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Abstract 

In this thesis I design two novel methods for the analysis of human immunological data from 

blood and solid tissue respectively.  

I have developed a method capable of identifying poorly characterised disease-

associated genes and defining mechanisms controlling their expression. By exploring 

multiple cohorts of public transcriptome data, I showed that CST7 is upregulated in the blood 

during a diverse set of inflammatory conditions. Interestingly, this upregulation was 

neutrophil-specific and is not induced by microbial products or cytokines commonly 

associated with inflammation but is associated with type I interferon signalling. In this 

chapter, I demonstrate the value of publicly available transcriptome data in knowledge 

generation and potential biomarker discovery.  

I have also developed a protocol for the single-cell analysis of lesions in multiplex 

images. I developed a metric called tCPI that can quantify how tight or loose the distribution 

of cells is in the lesion centre. An additional metric was developed called immCPI that 

measures the overall distribution of each immune cell population relative to the lesion centre. 

I developed a final method called lesion neighbourhood analysis that can quantify the relative 

location of hundreds of individual lesions within a tissue section and can identify patterns in 

their distributions. Together this workflow provides a robust tool for spatial quantification at 

the lesion level.  

I applied this lesion analysis protocol to lung tissue resection samples from patients 

with Tuberculosis. Interestingly, lesions did not fall into distinct clusters based on 

composition. Using both principal component data and tCPI, I grouped lesions into 4 types 

based on composition and cell distribution. Using immCPI revealed that the intra-lesion 

location macrophages / monocytes and B cells is dependent on lesion type. Lesion 

20



neighbourhood analysis revealed that B cell enriched lesions tend to locate twice as close to a 

necrotising lesion compared to other lesions.  

The robust analytic power of these new approaches offers important tools in the study 

of human immunology and will contribute to furthering our understanding of inflammatory 

diseases. 

 

21



 

 

Chapter 1 

Introduction 

 

 

 

 

 

 

 

 

 

 

22



1.1 General Introduction 

The field of immunology has grown exponentially over the past decades. As research has 

revealed the extraordinary intricacy and efficiency of the immune system, much credit is due 

to the development of animal models. Many of the foundational discoveries in immunology 

were made in animals, including clonal selection (Talmage, 1957, Burnet, 1976, Nossal and 

Lederberg, 1958), dendritic cells (DC) (Steinman and Cohn, 1973), the major 

histocompatibility complex (MHC) (Hood et al., 1983), thymic T cell development (Miller, 

1961, Miller, 2011), T and B cell functions in adaptive immunity (Cooper et al., 1965) and 

the role of toll-like receptors (TLR) in innate immunity (Poltorak et al., 1998, Lemaitre et al., 

2012). The inbred mouse has become the quintessential model for in-vivo immunological 

research and the ability to knock out (Watts, 2007) or overexpress (Brinster et al., 1981) 

genes of interest in animal models has revealed the role of countless genes and proteins 

underpinning the immune response (Mak et al., 2001, Masopust et al., 2017). However, as the 

field increasingly expands beyond discovery studies to applications in preventing and treating 

human disease, the limitations of the inbred mouse model are becoming clear (Davis and 

Brodin, 2018, Jameson and Masopust, 2018, Su et al., 2013). While some effective immune-

based therapies in mice have been successfully translated to real world human medicine 

(Notable recent examples being checkpoint inhibitor therapy for melanoma (Sharma and 

Allison, 2015, Ai and Curran, 2015) and tumour necrosis factor (TNF) inhibitor therapy for 

rheumatoid arthritis (Feldmann and Maini, 2008)), these are proving to be the exception 

rather than the rule (Rice, 2012, von Herrath and Nepom, 2005, Steinman and Mellman, 

2004, van der Worp et al., 2010, Mak et al., 2014).  

Differences between the immune systems of mice and humans have long been known. 

(Mestas and Hughes, 2004, Payne and Crooks, 2007) These comprise variations in both 
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innate (Iwasaki and Medzhitov, 2004, Zschaler et al., 2014) and adaptive immunity (Dekkers 

et al., 2017). The genetic consistency of the inbred mouse model, one of its greatest strengths 

in experimental rigour, can be seen as a weakness when translating results to human disease 

given the high levels of person-to-person immune diversity (Brodin and Davis, 2017, 

Kaczorowski et al., 2017, Maecker et al., 2012, Orrù et al., 2013), much of which is believed 

to be driven by environmental factors (Brodin et al., 2015, Carr et al., 2016) which cannot be 

recapitulated in typical specific-pathogen free housing of experimental mice (Beura et al., 

2016, Tao and Reese, 2017). Taken together with the fundamental biological differences in 

size, lifespan (Furman and Davis, 2015, Wagar et al., 2018, den Braber et al., 2012), disease 

presentation (Constantinescu et al., 2011, Webster et al., 2014, Ostrand-Rosenberg, 2004),  as 

well as recently identified transcriptional differences (Seok et al., 2013, Godec et al., 2016, 

Takao and Miyakawa, 2015, Piasecka et al., 2018, Shay et al., 2013) it is becoming clear that 

the inbred mouse model alone will not be sufficient to develop treatments for all of 

humanity’s most pressing diseases (Pulendran and Davis, 2020, Davis, 2008). An alternative 

model, the non-human primate (NHP) has been growing in popularity in the last two decades 

and has significant advantages over the mouse in terms of biological similarity to humans 

(Flynn et al., 2015, Brok et al., 2001), but its usage is limited by higher cost, husbandry 

requirements and ethical restraints compared to the mouse model (Padrell et al., 2021). 

Additionally results in the NHP are still not guaranteed to translate effectively to humans 

(Bjornson-Hooper et al., 2022) and in some cases successful interventions in the NHP model 

have even proven to be deleterious when applied in human trials (Suntharalingam et al., 

2006, Buchbinder et al., 2008, Sekaly, 2008, Attarwala, 2010).  

While studying immunology directly in humans promises to overcome the 

translational shortfalls of animal models, human immunology had long been relegated to the 

sidelines of immunological research for several reasons (Davis and Brodin, 2018, Hayday 
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and Peakman, 2008). Experimental scope in human studies is far less than in animal models 

for ethical reasons (Wagar et al., 2018). Tissue availability is also a major limiting factor as 

while blood is readily accessible, solid tissue biopsies may not be practically accessible in 

many conditions, are often in short supply and in the case of infection and cancer, are usually 

collected at less-than-ideal times for research objectives (Carpenter et al., 2018, Pulendran 

and Davis, 2020). Despite these limitations, human immunology has seen a resurgence over 

the last two decades (Varadé et al., 2021), largely driven by high throughput technologies and 

systems immunology that have exponentially increased the scope of data that can be acquired 

from samples (FitzGerald et al., 2018, Martino and Allen, 2015). Transcriptomic and 

multiplex imaging techniques are two such examples of major developments in high 

throughput technologies that are revolutionising human immunology. Both single cell and 

bulk transcriptomic technologies are facilitating breakthroughs including discovery of novel 

cell types (Björklund Å et al., 2016, Villani et al., 2017), cell development pathways (See et 

al., 2017, Stubbington et al., 2017) as well as biomarkers for disease diagnostics (Zaas et al., 

