) 

and volcano plots were generated using the ggplot2 R package. Mann-Whitney U-tests were 

performed between two experimental groups using a false discovery rate of 5% in Prism (V9.4, 

GraphPad) and p values < 0.05 were considered to be significant. Additionally, Pearson's correlations 

were conducted on parametric gene expression data and clinical parameters using Prism. 

Flow cytometry data was manually gated using fluorescence-minus-one controls in FlowJo (V10, Tree 

Star Inc.) (Appendix 2). Comparisons between AECOPD and HC groups were calculated by unpaired t-

tests with a significance cut-off at p<0.05. Box plots were created in R using ggplot2. 

Ungated raw flow cytometry data was also imported into Cytobank (Cytobank.org) for CITRUS 

(Cluster Identification, Characterization, and Regression) analysis. Samples were categorized and 

analysed within lymphocyte or MAIT cell populations. The CITRUS algorithm is a supervised learning 

method used to identify statistically significant differences in cell populations from high-dimensional 

cytometry data. The algorithm clusters cells based on similarities in marker expression and then 

correlates these clusters with a biological outcome (e.g., disease status). In this study, CITRUS was 

used to identify cell phenotypes that significantly differ between AECOPD patients and healthy 

controls (HCs). The nodes in the CITRUS plots represent clusters of cells with similar expression 

profiles for the markers tested. Nodes are linked by edges that represent hierarchical relationships 

between clusters, with parent nodes encompassing broader cell types and child nodes representing 

more specific cell subsets (120). 

3.3 Results  

3.3.1 Patient Demographics 

In total, 32 AECOPD patients were recruited for the study with six providing follow-up samples at 

stability (Table 3.1). CD4+ cells were isolated for gene expression from all AECOPD patients at all time 

points. CD8+ cells were isolated for gene expression analysis from 25 of the AECOPD patients during 

admission but were not isolated from follow-up samples due to limited samples. In total, 20 age-

matched HCs were recruited. CD4+ cells were isolated for gene expression analysis from 14 HCs 
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while CD8+ cells were isolated from six due to limited samples. The mean age was similar between 

groups. 

Table 3.1. Rural Australia study participant characteristics across time point 
 AECOPD (D1) AECOPD (D3) AECOPD (D14) Stable COPD Healthy Controls 

n (total) 32 7 7 6 20 

n (CD4) 32 7 7 6 14 

n (CD8) 25 0 0 0 6 

Age (SD) 70.6 (8.4) 69.7 (8.3) 66.9 (6.4) 69.0 (6.0) 64.6 (8.3) 

Male:Female 17:15 6:1 5:2 6:0 13:7 

 

3.3.2 AECOPD is associated with early-activated CD4+ T-cells 

Flow cytometry analysis enabled the dissection of CD4+ T-cell phenotypes in AECOPD compared to 

healthy controls (Figure 3.1A). A significantly higher fraction of CD4+ CD25+ T-cells was seen in 

AECOPD compared to HCs. Further analysis revealed these cells to include CD4+ CD25+ CD69+, CD4+ 

CD25+ CTLA4-, and CD4+ CD25+ PD1- cells which may represent early activated cells or tissue-resident 

cells that have returned to circulation (121). Conversely, CD4+ CD25- CD69+ T-cells and CD4+ CD25- 

CTLA4+ cells were significantly lower in AECOPD compared to HCs. There was no significant 

difference in the percentage of Tregs or expression of PD1, CTLA4 or CD69 on Tregs between 

AECOPD and HCs. Similarly, no difference in CD8+ T-cell expression of PD1, CTLA4, or CD69 was seen 

between groups.  

3.3.3 MAIT cell numbers are reduced in AECOPD and overexpress inhibitory receptors 

The percentage of MAIT cells of CD3+ cells was significantly lower in AECOPD compared to HCs 

(Figure 3.1B).  Median MAIT proportion of CD3+ cells was 0.61% (IQR 0.24-0.96) compared to 3.52 

(IQR 0.81-8.32%) in the HCs. The MAIT cells that were present in the circulation of AECOPD patients 

expressed significantly higher levels of CTLA4 and PD1 compared to HCs however there was no 

significant difference in CD69 expression between groups. The median proportion of total MAITs 

that were positive for CTLA4 was 21.40% (IQR 5.88-41.41%) in AECOPD patients and 4.35% (IQR 

0.89-10.85%) in HCs. The median proportion of total MAITs that were positive for PD1 was 31.0% 

(IQR 20.8-50.0%) in AECOPD patients compared to 14.0 (IQR 4.56-28.7%) in HCs. Taken together, this 

indicates a higher occurrence of exhausted MAIT cells in AECOPD compared to HCs. 
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Figure 3.1. Activation and exhaustion marker expression on CD4 T-cells and MAIT cells in AECOPD compared to 
HCs.  
A. Comparison of activation and exhaustion marker expression on CD4+ T-cells. Significantly higher CD4+ CD25+ 
T-cells, CD4+ CD69+ CD25+ T cells and CD4 CD25+ CTLA4– or PD1– T-cells were seen in AECOPD. Significantly 
lower CD4+ CD69+ CD25– and CD4+ CD25– CTLA4+ cells were seen. B. MAIT cells were significantly lower in 
AECOPD compared to HCs. The MAIT cells present in AECOPD had significantly higher levels of CTLA4 and PD1 
compared to HC MAIT cells. Mann-Whitney U-tests were performed between groups. Significance is indicated 
as * p<0.05, ** p<0.01, *** p<0.001. 
3.3.4 T-cell subset compositions are altered during the transition from exacerbation to stable 

COPD 

Serial blood samples obtained at admission, day 3, between days 12-18, and at clinical stability (day 

30+) were analysed for patterns of change in the cell subsets of interest. CD4+ CD25+ CD69+ and CD4+ 
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CD25+ CTLA4- cells gradually reduce over time reaching similar levels to HCs by clinical stability of 

COPD (Figure 3.2A). In contrast, CD4+ CD69+ CTLA4- cells and CD4+ CD69+ PD1- cells gradually 

declined over time and were significantly lower in stable COPD compared to HCs (Figure 3.2B). MAIT 

cells remained constantly lower in COPD throughout the disease while MAIT cells that are CTLA4+ 

remain constantly higher compared to HCs (Figure 3.2C) 

 

Figure 3.2 Changes in cell subsets over time in AECOPD.  
Shown are the fold changes of cell subsets at admission, day 1, day 3, day 12-18 (denoted as day 14), and at 
clinical stability day 30+ compared to mean percentage values for healthy controls. Error bars represent the 
SEM around the mean (dots). A value of 1 indicates no change in cell percentage compared to HCs, whereas 
values <1 indicate a reduction in cells in COPD. A. Progressive reduction in CD4+ CD69+ CD25+ early activated 
cells as well as CD4+ CD25+ CTLA4+ cells is seen until reaching HC levels at clinical stability. B. The CD4+ CD69+ 
cells (CTLA4- or PD1-) progressively reduced over time until levels were significantly lower than HCs by clinical 
stability. C. MAIT cells remain low compared to HCs throughout while CTLA4 expression on MAIT cells remains 
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included an activation/ exhaustion high-expressing population and a comparatively low-expression 

population (Figure 3.4A). Within the expression plots (Figure 3.4B) nodes show specific marker 

combinations that characterize subpopulations within the MAIT cells, with colours depicting the 

relative expression levels: red indicates higher expression, and blue lower expression. These plots 

provide a detailed view of how expression profiles are distributed across the cell populations. Within 

the high-expression population, CTLA4, PD1 and TIM3 were often co-expressed while TIM3 and 

CD69 were often co-expressed on a different subset. Analysis of the abundance nodes showed that 

while healthy controls had higher numbers of cells that were negative for all markers, AECOPD 

patients had higher numbers of cells that had high expression of CTLA4, PD1 and TIM3 (Figure 3.4C).   

 

Figure 3.4 CITRUS analysis on MAIT cells. 
CITRUS (Cytobank.org) analysis of MAIT cells isolated from PBMCs of ACEOPD (n=12) patients and HCs (n=9). 
MAIT cells were gated, and clustering was performed on CTLA4, PD1, TIM3, and CD69 markers. (A) Abundance 
plot shows a grouping of distinct phenotypes of MAIT cells based on their relative expression of clustering 
markers. Maroon clusters indicate phenotypic clusters that had significantly different proportions between 
AECOPD patients and HCs. Node size is proportional to the number of cells. (B) Marker expression plots show 
the relative expression of each marker for each node. Red clusters indicate high relative expression. Unique 
combinatorial relative expression levels define the cell population at each node. (C) Statistical analysis 
comparing the proportion of MAIT cells exhibiting the expression profile represented in each node between 
AECOPD patients and HCs. Mann Whitney tests were employed to assess differences in the proportion of total 
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MAIT cells with specific expression profiles between the two groups. Significance is indicated as * p<0.05, ** 
p<0.01, *** p<0.001. 

3.3.6 Expression of activation, exhaustion, cell surface markers and transcription factors are 

altered in AECOPD patient T-cells 

Multivariate principal component analysis (PCA) was used to reveal underlying patterns or latent 

(factor) variables between the gene expression of AECOPD and healthy control groups. Both the 

CD4+ and CD8+ T-cell data showed separation between AECOPD and HC groups (Figure 3.5A and B). 

However, stable COPD patients failed to separate from AECOPD patients (Appendix 4). To identify 

the differences in gene expression, between patient groups (AECOPD and Stable COPD) and HCs, t-

tests were performed on the NanoString datasets. The results revealed many unique and 

overlapping genes between the groups (Figure 3.6 and Appendix 5). 

 

Figure 3.5 Principal Component Analysis and volcano plots for gene expression data. 
 (A) PCA on CD4+ NanoString datasets displays clustering of AECOPD patients (n=32) and HCs (n=14). (B) PCA 
on CD8+ datasets shows clusters of AECOPD patients (n=25) and HCs (n=14). (C) CD4+ and CD8+ gene 
expression volcano plots. Red dots represent genes that were significantly upregulated in AECOPD patients 
compared to HCs while blue dots are genes that were significantly downregulated. Grey dots represent genes 
that did not reach significance (adjusted p-value >0.05). 



47 
 

Upregulation of some immune checkpoint and exhaustion markers was seen in both CD4+ and CD8+ 

T-cells in AECOPD patients compared to HCs including CD226 (DNAM), KLRG1 and CD244. Expression 

of CD226 in CD4+ cells significantly correlated with FEV1% during exacerbation (r(15)=0.64, p=0.006) 

(Appendix 6). The immune checkpoints CD96 and CD300A were increased in CD4+ T-cells. CTLA4 was 

decreased in CD4+ T-cells from AECOPD patients which aligns with the expression of CTLA4 described 

above (Figure 3.1A). Genes for the pro-inflammatory cytokine IL-32 as well as the cytotoxic 

molecules granzyme and perforin (GZMA, GZMH, GZMK, GZMM and PRF1) were upregulated in both 

CD4+ and CD8+ T-cells indicating chronic stimulation of activated cells with lytic capabilities. The 

genes SELL (CD62L) and ITGA4 (CD49d) which are involved in lymphocyte trafficking were both 

increased in CD4+ T-cells from AECOPD patients while only SELL was increased in CD8+ T-cells. The 

surface receptor PTGER2 was increased in both T-cell subsets from AECOPD patients.  

The activation markers CD28 and ICOS were reduced on both CD4+ and CD8+ T-cells from AECOPD 

patients, as was KLRB1 (CD161); expressed on MAIT cells, activated Th17 cells, NK cells and NKT cells. 

In addition, CD69 gene expression was reduced in CD4+ T-cells. Cell surface receptor genes IFNGR1, 

IL21R, IL4R, CCR6, CXCR3, CXCR6 and S1PR1 were reduced in both cell types. CCR4 and CXCR5 

expression was reduced in CD4+ T-cells from AECOPD patients while CCR5 was upregulated. S1PR1 

was downregulated in both subtypes and is involved in the SIP1 signalling pathway. Cytokine gene 

expression was also reduced, particularly in CD4+ T cells, with IL2, IFNG and TGFB1 expression 

significantly lower in AECOPD patients compared to HCs. TGFB1 and IL23A were also reduced in CD8+ 

T-cells. Further, TGFB1 expression in CD8+ cells from AECOPD patients was inversely correlated to 

FEV1% after the patient had recovered (r(15)=-0.74, p=0.0007 (Appendix 6)). IL2RA (CD25) 

expression was increased in CD4+ T-cells which corresponds with the increased expression seen in 

the flow cytometric analysis. 

Transcription factor genes ZBTB16 (PLZF) and STAT5B were increased in CD4+ T-cells from AECOPD 

patients. The signalling molecule JAK2 was increased in both cell types while JAK1 was increased only 

in CD8+ cells. Transcription factors downregulated in both CD4+ and CD8+ T-cells included STAT3, 

STAT5A, BACH2, GATA3, BCL6, NFKB1, RUNX3 and AHR.  
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Figure 3.6 Venn diagram of gene expression by cell type and COPD status. 
Gene expression data from CD4+ and CD8+ cells from AECOPD patients and CD4+ cells from ST-COPD patients 
showed overlapping expression patterns when compared to CD8+ or CD4+ cells from HCs. 

3.4 Discussion 

Flow cytometric and gene expression analysis of peripheral blood T-cell subsets in COPD patients 

admitted to the hospital with acute exacerbations of the disease was performed. MAITs were 

significantly reduced in the peripheral blood of AECOPD and stable COPD patients. This is likely due 

to the homing of MAIT cells out of circulation and into lung tissues. Previous studies have found 

similar results (95, 96). Two phenotypically distinct populations of MAITs were identified in this 

study; one with high expression of the activation/checkpoint markers CTLA4, PD1 and TIM3, which 

may indicate exhaustion, and another with relatively low expression. The high-expressing subset was 

significantly increased in AECOPD patients while the low-expressing subset was significantly 

decreased. This MAIT cell phenotype may be implicated in the pathology of COPD. Studies involving 

MAITs isolated from Irritable Bowel Syndrome patients found that increased PD1 expression was 

associated with the reduced functional capacity of MAITs (122). It is probable that MAITs are also 

functionally restrained in COPD patients owing to the increased PD1 and CTLA4 expression observed 

in the present study. However, the role of this phenotype and its implications for new COPD 

therapies have not been elucidated.  

CD4+ and CD8+ T-cells from AECOPD patients showed heterogeneous expression of activation and 

exhaustion markers compared to matched healthy control cells.  However, the downregulation of 

genes was the predominant pattern observed (Figures 3.5C and 3.6). Multiple transcription factor 

genes, chemokine and cytokine receptor genes as well as cytokine genes were expressed at 

significantly lower levels compared to healthy controls. Transcription factors involved in the 
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4.2 Methods 

4.2.1 Participant recruitment and ethics 

Ethics was approved by the PNG Medical Research Advisory Council (MRAC 19.21) and by the James 

Cook University Human Research Ethics Committee (H8015). This ethics approval entitled 

“Tuberculosis co-morbidities: Implications for tuberculosis susceptibility in Balimo District, Papua 

New Guinea” covered a broad study of tuberculosis co-morbid diseases including the effect of 

cooking smoke on participant parameters. These ethics approvals relate to Chapters 4-6. The 

questionnaire that was used for data collection from all study participants is provided in Appendix 7. 

Participants were recruited from the community in the Balimo district of the Western Province, 

Papua New Guinea. Balimo is a rural community in PNG and is home to about 4300 people. It is 

considered the urban centre of the Middle Fly District of the Western Province. There are few roads 

through the region and most transportation is on foot or by boat. Facilities at the Balimo District 

hospital are very limited and there is no resident physician. Demographic and clinical data including 

age, sex, height, weight, presence of cough, shortness of breath, and smoke exposure was recorded 

from each participant.  

Participants of either sex were included in this initial baseline study if: (1) they were not currently 

seeking health care for any illness; (2) did not have a cough and; (3) were unable to produce a 

spontaneous sputum sample or produced a sputum sample lacking immune cells (see section 4.2.2). 

Community participants were excluded from this part of the study if they reported a current cough, 

shortness of breath or were able to produce a spontaneous sputum sample containing immune cells.  



55 
 

 

Figure 4.1. Photo of cooking fire in Balimo Community.  
Cooking fires are typically underneath or within houses in this community leading to chronic exposure to wood 
smoke. Photo credit: Jeffrey Warner. 

4.2.2 Sample collection 

Facilities for sample processing and immunological assays were limited in Balimo, therefore 

collected blood samples were transported to James Cook University, Townsville, Australia within 

seven days of collection for processing, flow cytometry and plasma storage. For flow cytometric 

analysis of leukocyte subsets, peripheral blood was collected from participants into Cyto-Chex Blood 

Collection Tubes (BCTs containing EDTA as an anticoagulant, Streck). Following collection, samples 

were stored at 4°C before being transported to laboratory facilities at James Cook University for 

further processing. We have previously established a sample pipeline determined to ensure blood 
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Data was acquired on a BD Biosciences FACSCanto™ II flow cytometer. Data was exported as FCS 3.0 

files. Raw data files were uploaded into the BioLegend LEGENDplex™ cloud-based data analysis 

software. Standard concentrations were based on Certificates of Analysis for each kit lot number and 

to account for the two-fold dilution, all sample concentrations were multiplied by the dilution factor 

(x2). Standard curves were fitted with 5PL curve fitting and sample values for each analyte were 

determined by interpolation and extrapolation of these standard curves. Cytokine concentration 

values were exported from the LEGENDplex™ software using an option that includes values outside 

the limit of detection (LOD). This feature allows the software to estimate concentrations that fall 

below the minimum or exceed the maximum used for the standard curve. This approach was chosen 

to prevent the statistical biases that can arise from other methods such as substituting extreme 

values with the top standard concentration, exclusion of extreme values, or replacing low values 

with half the lower LOD.  

As there are no generally accepted plasma/serum cytokine reference ranges for healthy individuals, 

the current study used ranges previously reported for healthy individuals (189-191). This data set 

was created by analysing the peripheral cytokine profiles of 126 carefully screened individuals from 

North Carolina, USA. Participants were between 18 and 64 years old, included an even age and sex 

distribution and at least 30% non-Caucasians. Extrapolated data was plotted against previously 

reported healthy ranges. This dataset was chosen as the comparative data as it used the cohort 

(n=126) among the datasets considered and contained the most overlap with the analytes measured 

in the present study. Descriptive statistics of cytokine concentrations were calculated and reported 

as medians and 95% confidence intervals.  Processed data was downloaded and plotted in R Studio 

using the ggplot2 and ComplexHeatmap packages.   

4.2.5 Other statistical analysis 

All other statistical analyses were performed Graphpad Prism (V 9.0.0). The impact of age on cellular 

and cytokine profiles was determined by first using the Shapiro-Wilk test to determine the 

distribution of the data followed by Spearman’s correlation or Pearson’s correlations for non-

normally distributed data or normally distributed data respectively.  Additionally, age and sex data 

were overlayed on the heatmaps that were created from the cellular and cytokine data. 
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4.3 Results 

4.3.1 Participant description and demographics 

In total, 46 participants were included in this study with 11 males and 35 females. Balimo has a 

population of 4274 indicating that this study captured 1.1% of the population (192). Participant 

characteristics are presented in Table 4.3. The mean age was 45 years (range: 17-86). All (100%) 

participants reported that wood fuels were utilized for cooking in their homes. 61% of participants 

stated that the cooking fires were inside their house and 33% stated that the fire was underneath 

their house. 83% of participants reported that they regularly participated in cooking activities in their 

households. Therefore, chronic exposure to biomass smoke was a feature of this population.  

 

Table 4.3 Participant characteristics of participants without evidence of biomass-smoke-induced lung disease 

Variable Healthy (46) 

Females 76% (35) 
Age (years) 45 (Range 17-86) 
Cooking fire exposure 100% 
Location of fire 

 

Inside house 61% (28) 
Outside/Underneath house 33% (15) 
Away from House 7% (3) 

Current Tobacco Smoke (smoker) 11% (5) 
Participate in Cooking 83% (38) 

 

4.3.2 Immune cell counts in the peripheral blood of biomass smoke-exposed participants show 
evidence of dysregulation compared to Western reference ranges 

Innate and lymphocyte cell counts in the peripheral blood of healthy, biomass-exposed, non-

healthcare-seeking participants were determined by flow cytometry (Figure 4.2 A and B). The 

peripheral blood counts (cells/L) and frequencies of each of the major leukocyte types are shown in 

Table 4.4.  
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Figure 4.2 Gating strategies used to identify major immune cell types. 
(A) Innate leukocyte panel used to identify neutrophils, eosinophils, monocytes, natural killer cells, and natural killer T-cells. (B) Lymphocyte panel used to identify B-cells, 
MAIT cells, CD4 T-cells, and CD8 T-cells.
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Figure 4.3 Peripheral blood innate cell concentrations. 
Median and interquartile ranges (25th to 75th percentiles – boxes) and Tukey whiskers with outliers indicated of 
innate cell counts per litre were plotted on top of reference ranges established by the Royal College of 
Pathologists of Australasia or American College of Physicians (182, 183).  
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Figure 4.4 Peripheral blood lymphocyte concentrations. 
Median and interquartile ranges of lymphocyte counts per litre were plotted on top of reference ranges 
established by the Royal College of Pathologists of Australasia (182, 183). There is no established reference 
range of MAIT cells in healthy individuals. 