2009), vaccine efficacy (Lu et al., 2016, Jennewein et al., 2019) and clinical outcomes 

(Banchereau et al., 2016, Abboud et al., 2016). As multiplex imaging technologies have also 

advanced this is facilitating development of rapid immunophenotyping of tissue biopsies for 

diagnostic purposes in cancer (Van Herck et al., 2021, Galon et al., 2006, Allam et al., 2020) 

and when combined with advances in spatial biology tools, are redefining the types of 

cellular analyses that can be performed in solid tissue (van Dam et al., 2022, Giladi and Amit, 

2017). High-throughput technologies typically produce vastly more data than the original 

researchers require to address their hypotheses and entire datasets are usually stored in 

publicly available online repositories, providing invaluable resources to addressing future 

research questions (Regev et al., 2017, Sparks et al., 2016, Burel et al., 2016). However, as 
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the amount and complexity of data generated by these technologies continues to grow, they 

will require continuously evolving analysis protocols to effectively utilise data.  

All these data provide invaluable guidance and validation to animal models, which 

will continue to have an important role in answering mechanistic questions that remain 

beyond the scope of human studies (Wagar et al., 2018, Pulendran and Davis, 2020).  
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1.2 Tuberculosis (TB) as an important human disease 

TB, caused by infection with the bacterium Mycobacterium tuberculosis (M.tb) is one of the 

oldest diseases that continues to afflict humanity and remains a major cause of morbidity and 

mortality, second only to Coronavirus disease 2019 (COVID-19) in deaths caused by a single 

infectious agent (WHO, 2021). While infection with M.tb can result in development of 

symptomatic and transmissible disease, termed active TB, in an estimated 90% of M.tb-

infected individuals the bacteria establish a non-symptomatic and non-transmissible sub-

clinical condition termed latent TB infection (LTBI) (Getahun et al., 2015). LTBI can 

progress to active TB in the months or years following initial infection and it is estimated that 

one in four people on earth have LTBI (Cohen et al., 2019). There is also growing evidence 

of a spectrum of M.tb infection states with the term subclinical TB used to covers the 

transitionary period between LTBI and active TB in which there is evidence of M.tb 

replication but no clinical symptoms (Lin and Flynn, 2018, Barry et al., 2009, Coleman et al., 

2014). In approximately 80% of active TB cases the infection is contained to the respiratory 

system and termed pulmonary TB (Lyon and Rossman, 2017), however M.tb can also cause 

disease in almost any other body tissue as extra-pulmonary TB (Baykan et al., 2022).  

 

1.2.1 The epidemiology of TB 

TB is a preventable and largely curable disease that has been mostly eradicated in the 

developed world, however it still remains a major global health problem, predominantly 

affecting the developing world and in particular, the immunocompromised (WHO, 2021). 

Human Immunodeficiency Virus (HIV) infection is a major risk factor for developing active 

TB disease and TB is the leading cause of hospitalisation in  HIV infected individuals (Ford 

et al., 2015). Poor nutrition and indoor air pollution are also significant risk factors in 
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developing active TB disease (Lönnroth et al., 2010). There were an estimated ten million 

cases of TB overall in 2020 resulting in 1.5 million deaths, highlighting the high mortality 

rate of the disease (WHO, 2021). Indeed, untreated TB disease will prove fatal in about 50% 

of cases (Tiemersma et al., 2011). While the World Health Organisation (WHO) has set 

targets to reduce TB deaths by 90% and TB incidence by 80% by 2030 compared to 2015 

numbers, these efforts are hampered by significant shortfalls in the diagnosis, treatment, and 

prevention of TB disease (Chakaya et al., 2020). 

 

1.2.1.1 Diagnosis of TB 

 A diagnosis of LTBI is usually established by testing whether the asymptomatic individual’s 

immune system has encountered M.tb before, either by examining hypersensitivity to M.tb 

antigens in the tuberculin skin test (TST) (Gualano et al., 2019) or by measuring the recall 

Interferon Gamma (IFNγ) response to defined M.tb antigens in whole blood using the IFNγ 

Release Assay (IGRA) (Zhou et al., 2020). While the sensitivity of these tests is high in 

immunocompetent individuals, it is reduced in immunocompromised patients such as those 

with HIV (Yang et al., 2022, Primaturia et al., 2020). Additionally, neither of these tests has 

strong predictive value as to whether individuals with LTBI will progress to clinically 

significant active TB (Rangaka et al., 2012). Making a diagnosis of active TB disease is more 

complicated as TB can present similarly to other respiratory illnesses and case finding may 

utilise a combination of non-specific symptomatic findings (fever, cough, weight loss etc), 

radiological findings (chest X-ray, CT scan) and immunological findings (TST, IGRA) to 

screen patients. Traditionally, the definitive diagnosis is made based on identification of M.tb 

bacilli microscopically either on a sputum smear or in sputum culture with the mycobacteria-

specific acid-fast stain (Pai et al., 2016). The recent introduction of nucleic acid amplification 
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(NAA) tests, most prominently the Gene Xpert MTB/RIF has been an important advance in 

TB diagnosis in poorer areas, allowing rapid analysis of sputum to detect M.tb with a higher 

sensitivity compared to microscopic approaches and the ability to detect resistance to 

rifampicin, one of the front-line drugs to treat TB (Steingart et al., 2014).  

1.2.1.2 Treatment of TB 

Standard treatment for active TB requires a minimum 6-month course of daily multidrug 

therapy comprising the drugs rifampicin and isoniazid with the addition of pyrazinamide, and 

ethambutol for the first two months (Nahid et al., 2016). This regime is highly effective in 

curing drug-sensitive TB and has remained largely unchanged for the last four decades 

(Dheda et al., 2016). However, the frontline antibiotics used have a number of side effects 

and additionally, up to 50% of patients do not complete the full 6-month (sometimes longer) 

antibiotic course prescribed for them, facilitating the developed of drug resistant M.tb strains 

(Pai et al., 2016, Adisa et al., 2021). Multidrug-resistant TB (MDR-TB) is caused by M.tb 

that is resistant to rifampicin and isoniazid while extensively drug-resistant TB (XDR-TB) is 

caused by M.tb strains that are resistant to additional second line drugs as well as rifampicin 

and isoniazid. Treatment of most drug resistant TB strains is possible, but requires the use of 

more toxic antimicrobial agents (Calligaro et al., 2014). TB treatment would be greatly 

improved with the development of shorter and less toxic treatment protocols as well as 

enhanced understanding of pathogenesis of TB disease. 

1.2.1.3 Development of TB vaccines 

While many public health measures are prescribed in TB endemic areas to limit the spread of 

M.tb, disease prevention is hampered by the lack of an effective vaccine. The only current
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vaccine in use, Bacillus Calmette–Guérin (BCG), an attenuated M.bovis strain offers 

protection against disseminated extrapulmonary active TB in children under five and is 

currently prescribed to over 90% of children born around the world (Zwerling et al., 2011, 

Trunz et al., 2006). However, its effectiveness in adolescents and adults is unclear, with 

highly variable results from studies ranging from 0-80% protection (Mangtani et al., 2014) 

with a greater change of protective efficacy at latitudes of 40 degrees and above (Fine, 1995). 

This suggested that factors that vary with latitude, such as sunlight or socio-economic status 

may be associated with vaccine efficacy (Wilson et al., 1995). It is clear though that despite 

widespread vaccination, BCG has not been sufficient to prevent the spread of TB given the 

high numbers of cases that still occur each year. 

The goal of any vaccine is to elicit a protective adaptive immune response that 

persists through immunological memory and is able to prevent subsequent disease and 

mortality when the patient encounters the actual pathogen. While the effectiveness of BCG in 

infants has demonstrated that it is possible to generate a successful anti-M.tb immune 

response through vaccination, it remains unclear exactly how BCG does this and what the 

immune correlates of protection are (Pai et al., 2016). Furthermore, the development of new 

vaccines is hindered by the lack of knowledge of what constitutes a successful immune 

response against M.tb in both humans and animal models. It is also unclear why most people 

who are infected with M.tb are able to control the infection while a subset go on to develop 

active disease, both initially following infection and then others in the months or years that 

follow (Cadena et al., 2017). Curiously, some individuals, though highly exposed to M.tb 

never show a positive TST or IGRA suggesting that M.tb may even be cleared in these 

individuals without the initiation of an adaptive immune response (Morrison et al., 2008). 

There is a dire need therefore, for an improved understanding of what comprises a successful 

30



anti-M.tb immune response and advances in human immunology approaches are facilitating 

new and promising discoveries. 

 

1.2.2 Major immune determinants in protection against M.tb 

Much of what we know about the progression of the immune response to M.tb comes from 

animal and in-vitro models of M.tb infection. The strengths and weaknesses of common TB 

animal models are elaborated in Table 1.1. It has been known for half a century that T cells 

play an important role in immunity to M.tb based on mouse studies that showed extreme 

susceptibility of athymic mice to M.tb (North, 1973), and later observations that humans with 

Acquired immune deficiency syndrome (AIDS), a disease caused by HIV infection that 

results in CD4+ T cell deficiency, are highly susceptible to active TB disease (Geldmacher et 

al., 2012). Further studies in mice revealed that a subset of T cells that produce IFNγ (later 

known as T helper 1 (Th1) cells) in particular mediate this protection (Orme et al., 1993, 

Shimokata et al., 1986, Mogues et al., 2001). A role for IFNγ in human TB was also 

suggested by the fact that individuals with one of a number of possible genetic defects that 

result a deficiency in IFNγ production show increased susceptibility to a variety of 

mycobacterial species in a condition known as mendelian susceptibility to mycobacterial 

disease (MSMD) (Casanova and Abel, 2002). An important role for TNF in anti-TB was also 

established based on the fact that mice deficient in TNF succumbed to M.tb infection (Flynn 

et al., 1995). This was later reaffirmed in humans from observations that patients undergoing 

anti-TNF therapy were at high risk of active TB disease (Keane et al., 2001). The 

development of the knockout mouse also established important roles for CD4+ T cells, CD8+ 

T cells, Gamma Delta T cells (γδ T cells) and invariant Natural killer T cells (iNK T cells) in 

the immune response to M.tb (Mogues et al., 2001, Behar et al., 1999).  
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Table 1.1. Strengths and weaknesses of animal TB models. 

Species Strengths Weaknesses References 

Mouse • Cheap and low 

husbandry 

requirements 

• Plentiful reagents 

 

• Cannot form compact 

granulomas or 

necrotising lesions with 

the exception of 

C3H/FeJ strain 

• Cannot model LTBI 

(Dharmadhikari 

and Nardell, 

2008, Singh and 

Gupta, 2018)  

Guinea 

pig 
• Spreads M.tb via 

cough 

• Forms pathologically 

similar lesions to 

human TB 

• Relatively few reagents 

• Relatively expensive 

and difficult husbandry 

requirements 

(Singh and 

Gupta, 2018, 

Gupta and 

Katoch, 2005) 

Zebrafish • Earliest events of 

granuloma formation 

can be modelled 

• Live granulomas can 

be visualised in vivo 

• Cheap and low 

husbandry 

requirements 

• Easily bred 

• Embryos used for live 

visualisation lack 

adaptive immunity 

• Uses M.marinum rather 

than M.tb 

• Evolutionarily distant 

from humans 

 

(Singh and 

Gupta, 2018, 

Young, 2009, 

Williams and 

Orme, 2016) 

NHP • Develop a clinical 

spectrum of disease 

similar to human TB 

• Works with most 

human reagents 

• Use with PET/CT 

scanning can visualise 

granuloma dynamics 

in vivo 

• Very expensive 

• Highest animal 

husbandry requirements 

• Requires large housing 

• Low availability 

(Scanga and 

Flynn, 2014, 

Flynn et al., 

2015, Singh and 

Gupta, 2018) 
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It was long considered that the central tenet of anti-M.tb immunity was IFNγ produced by 

CD4+ T cells that then activates macrophages and facilitates bacterial killing, however later 

discoveries have brought this central dogma into question (Nunes-Alves et al., 2014). For 

example, while those infected with HIV are at heightened risk of developing active TB, this 

increased susceptibility occurs from the early stages of HIV infection, before depletion of the 

CD4+ T cell population (Sonnenberg et al., 2005) which suggests a more nuanced risk profile 

than simply a lack of CD4+ T cells. Furthermore, the depletion of CD4+ T cells and 

development of AIDS does not correlate with a further increased risk of TB disease compared 

to those who are only infected with HIV and have normal CD4+ T cell counts (Murray et al., 

2007). The essential role of IFNγ has also been called into question by the observation that 

while patients with MSDM are highly susceptible to disseminated infection with a number of 

mycobacterial species, M.tb does not seem to be among them (Casanova and Abel, 2002), 

suggesting a level of redundancy in the role of IFNγ in the human anti-M.tb immune 

response. Most TB patients also have normal CD4+ T cell numbers and normal IFNγ levels 

(Wallis et al., 2013), indicating that even if these components of the immune response are 

necessary for a successful anti-M.tb immune response, their presence alone is not sufficient 

to prevent active TB disease. Further, a clinical trial of BCG revealed that protection 

generated in infants does not correlate with IFNγ production (Kagina et al., 2010). Taken 

together, there is strong evidence that IFNγ does not play as critical a role in humans to a 

successful anti-M.tb immune response as it does in the mouse model.  

Besides IFNγ and TNF, it has been shown that mice deficient in any of the cytokines, 

granulocyte-macrophage colony-stimulating factor (GM-CSF) (Gonzalez-Juarrero et al., 

2005), Interleukin 1 beta (IL-1β) (Mayer-Barber et al., 2010) IL-6 (Ladel et al., 1997) or IL-

12 (Cooper et al., 1997, Feng et al., 2005) are also highly susceptible to M.tb infection again 

suggesting a nuanced and intricate balance of cytokines involved in host protection. Other 
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research into the M.tb immune response takes a more wholistic approach to characterise the 

full series of immunological events that follow M.tb infection.  