4.3.3 Peripheral blood immune cell populations do not have clear associations with participant age 

or sex 

Heatmaps were constructed using peripheral blood cell count, and demographic data from each 

participant to identify trends in the data (see Figure 4.5). Overall, there were no clear associations 

between the cell count data and the demographic data. K-means clustering was applied to separate 

participants into three groups based on cell counts. This revealed a group of participants with 

relatively high counts of leukocytes, monocytes, and neutrophils and concurrent low counts of T-cell 

subsets. Additionally, there was a group with the opposite cellular profile and a third group with 

relatively low counts of all cell types.  

 

Figure 4.5 Heatmap of leukocyte concentration by participant. 
Z-scores of peripheral blood immune cell concentrations were plotted for each participant; one per column. 
The hierarchical clustering of participants and immune cell types shows the relatedness of each variable. K-
means clustering grouped the most similar participants into three groups based on immune cell concentration. 
Additional demographic and clinical data allow for the visualization of associations with cellular data. 

Correlations were calculated with age as the independent variable and peripheral blood cell count 

for each cell type as the dependent variable. Leukocytes and neutrophils were significantly anti-

correlated with age while B-cells were positively correlated (see Table 4.5).  

Table 4.5 Significant correlations of variables to peripheral blood immune cell concentrations. 

Independent 

Variable 

Dependent 

Variable r p-value Method 
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4.3.6 Plasma cytokines are increased in biomass smoke-exposed participants  

All median cytokine concentrations except for IL-9, IL-17A, and IL-22 were increased compared to 

the available normative normal ranges (see Figure 4.6). The cytokines included in this panel account 

for type-1, type-2 and Th17-driven inflammation and show substantial divergence from the immune 

profiles expected based on the healthy ranges. This was particularly true for IL-6. It is uncertain if 

these differences were due to genuine differences in immune states compared to the previously 

reported ranges or if differences in processing methodologies contributed (see Discussion). Ranges 

were not reported for IL-17F in any of the comparative studies.  

 

Figure 4.6 Plasma cytokine concentrations in non-health-seeking participants from a remote biomass-smoke 
exposed community in PNG.  
The median and interquartile range of the cytokine concentrations were plotted on top of the range reported 
in developed. The reported normative ranges are listed on the plot for each cytokine. NA indicates that a 
normative range was not available. 

Similar to the leukocyte data, a heatmap was constructed to inspect and visualize trends in the 

cytokine data and to visualize their relationships with demographic data (see Figure 4.7). The 

cytokine data did not show any clear association with age, or sex. Three-way K-means clustering was 

applied to the results to group participants in an unsupervised fashion according to similarities in 

relative cytokine expression. The analysis revealed a primary group (Figure 4.7, cluster 1) which 

consisted of the majority of the participants, generally had low to intermediate relative 
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type-1 cytokines found in the participants from the present study support the possibility that the 

type-1 immune response may become anergic or exhausted due to chronic biomass-smoke 

inhalation as the cells may have ‘used up’ their ability to respond. However, our findings were not 

limited to type-1 responses: the role that type-2 and Th17-driven anergy and exhaustion play in the 

increased susceptibility to respiratory infections among individuals exposed to biomass smoke needs 

to be investigated. 

It is also evident that a portion of the participants are likely to develop COPD since chronic biomass 

smoke exposure is a major aetiology of the disease. It isn’t fully understood how the immune status 

of healthy biomass smoke-exposed people compares to those with biomass smoke-induced COPD 

(summarized in Chapter 5). Longitudinal studies and studies involving participants with biomass 

smoke-induced COPD may reveal immune markers that are associated with the development of the 

disease and provide insights into the immune state of biomass smoke-induced COPD. 

Our results suggest a significant potential for immune dysregulation due to biomass smoke exposure 

in this and similar remote communities in PNG. Such exposure could alter susceptibility to lung 

diseases and pathogens, potentially aggravating sub-clinical COPD. Additionally, the study 

underscores the necessity of establishing baseline immune parameters in individuals not actively 

seeking healthcare in these communities. This is crucial before exploring the mechanisms through 

which biomass smoke impacts lung health. Our results provide these baseline immune parameters, 

which are essential for comparing with the immune profiles of individuals affected by biomass-

smoke-induced diseases. This comparison will aid in deciphering the mechanisms of immune 

dysregulation in people with lung disease from remote rural communities of PNG. 

It is important to note that the authors of the normative cytokine data sets al did not report how 

they accounted for bias in their cytokine data that was introduced by the limits of detection of their 

assay (189-191). This is a crucial consideration that could have significant effects on the normative 

ranges they reported. It is also unknown how different handling and laboratory techniques 

contribute to different cytokine concentration ranges reported in the referenced normative cytokine 

ranges and this study. Studies comparing the assays used have not been performed. The prolonged 

transit time from the remote study site in Balimo, Papua New Guinea, to our lab in Townsville, 

Australia, could have caused higher cytokine levels in our samples. This is supported by a prior study 

that found that IL-6 levels rose in plasma samples when whole blood was stored for extended 

periods (205). This may partially explain the highly elevated IL-6 levels in this study. However, it's 

notable that the samples collected earliest did not necessarily yield the highest plasma IL-6 

concentrations indicating that there may be other factors influencing this result. 
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This study was also constrained by the limited health infrastructure in the study community and its 

relatively small sample size. The community lacks a resident doctor and facilities that could be used 

to thoroughly characterize the health status of participants. The definitions of healthy and unhealthy 

participants used in this study are, therefore, imperfect by Western medical standards and there it is 

possible that some of the healthy participants had undiagnosed COPD or other diseases that may 

have influenced their immune profiles and skewed the study results. Despite these limitations, this 

study is intended as a starting point and has identified issues that should be considered in future 

research programs in similar communities. 

  



72 
 

Chapter 5: Immune profiling uncovers evidence of immune dysregulation and functional 

impairment in biomass-exposed participants with evidence of lung disease in rural, 

remote PNG 

5.1 Introduction 

Chapter 4 investigated the immune profiles of biomass-smoke-exposed participants from a rural, 

remote community in PNG who were not seeking health treatment and lacked evidence of lung 

disease. This established a baseline in this community where everyone is chronically exposed to 

biomass smoke due to cultural cooking practices. It was found that individuals from this biomass 

smoke-exposed community had peripheral blood immune cell counts that tended to be lower than 

what is expected in healthy individuals from developed countries and plasma cytokine 

concentrations that trended higher. This provided evidence that biomass smoke exposure may cause 

an active immune response even in people who don’t show symptoms of lung disease. Previously, 

Chapter 3 of this thesis studied immune dysregulation in a cohort of urban-based, non-biomass-

smoke exposed confirmed COPD patients. It found that T-cells in AECOPD patients have unique 

phenotypes and show signs of early activation and exhaustion indicating that the T-cell response is 

dysregulated. These two studies demonstrated that the immune profile in biomass-smoke-exposed 

“healthy” participants from rural PNG and tobacco smoke-induced COPD (TS-COPD) patients show 

signs of immune dysregulation. 

 Biomass smoke exposure is common in the developing world and it has been well-established that 

this chronic exposure can cause chronic bronchitis and COPD (157, 158, 206). Yet, it is less clear why 

only a portion of those chronically exposed develop lung disease. It is also not fully understood how 

immune dysregulation underlies the pathology of COPD caused by chronic biomass smoke exposure. 

In rural PNG biomass exposure and COPD are common (1). This is concerning as COPD increases the 

risk of pulmonary tuberculosis which is endemic in this area (207, 208). 

Research in the context of TS-COPD revealed evidence of a myriad of factors that play a role in the 

development of the disease including individual effectiveness of lung repair mechanisms, the 

presence of systemic inflammation, genetic predisposition, as well as racial and gender differences 

(209-215). However, research on biomass smoke-induced lung disease/COPD (BS-COPD) is more 

incomplete than TS-COPD and, given its clinical impact, it is a neglected focus of research. Papua 

New Guinea (PNG) experiences high prevalence and mortality rates from Chronic Obstructive 

Pulmonary Disease (COPD), with a significant portion likely attributed to the widespread use of 
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5.2.2 Participant grouping 

Participants were grouped as ‘healthy’ or ‘unhealthy’ based on evidence of respiratory disease. The 

participants in this study were not diagnosed with COPD using the Global Initiative for Chronic 

Obstructive Lung Disease (GOLD) guidelines (223) as is done in Western hospitals as the 

infrastructure and access to trained personnel in the remote study area is very limited. Instead, an 

approach that did not rely on face-to-face contact with trained clinicians was used. Using 

questionnaire self-reported responses, participants were retrospectively assigned into one of two 

groups for this study: “healthy” or “unhealthy” based on evidence of non-TB respiratory disease and 

included: (1) cough status and; (2) ability to produce a spontaneous sputum sample subsequently 

determined to contain leukocytes (see section 5.2.5).  

“Healthy” participants were those included in Chapter 4. These healthy participants also had a 

history of chronic biomass exposure but did not report a cough and were unable to produce 

spontaneous sputum-containing leukocytes. Participants in the “unhealthy” group were also 

biomass smoke-exposed individuals who reported the presence of a cough and were able to produce 

a spontaneous sputum sample that contained leukocytes. Because of this, participants are referred 

to as having biomass smoke-induced lung disease rather than BS-COPD although, we infer that they 

are similar.  

5.2.3 Sample collection and processing 

Blood samples were collected, and the immune cell and cytokine concentrations were determined as 

described in Chapter 4. Additionally, spontaneous sputum was collected from each participant when 

possible. Sputum samples were collected into 50ml sterile collection containers. For sputum smear 

preparation and subsequent Mtb culture, aliquots were taken for sputum decontamination and Mtb 

Ziehl Neelsen (ZN) staining of fixed microscope slides. Although these samples were not directly 

used in the current study, the ZN-stained sputum smears do allow us to determine whether 

leukocytes were present in the spontaneous sputum and any participants with such cells were 

allocated to the “unhealthy” group. As part of the current study, fresh sputum (0.25-0.3ml) was 

added to 2ml cryovials with an equal volume of Streck Cell Preservative®. This preservative stabilizes 

an array of biological samples for subsequent flow cytometric analysis and contains the same 

preservative as described in Chapter 4 for the delayed analysis of whole blood samples. We 

previously confirmed that it is suitable for sputum samples (data not shown). Preserved sputum 

samples were refrigerated until processed for flow cytometry and analysed by flow cytometry in 

laboratory facilities at James Cook University (see section 5.2.5). 
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5.2.7 Data analysis 

Boxplots displaying median, 25th and 75th percentiles, and outliers were constructed using the 

ggplot2 package in RStudio (RStudio 2022.12.0) running R version 4.2.2. GraphPad Prism (Version 

9.0.0) was used to perform Mann-Whitney U-tests between healthy and unhealthy groups followed 

by Benjamin, Krieger, and Yekutieli's two-stage set-up method for False discovery rate adjustment 

(q-values). Spearman correlation analyses between immune parameters and demographic 

information were also performed in Prism.  

5.3 Results 

5.3.1 Participant group demographics 

Thirty-four participants produced sputum samples that contained immune cells (polymorphonuclear 

cells) and reported the presence of a cough (see Appendix 11). These participants, therefore, 

displayed evidence of lung disease and constituted the “unhealthy” group. This was in addition to 

the 46 participants that were recruited to determine baseline immune parameters (healthy) in 

Chapter 4 (see Table 5.4). The mean age was identical and the age range was similar between the 

two groups. There was a lower proportion of females in the unhealthy group (44%) compared to the 

healthy group (76%). 83% of participants in the healthy group and 85% of participants in the 

unhealthy group reported that they regularly participated in cooking activities in their households. 

All participants reported that wood fires were used as the cooking source for their household. Most 

participants reported that the fires were inside or underneath their houses. 

Table 5.4 Healthy and unhealthy participant group characteristics. 

 
Healthy (n=46) Unhealthy (n=34) 

Females 76% (35) 44% (15) 

Mean age (years) 45 (range: 17-86) 45 (range: 15-69) 

Mean body mass index (BMI) 23.1 22.3 

Chronic cooking fire exposure 100% 100% 

Location of fire:     

            Inside house 61% (28) 68% (23) 

            Outside/Underneath house 33% (15) 26% (9) 

            Away from House 7% (3) 6% (2) 

Current Tobacco Smoke (smoker) 11% (5) 24% (8) 

Participate in Cooking 83% (38) 85% (29) 



80 
 

 

5.3.2 Peripheral blood immune cell composition similar in healthy compared to unhealthy 

participants. 

Flow cytometric analysis of peripheral blood samples was performed to identify the major immune 

cell subset concentrations that differed between the healthy and unhealthy groups. This was 

performed to better understand which immune cell subsets may play a role in the lung disease 

pathology of biomass-smoke-exposed participants. Analysis of innate and lymphocyte populations 

did not reveal any significant differences between healthy and unhealthy participants (see Table 5.5 

and Figure 5.1). Total leukocytes and neutrophils trended low compared to the reference ranges in 

both groups and many participants fell below the range. Eosinophil counts were similar in both 

groups with some participants elevated above the reference range. Monocytes were significantly 

increased in the unhealthy group before multiple testing correction (Benjamin, Krieger, and 

Yekutieli's two-stage set-up method) and tended to fall on the lower end of the reference range with 

many participants below the range. Most patients in the healthy group had NKT cell counts that 

were above the reference range while the unhealthy group tended to be lower with many patients 

around the upper fringe of the range. NK cells were similar between groups and tended to fall within 

the reference range. Additionally, T-lymphocyte populations (total T-cells, T-helper and cytotoxic-T 

cells) trended towards lower levels in the unhealthy group compared to the healthy group and most 

participants were near the lower fringe or below the reference range. Cytotoxic (CD8+) T-cells were 

significantly decreased in the unhealthy group prior to multiple testing correction. B-cell counts were 

similar between groups and generally fell within the expected range.
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Table 5.5 Cell counts summary of healthy and unhealthy participants.  
Median peripheral blood cell counts and 95% confidence intervals. The frequency of parent population was calculated as a percentage of the total T-cells (CD3+) for helper T-cells and cytotoxic T-cells. 
All others were calculated as the percentage of total leukocytes (CD45+). P-values were calculated using Mann-Whitney U-tests on total cell count data. False discovery rate q-values were calculated 
following Mann-Whitney tests using Benjamin, Krieger, and Yekutieli two-stage set-up method. Reference ranges reported are the values established by the Royal College of Pathologists of Australasia 
or the American College of Physicians (182, 183). Reference ranges for MAIT cells have not been established. 
 

 Healthy Unhealthy    

Cell type Median       
(109 Cells/L) 

95% 
Confidence 

Interval                
(109 Cells/L) 

Median 
Frequency of 

parent (%) 

95% 
Confidence 

Interval              
(% of parent) 

Median       
(109 Cells/L) 

95% 
Confidence 

Interval                
(109 Cells/L) 

Median 
Frequency of 

parent (%) 

95% 
Confidence 

Interval              
(% of parent) 

Reference 
Range               

(109 Cells/L) 

Healthy vs. 
Unhealthy    

p-value 

Healthy vs. 
Unhealthy    

q-value 

Leukocytes 4.2 3.8-4.7 - - 4.6 3.8-5.6 - - 4.0-10 0.43 0.55 
Neutrophils 2.3 1.9-2.8 55 52-58 2.5 2.0-2.9 58 51-63 2.0-7.5 0.22 0.37 
Eosinophils 0.27 0.21-0.40 6.5 5.2-8.4 0.28 0.25-0.40 6.6 4.8-9.5 0.04-0.4 0.61 0.64 
Monocytes 0.18 0.14-0.20 4.2 3.7-4.5 0.20 0.16-0.27 4.7 4.0-5.1 0.2-0.8 0.03 0.22 
NK cells 0.19 0.16-0.22 4.6 3.4-5.5 0.12 0.098-0.19 2.8 2.2-4.0 0.05-0.35 0.06 0.37 
NKT 0.033 0.025-0.040 0.86 0.59-1.1 0.029 0.019-0.037 0.52 0.44-0.84 0-0.03 0.17 0.22 
T-cells 0.61 0.53-0.76 - - 0.53 0.46-0.64 - - 0.6-2.4 0.13 0.37 
B-cells 0.29 0.25-0.34 - - 0.34 0.22-0.43 - - 0.04-0.5 0.59 0.64 
Helper T-cells 0.31 0.27-0.38 53 51-57 0.30 0.24-0.34 60 53-65 0.5-1.4 0.30 0.44 
Cytotoxic T-cells 0.18 0.16-0.23 31 28-36 0.15 0.13-0.19 28 25-35 0.2-0.7 0.04 0.22 
MAIT cells 0.05 0.040-0.070 8.4 6.6-9.7 0.044 .035-.051 8.2 6.4-9.4 - 0.21 0.37 
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Figure 5.5. Gating strategy used to identify major leukocyte types in sputum samples. 
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Table 5.8. Median and 95% confidence intervals of immune cell types in sputum samples of biomass smoke 
exposed participants with evidence of lung disease.  
The frequency of parent population was calculated as a percentage of the total T-cells (CD3+) for helper T-cells 
and cytotoxic T-cells. All others were calculated as the percentage of total leukocytes (CD45+). 
 

Cell type Median         
(% of parent) 

95% 
Confidence 

Interval             

Neutrophils 81.6 74.1-87.8 

Eosinophils 3.93 3.13-7.05 

Monocytes 1.51 0.96-2.48 

Macrophages 2.59 1.67-3.26 

T-cells 1.01 0.500-1.96 

Helper T-Cells 37.9 33.8-58.8 

Cytotoxic T-Cells 4.27 1.48-12.7 
 

 

 

Figure 5.6. Sputum leukocyte relative frequencies.  
The frequency of parent population was plotted as a percentage of the total T-cells (CD3+) for helper T-cells 
and cytotoxic T-cells. All others were plotted as the percentage of total leukocytes (CD45+). Median and 
interquartile ranges (25th to 75th percentiles) are represented by boxes, with Tukey whiskers indicating the 
spread within the parent population percentages; outliers are represented as dots. 
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Figure 5.8 Spirometry report from a participant in the healthy group showing signs of restriction.  
Forced vital capacity (FVC) and forced expiratory volume in 1-second (FEV1) were greatly reduced from the 
predicted values however the ratio of FEV1/FVC was not indicative of lung disease. Peak expiratory flow (PEF) 
and forced expiratory flow 25%-75% (FEF2575) were also greatly reduced compared to predicted values. The 
expiratory curves displayed caving. 

The participant in the unhealthy group with normal spirometry was a 58-year-old male with a history 

of smoking tobacco. His FEV1 and FVC were only slightly less than predicted values (see Figure 5.9). 

However, his peak expiratory flow (PEF) and forced expiratory flow 25%-75% were greatly reduced 

(75% and 76% of predicted values respectively). In addition, there was some coving observed in his 

expiratory curve. This may indicate sub-clinical lung pathology.  He had a leukocyte count that was in 

the 80th percentile, T-cells at the 49th percentile and B-cells in the 64th percentile. Most of his plasma 

cytokine concentrations were elevated; all except IL-6 and the regulatory cytokine IL-10 were above 

the 85th percentile showing evidence of active inflammation.  
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Figure 5.9. Spirometry report for a participant in the unhealthy group showing normal lung function.  
The forced vital capacity (FVC) and forced expiratory volume in 1-second (FEV1) were slightly reduced 
compared to the predicted values and the FEV1/FCV ratio was normal. The participant's peak expiratory flow 
(PEF) and forced expiratory flow 25%-75% (FEF2575) were reduced from predicted values. The expiratory 
curve showed caving. 

5.4 Discussion 

This study evaluated the immune profiles in individuals with evidence of biomass-smoke-induced 

lung disease from a rural community in PNG to assess the role of immune dysregulation. First, 

peripheral blood innate and lymphocyte cell populations were enumerated to identify which cell 

types may be contributing to disease pathology. Next, peripheral plasma cytokine concentrations 

were determined to elucidate the specific inflammatory responses and signalling pathways involved 

in the progression of the lung disease associated with biomass smoke exposure. Finally, we 

performed mitogen stimulation on whole blood samples to test T-cell functional responses. We 

found that, while peripheral blood cell counts were similar between healthy participants and those 

with evidence of lung disease (unhealthy participants), there was a significant difference in plasma 

IL-17F concentration. Additionally, peripheral blood T-cells from unhealthy participants released 

decreased amounts of type-1, type-2, type-17 and regulatory cytokines in response to mitogen 

stimulation indicating that they are functionally restrained. 