 

1.2.3 Induction of the immune response to M.tb infection   

M.tb bacilli spread from person-to-person within aerosolised droplets from an infected 

individual that are inhaled by those around them. The earliest timepoint of M.tb infection that 

can be studied in humans is when a TST or IGRA turns positive, which occurs up to 8 weeks 

following initial infection (Lin and Flynn, 2018), and almost all knowledge of the earliest 

events of M.tb infection is inferred from other models. Importantly, it has been shown across 

many animal models of TB that M.tb infection outcomes can vary depending on the 

circumstances of initial infection, with a higher dose of M.tb bacilli leading to worse disease 

outcomes compared to infection with a lower dose (Kaushal et al., 2012). 

  Once M.tb enters the respiratory tract it can infect respiratory epithelial cells (Gold et 

al., 2010), however its primary target is the alveolar macrophages deep in the lower 

respiratory tract (Orme et al., 2015). Alveolar macrophages internalise the bacteria via 

phagocytosis and at this point the bacteria may either be cleared by the alveolar macrophages 

or may persist by preventing fusion of the phagosome with the lysosome and escape the 

phagosome to establish infection in the cytosol of these cells (Russell, 2011, Houben et al., 

2012, van der Wel et al., 2007). Alveolar macrophages comprise a heterogeneous population 

of cells and it has been shown in the NHP model that the presence of different subsets of 

these cells prior to infection is associated with infection outcome (Silver et al., 2016). While 

the first encounters with M.tb occur in the airway, M.tb often manages to cross the 

interstitium into the lung parenchyma to continue the infection. It has been suggested based 

on research in the zebrafish model, using infection with Mycobacterium Marinum 
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(M.marinum) that creates a TB-like disease, that infected macrophages can directly 

translocate across the interstitium to enter the lung parenchyma. It is not clear in other species 

however whether infection initially spreads this way, and it may also occur via subsequent 

infection of epithelial cells lining the alveoli and then deeper into the lung tissue (Pai et al., 

2016, Pagán and Ramakrishnan, 2014).  

While initial encounters with M.tb occur in lung-resident cells, there is also rapid 

recruitment of leukocytes to the infection site and these cells may both contribute to bacterial 

containment as well as serve as vessels to facilitate bacterial spread (Ramakrishnan, 2012). In 

the initial days and weeks following the onset of infection, myeloid cells, in particular 

macrophages, tend to aggregate around areas of infection. After the initiation of the adaptive 

immune response, after approximately 6 weeks, lymphocytes are additionally recruited to 

infection sites and also contribute to these granulomas (Cadena Anthony et al., 2016, 

Capuano et al., 2003). It has been shown in the zebrafish model, using embryos that lack an 

adaptive immune system, that granulomas can still be formed in response to M.marinum with 

only innate immunity (Davis et al., 2002, Davis and Ramakrishnan, 2009). Following the 

initial events of infection, the granuloma becomes the interface at which interactions between 

M.tb and the infected host occur. 

 

1.2.4 The tissue response to persistent M.tb: the formation of granulomas 

The granuloma has been identified for centuries as the histopathological hallmark of TB 

infection and radiological identification of granulomatous lesions through X-ray and 

Computerised Tomography (CT) scans remains an important step in diagnosing TB disease. 

The precise definition of a granuloma varies; however, they are typically considered as an 

organised aggregate of immune cells, including macrophages and lymphocytes, that forms in 
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response to persistent stimuli. Granuloma formation is not exclusive to TB and these 

structures can form in response to other mycobacteria infections (e.g. leprosy) (Modlin and 

Rea, 1988), other bacterial infections (Lamps and Scott, 2004, Cho et al., 1984) and in 

response to non-infectious stimuli such as foreign bodies (Molina-Ruiz and Requena, 2015). 

Another common cause of granulomas is sarcoidosis, although in this case the cause is 

unknown (Broos et al., 2013). TB granulomas can be broadly divided into non-necrotising 

and necrotising. Non-necrotising granulomas have a solid core of live cells while necrotising 

granulomas contain a central area of necrosis consisting of the necrotic remains of dead cells. 

Necrotising granulomas are associated with poorer patient outcomes and the necrotising core 

has been identified as a site of M.tb persistence and replication (Grosset, 2003, Pagán and 

Ramakrishnan, 2014, Rosenthal, 1955, Medlar, 1948). Large necrotising granulomas can 

collapse internally leading to the formation of cavities and the erosion of these cavities into 

bronchi is believed to play an important role in M.tb accessing the airways to continue its 

spread into additional hosts (Hunter et al., 2014, Hunter, 2011a). While the granuloma was 

long considered a host-protective structure that walls off M.tb to prevent further 

dissemination, recent studies have called this into question and the role of the granuloma in 

M.tb infection remains poorly understood. 

 

1.2.4.1 Evidence for a protective role of the TB granuloma 

Several factors contribute to the view that granulomas are intended as a host-protective 

structure organised in such a way to contain M.tb. The simplest granuloma type is the foreign 

body granuloma that appears to surround foreign objects too large for phagocytosis in order 

to enable their gradual digestion (Sheffield, 1990). It follows that the immune response to 

M.tb is utilising the same principal in an attempt to wall off the bacteria and infected cells 
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prior to their elimination. Additionally, sterile, fibrotic granulomas can be identified in the 

lungs of healthy patients suggesting that these represent successful immunity to M.tb and the 

fulfilment of granuloma function (Ramakrishnan, 2012). It also follows that necrotising 

granulomas containing replicating bacilli represent a breakdown in the host defence against 

M.tb. Furthermore, it has been shown that TNF is a key cytokine that directs macrophages in 

the formation of granulomas, and in its absence can result in the formation of loose and 

disorganised granulomas (Holly et al., 2005, Bean et al., 1999). Interrupting TNF 

production/signalling in both animal models and humans is associated with increased 

susceptibility to M.tb and it follows that the inability to form tight granulomas may be 

contributing to the poor immune response in these patients. Poor granuloma formation is also 

observed in response to a number of other immunocompromising deficiencies that are 

associated with heightened susceptibility to M.tb (Lawn et al., 2002, North and Izzo, 1993, 

Cooper et al., 1993, Sugawara et al., 2003, Scanga et al., 2004, Juffermans et al., 2000, 

Fremond et al., 2004, Fremond et al., 2007). However, in these cases, a clear causal link 

between poor granuloma formation and increased susceptibility has not been established and 

other evidence suggests that the bacteria themselves may directly benefit from granuloma 

formation.  

 

1.2.4.2 Evidence for a detrimental role of the TB granuloma 

Following the paradigm of granulomas as primarily host protective structures, there emerged 

evidence that granuloma formation may in fact be directly beneficial to bacterial persistence 

and replication and perhaps even orchestrated by M.tb itself. Rather than simply walling off 

M.tb, the tight barriers formed by macrophages within the layers of granulomas might serve 

to prevent the access of adaptive immune cells from reaching the infected cells located 
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centrally in the lesions and facilitating the killing of infected cells. Interestingly, infection 

with attenuated mycobacteria that lack a key virulence factor named the ESX-1 secretion 

system in the zebrafish model does not cause well-formed granulomas, nor does it cause as 

serious disease (Volkman et al., 2004). Macrophages that arrive at the site of infection in this 

model are also not as motile as macrophages arriving at the site of infection with 

unattenuated bacilli and are less susceptible to infection (Davis and Ramakrishnan, 2009). 

This suggests that unattenuated mycobacteria may have a role in directing additional 

macrophages to granulomas and orchestrating their infection. Similarly, the ESX-1 secretion 

system can also activate type 1 IFNs in mice (Stanley et al., 2007) and human cells (Novikov 

et al., 2011), that in turn recruit a population of macrophages to the granuloma that are highly 

permissive to M.tb infection in mice (Antonelli et al., 2010) and are associated with enhanced 

immunopathology in TB patients (Zhang et al., 2018).  

 

1.2.4.3 Heterogeneity of granulomas 

More recent studies in the role of the granuloma, particularly in the NHP model have 

revealed significant heterogeneity between individual granulomas, in their composition, 

structure and outcomes, even within the same animal in response to the same initial infection 

(Lin and Flynn, 2018). Rather than considering a host immunity to M.tb as a systemic 

response, it is becoming clear that there are diverse local immune responses and that each 

granuloma represents an individual battlefield between host and bacteria. 

A combination of CT scans and positron emission tomography (PET) scans have been 

used in NHP TB to demonstrate that granulomas in the same animal are highly dynamic in 

both size and metabolic activity (Coleman et al., 2014, Lin et al., 2013). It has also been 

shown in the same model that sterilising immunity can be achieved in a subset of granulomas 
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while other granulomas in the same macaque show poorly contained bacterial replication (Lin 

et al., 2014). Some NHPs infected with M.tb go on to develop LTBI and granulomas and 

sterilisation was more common when compared to NHPs that developed active TB disease. 

Further evidence for the heterogeneous nature of responses to M.tb was achieved by infecting 

NHPs with a number of barcoded strains of M.tb, such that the bacterial source of M.tb in 

each granuloma could be identified and determined whether this was a primary granuloma or 

the result of dissemination from another site (Martin et al., 2017). It was shown using this 

model that only a subset of granulomas go on to cause dissemination and spread M.tb. Taken 

together, these findings suggest that each granuloma represents an individual battleground 

against the bacteria.  

At the immunological level, sterilising NHP granulomas were not associated with the 

classic IFNγ producing T cells, rather with T cells that produce TNF, IL-10, or IL-17 (Gideon 

et al., 2015). This contrasting cytokine profile suggests a balance of pro- and anti-

inflammatory cytokines are required for an effective anti-M.tb immune response. A more 

recent single cell sequencing study compared high and low-burden NHP granulomas and 

further revealed divergent cellular and molecular profiles associated with each type (Gideon 

et al., 2022). Low-burden granulomas were associated with Th1, T helper 17 (Th17) and CD8 

T cells producing pro-inflammatory cytokines while high-burden granulomas were associated 

with mast and plasma cells as well as stromal cells and signalling for wound-healing and type 

2 immune responses. The discovery of these divergent immune profiles will help guide future 

research into the factors underpinning granuloma trajectory and outcomes.    
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1.2.5 The Human TB granuloma 

While our understanding of the TB granuloma has greatly expanded in the past few decades, 

this work has almost entirely been performed in animal models, of which relatively little has 

been verified in humans. These animal models have the advantages of precise control of the 

time of initial infection conditions and unhindered access to tissues for analysis. In 

comparison, given the chronic nature of M.tb infection, human studies into the TB granuloma 

rarely have any knowledge of for how long the infection has progressed since the patient was 

initially exposed to M.tb. Non-invasive approaches using PET/CT scans have been applied to 

map the architecture of human TB granulomas in vivo and have demonstrated changes in 

granuloma architecture through treatment including revealing granuloma resolution upon 

completion of treatment (Coleman et al., 2014). Much of our understanding of the human TB 

granuloma comes from ex vivo examination of lung tissue, usually removed as part of a lung 

resection as an end stage treatment for patients with drug resistant disease.  

Micro computerised tomography (µCT) is a new technology that enables CT scanning 

with resolution down to the level less than 1µM. µCT was applied in a recent study to 

generate images of the TB lesions in large patient biopsy samples and revealed that 

necrotising lesions adopt branching morphologies as opposed to the typically spherical 

morphology revealed by conventional 2-dimensional tissue analysis (Wells et al., 2021). The 

study further showed that these large branching lesions tend to follow the bronchioles and 

their morphology is likely shaped by airways. This study offers important guidance to other 

research using imaging of sections from human TB lung tissue as multiple branches of a 

single necrotising granuloma may appear as separate lesions when looking only at a single 

plane. 
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Another study (Mohlopheni et al., 2016) examined lung sections from human TB 

patients and performed laser capture microdissection, followed by mass spectrometry to 

characterise the molecular signatures of different spatial regions of solid, necrotising and 

cavitary granulomas. They revealed that a pro-inflammatory signalling environment 

characterises the central necrotic region of necrotising granulomas, while non-necrotising 

granulomas and the solid cuff of necrotising granulomas were characterised by anti-

inflammatory signalling.  

Two recent multiplex studies have performed single cell analysis on human TB 

granuloma sections. In one study using OPAL IF, it was shown that granulomas were 

enriched with myeloid cells and T cells, with low presence of B cells. They further showed 

that the density of CD68+ macrophages and CD8+ T cells was increased in granulomas that 

contained acid fast bacilli (AFB) compared to AFB negative granulomas (Abengozar-Muela 

et al., 2020). While this study was limited to examining six protein markers concurrently, 

another multiplex study used 37 parameter multiplex ion Beam imaging by time of flight 

(MIBI-TOF) to identify 19 unique cell-types in the TB infected lung (McCaffrey et al., 

2022). They further identified 8 distinct microenvironments that comprise TB granulomas 

and surrounding lung tissue based on density and spatial localisation of immune cell subsets. 

They showed by in-situ hybridisation that the TB granuloma environment was depleted of 

IFNG transcripts and was rather enriched for transcription of immunoregulatory cytokine 

transforming growth factor β (TGF-β). They also revealed the presence of 

immunomodulatory cells within the granuloma including FOXP3+ regulatory T cells and PD-

L1+ and IDO1+ myeloid cell subsets.  

While the precise roles and effectiveness of the human TB granuloma have not yet 

been fully characterised, imaging approaches are providing deeper phenotyping than has been 

possible before and are revealing novel insights into human granuloma form and function.  
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1.3 Applications of transcriptomics to understand human disease 

Transcriptomic technologies are used to identify and quantify genes that are expressed in a 

sample for a snapshot in time (Lowe et al., 2017). From recent initial applications in human 

studies (Adams et al., 1991, Pan et al., 2008, Sultan et al., 2008), transcriptomic analyses can 

now be routinely and rapidly performed at the tissue and single-cell level with ever-evolving 

technologies. While variations in gene expression at the messenger RNA (mRNA) level do 

not necessarily correlate with changes at the level of translated functional proteins (Vogel and 

Marcotte, 2012), changes in gene expression can still provide a plethora of scientific and 

clinically relevant findings in both coding and non-coding genes (Byron et al., 2016).  