Peripheral blood cell counts were not significantly different in the unhealthy participants compared 

to those without. Some studies have noted increased peripheral blood neutrophil counts in COPD 

patients compared to healthy controls (227, 228). However, it was also found that there was no 

difference in neutrophil counts in COPD patients compared to healthy tobacco smokers (229). This 

aligns with the results of the present study where we did not find a difference in peripheral blood 
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concentrations of type-2 cytokines in the unhealthy participants. However, IL-4, IL-5, IL-9, and IL-10 

all trended toward higher concentrations in the unhealthy participants. These findings hint that 

type-2 responses may play a role in the respiratory pathology of these participants but studies with a 

larger cohort would be needed to investigate this. However, biomass smoke exposure itself does 

increase type-2 inflammation regardless of disease status (see Chapter 4). Despite this, there were 

significantly lower levels of the type-2 cytokines IL-9, and IL-13, but not IL-4 or IL-5, elicited by 

mitogen stimulation in the unhealthy participants. This provides evidence that the type-2 immune 

pathways may have been chronically activated in the unhealthy participants. A comparison of direct 

lung samples, such as bronchoalveolar lavage fluid, may confirm the role of type-2 immune 

responses in biomass smoke-induced lung disease.  

This study found variable relative proportions of eosinophils in the sputum of participants who had 

symptoms of lung disease, but we are unable to compare them to the healthy group, who, by 

definition, did not produce spontaneous sputum samples containing immune cells. The majority of 

unhealthy participants had sputum eosinophils that surpassed the 2-3% sputum eosinophil 

thresholds typically used to classify patients as eosinophilic (26, 238, 239). This may indicate that 

only a subset of people with biomass smoke-induced lung disease has type-2 inflammation and may 

indicate that this ‘phenotype’ of the disease may be heterogeneous itself. However, blood 

eosinophil counts were similar between healthy and unhealthy participants. In a large cohort of 

COPD patients from the USA, it was found that high sputum eosinophil proportions were related to 

increased disease severity, exacerbation frequency, and emphysema (240). Further, sputum 

eosinophils were a superior marker for these characteristics than blood eosinophils. In the current 

study, sputum eosinophil proportions did not correlate with blood eosinophil concentrations. It is 

likely the case that many of the unhealthy participants are experiencing type-2 inflammation in their 

lungs, as evidenced by high sputum eosinophils and type-2 cytokines, despite not having blood 

eosinophils counts that reflect this. Overall, while type-2 immune responses are involved with 

chronic biomass smoke exposure, it is less clear what role they play in lung disease. 

This study was the first to evaluate the role of T-cell functional responses in biomass smoke-induced 

lung disease. In general, peripheral immune cells from participants with evidence of biomass smoke-

induced lung disease released fewer cytokines in response to mitogen stimulation than those from 

healthy biomass smoke-exposed donors indicating functional restraint. However, it is uncertain if the 

varying levels of cytokines already present in the whole blood samples affected the response to 

mitogen stimulation as there is potential that the cytokines present dampened or enhanced the 

cellular response to mitogen stimulation depending on the cytokine milieu. There was also a slightly 

lower (non-significant) concentration of T-cells in the blood samples of the unhealthy participants 
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prevalence. Diagnosis of lung disease in such areas must rely on techniques that are easily 

reproducible and less subject to cultural hesitation.  Analysis of peripheral blood and sputum 

samples meet these criteria. These samples can be obtained with limited training and can be 

transported to labs where there are sufficiently trained personnel for analysis and interpretation. 

Previous research, primarily focused on TS-COPD, has explored the use of various blood, sputum and 

exhaled breath condensate markers for diagnosing COPD. Fibrinogen, a glycoprotein involved in 

blood clotting, is one marker that has been investigated in numerous studies It was found to be 

increased in the plasma of patients with COPD compared to controls and its concentration was 

related to disease severity (250, 251). Additional research noted that plasma fibrinogen levels were 

associated with both obstructive and restrictive lung diseases (252) so its ability to distinguish 

between separate diseases is limited or may require concurrent measurement of additional markers. 

Serum C-reactive protein (CRP), frequently used as a general inflammatory marker, has also been 

investigated as a biomarker in TS-COPD patients and was significantly increased compared to healthy 

smokers and non-smokers. Other, lung-specific markers have also been evaluated as biomarkers in 

COPD. Serum concentrations of surfactant protein D were increased in COPD patients compared to 

healthy controls and were related to disease severity and exacerbation status (253-255). Sputum 

neutrophil gelatinase-associated lipocalin was found to be significantly lower in COPD patients 

compared to those with COPD/asthma overlap (256-258). These, and many other markers, have not 

been investigated in remote biomass-smoke-exposed communities including the one studied here. 

These markers may be useful to stratify participants more precisely in future studies and to help 

reduce ‘noise’ in the dataset to better unravel the mechanisms underlying BS-COPD in areas where 

Western diagnostic techniques are not possible. Further, future studies could assess if these markers 

were effective in predicting response to therapies and disease trajectories. This preliminary study 

improves our understanding of the systemic inflammation in people suffering from biomass smoke-

induced lung disease in remote communities in PNG. This provides a stepping-stone leading us closer 

to improved diagnostics and treatments for people suffering from BS-COPD. 

Chapter 6. Peripheral blood transcriptomic analysis reveals signatures of immune 

dysregulation in biomass smoke-induced lung disease 
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6.2 Methods 

6.2.1 Participant recruitment and sample collection 

Participants were recruited from the general population or when they presented to the Balimo 

District Hospital with respiratory symptoms. Participants were grouped into healthy (no evidence of 

lung disease; n=36)  and unhealthy (evidence of lung disease; n=31) groups as described in Chapters 

4 and 5. 

Venous blood from each participant was drawn into 2.5 ml PAXgene® blood RNA tubes (Qiagen). 

These tubes were designed to preserve RNA for downstream analysis. Previous research has 

demonstrated that they yield more than a sufficient amount of RNA for standard RNA sequencing 

workflows (259).Tubes were kept refrigerated before transport to James Cook University laboratory 

facilities (Townsville, Australia). Tubes were then stored at -80°C until further processing.  

6.2.2 RNA extraction, preparation, and sequencing 

Blood total RNA was extracted using the PAXgene Blood RNA Kit (PreAnalytiX/Qiagen) according to 

the manufacturer’s instructions. Briefly, the blood tubes were centrifuged to pellet nucleic acids. 

Pellets were rinsed and transferred to microcentrifuge tubes and treated with Proteinase K to 

remove proteins. Next, on-column DNA digestion was performed, and samples were eluted using 

nuclease-free water. Purified RNA was stored at -80°C. RNA samples were shipped on dry ice to the 

Australian Genomics Research Facility (AGRF) for further quality control, library preparation, and 

sequencing. Library preparation included ribosomal RNA depletion. The Illumina Novaseq 6000 

platform was used to sequence 150 base pair paired-end reads with a target of 50 million reads per 

sample. Samples were extracted and sequenced across two separate batches. 

6.2.3 Data Processing 

The pipeline for RNA sequence data processing and analysis is summarised in Figure 6.1. Sequencing 

raw data (FASTQ files) were processed on a Linux computer using command line tools. Data quality 

was assessed using FastQC (v0.11.9) to generate reports for each sample. The QC reports were 

subsequently used to establish data-trimming parameters (see Appendix 13). Sequencing reads were 

trimmed using Trimmomatic (v0.39).  Nextera adapter content was removed. The first base of each 

read was trimmed off. The leading and trailing bases were kept only if they had a phred quality score 

of at least 20. A sliding window was applied to keep each section of 5 bases only if the average phred 

quality score was 30 or greater. After trimming, sequences were discarded if the remaining length 
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was less than 50 basepairs. The trimmed reads were aligned to the hg38 human reference genome 

using Kallisto (v0.48.0).  

6.2.4 Data analysis 

Transcriptomic data analysis was based on a previously published workflow but included 

modifications for the unique parameters and goals of this study (Figure 6.1) (260). Aligned data was 

imported into RStudio (v2022.12.0+353) running R version 4.2.2. Gene names were annotated using 

the ensembldb package. Gene count data was converted to log2 counts per million (CPM) using the 

edgeR package. This dataset contains thousands more genes than the total number of participants in 

the study. Due to this, there is a large multiple-testing penalty. To reduce this effect, a strict filtering 

protocol was implemented. Genes that had less than or equal to 50 CPM in all samples combined 

were filtered out. Normalization was performed using the trimmed mean of M-values (TMM) 

method using edgeR. This method adjusts for variations in library sizes and compositional 

differences between RNAseq samples and ensures more accurate comparisons of gene expression 

levels across different samples. Differential gene expression was performed using the limma package 

to compare the healthy (no evidence of lung disease) and unhealthy (evidence of lung disease) 

groups established in Chapter 5. Batch information was included as a factor when performing the 

analysis to account for any potential batch effects. Violin plots highlighting the effects of filtering and 

normalization and PCA plots were constructed using the ggplot2 package. 

 

 

Figure 6.1 Overview of RNAseq data processing and analysis pipeline. 

Gene set enrichment analysis (GSEA) was also performed on the data after filtering and 

normalization. This technique uses pre-defined gene sets that are associated with biological 

pathways to determine if the pathways are overrepresented in the unhealthy group compared to 

the healthy group. This technique can reveal pathways that may be associated with lung pathology 

in the study participants. Additionally, by comparing genes in related sets instead of individually, 

GSEA reduces the number of comparisons made and increases statistical power. GSEA was 

performed using the camera function in limma. Gene set collections were obtained from the 

Molecular Signatures Database (MSigDB) (261, 262). These gene set collections were constructed by 
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aggregating previously published transcriptomics data from thousands of studies. Three separate 

gene set collections were used for analysis; the ‘hallmark gene sets’ collection which contains robust 

gene signatures produced from aggregating multiple gene sets for well-defined molecular pathways; 

the ‘curated gene sets’ (C2) collection which includes an aggregation of gene sets from databases; 

and the ‘cell type signature gene sets’ (C8) collection which was derived from single cell 

transcriptomic sequencing data to identify gene signatures associated with specific cell types. The 

camera function in the limma package was used to perform the analysis and selected results were 

plotted using the ggplot2 package. The camera function in limma conducts competitive gene set 

testing by assessing inter-gene correlation within gene sets, aiming to provide a more precise 

evaluation of gene sets related to specific conditions or treatments. This function uses Benjamini-

Hochberg to adjust for the false discovery rate. 

6.3 Results 

6.3.1 Filtering and Normalization 

The initial combined dataset (unhealthy and healthy) contained expression levels of 35,369 genes 

across samples from 67 participants and included a large proportion of genes with low expression 

levels (Figure 6.2 A). After applying a strict filtering protocol to remove the genes with low 

expression levels, 3451 genes remained (Figure 6.2 B). TMM normalization improved the sample-to-

sample mean expression level variance (Figure 6.2 C). Only the filtered and normalized data were 

used for downstream analysis. 
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C) 

 

Figure 6.2 Data pre-processing. Violin plots show the distribution of log2 counts per million (CPM) gene 
expression values plotted for each participant. Participants are represented as different colours. Black bars 
indicate the median expression levels for each participant. (A) The unprocessed data show an abundance of 
genes with very low expression and inconsistent median expression levels between participants. (B) After 
filtering, the median expression level increased yet, the median expression levels remained inconsistent. (C) 
Trimmed Mean of M-values normalization was applied and the median expression levels between participants 
improved. 

6.3.2 Differential gene expression analysis reveals alternated transcription of immune-related 

genes 

Differential gene expression (DGE) analysis was performed to identify individual genes that were 

expressed at significantly different levels between the unhealthy (n=31) and healthy (n=36) 

participant groups using the filtered and normalized read counts. Principal component analysis did 

not reveal a strong separation between the two groups (see Figure 6.3). However, 15 genes were 

significantly differentially expressed in unhealthy compared to healthy participant groups; seven 

increased and eight decreased (see Table 6.1). These results included genes related to T-cell 

development and signalling, and cellular stress responses. A complete list of DGE analysis results can 

be viewed at: Gilstrom DGE Results.xlsx. 
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Figure 6.3 Principal component analysis (PCA) of gene expression in PNG cohort. Principal components were 
computed and healthy and unhealthy participant groups colour coded. Principal components (PC) one and two 
were plotted and their percent contribution to the total variance across individual samples is listed with the 
axis labels. PCA analysis did not reveal a well-defined separation between groups. 

Table 6.1 Differentially expressed genes between healthy and unhealthy participants. 15 genes were 
significantly differentially expressed after FDR correction (p-adj.<0.05). Log2 fold change shows the difference 
in expression level in unhealthy compared to healthy participants. Negative Log2FC indicates that the genes 
have decreased expression in the unhealthy participants. The expression of seven genes was increased while 
eight genes had decreased expression in unhealthy compared to healthy participants. Uncorrected and FDR-
corrected p-values (adj.P.Val) are shown. 

Gene Name Log2FC P.Value adj.P.Val 

HSPA1A    Heat Shock Protein Family A (Hsp70) Member 1A 0.501463 6.35E-05 0.046775 
NATD1 N-Acetyltransferase Domain Containing 1 0.427212 0.00021 0.048414 
TLN1 Talin 1 0.3104 0.00021 0.048414 
UBAP1 Ubiquitin Associated Protein 1 0.276732 0.00017 0.046775 
NR1H2 Nuclear Receptor Subfamily 1 Group H Member 2 0.247529 0.000138 0.046775 

OS9 Osteosarcoma Amplified 9, Endoplasmic Reticulum 
Lectin 0.246208 0.000162 0.046775 

ILK Integrin Linked Kinase 0.20625 0.000176 0.046775 
STIM2 Stromal Interaction Molecule 2 -0.22258 9.68E-05 0.046775 
HNRNPDL Heterogeneous Nuclear Ribonucleoprotein D-like -0.26721 4.92E-05 0.046775 
GIMAP5 GTPase IMAP Family Member 5 -0.33707 0.000161 0.046775 
LY9 Lymphocyte Antigen 9 (CD229) -0.35633 0.000154 0.046775 
ITK Interleukin-2-inducible T-cell Kinase -0.40225 0.000112 0.046775 
IL7R Interleukin 7 Receptor -0.47386 0.000129 0.046775 
TC2N Tandem C2 Domains, Nuclear -0.48291 8.70E-05 0.046775 
CD96 Cluster of Differentiation 96 -0.49583 2.22E-05 0.046775 



107 
 

6.3.4 Gene set enrichment analysis reveals evidence of inflammatory immune response 

Finally, the data set was analysed against the Cell Type Signature Gene Sets collection to identify 

gene sets associated with specific cell types. Complete lists of gene sets included in each collection 

and genes in each gene set can be viewed on the MSigDB website (https://www.gsea-

msigdb.org/gsea/msigdb). The analysis returned 137 total gene sets that were significantly different 

between the two groups (see Appendix 14C). 89 were enriched and 48 were depleted in the 

unhealthy group compared to the healthy group. Lymphocyte-associated gene sets, including those 

related to CD4, CD8, and NKT cells, were depleted in the unhealthy group compared to the healthy 

group. Conversely, gene sets associated with innate cells, such as monocytes, macrophages, 

neutrophils, eosinophils, and dendritic cells were enriched in the unhealthy group compared to the 

healthy group (Figure 6.4). 

A) 
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Figure 6.6 Curated (C2) gene sets differentially expressed in participants with evidence of lung disease. GSEA 
analysis was performed using the curated gene sets collection. Selected gene sets related to immune function 
are displayed. Expression of gene sets was compared between the unhealthy and healthy groups. The dot size 
represents the number of genes included in the gene set. The transparency of the dot represents the 
significance of the difference; greater transparency indicates lower significance. Red dots indicate that the 
gene set was enriched in the unhealthy group compared to the healthy group, conversely, blue dots indicate 
that it was depleted. Results show many enriched pathways relating to hypoxia, immune signalling, and 
immune activation. 

6.4 Discussion 

This study investigated the differences in peripheral blood gene expression profiles between 

biomass-smoke-exposed participants with evidence of lung disease (unhealthy) and non-health-

seeking biomass-smoke-exposed (healthy) participants from a remote community in PNG. The 

results revealed many transcriptional changes associated with unique immune responses in the 
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likely to significantly impact T-cell function. Further studies would need to be done to explore these 

specific defects. 

There were also significant findings related to additional immune mechanisms. As mentioned 

previously, IL-6 also plays important roles in systemic inflammation including activation of the acute 

phase response and more specifically the complement cascade by interacting with membrane-

bound IL-6 receptors on hepatocytes (300, 301). The results of the present study found significantly 

increased expression of a gene set encoding components of the complement system (Figure 6.5). 

The genes in the gene set primarily relate to initiating and regulating the complement system, 

mediating downstream inflammatory and immune responses, and facilitating tissue repair and 

remodelling following complement activation. However, as hepatocytes are not found in circulation, 

immune cells including tissue macrophages and circulating monocytes are a more likely source of 

this signal. It is well-known that complement proteins are produced by an array of different immune 

cell types yet the link to IL-6 in this context has not been established (302). However, given that IL-6 

is also capable of inducing complement proteins in other non-hepatocytes, it may be responsible for 

the increased expression of the complement gene set in the unhealthy participants from this study 

(303). 

We identified significant enrichment of multiple pathways associated with neutrophils and 

macrophages in the peripheral blood of the unhealthy participants. The expression of genes involved 

in neutrophil and macrophage trafficking was increased in the unhealthy participants (Table 6.1). 

TLN1 (Talin-1) which is involved in tissue infiltration of both macrophages and neutrophils, was 

increased in the unhealthy participants (304, 305). Studies have shown that talin-1 plays a crucial 

role in the slow-rolling and arrest of neutrophils in microvasculature in response to CXCR2 or P-

selectin (306). Talin-1. In addition, ILK (Integrin Linked Kinase), which is involved in cellular migration 

and adhesion, was significantly increased in the unhealthy participants (307). Interestingly, this study 

was able to identify increased expression of gene sets associated with neutrophils and macrophages 

in the unhealthy participants when our cellular profiling of these patients (Chapter 5) did not detect 

significant differences. It is likely that the cells present are more active and have increased 

transcription of genes so these results may be a better reflection of cell activity than concentration 

in the blood. It is also possible that the unhealthy participants have increased immune cell 

infiltration into their lungs but that the peripheral blood concentrations do not correlate well with 

the concentration in the lungs. 

Gene sets relating to neutrophils were significantly increased in the unhealthy participants. 

Specifically, expression of gene sets in the Cell Type Signatures collection relating to immature, bone 
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degranulation gene set in addition to a PI3K/AKT/mTOR-associated gene set in the unhealthy 

participants. It is plausible that hypoxia in these participants induces PI3K/AKT/mTOR signalling in 

neutrophils leading to increased neutrophil survival and degranulation. Neutrophils are the primary 

innate effector cells in COPD and contribute to the pathology by the release of proteases in the lungs 

causing tissue destruction. Inflammation-driven tissue destruction in the lungs can compromise 

blood vessels and alter the lungs' functional properties. This may result in localized hypoxia within 

the lungs and, further reduce oxygen levels in the body's systemic circulation. Neutrophils can 

further contribute to tissue hypoxia by consuming molecular oxygen for the generation of reactive 

oxygen species (ROS) which may further exacerbate hypoxia within the lungs of these individuals 

(321). Future studies on the role of hypoxia in the neutrophils of these participants could use 

proteomics approaches to identify more precisely which proteins and pathways are modulated in 

response to hypoxia. This method may elucidate how hypoxia affects the neutrophils in these 

individuals with distinct backgrounds and environmental exposures, and who have lung disease 

arising from a unique cause. 

Overall, the results of this study clearly implicate neutrophils, macrophages, hypoxia, and T cell 

depletion and dysfunction as key pathways affected in these biomass-exposed communities. As 

described in Chapter 2, T-cells are crucial players in COPD pathology. This research identified altered 

expression of multiple genes and gene sets that indicate that dysfunctional T-cell responses in lung 

disease in these communities. Future studies could further explore the role of T-cells in biomass 

smoke-induced lung disease and how and why T-cells become dysfunctional in this situation. 

Additionally, many of the results pointed to increased roles of neutrophils in biomass smoke-induced 

lung disease in this community. There is transcriptional evidence of increased neutrophil trafficking 

and degranulation. The results revealed reduced transcription of genes associated with multiple T-

cell subsets and phenotypes. It is unclear how these results reflect the immune environment in the 

lungs of these participants. Chronic recruitment of T-cells to the lungs may have reduced their 

numbers in the peripheral blood, or this may indicate immune dysfunction in the unhealthy 

participants. Further studies could compare T-cells in induced sputum or BAL from healthy and 

unhealthy participants to clarify this. This study also identified the potential role of hypoxia in these 

participants. Hypoxia is typically considered a symptom of COPD however, there is evidence that 

hypoxia may contribute to an active immune response and disease progression. Proteomic studies 

combined with functional studies using ex vivo immune cells may clarify the role of hypoxia. Future 

studies could also endeavour to include healthy, non-biomass smoke-exposed participants to better 

establish transcriptional and immune changes that occur due to biomass-smoke exposure and to 
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identify if the changes seen in lung disease sufferers are simply an increase of the response to 

biomass smoke exposure or if they are unique to lung disease. 

This study begins to fill a gap in the knowledge of immune pathology of lung disease in rural biomass 

smoke-exposed communities. As detailed in Chapter 5, the community where the study was 

conducted has a significant need for diagnostics that do not require the presence of trained 

clinicians on site. Additionally, a deeper understanding of lung disease is essential to identify 

effective therapies for the unique pulmonary conditions prevalent in this under-studied population. 