 

1.3.1 Bulk transcriptomics  

Bulk transcriptomics refers to the measurement of gene expression at the level of the entire 

tissue sample and can be performed on both blood and homogenised solid tissues. Two major 

techniques for the study of bulk transcriptomics are the microarray, which matches RNA to 

an array of known nucleotide probes (Romanov et al., 2014, Barbulovic-Nad et al., 2006), 

and RNA sequencing (RNAseq) which identifies the sequence of each RNA molecule 

(Ozsolak and Milos, 2011, Wang et al., 2009). Both approaches can provide quantification of 

expression levels for each gene (Shalon et al., 1996, Lowe et al., 2017) however RNAseq can 

do so with a much higher dynamic range than microarrays (Rao et al., 2019). RNAseq can 

also be performed with far less genetic material compared to a microarray (Hashimshony et 

al., 2012, Stears et al., 2000) and provides a more unbiased insight at the transcriptome as it 

does not require the prior identification of sequences and probe generation that a microarray 

does (Mantione et al., 2014). While these two approaches have comprised the majority of 

bulk transcriptomic work over the past two decades, the latter has now emerged as the 
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dominant method for the measuring of bulk gene expression (Barton et al., 2017, Su et al., 

2014).  

 

1.3.1.1 Bulk transcriptomics analysis 

The standard analysis protocol following bulk transcriptomics and data processing is to 

identify Differentially Expressed Genes (DEG) through differential gene expression analysis 

(Van Verk et al., 2013). DEGs are genes that are found to be either upregulated or 

downregulated between different sample conditions. While identifying DEGs alone can be 

informative and especially useful when investigating a particular gene of interest, 

transcriptomic analyses become more powerful when the transcriptome is analysed in terms 

of groups of genes known to be associated with the same biological functions (Subramanian 

et al., 2005). This is termed gene-set enrichment analysis (GSEA) and relies on annotated 

gene sets that identify genes known to be involved with particular biological processes and 

pathways (Gene Ontology, 2004). Performing GSEA can identify whether any gene-sets are 

overrepresented among DEGs between samples and can thus inform about biological changes 

occurring between study conditions as well as potential regulatory processes underpinning 

these changes (The Gene Ontology Consortium, 2019, Reimand et al., 2019). Another 

important downstream analysis protocol is module analysis. While GSEA relies on prior 

annotation of each gene with its known biological roles, module analysis is based on a 

network approach that identifies correlations in gene expression patterns across different 

conditions (Chaussabel et al., 2008). These modules can include large numbers of genes and 

can generate broad “immune fingerprints” of disease conditions and patient outcomes that 

can be readily and simply visualised for ease of comparison (Chaussabel and Baldwin, 2014, 

Altman et al., 2021). The statistical programming language, R (R Core Team, 2021) is the 
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software typically used for downstream transcriptomic analysis and there are many add on 

packages that can perform DEG (Trapnell et al., 2013, Robinson et al., 2010, Love et al., 

2014, Ritchie et al., 2015), GSEA (Wu et al., 2021, Rue-Albrecht et al., 2016, Yu et al., 2015, 

Federico and Monti, 2020, Korotkevich et al., 2021, Manjang et al., 2020, Falcon and 

Gentleman, 2007) and module analysis (Rinchai et al., 2021, Langfelder and Horvath, 2008) 

available. However, numerous alternative software such as Enrichment Map and Cytoscape 

(Merico et al., 2010, Shannon et al., 2003) and online applications such as GEO2R and 

EnrichR (Kuleshov et al., 2016, Ge et al., 2018, Reyes et al., 2019, Li and Andrade, 2017, 

Raudvere et al., 2019) are also available and represent more accessible tools for performing 

these analyses.  

 

1.3.1.2 Applications of bulk transcriptomics in disease diagnostics 

Bulk transcriptomics approaches have been used in human studies for the last two decades 

and have proved enormously useful in providing deep phenotyping of diseased and healthy 

tissues. After initially being applied in cancer research to explore the differences between 

tumour and healthy tissue (Alon et al., 1999) and identify new cancer sub-types (Alizadeh et 

al., 2000, Golub et al., 1999, Bittner et al., 2000), transcriptomic approaches were soon 

adopted into inflammatory diseases with a significant early finding being that the disease 

systemic lupus erythematosus (SLE) is characterised by an upregulation of IFN stimulated 

genes (ISG) compared to healthy patients (Baechler et al., 2003, Bennett et al., 2003).  

Since then, bulk transcriptomics approaches have driven the discovery of numerous blood 

transcriptional biomarkers in the quest to improve diagnostics of challenging inflammatory 

diseases such as systemic onset juvenile idiopathic arthritis (SOJIA) (Allantaz et al., 2007), 

Crohn’s disease (Burczynski et al., 2006), diabetes (Kaizer et al., 2007), rheumatoid arthritis 
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(Olsen et al., 2004) and systemic inflammatory response syndrome (SIRS) (Sweeney et al., 

2015). A major goal of such studies being the eventual development of rapid and non-

invasive peripheral blood-based diagnostics. A similar approach has been taken in infectious 

diseases, with TB as a prominent example due to its current complex diagnostic process 

(Singhania et al., 2018b). Transcriptomic studies have been undertaken to distinguish TB 

from other respiratory illnesses (Berry et al., 2010, Bloom et al., 2013, Singhania et al., 

2018a, Clayton et al., 2017, Maertzdorf et al., 2012, Anderson et al., 2014), to distinguish 

between active TB and LTBI (Kaforou et al., 2013, Jacobsen et al., 2007, Leong et al., 2018) 

and to distinguish different types of active TB (Blankley et al., 2016b). Similar approaches 

have also been utilised in infectious diseases such as sepsis (Sweeney et al., 2015, Tang et al., 

2009a, Balamuth et al., 2020) and influenza (Voigt et al., 2018, Parnell et al., 2012, Woods et 

al., 2013, Tang et al., 2017).  

 

1.3.1.3 Applications of bulk transcriptomics in predicting patient outcomes 

In addition to diagnostics, transcriptional biomarkers have also been sought to differentiate 

between patient outcomes, in particular to stratify patients according to expected disease 

severity in advance and to predict responses to treatment. Stratifying patients according to 

predicted severity has been a particularly pressing need in sepsis due to the rapid progression 

and high mortality of the condition, and several predictive gene expression signatures have 

been identified (Baghela et al., 2022, AbdAllah et al., 2021, Wong et al., 2009, Banerjee et 

al., 2021, Wong et al., 2017, Mohammed et al., 2019) although none have yet made it to 

clinical application.  

Using gene expression to measure and predict successful treatment has been an 

important goal in the fight against TB given the long treatment program necessary to cure the 
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disease and the prevalence of patients with poor responses (Walzl et al., 2018). Gene 

signatures have been identified that both correlate with successful TB treatment (Bloom et 

al., 2012, Cliff et al., 2013, Berry et al., 2010, van Doorn et al., 2022, Warsinske et al., 2018, 

Odia et al., 2020) and provide deep phenotyping to characterise an effective treatment 

response. Similarly, transcriptomics have been utilised to measure response to vaccines, such 

as those produced against the influenza A virus (IAV) to characterise both short term (Tan et 

al., 2014, Nakaya et al., 2011, Ovsyannikova et al., 2016) and long term (Henn et al., 2013, 

Nakaya et al., 2015) patient responses as well as to identify patient characteristics that 

correlate with strong vaccine responses (Thakar et al., 2015, Cortese et al., 2021, Tsang et al., 

2014). These types of longitudinal studies are almost exclusively performed in peripheral 

blood or its constituents due to ease of accessibility and usually rely on measuring the same 

individuals across multiple time points. 

 

1.3.1.4 Applications of bulk transcriptomics in longitudinal studies 

Some of most ambitious bulk transcriptomics research in humans have involved using 

longitudinal studies to attempt to elucidate the transcriptional changes that occur at the point 

of infection or disease initiation (Pulendran and Davis, 2020). While it is unethical to 

deliberately infect subjects with deadly pathogens for the sake of research, these studies have 

identified healthy individuals at high risk of disease and formed cohorts of such subjects to 

take blood samples from regularly with the expectation that some individuals will progress to 

disease during the study (Barry and Mayer-Barber, 2021). The Females Rising through 

Education, Support, and Health (FRESH) study gathered a group of 300 women from a 

community with high HIV infection rates and provided them with tools for poverty 

alleviation while also acquiring blood samples twice weekly testing for HIV RNA (Ndung'u 
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et al., 2018). They were able to identify 12 individuals who acquired HIV during the study 

and for the first time characterised the cellular (Ndhlovu et al., 2015) and transcriptional 

(Anahtar et al., 2015) landscape immediately following initial infection with HIV, identifying 

genital inflammation as a potential risk factor in acquiring HIV. A similar approach was 

taken for studying the earliest transcriptional changes following initial infection with M.tb 

going on to active TB disease (Tabone et al., 2021). A cohort of several hundred household 

contacts of active TB patients who were considered at high risk of TB were recruited. They 

identified minimal transcriptional changes upon initial infection that gradually became more 

distinct as patients approached clinically diagnosable TB disease.   

Another significant longitudinal study in TB research is the Adolescent Cohort Study, 

which aimed to elucidate the transcriptional changes that occur when a latently infected 

individual progresses to active TB, rather than looking at the initial events after infection 

(Zak et al., 2016). Almost 6000 adolescents were recruited, who were identified as latently 

infected with M.tb and blood samples were taken twice yearly over a two-year period. From 

these samples a gene signature was identified that could predict active TB disease for the 12 

months before progression occurred. An additional approach that was applied to this cohort 

was cell-type deconvolution, which can be used to estimate the proportions of different cell 

types in a tissue based on the relative expression of different transcript sets (Vallania et al., 

2018, Shen-Orr et al., 2010). This further revealed a decrease in the proportion of NK cells in 

the blood of individuals with LTBI in the year preceding active TB diagnosis (Roy 

Chowdhury et al., 2018).  

While analysis protocols like cell type deconvolution can deepen the analysis that can 

be performed on gene expression data, bulk transcriptomic methods are still limited in their 

power to differentiate which cells in the tissue are contributing which transcripts to the total 

RNA milieu. To address this and to enable deep transcriptional phenotyping at the individual 
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cell level another methodology utilising RNAseq has been developed that can probe the 

transcriptome at the single cell level. 

 

1.3.2 Single cell transcriptomics 

The development of RNAseq enabled transcriptomic studies to be performed with far less 

quantity of RNA compared to microarrays and opened up the possibility of sequencing the 

transcriptome at the level of individual cells (Hashimshony et al., 2012). After the first 

demonstration that it was possible to sequence at this level in 2009 (Tang et al., 2009b), rapid 

advances in sequencing technologies (Aldridge and Teichmann, 2020, Zheng et al., 2017), 

microfluidics (Klein et al., 2015, Macosko et al., 2015) and robotics (Jaitin et al., 2014) have 

facilitated the single cell RNAseq (scRNAseq) technologies that are available today. The 

number of cells that can be sequenced per experiment has increased over time from dozens to 

hundreds of thousands (Svensson et al., 2018) while the cost has fallen to only cents per cell 

(Chambers et al., 2019).  

 

1.3.2.1 Single cell transcriptomics workflow 

While there are multiple approaches, in brief the latest single cell RNAseq workflows 

function by separating and lysing individual cells, enriching for mRNA out of other RNA 

types in the tissue, such as ribosomal RNA, reverse transcribing RNA to complementary 

DNA (cDNA), uniquely barcoding the cDNA belonging to each cell and each sample and 

then pooling transcripts to run RNAseq (Ding et al., 2020, See et al., 2018). New multi-modal 

approaches are also facilitating concurrent measurement of DNA or protein along with RNA 

to overcome implicit limitations in only studying genetic transcripts (Lee et al., 2020). While 
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still a relatively new technique, scRNAseq has already a had profound impact on human 

immunology (Ginhoux et al., 2022).  

 

1.3.2.2 Applications of single cell transcriptomics 

Probing gene expression at the level of thousands of individual cells at tissue level has 

provided an unparalleled opportunity for unbiased cell classification. Indeed, scRNAseq has 

enabled the discovery of new subtypes of DCs (Villani et al., 2017, Breton et al., 2016) and 

innate lymphoid cells (ILC) (Björklund Å et al., 2016) by deep phenotyping far beyond what 

is practical at the protein level alone. While bulk transcriptomics studies rely on longitudinal 

studies to probe the immune landscape over time, a distinct advantage of scRNAseq studies is 

that cells of each type, including those at various stages along their developmental pathways, 

may all be present in a single sample. This has given rise to the field of cellular trajectory 

analyses termed “pseudotime” that attempts to map cells from scRNAseq studies across a 

developmental continuum using both longitudinal and single timepoint studies (Stubbington 

et al., 2017). Pseudotime approaches have been used to generate development / differential 

profiles of both myeloid (Drissen et al., 2016, Schlitzer et al., 2015, See et al., 2017, Olsson 

et al., 2016) and lymphoid cells (Stubbington et al., 2016, Yu et al., 2016, Setty et al., 2016) 

under homeostatic conditions. The approach can also be utilised to reveal the developmental 

changes that occur during infection and disease (Stephenson et al., 2021, Schulte-Schrepping 

et al., 2020, Pisu et al., 2021). 