Here we have identified mechanisms that may participate in lung disease in this biomass-smoke-

exposed community and should be the basis of additional studies that may lead to improved 

diagnostics and treatment that can work within the infrastructure of remote communities. 
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response to the immune environment in which they are present. The diverse clinical manifestations 

of COPD caused by unique aetiologies in different communities are likely matched by a 

corresponding diversity in immune responses, particularly in unique T-cell phenotypes.  

This research characterised the immune characteristics related to these two aetiologies of COPD. 

The first part of the project investigated T-cell phenotypes in well-characterised COPD patients from 

an urban area of Australia. While previous studies in areas where TS-COPD is most common found 

altered ratios of T-cell subsets indicating a role of T-cells in COPD pathology, investigations of the 

specific T-cell phenotypes are incomplete. This study revealed that T-cell subsets from patients with 

exacerbating TS-COPD exhibited unique phenotypes when compared to HCs. In particular, there was 

a notable increase in the percentage of MAIT cells expressing exhaustion markers such as PD1, 

CTLA4, and TIM3, suggesting a state of immune fatigue in these cells. Furthermore, an array of 

exhaustion indicators was also detected in isolated CD4+ and CD8+ T-cell populations, further 

underlining the altered immune response in TS-COPD patients. This study highlighted the diverse 

phenotypes that T-cells can assume in different disease states and provided a basis for researching 

other aetiologies of COPD. 

The next part of the project investigated the immune profiles that shape the response to biomass 

smoke and biomass smoke-induced lung disease. A better understanding of the immune response in 

BS-COPD is urgently needed due to the high mortality of COPD in areas where BS-COPD is prevalent. 

Biomass fuel burning commonly occurs in remote areas that have limited resources, infrastructure, 

and access to trained clinicians. It is therefore crucial to develop a better understanding of the 

disease that may lead to new therapies and diagnostics that can circumvent these limitations. 

Samples such as blood and sputum are easily obtained and may provide the opportunity to diagnose 

patients remotely by looking at immune markers without the need for highly trained on-site. 

This portion of the project involved participants from a rural community in PNG where wood is 

burned as a cooking fuel and there was a high prevalence of respiratory illness. The study 

community is located in a remote area of PNG without access to trained physicians or Western-style 

medical facilities. The first study of this project performed in this community investigated the 

immune profiles of participants who were chronically exposed to biomass smoke but had no 

evidence of lung disease (healthy participants). The results indicated that peripheral blood immune 

cell composition and cytokine concentrations of healthy individuals were substantially different from 

what is expected in people from Western countries. The concentration of cytokines in the peripheral 

blood was consistently elevated. There were also trends toward lower T-cell and monocyte 

concentrations and higher NKT cells. This provided evidence that biomass smoke exposure alters 
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 Appendix 2. Flow cytometry CD8 and CD4 gating strategy (Chapter 3).  
Gating strategy showing gating of CD4 and CD8 T cells. CD4 T cells were then gated based on CD25 and FOXP3 
expression as conventional CD4 T cells and T regulatory cells (Tregs). Expression of CTLA4, PD1 and CD69 on 
conventional CD4, CD8 and Treg cells are shown. Gating based on Fluorescence minus one controls (FMOs). 

 

Appendix 3. Gating Strategy for MAIT cells (Chapter 3) 
Gating strategy showing gating of MAIT (mucosal invariant T) cells.  CD3+ lymphocytes were gated against 
forward scatter. These cells were then plotted on CD161 and V alpha 7.2 and double-positive cells were gated 
on as MAIT cells. CLTA4, PD1, TIM3 and CD69 expression in MAIT cells were gated based on FMO controls. 
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Appendix 4. PCA analysis on gene expression data from CD4+ cells of Australian Cohort (Chapter3). PCA analysis 
revealed separation of both patient groups (AECOPD and STCOPD) from HCs but not separation between 
patient groups (AECOPD vs STCOPD). 



149 
 



150 
 



151 
 

 

 

Appendix 5. Differentially expressed genes between AECOPD patients, STCOPD patients, and HCs (Chapter 3). 
Tables (A-D): Unpaired t-tests were performed on NanoString gene expression datasets. The analysis 
compared the expression of CD4+ T-cell genes between AECOPD (n=32) and HCs (n=14) (A), and CD8+ T-cell 
genes between AECOPD (n=25) and HCs (n=14) (B). CD4+ T-cell gene expression data was also compared 
between stable COPD patients (n=6) and HCs (n=14) (C), and stable COPD patients and AECOPD patients (D). 
FDR-adjusted p-values are reported as q-values (FDR p<0.05). 
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Appendix 6. Pearson's correlations using clinical data and gene expression datasets. (A) CD226 (DNAM-1) gene 
expression in CD4+ cells from AECOPD patients was positively correlated with forced expiratory volume in 1-
second percent predicted (FEV1%). (B) Gene expression of TGFB1 in CD8+ cells from AECOPD patients was anti-
correlated with the patients’ FEV1% after recovery to COPD stability. 
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Appendix 7. Recruitment Questionnaire used to screen the cohort from PNG. 
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Appendix 9. Cytokine standard curves. Cytokine standard curves were created for each cytokine for each batch. 
5 parameter logistics curves were created and plotted with the raw MFI (mean fluorescence intensity) values 
from each standard replicate. 
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A) 

Batch 1 

Sample Treatment  Replicate  IL-5 IL-13 IL-2 IL-6 IL-9 IL-10 IFN-�@ TNF-�= IL-17A IL-17F IL-4 IL-22 

C0 Standard 1 2.97 0.00 0.00 3.47 0.00 0.00 0.00 0.00 0.00 0.19 0.00 0.00 

C0 Standard 2 0.00 7.92 3.46 0.00 4.51 1.87 1.20 6.70 1.02 0.35 1.69 2.26 

C1 Standard 1 4.06 12.32 4.54 0.00 5.11 0.00 9.22 25.53 1.06 4.73 1.31 1.89 

C1 Standard 2 0.00 0.00 5.91 2.73 0.00 3.29 4.62 9.52 1.32 1.38 2.46 2.52 

C2 Standard 1 34.90 11.16 13.83 14.46 13.56 12.81 13.08 18.80 6.21 11.61 16.15 12.57 

C2 Standard 2 4.06 8.62 1.80 9.24 4.81 8.67 4.07 1.59 3.59 5.65 5.64 7.24 

C3 Standard 1 24.50 42.41 43.16 45.79 35.07 41.81 33.53 25.53 19.39 40.44 34.01 39.73 

C3 Standard 2 33.13 34.76 32.16 32.64 32.11 35.21 30.51 9.52 18.04 35.55 35.32 37.37 

C4 Standard 1 244.06 200.34 215.30 161.12 204.09 203.56 163.56 196.40 90.98 177.76 162.79 152.92 

C4 Standard 2 119.32 118.05 120.40 145.00 148.35 132.05 161.29 187.10 83.52 167.66 174.73 162.21 

C5 Standard 1 681.86 734.99 685.33 699.44 648.35 652.12 701.80 626.65 285.45 639.90 666.66 679.19 

C5 Standard 2 575.48 597.89 609.16 576.97 631.19 637.45 604.74 650.53 290.42 606.44 596.63 603.32 

C6 Standard 1 1690.93 1720.42 1482.23 1941.76 1573.56 1491.33 1833.60 1664.76 990.16 1387.10 1842.46 1968.61 

C6 Standard 2 3532.54 2988.27 3475.57 3176.92 3325.70 3112.77 3203.03 3396.81 1449.93 3306.13 2921.79 2664.10 

C7 Standard 1 12547.87 15088.52 14217.03 12145.10 15189.85 16254.77 14594.01 14809.21 6867.52 26635.40 14739.62 14719.87 

C7 Standard 2 8138.18 8273.72 8808.77 8347.80 8497.90 7975.31 7214.01 6909.21 4352.84 6250.05 7566.46 7964.11 

276 Mit   1597.01 437.48 317.34 33929.16 102.26 141.21 11685.34 524.57 51.58 216.72 85.51 414.20 

279 Mit   6288.67 486.38 171.98 28339.34 922.56 124.68 2143.62 677.27 18.43 99.60 44.44 107.67 

284 Mit   2888.83 19.88 3322.87 39174.98 443.41 410.52 11650.16 706.04 104.77 219.56 99.90 230.42 

285 Mit   3350.06 1019.69 894.48 20282.54 814.98 272.08 16384.48 2009.02 117.53 203.30 286.26 131.42 

286 Mit   3368.22 854.26 3560.87 20176.58 1365.68 466.73 6067.94 2213.36 342.33 463.72 338.35 623.09 

289 Mit   4432.54 483.51 108.37 11547.58 283.52 43.36 1870.37 246.65 19.12 121.41 53.16 49.18 

293 Mit   6243.07 1389.41 1326.75 43447.86 1716.43 366.47 7978.25 453.67 63.74 195.60 236.59 263.11 

295 Mit   12082.24 953.37 1186.71 45144.58 1787.46 747.12 41451.21 696.45 236.56 544.55 503.94 1025.05 

299 Mit   22101.49 2539.19 612.58 36034.77 1310.09 170.04 4132.77 300.66 32.87 17.59 696.87 50.98 
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300 Mit   2534.17 534.80 430.60 24523.23 594.20 196.41 9777.41 1042.43 54.72 131.86 75.90 66.77 

303 Mit   292.71 93.12 288.29 28953.57 15.76 61.67 6821.91 653.32 48.89 158.52 69.77 99.87 

304 Mit   20311.48 3339.73 1520.29 37499.51 4434.97 685.10 47269.61 869.39 315.22 342.29 364.65 286.94 

306 Mit   4173.67 832.57 867.49 32945.17 281.63 234.58 16479.83 955.94 263.99 438.90 176.15 474.61 

307 Mit   15312.34 2393.66 669.67 46494.70 944.90 239.56 43191.79 3714.64 234.79 545.42 345.34 359.05 

308 Mit   7456.35 827.15 193.08 29154.35 750.91 292.68 32736.64 907.86 36.08 79.65 128.09 77.11 

311 Mit   6061.08 1153.40 224.25 35488.68 989.03 185.36 18879.58 486.68 84.43 240.36 274.62 230.97 

313 Mit   3856.45 898.39 208.34 21488.93 325.49 71.15 7714.51 562.59 19.12 50.93 162.91 41.97 

314 Mit   23304.25 3190.83 1159.04 21000.56 1709.16 103.31 4747.40 691.65 134.82 137.80 1239.26 101.03 

316 Mit   7113.82 1506.91 750.19 36607.37 1068.90 527.60 33201.52 515.08 81.19 212.46 232.82 404.57 

317 Mit   7771.46 1179.67 255.55 32194.85 525.98 77.25 5230.42 715.63 43.30 118.81 149.20 76.52 

318 Mit   44597.58 8481.05 1959.26 35762.99 2755.51 170.55 20080.02 773.25 74.61 161.22 1268.08 139.36 

319 Mit   23858.94 4925.12 908.36 17139.87 1142.93 225.43 4800.09 224.52 99.51 101.50 800.05 58.15 

320 Mit   4921.39 756.53 130.60 19505.29 168.47 46.48 2468.24 486.68 22.16 126.62 130.25 89.99 

321 Mit   25585.53 4341.31 751.68 20709.07 1266.18 425.30 18760.98 496.14 332.00 295.69 921.65 96.39 

322 Mit   1544.11 374.86 65.35 4726.31 183.89 32.90 620.68 291.58 16.50 114.94 49.66 51.58 

323 Mit   15517.53 3252.74 1996.77 38753.74 1718.42 225.43 19017.76 420.81 118.56 297.20 461.76 196.62 

325 Mit   5019.72 453.34 55.01 15255.26 688.18 114.47 5327.93 181.12 43.38 108.51 84.64 57.55 

327 Mit   2798.84 591.28 189.66 27111.98 102.92 82.88 5322.19 806.89 51.42 112.36 91.62 100.74 

328 Mit   14931.82 2800.35 898.98 24102.50 1221.80 368.70 2671.92 95.17 158.01 242.54 299.53 237.52 

329 Mit   10963.18 2524.54 178.05 16624.18 2502.12 273.68 17870.08 667.69 43.30 181.72 292.07 84.15 

330 Mit   5019.72 1126.80 516.25 33851.56 831.64 325.18 9141.09 975.16 314.84 350.84 277.95 130.85 

331 Mit   7128.46 1557.92 759.89 17640.26 516.13 317.28 15130.50 309.77 88.63 196.30 280.44 142.47 

332 Mit   242.76 14.35 9.09 448.50 6.62 37.17 1152.99 44.23 9.90 25.31 58.40 13.33 

333 Mit   3010.55 644.71 79.43 41785.71 501.36 171.82 7871.38 215.75 87.28 220.98 86.38 328.45 

334 Mit   7768.99 1674.69 447.37 22935.80 922.56 268.89 20971.61 667.69 69.50 133.18 254.18 151.77 

336 Mit   12159.56 7164.19 1100.89 22827.59 2304.60 408.54 19269.86 420.81 130.72 147.77 574.29 279.91 

338 Mit   4134.49 1465.13 310.61 40042.67 65.54 384.04 3921.09 185.40 23.44 333.78 171.03 162.99 

339 Mit   6082.60 1246.20 860.00 23011.56 1090.82 322.45 28691.57 667.69 154.80 157.17 260.45 100.45 
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342 Mit   12547.64 2444.76 2943.01 24483.28 710.93 207.25 22796.78 477.23 272.08 277.75 533.89 521.67 

345 Mit   8748.05 982.05 1402.58 30874.94 1623.57 549.75 35563.80 864.58 454.34 778.79 420.25 586.00 

350 Mit   34749.25 6109.50 18370.42 52384.76 9688.71 3577.57 82857.04 3982.03 3674.87 2500.70 2109.54 2409.26 

351 Mit   7677.72 1002.61 335.46 27331.54 753.37 381.25 8103.31 927.09 62.97 62.10 224.41 104.21 

355 Mit   4026.32 868.20 1250.05 35736.26 1210.41 482.46 38509.52 246.65 105.37 255.64 257.11 173.88 

356 Mit   11517.41 1923.15 647.67 32527.25 1097.09 72.37 43459.50 1329.70 42.98 126.62 472.72 88.24 

360 Mit   3516.05 786.44 429.45 26625.94 450.21 278.48 6658.48 346.45 72.17 204.70 166.33 300.98 

363 Mit   2292.98 468.68 81.41 20002.88 425.50 149.26 4753.99 207.02 47.38 99.60 153.06 207.93 

365 Mit   1574.96 229.64 124.19 12089.20 70.79 79.45 13311.61 1756.15 29.87 137.14 54.03 192.20 

366 Mit   6147.21 332.59 1397.84 57358.62 1191.46 593.13 35984.34 6432.50 552.67 1702.93 279.61 1403.56 

377 Mit   5832.09 1547.28 515.87 45329.12 591.13 212.43 19935.36 840.54 60.65 153.13 207.54 186.94 

379 Mit   10091.41 1776.47 185.38 21047.45 1298.62 106.77 2664.06 264.52 47.14 127.28 95.11 110.84 

390 Mit   9624.71 2206.17 269.36 28346.00 3082.58 513.05 22024.60 1004.00 173.80 225.27 310.29 189.71 

392 Mit   2805.58 575.74 207.50 44492.75 977.21 215.54 23732.20 2009.02 111.05 238.20 132.41 590.83 

396 Mit   6705.68 867.81 196.49 27948.29 529.67 151.79 10309.76 198.33 73.09 159.87 102.08 262.02 

397 Mit   6778.34 222.11 1145.24 22071.57 1356.08 391.05 5589.02 706.04 96.39 217.43 205.01 195.79 

399 Mit   15043.50 2182.83 392.62 24606.29 2562.35 236.67 37025.50 1934.34 59.48 188.64 321.03 121.16 

401 Mit   2375.50 868.20 2453.34 53911.33 483.50 612.18 31621.97 624.62 166.82 437.26 142.75 1884.86 

406 Mit   7004.19 1747.84 3229.77 43447.86 2053.32 752.98 40758.74 1056.83 384.86 573.44 259.61 749.71 

407 Mit   764.76 165.02 93.60 39205.33 106.18 167.50 5479.39 850.16 25.32 83.34 67.15 37.76 

410 Mit   3691.69 672.22 235.03 42457.78 233.01 292.41 13936.58 581.65 196.17 300.21 100.34 210.68 

411 Mit   6065.86 1086.21 316.55 43236.12 1140.41 154.06 40423.29 1281.97 111.64 255.64 229.45 453.76 

417 Mit   8841.14 707.44 65.35 45899.30 505.06 252.98 8162.59 420.81 207.77 187.95 247.07 2830.73 

422 Mit   1462.66 345.94 55.53 20932.47 62.92 47.92 1038.68 383.49 25.57 104.68 57.96 71.21 

424 Mit   1797.93 416.42 131.51 58007.44 80.64 377.33 9547.54 1732.62 122.37 169.38 124.64 229.33 

430 Mit   5184.00 592.48 194.79 5640.10 1572.55 187.16 30277.24 1429.74 37.23 150.45 214.30 90.28 

431 Mit   4930.75 975.85 710.67 55262.05 440.33 252.98 20602.60 2361.03 155.02 478.77 117.71 633.05 

434 Mit   1625.67 248.87 29.96 45688.56 159.45 604.79 10292.92 3079.11 21.72 49.19 170.60 96.39 

439 Mit   3168.73 712.12 65.86 51562.48 416.22 1694.75 60105.02 5244.12 109.13 310.81 112.07 1196.84 
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444 Mit   734.35 40.73 41.11 55767.40 90.47 1784.56 66965.38 7746.44 158.88 291.94 26.74 1698.25 

448 Mit   660.64 195.33 112.13 54367.33 112.72 93.19 42560.75 237.77 68.51 114.94 34.90 905.62 

357 Nil   93.56 59.44 56.58 15321.67 0.00 72.37 106.12 792.47 15.79 108.51 40.96 41.07 

360 Nil   106.74 62.60 53.43 307.92 66.85 3.75 71.15 337.24 9.53 38.38 54.90 24.84 

363 Nil   131.78 71.78 66.37 1187.71 62.92 28.90 126.99 467.80 11.52 58.54 136.72 28.74 

365 Nil   95.43 39.81 60.21 225.26 93.10 36.45 51.23 802.08 35.10 245.44 44.44 107.10 

366 Nil   48.99 81.98 37.81 25167.01 0.00 17.56 212.88 102.95 3.59 17.09 12.91 15.07 

370 Nil   39.13 35.07 43.83 18466.36 16.38 18.93 11.03 176.85 4.48 21.14 48.79 9.35 

371 Nil   389.84 180.39 60.21 1054.11 43.29 21.69 623.93 754.04 18.43 95.82 60.15 43.78 

376 Nil   20.94 63.38 19.39 427.27 0.00 10.21 38.17 58.05 3.59 38.94 0.00 8.79 

377 Nil   59.24 58.64 31.10 31523.74 0.00 55.62 5.59 135.03 12.50 97.08 52.28 30.54 

379 Nil   80.64 0.00 2.59 13043.85 0.00 28.20 69.10 898.24 10.26 66.88 36.62 27.54 

390 Nil   366.48 93.12 66.37 30367.12 80.64 85.57 418.75 1868.82 14.20 95.82 153.92 50.68 

392 Nil   14.18 51.25 18.17 13666.19 43.94 21.69 60.03 159.92 2.12 14.14 0.00 11.04 

396 Nil   0.65 38.88 38.92 96.00 30.33 1.11 111.57 58.05 5.92 0.00 93.36 6.61 

397 Nil   248.97 94.48 13.13 13710.89 25.85 79.69 149.32 610.28 3.42 1.69 36.62 0.47 

399 Nil   54.07 22.33 4.50 7378.00 11.44 26.56 75.27 309.77 11.34 87.68 16.20 32.35 

401 Nil   45.66 6.36 10.47 7223.23 55.05 17.11 81.52 110.84 6.82 62.69 14.55 30.54 

406 Nil   15.48 0.00 25.34 20384.57 0.00 69.93 27.80 102.95 3.42 30.67 20.38 19.18 

407 Nil   91.70 70.28 55.53 900.17 55.05 16.20 176.43 282.53 18.25 97.08 38.36 47.38 

410 Nil   55.78 0.00 0.00 51796.48 4.84 177.18 36.39 305.21 4.84 21.14 5.70 7.15 

411 Nil   20.94 73.26 24.17 44951.68 0.00 105.04 49.31 65.20 0.00 6.80 51.41 22.15 

417 Nil   15.48 86.22 0.00 48342.78 20.14 240.35 27.80 355.68 9.17 74.14 36.19 22.15 

422 Nil   66.25 6.36 31.10 107.55 19.51 8.27 58.05 237.77 3.59 42.89 31.45 21.56 

424 Nil   3.94 43.44 14.42 61051.71 9.01 523.43 69.10 1538.94 6.46 56.77 50.54 28.74 

430 Nil   205.79 97.85 61.24 242.37 55.05 25.86 32.88 1272.41 16.76 114.94 79.83 49.48 

431 Nil   0.65 0.00 0.00 36959.10 0.00 50.56 0.14 13.39 7.91 24.79 12.50 9.35 

434 Nil   2.15 14.35 0.00 4145.80 70.79 6.80 227.74 543.57 1.06 20.12 108.16 7.15 

439 Nil   32.81 31.08 13.13 42138.88 0.00 283.56 10.42 562.59 6.46 55.60 17.87 28.44 
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444 Nil   19.54 0.00 13.13 55976.14 16.38 423.87 22.97 439.57 0.40 0.00 8.86 12.75 

448 Nil   5.94 36.04 13.78 6337.90 44.59 14.40 53.16 176.85 2.38 19.10 23.76 8.79 

307 Nil   42.37 42.55 28.81 42417.31 0.00 119.69 21.43 99.05 1.79 2.77 38.36 8.79 

316 Nil   14.18 21.12 0.00 4054.96 3.09 14.85 11.03 37.59 12.14 82.11 61.46 35.96 

317 Nil   52.37 79.11 51.85 961.54 46.55 9.56 113.76 273.51 2.04 16.10 17.87 22.15 

318 Nil   42.37 31.08 28.81 20418.17 25.85 28.43 142.59 754.04 8.99 53.25 67.15 32.35 

319 Nil   52.37 14.35 31.10 8641.93 5.43 36.22 9.25 21.97 4.84 17.09 19.96 17.41 

320 Nil   181.44 89.70 45.45 16348.68 35.49 45.76 79.43 496.14 19.47 165.29 39.22 56.96 

321 Nil   22.35 46.10 4.50 388.23 25.21 2.21 7.59 220.13 3.16 19.10 2.61 7.70 

322 Nil   118.22 59.44 77.44 345.48 52.43 33.85 377.05 821.31 31.71 260.03 94.67 95.23 

323 Nil   20.94 10.99 125.11 4214.09 19.51 18.47 147.07 54.53 11.69 83.34 63.65 38.67 

325 Nil   77.00 29.01 38.92 177.51 27.77 22.15 142.59 237.77 18.78 130.55 40.09 50.38 

327 Nil   127.89 19.88 77.44 735.48 0.07 24.00 184.38 634.18 14.91 111.72 22.91 50.68 

328 Nil   2.15 0.00 0.00 656.78 0.00 4.74 0.14 126.88 0.00 3.53 0.00 0.00 

329 Nil   80.64 0.00 48.13 140.63 0.00 20.08 65.04 411.46 15.79 114.94 0.24 45.88 

330 Nil   0.65 0.00 35.59 433.46 6.62 7.43 22.19 0.00 1.87 18.09 0.00 7.70 

331 Nil   18.16 19.88 33.36 209.05 12.05 18.93 39.98 147.39 16.50 125.32 33.60 45.28 

332 Nil   106.74 14.35 24.76 46.42 58.98 13.07 100.70 185.40 11.07 46.31 90.75 26.94 

333 Nil   0.00 19.88 20.60 6773.08 0.00 14.40 99.62 237.77 5.92 40.63 58.40 29.64 

334 Nil   59.24 0.00 25.34 3297.03 17.63 16.20 39.07 126.88 11.16 83.34 8.86 33.55 

336 Nil   290.62 38.88 57.10 5517.56 41.99 39.55 200.32 543.57 20.69 121.41 11.28 54.87 

338 Nil   34.37 17.25 31.10 26104.98 0.00 70.90 85.73 151.55 14.55 79.03 82.02 30.24 

339 Nil   11.66 0.00 0.00 1391.33 0.00 13.07 8.68 562.59 6.73 54.42 6.49 18.00 

342 Nil   32.81 0.00 0.00 17134.70 3.09 28.67 3.85 151.55 0.00 0.00 12.09 4.53 

345 Nil   0.00 18.59 0.00 701.81 23.94 11.74 34.62 176.85 0.61 8.55 7.67 6.61 

350 Nil   712.66 137.43 102.70 33128.91 21.40 83.61 103.95 3.19 3.59 5.95 22.91 6.08 

351 Nil   95.43 14.35 0.00 548.75 29.05 10.86 1.78 406.78 9.35 46.31 6.49 47.08 

355 Nil   203.75 82.69 82.89 38876.38 28.41 159.88 208.31 515.08 9.26 65.68 27.16 147.27 

356 Nil   122.07 64.16 65.86 27071.42 2034.87 54.41 68.08 811.70 19.47 150.45 48.79 51.58 
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276 Nil   48.99 0.00 45.45 1985.72 70.79 15.75 57.07 1195.88 20.69 141.11 13.73 64.10 

279 Nil   181.44 65.71 165.43 10406.69 30.33 35.74 410.88 467.80 14.55 102.14 33.17 181.39 

284 Nil   10.45 31.08 128.32 110.22 7.81 4.54 93.17 159.92 1.62 0.09 9.67 8.24 

285 Nil   213.96 107.72 112.13 499.62 43.29 39.55 244.90 927.09 24.13 232.43 63.65 81.80 

286 Nil   129.83 33.10 27.09 128.08 0.00 19.39 83.62 402.12 17.99 135.82 4.15 49.78 

289 Nil   55.78 22.33 18.17 172.11 0.00 29.61 17.71 486.68 24.13 195.60 22.07 71.80 

293 Nil   133.73 38.88 16.93 52026.33 23.94 389.09 162.84 1186.31 13.31 85.82 72.40 58.75 

295 Nil   0.00 0.00 28.24 37.17 0.00 1.29 8.13 0.00 0.68 0.00 0.00 0.00 

299 Nil   8.12 56.21 0.00 7228.05 16.38 29.37 7.59 420.81 0.00 0.00 53.16 6.61 

300 Nil   26.73 0.00 32.23 185.62 12.67 18.02 61.03 524.57 15.88 126.62 19.54 55.16 

303 Nil   0.00 0.00 15.68 543.49 25.21 7.85 21.43 31.17 4.30 0.00 46.18 1.24 

304 Nil   29.73 53.75 72.44 2512.30 11.44 17.11 84.68 287.05 4.22 40.63 74.15 14.49 

306 Nil   87.99 6.36 18.78 4511.62 14.52 31.96 7.59 648.54 13.84 66.88 0.00 26.34 

308 Nil   0.65 68.01 36.71 7902.22 9.62 30.08 70.12 68.84 4.48 5.95 16.20 18.59 

311 Nil   69.80 61.03 58.14 12102.69 0.73 19.85 153.82 220.13 7.91 55.60 68.02 42.58 

313 Nil   3.02 33.10 0.00 112.00 12.67 13.96 11.64 936.71 14.20 66.88 11.28 29.34 

314 Nil   0.00 0.00 0.00 979.41 0.00 5.76 49.31 5.58 0.00 11.29 0.00 0.00 
 

B) 

Batch 2 

Sample Treatment  Replicate  IL-5 IL-13 IL-2 IL-6 IL-9 IL-10 IFN-�@ TNF-�= IL-17A IL-17F IL-4 IL-22 

C0 Standard 1 0.00 21.38 0.00 0.00 0.00 0.13 12.02 2.01 0.55 0.15 0.00 0.00 

C0 Standard 2 2.53 15.30 5.82 7.46 6.41 0.47 0.00 0.00 0.00 0.32 9.45 2.61 

C1 Standard 1 2.09 0.00 2.94 11.91 4.37 4.58 10.79 6.48 1.56 2.91 0.00 1.24 

C1 Standard 2 4.10 0.00 3.99 4.00 1.89 3.69 12.02 6.48 1.94 2.91 0.00 1.45 

C2 Standard 1 12.31 16.40 9.64 15.19 16.71 16.34 20.07 24.37 5.95 12.73 4.75 9.28 

C2 Standard 2 1.22 0.00 4.94 4.00 7.27 7.57 9.01 6.48 4.41 7.42 7.08 4.89 

C3 Standard 1 36.98 57.50 31.81 62.43 65.58 53.43 27.44 60.64 20.92 40.04 22.57 30.85 
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C3 Standard 2 40.26 53.25 58.41 93.39 71.36 62.35 48.44 112.41 27.39 48.45 33.63 45.49 

C4 Standard 1 149.96 218.85 134.52 218.13 244.31 190.86 161.16 318.39 86.44 159.58 98.62 119.30 

C4 Standard 2 149.07 215.01 148.73 371.96 277.14 313.50 265.88 371.51 112.80 207.86 140.33 206.73 

C5 Standard 1 620.05 992.71 692.11 1233.35 958.34 842.84 915.43 1333.06 354.09 754.93 468.01 543.78 

C5 Standard 2 474.53 817.75 691.55 1021.14 934.57 900.19 916.43 1121.27 371.90 594.45 362.79 459.22 

C6 Standard 1 1924.68 3505.52 3306.59 4721.99 3805.39 2575.40 5075.49 4815.02 1373.25 2437.27 1819.95 2048.72 

C6 Standard 2 2089.83 3046.17 1957.29 3982.96 3115.73 2068.86 4509.09 4660.84 1483.28 1920.87 1692.12 2094.46 

C7 Standard 1 14297.27 20457.72 17894.03 22111.19 26932.52 58810.60 23101.23 25731.00 7168.56 26150.23 8541.80 11495.56 

C7 Standard 2 7293.93 11297.93 5495.24 15536.40 13921.78 12581.95 16558.77 16638.57 5688.17 9625.86 5732.93 9101.47 

272 Mit   6314.76 3989.08 4727.62 72148.77 6890.17 707.05 60034.41 963.85 552.66 1105.73 316.99 2157.87 

274 Mit   3604.74 1667.07 91.64 99903.49 688.11 101.09 25756.49 2082.75 27.95 234.35 97.20 510.61 

278 Mit   3478.94 2345.51 434.56 44612.34 707.87 126.68 11362.18 297.51 23.10 47.11 133.74 258.38 

280 Mit   2627.55 776.80 132.71 39770.19 462.90 180.92 31877.45 747.64 168.20 508.65 78.22 1371.22 

281 Mit   5708.28 403.81 517.57 35817.73 2174.73 267.31 32217.88 1498.34 158.32 566.70 218.45 1364.04 

282 Mit   1155.12 722.53 84.12 38066.20 121.92 147.95 7639.38 655.27 135.15 184.82 64.51 532.50 

283 Mit   5562.03 2448.07 2489.13 52857.40 1160.42 454.87 65564.34 4565.88 348.44 373.47 143.54 1570.90 

288 Mit   5250.94 1580.03 161.04 40949.91 1342.02 180.41 30253.11 263.31 57.86 162.71 80.26 770.26 

290 Mit   8295.54 172.86 2259.68 91657.35 716.86 710.96 55220.07 7319.36 1501.68 1322.76 469.22 7659.85 

291 Mit   20803.79 11131.68 5546.20 87019.73 11425.49 856.84 64048.37 4561.59 316.30 913.21 1060.87 2307.66 

292 Mit   5502.62 2926.65 814.63 49688.47 1643.17 203.99 26787.42 945.50 309.43 354.54 177.00 786.98 

294 Mit   12776.34 5524.42 652.42 35011.54 6406.16 300.81 18665.56 222.57 141.10 221.87 463.61 521.94 

296 Mit   5878.56 2512.74 3903.14 62203.74 3332.50 179.39 71534.83 3913.52 203.41 378.63 162.94 1111.86 

297 Mit   37.99 62.91 18.58 11259.00 0.00 28.41 204.92 169.04 6.13 7.14 18.90 12.77 

301 Mit   16442.81 5349.82 249.71 83928.96 3036.53 467.73 23431.71 329.58 190.61 455.32 374.80 657.00 

302 Mit   5752.29 865.79 254.12 32149.46 1260.27 145.45 6117.64 169.04 124.97 141.85 174.45 115.24 

309 Mit   30501.39 4249.74 2754.79 66509.30 11796.64 518.19 19054.78 743.02 266.90 277.58 1320.91 1195.52 

310 Mit   8153.34 1253.10 535.95 63416.39 769.20 289.43 69218.79 5037.30 550.39 429.05 174.45 893.60 

312 Mit   4464.13 2407.27 123.07 43376.96 279.48 37.95 2647.26 322.70 8.36 33.80 80.94 74.08 

315 Mit   14810.19 4207.85 361.73 65075.52 564.94 180.58 67589.74 6486.01 150.57 101.66 331.72 521.75 
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324 Mit   44179.17 14237.37 680.46 58506.69 12005.57 621.67 40869.07 479.49 761.48 574.57 1181.34 1302.78 

326 Mit   14476.75 11456.96 2911.18 45087.89 4757.83 362.86 49604.25 927.14 566.48 685.49 482.10 2056.40 

335 Mit   15811.38 6537.07 243.72 50552.55 5192.65 210.55 18588.10 733.79 123.59 277.37 395.52 340.92 

340 Mit   11771.07 3092.44 1181.03 137985.25 1486.16 564.23 58969.98 6146.05 386.09 1880.03 180.81 1385.59 

343 Mit   6562.23 4103.99 626.25 62728.74 1941.67 201.93 20496.27 308.95 182.11 218.68 166.79 764.05 

344 Mit   14748.27 4968.41 1967.33 73632.82 8083.30 563.78 65155.39 3047.25 360.48 352.73 532.65 2072.22 

346 Mit   9515.63 5177.67 2013.83 32807.94 3770.97 475.25 24759.70 2333.28 160.66 451.95 437.11 364.05 

347 Mit   15626.17 7917.69 2821.74 81452.58 10577.52 1082.49 69305.71 6065.23 344.53 1190.70 235.74 1896.05 

348 Mit   33806.72 5571.22 371.74 54099.60 10340.75 151.12 27048.38 1014.26 123.66 107.24 555.78 826.74 

349 Mit   4318.17 2355.78 1761.38 83228.37 3616.05 747.88 64918.63 3223.91 266.70 313.39 300.39 1127.09 

353 Mit   2824.52 1998.73 509.92 89042.72 2158.91 701.19 33236.43 1768.11 213.30 345.94 117.26 1437.42 

354 Mit   11558.00 5185.42 1011.28 72148.77 9815.25 749.88 46626.63 1371.74 402.71 1349.68 439.94 2113.00 

358 Mit   7967.06 2978.75 349.85 91900.97 5182.44 478.60 28627.08 2209.29 231.54 552.73 183.35 1076.67 

359 Mit   940.17 149.99 136.02 54014.02 93.75 120.89 34.55 2951.09 52.53 90.17 48.61 1666.02 

361 Mit   13957.96 6447.21 993.31 46934.07 3407.62 259.06 49995.10 3664.79 296.21 265.42 816.32 1662.92 

362 Mit   8539.57 4108.12 184.20 70602.66 4808.95 307.65 49781.38 885.80 144.37 1003.50 235.74 1427.19 

364 Mit   8177.74 4557.26 298.72 76365.52 2612.56 517.32 61292.11 4282.17 579.49 2318.76 236.97 2880.72 

367 Mit   530.53 53.29 22.35 53584.17 37.76 125.03 8647.75 1312.81 48.52 64.15 46.53 294.19 

369 Mit   267.65 205.95 29.56 15391.34 37.76 21.88 2806.99 341.07 10.19 27.05 38.21 39.67 

372 Mit   12444.24 3920.04 400.86 63399.21 8381.59 648.51 24267.46 733.79 537.32 694.90 499.39 445.94 

373 Mit   8291.85 6543.33 1016.43 29952.09 7207.73 393.90 38192.71 1260.59 552.00 679.97 380.57 970.94 

374 Mit   1657.33 1729.79 336.33 37994.19 1017.52 216.44 10223.30 1328.69 197.82 231.03 169.35 1470.36 

375 Mit   15736.30 3748.41 115.14 75376.96 2080.44 373.33 19000.95 572.02 101.91 301.02 207.25 418.11 

378 Mit   2454.48 2024.27 268.27 35817.73 652.29 333.46 56449.65 9123.12 64.73 207.01 327.02 828.11 

380 Mit   21811.97 10000.08 198.25 60471.41 12674.08 388.78 27951.78 858.21 114.41 384.05 352.18 911.73 

381 Mit   10631.02 4857.68 88.10 72148.77 1521.09 290.90 33398.62 2167.15 200.68 347.41 244.93 2469.56 

382 Mit   9690.02 4108.12 153.62 49716.14 3403.54 162.85 44320.85 1153.62 103.11 97.77 249.20 620.06 

384 Mit   21138.68 5445.09 177.26 70830.46 9154.28 437.64 26668.85 414.79 161.31 691.29 291.45 1448.53 

385 Mit   12212.42 6253.40 1422.91 84432.87 4932.76 429.92 37238.54 511.87 157.34 315.17 363.23 1237.14 
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389 Mit   3159.20 2259.72 608.86 46331.27 3466.37 540.59 61811.10 497.99 661.77 750.90 192.20 1497.01 

391 Mit   4676.99 2944.80 250.88 73608.17 2560.67 393.90 53818.58 1498.34 606.33 1596.98 169.35 2259.29 

394 Mit   6765.72 3764.30 2088.27 85205.54 7186.82 403.81 68864.51 844.40 112.96 585.21 178.27 696.32 

398 Mit   3604.74 1779.54 639.83 51354.81 705.17 94.82 23147.90 1283.30 129.71 98.64 134.40 755.90 

400 Mit   21058.29 7259.43 730.50 121233.35 12793.97 602.12 47068.44 9009.04 245.45 1152.55 186.52 6755.18 

402 Mit   6112.60 3049.49 520.46 45129.30 1565.94 222.70 51105.62 853.61 251.93 543.06 259.55 1474.65 

403 Mit   8884.87 4682.69 263.40 71791.79 2082.11 107.03 11518.34 236.11 238.59 94.09 358.00 823.23 

404 Mit   7981.47 3358.24 313.52 74774.63 2052.10 393.11 50484.78 894.99 244.21 509.89 213.48 2015.28 

405 Mit   3014.77 184.82 181.52 73357.31 943.04 310.06 46401.79 191.21 394.73 1000.71 131.77 2737.89 

408 Mit   8022.40 120.91 194.11 47726.98 2191.71 230.04 3751.73 1233.31 43.64 122.18 290.25 190.01 

413 Mit   11449.45 3761.65 348.86 63253.47 4063.87 304.69 14689.63 1432.84 207.51 147.23 173.18 3356.12 

415 Mit   223.23 287.99 86.78 43198.44 75.53 232.14 46521.27 1734.50 93.46 201.50 64.51 602.39 

416 Mit   3175.75 1364.57 244.38 74515.03 940.27 288.70 18610.03 982.19 223.32 178.92 96.53 741.95 

418 Mit   4456.47 2792.29 437.04 81133.14 1353.86 339.90 42424.88 1478.02 314.30 304.55 176.36 963.98 

420 Mit   6653.86 4865.17 695.15 94422.38 2380.52 204.68 45899.51 599.78 182.95 514.12 150.04 1524.43 

421 Mit   1067.46 541.47 71.63 57622.66 64.20 152.12 15401.56 1344.56 44.09 61.86 34.05 174.17 

423 Mit   2652.85 3055.00 473.60 37994.19 1637.99 191.98 28813.84 142.79 141.76 345.60 95.18 633.52 

426 Mit   5076.80 2721.07 125.67 40932.27 1335.62 61.98 31175.69 1721.04 226.06 433.20 105.26 676.26 

428 Mit   2388.86 2921.82 1650.99 63652.86 1004.42 248.02 40364.05 669.14 295.81 635.95 204.75 853.93 

432 Mit   1453.35 848.04 260.96 39486.75 625.94 136.63 18170.33 299.80 255.73 146.49 113.27 151.03 

433 Mit   3194.51 2549.88 296.58 14845.40 643.35 343.51 48296.82 4917.46 69.50 240.87 225.88 1103.75 

435 Mit   1439.23 453.60 49.96 83594.64 388.76 711.20 45887.76 12931.29 139.60 291.35 73.43 1496.58 

437 Mit   1899.73 639.10 57.19 81073.73 228.92 317.69 64845.00 5912.04 74.22 413.13 87.74 2013.41 

438 Mit   933.76 498.86 234.15 55291.40 235.34 116.27 51546.83 565.08 294.49 315.39 42.37 953.07 

440 Mit   2341.05 1311.33 41.73 73367.13 766.48 782.57 73489.67 26408.87 89.81 376.34 147.44 3246.92 

441 Mit   934.75 989.44 36.40 91347.68 106.69 208.65 50045.62 5903.52 118.58 689.91 101.24 1374.81 

442 Mit   1224.46 594.98 59.21 60045.20 253.61 441.11 54279.38 1797.22 26.67 131.08 90.45 1009.20 

446 Mit   119.44 80.42 1.44 61607.43 23.53 60.64 10889.70 2753.95 47.79 177.66 4.32 1383.47 

272 Nil   2.44 25.86 3.29 44.43 0.00 0.59 6.84 24.59 0.00 0.00 16.19 0.29 
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274 Nil   8.66 8.26 0.00 229.45 3.78 12.66 43.01 37.94 1.82 0.00 0.00 30.12 

275 Nil   10.03 20.43 8.96 60282.56 0.00 218.87 54.88 551.20 2.74 7.30 3.04 55.88 

278 Nil   19.88 30.59 10.78 301.16 6.32 7.19 76.96 158.05 5.38 9.38 28.52 42.21 

280 Nil   15.15 42.76 11.64 113.64 5.08 5.20 37.32 108.57 2.93 4.27 5.60 18.87 

281 Nil   12.35 38.94 7.48 18438.37 2.40 36.38 31.84 134.13 0.60 3.91 0.00 16.65 

282 Nil   10.49 61.35 11.64 8004.74 8.73 37.43 115.79 140.62 5.28 14.25 32.66 27.15 

283 Nil   6.84 0.00 15.64 1241.51 0.00 12.28 31.84 91.93 2.37 4.44 10.83 15.37 

288 Nil   27.49 58.19 18.58 288.12 9.91 7.19 112.32 93.99 4.06 7.47 25.76 17.29 

290 Nil   17.98 65.96 23.99 56808.85 34.51 55.59 483.42 238.37 2.56 9.70 140.93 11.78 

291 Nil   7.75 42.76 1.44 692.00 0.00 11.11 45.91 79.72 5.10 5.14 13.50 19.81 

292 Nil   10.49 13.51 4.01 7828.52 17.94 21.14 12.52 54.33 1.46 0.30 1.78 14.72 

294 Nil   471.19 397.34 475.96 6307.38 44.20 17.60 1036.39 451.75 6.88 11.86 37.52 32.47 

296 Nil   46.57 234.30 93.29 67411.59 69.37 147.78 455.32 1060.02 6.22 51.27 55.54 1332.50 

297 Nil   13.28 83.17 24.63 5538.17 8.73 25.35 300.81 195.67 6.88 12.16 47.92 26.55 

301 Nil   118.52 71.90 5.87 61515.53 17.94 71.00 51.85 222.57 6.50 13.66 25.76 35.38 

302 Nil   20.82 49.90 18.58 693.68 14.53 6.79 43.01 129.83 3.40 4.79 23.69 37.39 

309 Nil   273.03 71.90 98.90 82764.44 44.20 152.46 310.57 380.19 7.99 21.65 63.13 120.11 

310 Nil   45.61 36.96 14.49 87344.09 17.94 201.93 80.22 180.10 3.31 14.99 70.00 92.92 

312 Nil   17.04 25.86 10.78 20402.44 14.53 26.25 112.32 138.45 5.47 9.70 34.05 33.93 

315 Nil   57.48 44.60 34.74 172.00 0.00 6.79 73.72 31.09 2.19 0.00 0.00 27.75 

324 Nil   64.09 42.76 17.14 10329.30 15.67 24.26 57.94 87.83 4.06 0.30 9.51 14.08 

326 Nil   25.58 0.00 28.96 262.76 0.00 14.20 107.13 48.73 1.82 2.43 0.00 24.12 

335 Nil   17.98 0.00 7.99 1006.35 3.78 9.16 61.04 45.07 3.68 1.83 21.64 29.23 

340 Nil   2.01 13.51 14.88 178.91 0.00 2.83 37.32 12.96 2.00 4.27 12.16 28.04 

341 Nil   17.98 34.91 10.78 18359.18 2.40 14.20 107.13 263.31 2.00 9.54 25.76 28.04 

343 Nil   14.22 23.26 22.68 38110.56 15.67 74.32 124.55 433.26 5.19 10.32 34.05 22.59 

344 Nil   16.57 25.86 5.87 6102.58 4.44 10.33 33.19 254.22 1.37 0.00 0.00 19.81 

346 Nil   28.92 56.58 59.66 8652.78 43.13 37.43 580.29 108.57 7.06 16.15 125.19 115.24 

347 Nil   16.10 34.91 5.87 5204.67 8.13 14.96 78.59 93.99 2.74 1.62 34.05 27.75 
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348 Nil   22.73 38.94 14.10 35762.30 9.32 20.21 67.32 188.98 3.40 9.38 29.90 18.24 

349 Nil   66.92 59.78 52.10 39615.39 0.00 35.68 110.58 125.54 7.06 12.76 21.64 37.96 

353 Nil   13.75 48.17 3.29 14903.57 7.54 20.58 37.32 52.45 1.28 4.79 16.19 49.95 

354 Nil   23.20 13.51 21.01 72323.03 24.64 119.90 48.86 968.44 4.25 13.36 27.83 38.53 

358 Nil   28.44 20.43 11.64 66160.43 15.67 138.46 47.38 304.37 3.12 12.16 5.60 21.05 

361 Nil   4.17 32.80 8.96 124.87 8.73 6.40 27.87 71.73 3.68 5.81 12.16 17.60 

362 Nil   741.30 545.99 331.48 14100.84 43.67 29.84 1264.25 125.54 9.09 77.75 8.19 582.99 

364 Nil   4.17 42.76 0.00 57634.48 0.00 200.21 51.85 2246.97 4.44 11.24 20.27 21.05 

368 Nil   23.68 49.90 6.96 695.36 9.91 9.55 57.94 45.07 0.93 3.73 45.84 13.10 

369 Nil   17.04 53.29 18.58 19841.91 17.94 15.34 142.34 151.49 4.62 8.11 61.75 21.05 

372 Nil   8.20 0.00 14.88 2083.36 6.32 12.66 34.55 67.79 2.56 2.23 32.66 16.01 

373 Nil   32.26 17.26 17.14 394.29 0.00 11.11 34.55 54.33 1.55 3.55 13.50 20.12 

374 Nil   9.57 0.00 9.42 29.29 5.08 2.83 24.04 63.89 0.93 0.65 5.60 82.11 

375 Nil   38.94 67.47 33.62 60.45 0.00 4.81 34.55 8.06 0.93 34.43 8.85 13.42 

378 Nil   12.35 34.91 14.88 176.94 15.67 5.60 987.47 100.20 2.19 5.48 12.16 339.74 

380 Nil   36.56 62.91 5.29 23671.64 7.54 27.15 73.72 45.07 2.74 4.79 18.90 20.74 

381 Nil   14.22 0.00 7.99 15020.29 0.00 21.32 48.86 56.22 1.37 3.91 0.00 13.42 

382 Nil   13.28 42.76 27.14 1291.32 2.40 10.33 70.50 121.27 4.81 7.14 31.28 18.87 

383 Nil   34.65 93.84 16.40 52435.61 12.24 264.97 48.86 872.00 2.93 14.40 27.14 138.10 

384 Nil   18.93 0.00 15.64 35904.96 0.00 60.64 31.84 87.83 3.68 7.79 16.19 14.08 

385 Nil   351.96 182.85 154.37 22171.91 54.27 51.02 2431.78 398.63 9.64 18.58 43.07 42.21 

386 Nil   15.15 65.96 13.30 52077.98 17.37 190.11 81.86 1319.62 2.93 11.70 36.13 71.28 

387 Nil   15.15 0.00 13.30 44909.86 5.70 79.30 24.04 373.28 2.19 5.81 8.19 12.11 

389 Nil   34.17 0.00 4.67 11101.38 0.00 29.84 61.04 52.45 3.31 4.79 1.78 28.34 

391 Nil   31.31 49.90 12.48 90592.99 21.30 420.02 72.11 1563.71 4.62 10.94 13.50 60.13 

393 Nil   12.35 38.94 0.00 33037.98 18.50 51.53 62.59 182.32 3.31 7.47 9.51 34.22 

394 Nil   16.57 42.76 12.48 66419.69 16.24 1137.58 80.22 789.14 2.46 11.09 17.55 37.68 

398 Nil   10.49 0.00 23.34 7028.49 0.00 11.11 73.72 65.84 1.64 5.48 25.76 7.37 

400 Nil   109.31 287.99 72.24 3451.78 75.53 31.80 928.34 609.03 2.00 5.65 6.24 428.17 
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402 Nil   48.47 83.17 49.72 1060.75 0.00 6.79 131.63 87.83 3.68 5.14 13.50 24.73 

403 Nil   20.82 0.00 11.64 14194.16 16.81 24.62 37.32 91.93 2.37 6.15 25.76 16.01 

404 Nil   17.51 20.43 21.35 31587.28 32.33 65.33 90.16 160.24 7.25 17.73 36.82 153.46 

405 Nil   8.66 0.00 19.29 7986.40 0.74 27.15 227.59 18.52 2.65 6.48 20.27 19.18 

408 Nil   13.28 59.78 18.58 8481.94 21.30 16.85 142.34 39.70 2.74 3.00 13.50 25.94 

412 Nil   8.66 0.00 0.00 1486.05 0.00 1.86 61.04 91.93 3.12 3.37 20.27 18.55 

413 Nil   6.84 42.76 0.00 2571.31 5.08 7.19 80.22 63.89 1.55 10.63 14.84 21.05 

414 Nil   25.58 53.29 10.33 18117.96 13.39 354.78 96.89 821.39 3.12 12.16 29.90 96.54 

415 Nil   19.40 20.43 21.35 5782.13 11.08 12.66 54.88 104.37 3.12 7.47 17.55 21.05 

416 Nil   9.11 23.26 28.36 52128.42 26.85 229.69 114.05 182.32 2.56 9.38 11.49 12.44 

418 Nil   9.11 34.91 27.14 26662.76 29.05 139.79 37.32 138.45 3.40 5.48 0.00 19.81 

419 Nil   31.31 44.60 10.33 100801.56 7.54 845.12 83.51 678.38 5.00 12.61 9.51 58.01 

420 Nil   27.97 20.43 23.66 21109.77 12.24 30.38 40.14 77.71 1.82 5.48 0.48 14.08 

421 Nil   10.03 53.29 9.88 53757.97 3.78 263.72 67.32 218.07 1.82 8.75 16.19 21.36 

423 Nil   8.20 13.51 10.78 89.88 0.74 3.62 64.16 87.83 2.93 5.48 25.76 14.72 

425 Nil   8.66 32.80 13.30 50812.88 8.73 83.93 26.58 195.67 2.37 10.01 14.17 10.11 

426 Nil   14.22 0.00 15.64 24193.14 22.42 37.95 54.88 1244.68 3.12 7.95 23.01 24.12 

427 Nil   9.11 23.26 15.64 171.01 2.40 2.83 61.04 45.07 2.56 1.83 16.87 5.95 

428 Nil   3.30 0.00 0.00 96.12 30.15 31.44 29.18 32.78 2.37 2.03 4.32 60.66 

432 Nil   8.66 0.00 17.86 643.06 5.08 7.39 25.30 12.96 0.85 0.30 6.89 2.05 

433 Nil   5.05 0.00 10.33 7075.81 0.74 25.35 27.87 31.09 1.02 0.00 0.00 17.29 

435 Nil   5.94 62.91 1.44 27101.06 7.54 52.88 98.58 112.78 3.68 13.66 29.90 57.75 

436 Nil   14.22 53.29 7.99 15225.79 14.53 14.96 293.02 182.32 5.57 8.75 35.44 110.56 

437 Nil   17.98 20.43 8.96 7817.82 8.73 17.60 124.55 104.37 4.15 4.62 0.00 48.85 

438 Nil   0.72 36.96 21.35 9137.37 0.74 24.62 169.60 41.47 1.46 4.27 12.16 29.53 

440 Nil   18.93 20.43 10.78 874.74 0.00 2.06 76.96 39.70 1.11 0.30 9.51 47.76 

441 Nil   56.06 65.96 13.30 19176.00 16.81 16.10 70.50 112.78 3.68 4.09 15.51 31.89 

442 Nil   6.84 42.76 25.27 26777.16 3.78 84.92 48.86 108.57 3.87 11.86 25.76 44.44 

443 Nil   18.46 53.29 7.99 15467.07 11.08 31.44 86.82 79.72 3.12 7.47 20.27 18.55 



172 
 

445 Nil   30.35 53.29 10.78 71974.89 11.08 111.64 98.58 288.37 4.25 15.72 16.19 25.34 

446 Nil   17.04 53.29 15.26 1547.66 0.74 9.16 48.86 56.22 2.74 7.47 12.16 41.92 

447 Nil   21.77 0.00 1.44 7078.91 13.39 18.91 131.63 96.05 5.10 8.27 20.27 27.75 

450 Nil   23.68 0.00 4.67 227.53 7.54 11.11 29.18 39.70 7.25 5.14 1.78 201.64 

451 Nil   19.88 25.86 6.96 38888.12 0.00 80.62 48.86 327.29 1.82 10.63 18.90 28.34 
 

Appendix 10. Participant and standard cytokine concentrations. Cytokine concentrations were calculated from standard curves for standards, mitogen-stimulated plasma 
(Mit), and unstimulated (Nil) plasma samples. Samples were run across two batches; batch 1 (A) and batch 2 (B). 
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      Sputum 
Participant Group Age Smoking Status Fire Location Participation in Cooking AFB Polys** SEC** 

278 Healthy 55 Yes Under Yes no sample     
280 Healthy 20 No Under Shared no sample     
281 Healthy 21 No Under Shared no sample     
282 Healthy 20 No Under Shared no sample     
283 Healthy 45 No Inside Yes no sample     
290 Healthy 44 No Away Yes no sample     
292 Healthy 34 Yes Inside Yes no sample     
294 Healthy 30 No Outside Yes no sample     
295 Healthy 48 No Outside Yes neg 0 3+ 
302 Healthy 46 No Inside No no sample     
306 Healthy 53 No Inside Yes neg 0 3+ 
310 Healthy 30 No Inside Yes no sample     
323 Healthy 86 No Inside Yes neg 0 0 
324 Healthy 27 Past  Under No no sample     
325 Healthy 23 Past  Inside Yes neg 0 0 
326 Healthy 51 No Inside Yes no sample     
328 Healthy 59 No Inside Shared neg 0 1+ 
340 Healthy 22 No Inside Shared no sample     
343 Healthy 17 No Inside Shared no sample     
344 Healthy 48 Past  Inside No no sample     
349 Healthy 41 No  Outside Yes No sample     
353 Healthy 44 Yes Inside Yes no sample     
361 Healthy 50 No  Away Yes no sample     
363 Healthy 60 No Inside Yes neg 0 0 
364 Healthy 68 No  Under Yes no sample     
367 Healthy 55 No  Inside No no sample     
368 Healthy 54 No Inside Yes no sample     
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373 Healthy 50 Yes Inside No no sample     
375 Healthy 64 No Under Yes no sample     
378 Healthy 55 No Inside No no sample     
380 Healthy 32 Yes Under No no sample     
381 Healthy 30 Past  Under Yes no sample     
382 Healthy 51 No Inside Yes no sample     
386 Healthy 48 No Inside Yes no sample     
393 Healthy 64 Past  Inside Yes no sample     
396 Healthy 57 No Away Shared neg 0 0 
411 Healthy 52 No Inside Yes neg 0 0 
412 Healthy 48 No Inside Yes no sample     
414 Healthy 35 No Inside Yes no sample     
415 Healthy 33 No Inside Yes no sample     
416 Healthy 46 No Outside Shared no sample     
419 Healthy 44 No Inside Yes no sample     
426 Healthy 56 No Inside Yes no sample     
427 Healthy 25 No Under No no sample     
436 Healthy 45 No Inside Yes no sample     
447 Healthy 44 No Outside Yes no sample     
279 Unhealthy 62 No Inside Shared neg 2+ 1+ 
284 Unhealthy 58 No Outside No neg 1+ 3+ 
293 Unhealthy 48 Yes Inside Yes neg 1+ 2+ 
299 Unhealthy 49 No Inside Yes neg 3+ 0 
307 Unhealthy 31 Yes Inside Yes neg 3+ 0 
313 Unhealthy 68 No Inside Yes neg 3+ 0 
318 Unhealthy 48 Yes Away Yes neg 3+ 0 
319 Unhealthy 27 Yes Inside No neg 3+ 0 
320 Unhealthy 15 No Under Yes neg 3+ 0 
321 Unhealthy 46 No Outside Yes neg 1+ 2+ 
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327 Unhealthy 20 No Inside Shared neg 3+ 0 
329 Unhealthy 60 No Inside Yes neg 3+ 0 
331 Unhealthy 38 No Inside Yes neg 3+ 0 
356 Unhealthy 36 No  Inside Shared neg 3+ 0 
369 Unhealthy 19 No Inside Shared neg 2+ 0 
370 Unhealthy 23 No Inside Yes neg 1+ 0 
371 Unhealthy 58 Yes  Inside Shared neg 3+ 0 
377 Unhealthy 48 Past  Away Shared neg 2+ 0 
379 Unhealthy 50 No Under Yes neg 3+ 0 
392 Unhealthy 50 Past  Inside Shared neg 1+ 0 
397 Unhealthy 59 No Inside Shared neg 3+ 0 
398 Unhealthy 58 No Inside Yes neg 3+ 0 
403 Unhealthy 34 No Inside Yes neg 3+ 0 
408 Unhealthy 50 Yes Inside Shared neg 3+ 0 
422 Unhealthy 38 No Outside Shared neg 3+ 0 
424 Unhealthy 63 Past  Inside No neg 3+ 0 
425 Unhealthy 58 No Under Shared neg 3+ 1+ 
430 Unhealthy 30 Yes Inside Shared neg 3+ 0 
431 Unhealthy 68 No Inside No neg 1+ 0 
434 Unhealthy 48 No Inside Yes neg 3+ 1+ 
440 Unhealthy 51 Past  Outside Shared neg 3+ 0 
441 Unhealthy 42 Yes Outside Yes neg 3+ 0 
442 Unhealthy 48 No Outside No neg 3+ 0 
444 Unhealthy 30 No Inside Shared neg 3+ 0 

Appendix 11. Participant demographic and sputum smear information. Participant demographics were recorded, and participants were sorted into healthy and unhealthy 
groups based on the presence of a cough and sputum smear results. Sputum polymorphonuclear cell (polys) and squamous epithelial cell counts were ranked from 0 – 3+ 
where 0 represents no cells and 3+ represents numerous cells. The presence of polys in the sputum was used as evidence of an immune response in the lungs. Participants 
who had a cough and produced sputum-containing polys were sorted into the unhealthy group. A positive sputum acid fast bacilli (AFB) test was evidence of a pulmonary 
tuberculosis infection and was used as exclusion criteria. 
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A) 
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B) 

 

Appendix 12. Poor quality spirometry report examples. Spirometry reports from participants in Papua New Guinea were recorded using a portable spirometer. Many of the 
reports were not of acceptable quality due to language and cultural barriers and were discarded from analysis. One common problem was participants did not maintain a 
consistent exhale force (A). Additionally, some participants did not exhale with maximal effort which led to incorrect FEV1 results (B). 
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A) 
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B) 

 

Appendix 13. Example FastQC results. FastQC results showed that the first base pair reads tended to be of low quality but the while the quality of the reminder of the 
sequences were acceptable on average (A). There results also revealed that there was some adapter content in the reads (B). These results were used to inform the 
trimming protocol. 
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A) 

  Gene Set NGenes Direction PValue FDR 
1 HALLMARK_COMPLEMENT 73 Up <0.01 <0.01 
2 HALLMARK_TNFA_SIGNALING_VIA_NFKB 74 Up <0.01 0.01 
3 HALLMARK_IL6_JAK_STAT3_SIGNALING 35 Up <0.01 0.01 
4 HALLMARK_APICAL_JUNCTION 47 Up <0.01 0.01 
5 HALLMARK_MYC_TARGETS_V1 61 Down <0.01 0.01 
6 HALLMARK_E2F_TARGETS 27 Down <0.01 0.02 
7 HALLMARK_INFLAMMATORY_RESPONSE 64 Up <0.01 0.03 
8 HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY 16 Up 0.01 0.04 
9 HALLMARK_UV_RESPONSE_UP 44 Up 0.01 0.04 

10 HALLMARK_INTERFERON_ALPHA_RESPONSE 49 Up 0.01 0.04 
11 HALLMARK_PI3K_AKT_MTOR_SIGNALING 47 Up 0.01 0.04 
12 HALLMARK_COAGULATION 23 Up 0.01 0.04 
13 HALLMARK_INTERFERON_GAMMA_RESPONSE 94 Up 0.01 0.04 

 

B) 

  Gene Set NGenes Direction PValue FDR 
1 REACTOME_EUKARYOTIC_TRANSLATION_ELONGATION 54 Down <0.01 <0.01 
2 REACTOME_SELENOAMINO_ACID_METABOLISM 52 Down <0.01 <0.01 
3 REACTOME_EUKARYOTIC_TRANSLATION_INITIATION 66 Down <0.01 <0.01 

4 
REACTOME_RESPONSE_OF_EIF2AK4_GCN2_TO_AMINO_ACID_DEFICIENCY 

54 Down <0.01 <0.01 

5 KEGG_RIBOSOME 49 Down <0.01 <0.01 
6 JISON_SICKLE_CELL_DISEASE_DN 99 Down <0.01 <0.01 
7 REACTOME_TRANSLATION 85 Down <0.01 <0.01 
8 REACTOME_NEUTROPHIL_DEGRANULATION 241 Up <0.01 <0.01 
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9 REACTOME_SRP_DEPENDENT_COTRANSLATIONAL_PROTEIN_TARGETING_TO_MEMBRANE 58 Down <0.01 <0.01 

10 
SMIRNOV_CIRCULATING_ENDOTHELIOCYTES_IN_CANCER_UP 

51 Up <0.01 <0.01 

11 WP_CYTOPLASMIC_RIBOSOMAL_PROTEINS 54 Down <0.01 <0.01 
12 REACTOME_RRNA_PROCESSING 60 Down <0.01 <0.01 
13 VERHAAK_AML_WITH_NPM1_MUTATED_UP 69 Up <0.01 <0.01 
14 MULLIGHAN_MLL_SIGNATURE_2_UP 206 Up <0.01 <0.01 
15 MARTENS_BOUND_BY_PML_RARA_FUSION 221 Up <0.01 <0.01 
16 REACTOME_NONSENSE_MEDIATED_DECAY_NMD 62 Down <0.01 <0.01 
17 MULLIGHAN_MLL_SIGNATURE_1_UP 182 Up <0.01 <0.01 
18 ZHANG_BREAST_CANCER_PROGENITORS_UP 98 Down <0.01 <0.01 
19 VERHAAK_GLIOBLASTOMA_MESENCHYMAL 114 Up <0.01 <0.01 
20 REACTOME_INFLUENZA_INFECTION 75 Down <0.01 <0.01 

21 REACTOME_ACTIVATION_OF_THE_MRNA_UPON_BINDING_OF_THE_CAP_BINDING_COMPLEX_AND_EIF
S_AND_SUBSEQUENT_BINDING_TO_43S 

35 Down <0.01 <0.01 

22 BROWN_MYELOID_CELL_DEVELOPMENT_UP 75 Up <0.01 <0.01 

23 
REACTOME_SARS_COV_2_MODULATES_HOST_TRANSLATION_MACHINERY 

20 Down <0.01 <0.01 

24 
REACTOME_SARS_COV_1_MODULATES_HOST_TRANSLATION_MACHINERY 

22 Down <0.01 <0.01 

25 NADLER_OBESITY_UP 27 Up <0.01 <0.01 
26 RICKMAN_METASTASIS_DN 115 Up <0.01 <0.01 

27 
BILANGES_SERUM_AND_RAPAMYCIN_SENSITIVE_GENES 

42 Down <0.01 <0.01 

28 
REACTOME_CELLULAR_RESPONSE_TO_STARVATION 

68 Down <0.01 <0.01 

29 
REACTOME_REGULATION_OF_EXPRESSION_OF_SLITS_AND_ROBOS 

72 Down <0.01 <0.01 
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30 CHNG_MULTIPLE_MYELOMA_HYPERPLOID_UP 33 Down <0.01 <0.01 
31 REACTOME_INNATE_IMMUNE_SYSTEM 432 Up <0.01 <0.01 
32 VALK_AML_CLUSTER_5 18 Up <0.01 <0.01 
33 CHEN_METABOLIC_SYNDROM_NETWORK 355 Up <0.01 <0.01 
34 REACTOME_METABOLISM_OF_RNA 212 Down <0.01 <0.01 
35 MARKEY_RB1_ACUTE_LOF_DN 102 Up <0.01 <0.01 

36 
BLANCO_MELO_COVID19_SARS_COV_2_POS_PATIENT_LUNG_TISSUE_UP 

66 Up <0.01 <0.01 

37 REN_ALVEOLAR_RHABDOMYOSARCOMA_DN 145 Up <0.01 <0.01 

38 
ACOSTA_PROLIFERATION_INDEPENDENT_MYC_TARGETS_DN 

48 Up <0.01 <0.01 

39 
WP_MICROGLIA_PATHOGEN_PHAGOCYTOSIS_PATHWAY 

25 Up <0.01 <0.01 

40 REACTOME_MRNA_SPLICING 66 Down <0.01 <0.01 
41 HAMAI_APOPTOSIS_VIA_TRAIL_UP 166 Down <0.01 <0.01 
42 PUJANA_XPRSS_INT_NETWORK 36 Down <0.01 <0.01 
43 WP_COMPLEMENT_SYSTEM 24 Up <0.01 <0.01 

44 
REACTOME_PROCESSING_OF_CAPPED_INTRON_CONTAINING_PRE_MRNA 

92 Down <0.01 <0.01 

45 PID_IL8_CXCR2_PATHWAY 22 Up <0.01 <0.01 
46 PUJANA_CHEK2_PCC_NETWORK 156 Down <0.01 <0.01 

47 
REACTOME_METABOLISM_OF_AMINO_ACIDS_AND_DERIVATIVES 

84 Down <0.01 <0.01 

48 
PARK_TRETINOIN_RESPONSE_AND_PML_RARA_FUSION 

19 Up <0.01 <0.01 

49 MARKEY_RB1_ACUTE_LOF_UP 46 Down <0.01 <0.01 

50 
KEGG_REGULATION_OF_ACTIN_CYTOSKELETON 

78 Up <0.01 <0.01 

51 APPEL_IMATINIB_RESPONSE 12 Up <0.01 <0.01 
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52 PID_IL8_CXCR1_PATHWAY 16 Up <0.01 <0.01 
53 HAHTOLA_MYCOSIS_FUNGOIDES_CD4_DN 48 Down <0.01 <0.01 

54 
KEGG_FC_GAMMA_R_MEDIATED_PHAGOCYTOSIS 

52 Up <0.01 <0.01 

55 WP_REGULATION_OF_ACTIN_CYTOSKELETON 51 Up <0.01 <0.01 
56 LENAOUR_DENDRITIC_CELL_MATURATION_DN 67 Up <0.01 <0.01 
57 HESS_TARGETS_OF_HOXA9_AND_MEIS1_DN 43 Up <0.01 <0.01 
58 HUTTMANN_B_CLL_POOR_SURVIVAL_UP 100 Up <0.01 <0.01 
59 DELYS_THYROID_CANCER_UP 101 Up <0.01 <0.01 
60 MODY_HIPPOCAMPUS_PRENATAL 17 Down <0.01 <0.01 
61 JISON_SICKLE_CELL_DISEASE_UP 51 Up <0.01 <0.01 
62 MARTENS_TRETINOIN_RESPONSE_UP 62 Up <0.01 <0.01 
63 MILI_PSEUDOPODIA_HAPTOTAXIS_UP 163 Down <0.01 <0.01 

64 
WP_COMPLEMENT_SYSTEM_IN_NEURONAL_DEVELOPMENT_AND_PLASTICITY 

22 Up <0.01 <0.01 

65 SCHLOSSER_SERUM_RESPONSE_UP 70 Up <0.01 <0.01 
66 JOHNSTONE_PARVB_TARGETS_3_DN 204 Down <0.01 <0.01 

67 
THEILGAARD_NEUTROPHIL_AT_SKIN_WOUND_DN 

168 Up <0.01 <0.01 

68 KEGG_CHEMOKINE_SIGNALING_PATHWAY 70 Up <0.01 <0.01 

69 
ALTEMEIER_RESPONSE_TO_LPS_WITH_MECHANICAL_VENTILATION 

49 Up <0.01 <0.01 

70 WP_MRNA_PROCESSING 67 Down <0.01 <0.01 

71 
REACTOME_PLATELET_ACTIVATION_SIGNALING_AND_AGGREGATION 

93 Up <0.01 <0.01 

72 
RICKMAN_TUMOR_DIFFERENTIATED_WELL_VS_POORLY_UP 

69 Down <0.01 <0.01 

73 PUJANA_BRCA2_PCC_NETWORK 97 Down <0.01 <0.01 
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74 
MEISSNER_NPC_HCP_WITH_H3_UNMETHYLATED 

59 Up <0.01 <0.01 

75 FEVR_CTNNB1_TARGETS_DN 115 Down <0.01 <0.01 
76 PARK_APL_PATHOGENESIS_DN 24 Up <0.01 <0.01 
77 WP_CHEMOKINE_SIGNALING_PATHWAY 67 Up <0.01 <0.01 
78 QI_PLASMACYTOMA_UP 118 Up <0.01 <0.01 

79 
SENGUPTA_NASOPHARYNGEAL_CARCINOMA_WITH_LMP1_UP 

80 Down <0.01 <0.01 

80 HOSHIDA_LIVER_CANCER_SUBCLASS_S1 101 Up <0.01 0.01 
81 REACTOME_MAP2K_AND_MAPK_ACTIVATION 18 Up <0.01 0.01 
82 OSMAN_BLADDER_CANCER_DN 215 Down <0.01 0.01 

83 
WP_NEURAL_CREST_CELL_MIGRATION_IN_CANCER 

13 Up <0.01 0.01 

84 
REACTOME_SIGNALING_BY_MODERATE_KINASE_ACTIVITY_BRAF_MUTANTS 

22 Up <0.01 0.01 

85 AMIT_EGF_RESPONSE_480_HELA 53 Up <0.01 0.01 

86 
WP_NEURAL_CREST_CELL_MIGRATION_DURING_DEVELOPMENT 

12 Up <0.01 0.01 

87 
RODRIGUES_THYROID_CARCINOMA_POORLY_DIFFERENTIATED_UP 

131 Down <0.01 0.01 

88 BENPORATH_ES_1 64 Down <0.01 0.01 
89 REACTOME_HEMOSTASIS 177 Up <0.01 0.01 
90 DAVIES_MULTIPLE_MYELOMA_VS_MGUS_DN 15 Up <0.01 0.01 
91 RICKMAN_METASTASIS_UP 63 Down <0.01 0.01 
92 BIOCARTA_BARRESTIN_SRC_PATHWAY 9 Up <0.01 0.01 

93 
KEGG_LEUKOCYTE_TRANSENDOTHELIAL_MIGRATION 

51 Up <0.01 0.01 

94 GNATENKO_PLATELET_SIGNATURE 27 Up <0.01 0.01 
95 NEMETH_INFLAMMATORY_RESPONSE_LPS_UP 41 Up <0.01 0.01 
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96 HAHTOLA_MYCOSIS_FUNGOIDES_CD4_UP 20 Up <0.01 0.01 
97 MIKKELSEN_IPS_LCP_WITH_H3K4ME3 40 Up <0.01 0.01 

98 
REACTOME_RHO_GTPASES_ACTIVATE_NADPH_OXIDASES 

14 Up <0.01 0.01 

99 PID_S1P_S1P2_PATHWAY 11 Up <0.01 0.01 
100 REACTOME_PARASITE_INFECTION 35 Up <0.01 0.01 
101 GABRIELY_MIR21_TARGETS 114 Down <0.01 0.01 
102 KEGG_SPLICEOSOME 45 Down <0.01 0.01 
103 BILANGES_SERUM_RESPONSE_TRANSLATION 20 Down <0.01 0.01 
104 SANSOM_APC_TARGETS_DN 95 Up <0.01 0.01 

105 
REACTOME_SIGNALING_BY_ROBO_RECEPTORS 

89 Down <0.01 0.01 

106 
GALINDO_IMMUNE_RESPONSE_TO_ENTEROTOXIN 

37 Up <0.01 0.01 

107 EPPERT_HSC_R 31 Down <0.01 0.01 
108 MCLACHLAN_DENTAL_CARIES_UP 110 Up <0.01 0.01 
109 MACLACHLAN_BRCA1_TARGETS_UP 7 Up <0.01 0.01 

110 
REACTOME_ROS_AND_RNS_PRODUCTION_IN_PHAGOCYTES 

16 Up <0.01 0.01 

111 WP_INTEGRINMEDIATED_CELL_ADHESION 45 Up <0.01 0.01 
112 DACOSTA_UV_RESPONSE_VIA_ERCC3_UP 85 Up <0.01 0.01 
113 REACTOME_LEISHMANIA_INFECTION 69 Up <0.01 0.01 
114 PID_RAC1_PATHWAY 36 Up <0.01 0.01 
115 PID_UPA_UPAR_PATHWAY 11 Up <0.01 0.01 
116 CHIBA_RESPONSE_TO_TSA_UP 10 Up <0.01 0.01 
117 OISHI_CHOLANGIOMA_STEM_CELL_LIKE_DN 64 Up <0.01 0.01 

118 
HOLLEMAN_ASPARAGINASE_RESISTANCE_B_ALL_UP 

17 Down <0.01 0.01 

119 PID_INTEGRIN2_PATHWAY 9 Up <0.01 0.01 
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120 WP_SPINAL_CORD_INJURY 27 Up <0.01 0.01 

121 
SHIPP_DLBCL_VS_FOLLICULAR_LYMPHOMA_DN 

17 Down <0.01 0.02 

122 VILIMAS_NOTCH1_TARGETS_DN 11 Up <0.01 0.02 

123 
ICHIBA_GRAFT_VERSUS_HOST_DISEASE_35D_UP 

69 Up <0.01 0.02 

124 REACTOME_RECYCLING_PATHWAY_OF_L1 19 Up <0.01 0.02 

125 
DACOSTA_UV_RESPONSE_VIA_ERCC3_COMMON_DN 

186 Down <0.01 0.02 

126 VERRECCHIA_EARLY_RESPONSE_TO_TGFB1 17 Up <0.01 0.02 
127 ZHENG_BOUND_BY_FOXP3 210 Down <0.01 0.02 

128 
PARK_TRETINOIN_RESPONSE_AND_RARA_PLZF_FUSION 

15 Up <0.01 0.02 

129 
WP_TYROBP_CAUSAL_NETWORK_IN_MICROGLIA 

35 Up <0.01 0.02 

130 
TAKEDA_TARGETS_OF_NUP98_HOXA9_FUSION_8D_DN 

61 Up <0.01 0.02 

131 PYEON_HPV_POSITIVE_TUMORS_UP 14 Down <0.01 0.02 
132 WP_GLYCOLYSIS_AND_GLUCONEOGENESIS 12 Up <0.01 0.02 

133 
REACTOME_RHO_GTPASES_ACTIVATE_WASPS_AND_WAVES 

21 Up <0.01 0.02 

134 
BANDRES_RESPONSE_TO_CARMUSTIN_MGMT_48HR_DN 

31 Up <0.01 0.02 

135 LINDSTEDT_DENDRITIC_CELL_MATURATION_D 25 Up <0.01 0.02 
136 KEGG_FC_EPSILON_RI_SIGNALING_PATHWAY 35 Up <0.01 0.02 
137 JOHNSTONE_PARVB_TARGETS_3_UP 188 Up <0.01 0.02 
138 JOHNSTONE_PARVB_TARGETS_2_UP 72 Up <0.01 0.02 
139 MARKEY_RB1_CHRONIC_LOF_DN 34 Up <0.01 0.02 
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140 
TONKS_TARGETS_OF_RUNX1_RUNX1T1_FUSION_HSC_DN 

87 Up <0.01 0.02 

141 
RUTELLA_RESPONSE_TO_HGF_VS_CSF2RB_AND_IL4_UP 

141 Up <0.01 0.02 

142 PID_TXA2PATHWAY 27 Up <0.01 0.02 
143 MOREAUX_MULTIPLE_MYELOMA_BY_TACI_DN 34 Down <0.01 0.02 
144 CAIRO_HEPATOBLASTOMA_CLASSES_UP 142 Down <0.01 0.02 
145 PUJANA_BRCA1_PCC_NETWORK 428 Down <0.01 0.02 

146 
SHIPP_DLBCL_VS_FOLLICULAR_LYMPHOMA_UP 

10 Up <0.01 0.02 

147 WP_CORI_CYCLE 8 Up <0.01 0.02 
148 PID_IL4_2PATHWAY 26 Up <0.01 0.02 
149 WP_IL4_SIGNALING_PATHWAY 35 Up <0.01 0.02 
150 BIOCARTA_GRANULOCYTES_PATHWAY 6 Up <0.01 0.02 
151 PUJANA_BRCA_CENTERED_NETWORK 25 Down <0.01 0.02 
152 DODD_NASOPHARYNGEAL_CARCINOMA_DN 252 Down <0.01 0.02 
153 GARY_CD5_TARGETS_DN 110 Down <0.01 0.02 

154 
REACTOME_EXTRACELLULAR_MATRIX_ORGANIZATION 

43 Up <0.01 0.03 

155 
REACTOME_GAP_JUNCTION_TRAFFICKING_AND_REGULATION 

9 Up <0.01 0.03 

156 PID_PDGFRB_PATHWAY 68 Up <0.01 0.03 

157 
FLECHNER_BIOPSY_KIDNEY_TRANSPLANT_REJECTED_VS_OK_UP 

58 Up <0.01 0.03 

158 BROCKE_APOPTOSIS_REVERSED_BY_IL6 55 Up <0.01 0.03 
159 SHEN_SMARCA2_TARGETS_DN 35 Up <0.01 0.03 
160 WP_IL3_SIGNALING_PATHWAY 31 Up <0.01 0.03 

161 
REACTOME_INTERLEUKIN_3_INTERLEUKIN_5_AND_GM_CSF_SIGNALING 

29 Up <0.01 0.03 
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162 DACOSTA_UV_RESPONSE_VIA_ERCC3_DN 336 Down <0.01 0.03 

163 
REACTOME_RESPONSE_TO_ELEVATED_PLATELET_CYTOSOLIC_CA2 

39 Up <0.01 0.03 

164 
GRAESSMANN_APOPTOSIS_BY_DOXORUBICIN_UP 

263 Up <0.01 0.03 

165 GOLUB_ALL_VS_AML_DN 14 Up <0.01 0.03 
166 KEGG_GLYCOLYSIS_GLUCONEOGENESIS 14 Up <0.01 0.03 
167 DASU_IL6_SIGNALING_UP 21 Up <0.01 0.03 

168 
STEARMAN_LUNG_CANCER_EARLY_VS_LATE_DN 

24 Up <0.01 0.03 

169 REACTOME_DISEASES_OF_METABOLISM 20 Up <0.01 0.03 
170 PID_ENDOTHELIN_PATHWAY 20 Up <0.01 0.03 

171 
WP_CORTICOTROPINRELEASING_HORMONE_SIGNALING_PATHWAY 

36 Up <0.01 0.03 

172 WONG_EMBRYONIC_STEM_CELL_CORE 56 Down <0.01 0.03 

173 
FLOTHO_PEDIATRIC_ALL_THERAPY_RESPONSE_UP 

27 Down <0.01 0.03 

174 LIN_APC_TARGETS 24 Up <0.01 0.03 
175 KEGG_LEISHMANIA_INFECTION 39 Up <0.01 0.03 
176 RUTELLA_RESPONSE_TO_CSF2RB_AND_IL4_DN 145 Up <0.01 0.03 

177 
DEURIG_T_CELL_PROLYMPHOCYTIC_LEUKEMIA_DN 

144 Down <0.01 0.03 

178 PID_PTP1B_PATHWAY 20 Up <0.01 0.03 
179 WINTER_HYPOXIA_UP 18 Up <0.01 0.03 

180 
WP_METABOLIC_REPROGRAMMING_IN_COLON_CANCER 

16 Up <0.01 0.03 

181 BIOCARTA_INTEGRIN_PATHWAY 24 Up <0.01 0.03 
182 WP_NETRINUNC5B_SIGNALING_PATHWAY 15 Up <0.01 0.03 
183 BIOCARTA_MAPK_PATHWAY 44 Up <0.01 0.03 
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184 MARTINELLI_IMMATURE_NEUTROPHIL_DN 9 Up <0.01 0.03 

185 
REACTOME_FCGAMMA_RECEPTOR_FCGR_DEPENDENT_PHAGOCYTOSIS 

45 Up <0.01 0.03 

186 PID_CXCR4_PATHWAY 56 Up <0.01 0.03 

187 
DUNNE_TARGETS_OF_AML1_MTG8_FUSION_UP 

35 Up <0.01 0.03 

188 
KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION 

37 Up <0.01 0.03 

189 DANG_MYC_TARGETS_UP 38 Down <0.01 0.03 
190 REACTOME_PENTOSE_PHOSPHATE_PATHWAY 5 Up <0.01 0.03 
191 WP_PENTOSE_PHOSPHATE_METABOLISM 5 Up <0.01 0.03 

192 
REACTOME_SIGNAL_REGULATORY_PROTEIN_FAMILY_INTERACTIONS 

8 Up <0.01 0.03 

193 
BLANCO_MELO_BETA_INTERFERON_TREATED_BRONCHIAL_EPITHELIAL_CELLS_DN 

18 Up <0.01 0.03 

194 
DEURIG_T_CELL_PROLYMPHOCYTIC_LEUKEMIA_UP 

68 Up <0.01 0.03 

195 ZHENG_FOXP3_TARGETS_IN_THYMUS_UP 92 Down <0.01 0.04 

196 
KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY 

37 Up <0.01 0.04 

197 ONDER_CDH1_TARGETS_1_DN 46 Down <0.01 0.04 
198 NUTT_GBM_VS_AO_GLIOMA_UP 21 Up <0.01 0.04 
199 WP_PROLACTIN_SIGNALING_PATHWAY 42 Up <0.01 0.04 
200 WP_EGFEGFR_SIGNALING_PATHWAY 77 Up <0.01 0.04 

201 
HUMMERICH_SKIN_CANCER_PROGRESSION_UP 

31 Up <0.01 0.04 

202 NABA_MATRISOME 69 Up <0.01 0.04 
203 WIERENGA_STAT5A_TARGETS_DN 47 Up <0.01 0.04 
204 SHEN_SMARCA2_TARGETS_UP 179 Down <0.01 0.04 
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205 NABA_MATRISOME_ASSOCIATED 59 Up <0.01 0.04 
206 PID_IL6_7_PATHWAY 29 Up <0.01 0.04 
207 KAMIKUBO_MYELOID_CEBPA_NETWORK 16 Up <0.01 0.04 
208 ZHAN_V1_LATE_DIFFERENTIATION_GENES_UP 18 Up <0.01 0.04 
209 REACTOME_SIGNALING_BY_CSF3_G_CSF 19 Up <0.01 0.04 
210 ENK_UV_RESPONSE_KERATINOCYTE_UP 169 Up <0.01 0.04 

211 
WP_FIBRIN_COMPLEMENT_RECEPTOR_3_SIGNALING_PATHWAY 

14 Up <0.01 0.04 

212 PID_ARF6_DOWNSTREAM_PATHWAY 9 Up <0.01 0.04 
213 WU_ALZHEIMER_DISEASE_UP 4 Up <0.01 0.04 
214 EPPERT_CE_HSC_LSC 8 Down <0.01 0.04 
215 PID_LYSOPHOSPHOLIPID_PATHWAY 21 Up <0.01 0.04 

216 
HELLER_HDAC_TARGETS_SILENCED_BY_METHYLATION_UP 

84 Up <0.01 0.04 

217 
WP_TOLLLIKE_RECEPTOR_SIGNALING_PATHWAY 

38 Up <0.01 0.04 

218 JIANG_TIP30_TARGETS_DN 9 Up <0.01 0.04 
219 LAMB_CCND1_TARGETS 7 Up <0.01 0.04 
220 ALONSO_METASTASIS_EMT_UP 8 Up <0.01 0.04 

221 
KEGG_EPITHELIAL_CELL_SIGNALING_IN_HELICOBACTER_PYLORI_INFECTION 

26 Up <0.01 0.04 

222 REACTOME_SIGNALING_BY_INTERLEUKINS 166 Up <0.01 0.04 
223 DELPUECH_FOXO3_TARGETS_UP 27 Up <0.01 0.04 
224 HUANG_GATA2_TARGETS_UP 87 Up <0.01 0.04 
225 FOROUTAN_INTEGRATED_TGFB_EMT_UP 18 Up <0.01 0.04 
226 GRUETZMANN_PANCREATIC_CANCER_UP 127 Up <0.01 0.04 

227 
REACTOME_GPVI_MEDIATED_ACTIVATION_CASCADE 

19 Up <0.01 0.04 

228 LI_INDUCED_T_TO_NATURAL_KILLER_UP 123 Up <0.01 0.04 
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229 NABA_ECM_REGULATORS 23 Up <0.01 0.04 
230 KEGG_JAK_STAT_SIGNALING_PATHWAY 44 Up <0.01 0.04 
231 REACTOME_SEMAPHORIN_INTERACTIONS 26 Up <0.01 0.04 
232 BIOCARTA_RHO_PATHWAY 14 Up <0.01 0.04 
233 REACTOME_RAB_GERANYLGERANYLATION 24 Up <0.01 0.04 
234 MULLIGHAN_MLL_SIGNATURE_2_DN 68 Down <0.01 0.04 
235 CHUNG_BLISTER_CYTOTOXICITY_DN 36 Up <0.01 0.04 
236 RODWELL_AGING_KIDNEY_UP 210 Up <0.01 0.05 
237 REACTOME_COMPLEMENT_CASCADE 8 Up <0.01 0.05 

238 
REACTOME_CLASS_B_2_SECRETIN_FAMILY_RECEPTORS 

11 Up <0.01 0.05 

239 
KEGG_B_CELL_RECEPTOR_SIGNALING_PATHWAY 

42 Up <0.01 0.05 

240 BILD_CTNNB1_ONCOGENIC_SIGNATURE 34 Down <0.01 0.05 

241 
REACTOME_COOPERATION_OF_PREFOLDIN_AND_TRIC_CCT_IN_ACTIN_AND_TUBULIN_FOLDING 

5 Up <0.01 0.05 

242 
WP_INTRACELLULAR_TRAFFICKING_PROTEINS_INVOLVED_IN_CMT_NEUROPATHY 

7 Up <0.01 0.05 

243 
WP_GENETIC_CAUSES_OF_PORTOSINUSOIDAL_VASCULAR_DISEASE 

14 Up <0.01 0.05 

244 BURTON_ADIPOGENESIS_9 19 Up <0.01 0.05 

245 
WP_NANOPARTICLEMEDIATED_ACTIVATION_OF_RECEPTOR_SIGNALING 

11 Up <0.01 0.05 

246 
KEGG_NATURAL_KILLER_CELL_MEDIATED_CYTOTOXICITY 

57 Up <0.01 0.05 

247 CHEN_LUNG_CANCER_SURVIVAL 10 Up <0.01 0.05 
248 TSUDA_ALVEOLAR_SOFT_PART_SARCOMA 6 Up <0.01 0.05 
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249 
MOREAUX_B_LYMPHOCYTE_MATURATION_BY_TACI_UP 

22 Up <0.01 0.05 

250 BIOCARTA_MTA3_PATHWAY 6 Up <0.01 0.05 

251 
REACTOME_INTERLEUKIN_2_FAMILY_SIGNALING 

23 Up <0.01 0.05 

252 
REACTOME_GROWTH_HORMONE_RECEPTOR_SIGNALING 

11 Up <0.01 0.05 

253 BUFFA_HYPOXIA_METAGENE 12 Up <0.01 0.05 
254 BURTON_ADIPOGENESIS_PEAK_AT_2HR 15 Up <0.01 0.05 

255 
REACTOME_EPHB_MEDIATED_FORWARD_SIGNALING 

19 Up <0.01 0.05 

256 VERRECCHIA_RESPONSE_TO_TGFB1_C2 4 Up <0.01 0.05 

257 
REACTOME_THROMBIN_SIGNALLING_THROUGH_PROTEINASE_ACTIVATED_RECEPTORS_PARS 

11 Up <0.01 0.05 

258 
COULOUARN_TEMPORAL_TGFB1_SIGNATURE_DN 

33 Up <0.01 0.05 

 

 

C) 

  Gene Set NGenes Direction PValue FDR 
1 HAY_BONE_MARROW_NEUTROPHIL 264 Up <0.01 <0.01 
2 HAY_BONE_MARROW_NAIVE_T_CELL 192 Down <0.01 <0.01 
3 TRAVAGLINI_LUNG_CD4_NAIVE_T_CELL 83 Down <0.01 <0.01 
4 TRAVAGLINI_LUNG_NEUTROPHIL_CELL 241 Up <0.01 <0.01 
5 AIZARANI_LIVER_C23_KUPFFER_CELLS_3 171 Up <0.01 <0.01 
6 CUI_DEVELOPING_HEART_C8_MACROPHAGE 200 Up <0.01 <0.01 
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7 TRAVAGLINI_LUNG_CLASSICAL_MONOCYTE_CELL 210 Up <0.01 <0.01 
8 TRAVAGLINI_LUNG_NONCLASSICAL_MONOCYTE_CELL 125 Up <0.01 <0.01 
9 AIZARANI_LIVER_C6_KUPFFER_CELLS_2 132 Up <0.01 <0.01 

10 HAY_BONE_MARROW_MONOCYTE 128 Up <0.01 <0.01 
11 TRAVAGLINI_LUNG_TREM2_DENDRITIC_CELL 206 Up <0.01 <0.01 
12 DESCARTES_FETAL_PANCREAS_MYELOID_CELLS 81 Up <0.01 <0.01 
13 TRAVAGLINI_LUNG_MACROPHAGE_CELL 78 Up <0.01 <0.01 
14 TRAVAGLINI_LUNG_OLR1_CLASSICAL_MONOCYTE_CELL 399 Up <0.01 <0.01 
15 DURANTE_ADULT_OLFACTORY_NEUROEPITHELIUM_DENDRITIC_CELLS 84 Up <0.01 <0.01 
16 ZHONG_PFC_MAJOR_TYPES_MICROGLIA 234 Up <0.01 <0.01 
17 HU_FETAL_RETINA_MICROGLIA 260 Up <0.01 <0.01 
18 FAN_EMBRYONIC_CTX_BIG_GROUPS_MICROGLIA 197 Up <0.01 <0.01 
19 FAN_OVARY_CL13_MONOCYTE_MACROPHAGE 282 Up <0.01 <0.01 
20 DESCARTES_FETAL_PANCREAS_LYMPHOID_CELLS 34 Down <0.01 <0.01 
21 TRAVAGLINI_LUNG_EREG_DENDRITIC_CELL 296 Up <0.01 <0.01 
22 AIZARANI_LIVER_C3_NK_NKT_CELLS_2 113 Down <0.01 <0.01 
23 BUSSLINGER_DUODENAL_STEM_CELLS 131 Down <0.01 <0.01 
24 BUSSLINGER_GASTRIC_PPP1R1B_POSITIVE_CELLS 60 Down <0.01 <0.01 
25 DESCARTES_FETAL_KIDNEY_LYMPHOID_CELLS 55 Down <0.01 <0.01 
26 DESCARTES_FETAL_CEREBELLUM_MICROGLIA 225 Up <0.01 <0.01 
27 AIZARANI_LIVER_C18_NK_NKT_CELLS_5 80 Up <0.01 <0.01 
28 TRAVAGLINI_LUNG_CD4_MEMORY_EFFECTOR_T_CELL 44 Down <0.01 <0.01 
29 DESCARTES_FETAL_INTESTINE_LYMPHOID_CELLS 42 Down <0.01 <0.01 
30 DESCARTES_FETAL_LIVER_MYELOID_CELLS 59 Up <0.01 <0.01 
31 HE_LIM_SUN_FETAL_LUNG_C2_NEUTROPHIL_CELL 35 Up <0.01 <0.01 
32 DESCARTES_FETAL_INTESTINE_MYELOID_CELLS 94 Up <0.01 <0.01 
33 DESCARTES_FETAL_ADRENAL_MYELOID_CELLS 63 Up <0.01 <0.01 
34 TRAVAGLINI_LUNG_PLATELET_MEGAKARYOCYTE_CELL 176 Up <0.01 <0.01 
35 DESCARTES_FETAL_LUNG_LYMPHOID_CELLS 39 Down <0.01 <0.01 
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36 DESCARTES_FETAL_LIVER_LYMPHOID_CELLS 32 Down <0.01 <0.01 
37 TRAVAGLINI_LUNG_PROLIFERATING_MACROPHAGE_CELL 236 Up <0.01 <0.01 
38 DESCARTES_MAIN_FETAL_THYMOCYTES 23 Down <0.01 <0.01 
39 DESCARTES_FETAL_CEREBRUM_MICROGLIA 146 Up <0.01 <0.01 
40 DESCARTES_FETAL_KIDNEY_MYELOID_CELLS 58 Up <0.01 <0.01 
41 AIZARANI_LIVER_C25_KUPFFER_CELLS_4 109 Up <0.01 <0.01 
42 GAO_LARGE_INTESTINE_24W_C11_PANETH_LIKE_CELL 161 Up <0.01 <0.01 
43 DESCARTES_FETAL_LUNG_MYELOID_CELLS 62 Up <0.01 <0.01 
44 DESCARTES_FETAL_HEART_LYMPHOID_CELLS 30 Down <0.01 <0.01 
45 DESCARTES_FETAL_ADRENAL_LYMPHOID_CELLS 57 Down <0.01 <0.01 
46 BUSSLINGER_ESOPHAGEAL_DENDRITIC_CELLS 134 Up <0.01 <0.01 
47 DESCARTES_MAIN_FETAL_MYELOID_CELLS 39 Up <0.01 <0.01 
48 FAN_OVARY_CL0_XBP1_SELK_HIGH_STROMAL_CELL 71 Down <0.01 <0.01 
49 FAN_EMBRYONIC_CTX_BRAIN_MYELOID 103 Up <0.01 <0.01 
50 TRAVAGLINI_LUNG_BRONCHIAL_VESSEL_1_CELL 82 Down <0.01 <0.01 
51 BUSSLINGER_DUODENAL_TRANSIT_AMPLIFYING_CELLS 81 Down <0.01 <0.01 
52 TRAVAGLINI_LUNG_CD8_MEMORY_EFFECTOR_T_CELL 15 Down <0.01 <0.01 
53 BUSSLINGER_DUODENAL_DIFFERENTIATING_STEM_CELLS 122 Down <0.01 <0.01 
54 RUBENSTEIN_SKELETAL_MUSCLE_T_CELLS 118 Down <0.01 <0.01 
55 BUSSLINGER_GASTRIC_LYZ_POSITIVE_CELLS 51 Down <0.01 <0.01 
56 AIZARANI_LIVER_C2_KUPFFER_CELLS_1 122 Up <0.01 <0.01 
57 DESCARTES_FETAL_PLACENTA_LYMPHOID_CELLS 52 Down <0.01 <0.01 
58 MANNO_MIDBRAIN_NEUROTYPES_HMGL 277 Up <0.01 <0.01 
59 HE_LIM_SUN_FETAL_LUNG_C2_HSC_CELL 232 Down <0.01 <0.01 
60 HAY_BONE_MARROW_IMMATURE_NEUTROPHIL 107 Up <0.01 <0.01 
61 RUBENSTEIN_SKELETAL_MUSCLE_MYELOID_CELLS 220 Up <0.01 <0.01 
62 DESCARTES_FETAL_HEART_MYELOID_CELLS 49 Up <0.01 <0.01 
63 AIZARANI_LIVER_C28_NK_NKT_CELLS_6 64 Down <0.01 <0.01 
64 TRAVAGLINI_LUNG_CD8_NAIVE_T_CELL 88 Down <0.01 <0.01 
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65 DURANTE_ADULT_OLFACTORY_NEUROEPITHELIUM_MACROPHAGES 44 Up <0.01 <0.01 
66 DESCARTES_FETAL_ADRENAL_MEGAKARYOCYTES 16 Up <0.01 <0.01 
67 DESCARTES_FETAL_SPLEEN_MYELOID_CELLS 33 Up <0.01 <0.01 
68 TRAVAGLINI_LUNG_CLUB_CELL 50 Down <0.01 <0.01 
69 HE_LIM_SUN_FETAL_LUNG_C2_S100A12_HI_CLASSICAL_MONOCYTE 16 Up <0.01 <0.01 
70 FAN_EMBRYONIC_CTX_BRAIN_NAIVE_LIKE_T_CELL 107 Down <0.01 <0.01 
71 CUI_DEVELOPING_HEART_C7_MAST_CELL 88 Up <0.01 <0.01 
72 DESCARTES_FETAL_EYE_CORNEAL_AND_CONJUNCTIVAL_EPITHELIAL_CELLS 31 Up <0.01 <0.01 
73 HAY_BONE_MARROW_PLATELET 43 Up <0.01 <0.01 
74 DESCARTES_FETAL_MUSCLE_LYMPHOID_CELLS 45 Down <0.01 <0.01 
75 DESCARTES_FETAL_PLACENTA_MYELOID_CELLS 50 Up <0.01 <0.01 
76 DESCARTES_FETAL_THYMUS_ANTIGEN_PRESENTING_CELLS 71 Up <0.01 <0.01 
77 HE_LIM_SUN_FETAL_LUNG_C3_EARLY_CAP_CELL 73 Up <0.01 <0.01 
78 HE_LIM_SUN_FETAL_LUNG_C2_HSC_ELP_CELL 72 Down <0.01 <0.01 
79 DESCARTES_FETAL_LUNG_MEGAKARYOCYTES 31 Up <0.01 <0.01 
80 MURARO_PANCREAS_DUCTAL_CELL 449 Up <0.01 <0.01 
81 AIZARANI_LIVER_C10_MVECS_1 52 Up <0.01 <0.01 
82 BUSSLINGER_DUODENAL_MATURE_ENTEROCYTES 56 Up <0.01 <0.01 
83 DESCARTES_FETAL_STOMACH_MYELOID_CELLS 44 Up <0.01 <0.01 
84 MENON_FETAL_KIDNEY_10_IMMUNE_CELLS 66 Up <0.01 <0.01 
85 AIZARANI_LIVER_C31_KUPFFER_CELLS_5 63 Up <0.01 <0.01 
86 HE_LIM_SUN_FETAL_LUNG_C2_CYCLING_DC_CELL 95 Down <0.01 <0.01 
87 DESCARTES_FETAL_SPLEEN_LYMPHOID_CELLS 42 Down <0.01 <0.01 
88 DESCARTES_FETAL_EYE_MICROGLIA 77 Up <0.01 <0.01 
89 DESCARTES_MAIN_FETAL_CORNEAL_AND_CONJUNCTIVAL_EPITHELIAL_CELLS 31 Up <0.01 <0.01 
90 DESCARTES_FETAL_HEART_MEGAKARYOCYTES 17 Up <0.01 <0.01 
91 LAKE_ADULT_KIDNEY_C7_PROXIMAL_TUBULE_EPITHELIAL_CELLS_S3 62 Down <0.01 <0.01 
92 BUSSLINGER_GASTRIC_MATURE_PIT_CELLS 58 Up <0.01 <0.01 
93 RUBENSTEIN_SKELETAL_MUSCLE_SATELLITE_CELLS 128 Down <0.01 <0.01 
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94 HU_FETAL_RETINA_BLOOD 93 Up <0.01 <0.01 
95 AIZARANI_LIVER_C21_STELLATE_CELLS_1 36 Up <0.01 <0.01 
96 DESCARTES_FETAL_MUSCLE_MEGAKARYOCYTES 57 Up <0.01 <0.01 
97 FAN_OVARY_CL16_LYMPHATIC_ENDOTHELIAL_CELL 92 Up <0.01 <0.01 
98 MENON_FETAL_KIDNEY_0_CAP_MESENCHYME_CELLS 29 Down <0.01 <0.01 
99 CUI_DEVELOPING_HEART_VASCULAR_ENDOTHELIAL_CELL 33 Up <0.01 <0.01 

100 RUBENSTEIN_SKELETAL_MUSCLE_B_CELLS 109 Down <0.01 <0.01 
101 FAN_EMBRYONIC_CTX_MICROGLIA_3 8 Up <0.01 <0.01 
102 DESCARTES_FETAL_LIVER_MEGAKARYOCYTES 21 Up <0.01 <0.01 
103 DESCARTES_FETAL_MUSCLE_MYELOID_CELLS 50 Up <0.01 <0.01 
104 BUSSLINGER_ESOPHAGEAL_LATE_SUPRABASAL_CELLS 30 Up <0.01 <0.01 
105 TRAVAGLINI_LUNG_ALVEOLAR_EPITHELIAL_TYPE_2_CELL 26 Up <0.01 <0.01 
106 BUSSLINGER_ESOPHAGEAL_EARLY_SUPRABASAL_CELLS 38 Down <0.01 0.01 
107 BUSSLINGER_GASTRIC_IMMATURE_PIT_CELLS 36 Up <0.01 0.01 
108 BUSSLINGER_GASTRIC_IMMUNE_CELLS 1,024.00 Down <0.01 0.01 
109 HE_LIM_SUN_FETAL_LUNG_C4_ILCP_CELL 48 Up <0.01 0.01 
110 DESCARTES_FETAL_STOMACH_LYMPHOID_CELLS 41 Down <0.01 0.01 
111 DESCARTES_MAIN_FETAL_MEGAKARYOCYTES 58 Up <0.01 0.01 
112 FAN_OVARY_CL14_MATURE_SMOOTH_MUSCLE_CELL 104 Up <0.01 0.01 
113 CUI_DEVELOPING_HEART_C4_ENDOTHELIAL_CELL 30 Up <0.01 0.01 
114 LAKE_ADULT_KIDNEY_C12_THICK_ASCENDING_LIMB 127 Down <0.01 0.01 
115 MANNO_MIDBRAIN_NEUROTYPES_BASAL 44 Down <0.01 0.02 
116 DURANTE_ADULT_OLFACTORY_NEUROEPITHELIUM_CD4_T_CELLS 22 Down <0.01 0.02 
117 LAKE_ADULT_KIDNEY_C14_DISTAL_CONVOLUTED_TUBULE 48 Down <0.01 0.02 
118 HAY_BONE_MARROW_CD8_T_CELL 29 Down <0.01 0.02 
119 DESCARTES_FETAL_LUNG_SQUAMOUS_EPITHELIAL_CELLS 15 Up <0.01 0.02 
120 RUBENSTEIN_SKELETAL_MUSCLE_FBN1_FAP_CELLS 90 Up <0.01 0.02 
121 MANNO_MIDBRAIN_NEUROTYPES_HENDO 265 Up <0.01 0.02 
122 ZHENG_CORD_BLOOD_C2_PUTATIVE_BASOPHIL_EOSINOPHIL_MAST_CELL_PROGENITOR 42 Up <0.01 0.02 
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