Single cell transcriptomic approaches also offer more comprehensive exploration of 

clinical data compared to bulk transcriptomics. For example, It has long been shown that 

there is variation in the transcriptional environment between tumour and healthy tissue (Alon 

et al., 1999). However, an early scRNAseq study looking at melanoma skin biopsies revealed 
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inter- and intra-patient heterogeneity in tumour cell phenotypes (Tirosh et al., 2016) and 

identified sub-populations of tumour cells associated with the increased resistance to therapy 

within the total tumour microenvironment. Many subsequent studies continued to use 

scRNAseq to probe the tumour microenvironment and have identified diverse immune 

functions and regulation as well as cellular biomarkers associated with successful and poor 

patient outcomes (Azizi et al., 2018, Li et al., 2019, Ren et al., 2021). 

It is important to note that while single cell sequencing technologies do offer 

considerably deeper sample phenotyping compared to bulk sequencing, they are unlikely to 

replace bulk transcriptomic approaches, rather bulk sequencing retains several key strengths 

going into the future (Li and Wang, 2021). Single cell sequencing remains much more 

expensive than bulk sequencing per sample and is still prohibitively expensive for most 

scRNAseq studies to utilise more than a handful of samples and bulk transcriptomics will 

likely remain the preferred option for studying large sample sizes (Sun et al., 2021). For 

studies seeking tissue-level biomarkers, bulk cell approaches will likely remain more than 

sufficient. Furthermore, the relative ease of bulk transcriptomic approaches may make them 

better suited for potential clinical applications (Kuksin et al., 2021). An additional drawback 

of scRNAseq is that it requires far more computing power to process the data compared to 

bulk sequencing, further prohibiting its use from potential researchers. Both single cell and 

bulk transcriptomics still produce massive datasets following processing and these have 

presented an unparalleled opportunity for scientists to collate and share data in future studies. 

 

1.3.3 Mining public transcriptomic data  

Each transcriptomic dataset generated is probed by the original researchers, however the 

sheer scale of the data generated means there will remain vast swathes of it that were 
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unexplored because they are unnecessary for directly answering the original research 

hypotheses. To prevent all this data from remaining underutilised, several online repositories 

have been created where entire datasets can be uploaded once the original researchers have 

finished their investigations (Kolesnikov et al., 2015, Hruz et al., 2008). These repositories 

allow the datasets to be freely downloaded and used by other researchers to explore their own 

hypotheses and are particularly useful to bioinformaticians who may not perform bench 

science themselves. The largest of these repositories, the Gene Expression Omnibus (GEO) 

contains over 180,000 unique datasets comprising data from over 5 million individual 

samples (Edgar et al., 2002), while many of the other smaller repositories are targeted toward 

researchers in particular fields (Heng et al., 2008, Tomczak et al., 2015, Bhattacharya et al., 

2014, Hudson et al., 2010).  

In addition, many online tools have been built to allow scientists to run re-analyses of 

public data without needing to use advanced software like R (Liberzon et al., 2011, Coletta et 

al., 2012, Zhu et al., 2015, Petryszak et al., 2016, Mahi et al., 2019). GEO itself has a built-in 

tool called GEO2R that facilitates rapid DEG analysis between any groupings of samples 

from any microarray datasets held within the repository while additionally providing the R 

code used to generate the analysis to the user (Barrett et al., 2013). Another dataset called 

Gene Expression Browser (GXB) focusses on human immunology datasets and provides 

analysis tools to rank genes according to multiple parameters, such as selecting only genes 

relating to certain biological functions, while also comparing the transcriptome between 

samples grouped by multiple covariate features (age, gender etc) (Speake et al., 2015, 

Bougarn et al., 2019).  
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1.3.3.1 Meta-analyses of public transcriptomic data 

The first examples of reuse of transcriptomic datasets were in cancer studies (Segal et al., 

2004, Segal et al., 2005). The practice soon found a place in human immunology research, as 

for example, the prior mentioned IFN signature in SLE was also identified in Sjogren’s 

syndrome and rheumatoid arthritis through reuse of pre-existing datasets (Higgs et al., 2012, 

Toro-Domínguez et al., 2014). While reuse of transcriptomic datasets in studying human 

disease can be performed by reinterrogating single datasets, (Park and Lee, 2020, Kim et al., 

2021), either as the basis of a study or as an aid to investigating an overarching hypothesis, 

the most powerful application of transcriptomic re-analysis come in the form of meta-

analyses.  

Meta-analyses involve pooling transcriptomic data across multiple cohorts and 

attempting to find consistent signals across studies (Sweeney et al., 2017). Meta-analyses of 

transcriptomics datasets can increase the rigor of gene signatures and other findings in single 

studies by testing them across multiple cohorts of samples from the same conditions, which 

can dramatically increase the sample size from any individual study and overcome study-

specific variations, such as the technological platform used to perform each individual assay 

(Ramilo et al., 2007, Ramasamy et al., 2008, Lofgren et al., 2016, Robinson et al., 2019, 

Sweeney et al., 2016). Performing meta-analyses across datasets covering multiple diseases, 

tissue types, patient backgrounds etc, can further increase the robustness and sensitivity of 

individual biomarkers and gene signatures, while also highlighting disease-shared and 

disease-specific transcriptional features (Andres-Terre et al., 2015). 
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1.3.3.2 Applications of meta-analyses of public transcriptomic data 

The earliest transcriptional meta-analyses were performed in cancer research and revealed the 

transcriptional profile of tumours could be compared between different cancers and revealed 

common transcriptional changes that occur in malignancy even across different types of 

cancer (Rhodes et al., 2002, Rhodes et al., 2004, Wirapati et al., 2008). More recently cell-

type deconvolution has been performed across cancer types to explore the role of infiltrating 

leukocytes into the tumour microenvironment (Bindea et al., 2013, Li et al., 2016). A 2015 

meta-analysis across patient samples from 39 cancer subtypes revealed through cell type 

deconvolution that an increased frequency of T cells is associated with better patient 

outcomes across cancers (Gentles et al., 2015). Another study developed a transcriptional 

profile that could estimate the cytolytic effect of CD8 T cells and NK cells based on mRNA 

of cytolytic granule proteins and showed that an increase in this signature was associated with 

better outcomes and other positive prognostic markers across multiple cancer types. 

Together, these studies demonstrate the power of public data meta-analyses to draw 

conclusions that are not feasible from single studies.  

While meta-analyses are highly suited for comparing transcriptional responses 

between cancer types, they are also well suited for comparisons between different infectious 

diseases and responses to vaccination (Tsalik et al., 2016, Blankley et al., 2016a). A 2014 

study measured transcriptional responses in patients following two different meningococcal 

vaccines and then compared those with publicly available datasets following vaccination 

against influenza and yellow fever. They uncovered shared transcriptional modules across 

vaccines from different diseases. Interestingly, however transcriptional signatures diverged 

depending on the type of vaccine (protein-based, polysaccharide-based, or live organism) (Li 

et al., 2014).  
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Meta-analyses have also been performed to strengthen signatures from disease classification 

by combining transcriptional datasets across patients from multiple diseases. A 2015 study 

compared the transcriptional profiles across a variety of respiratory pathogens and identified 

a common host signature of viral infection that could differentiate viral infection from 

bacterial infection (Andres-Terre et al., 2015). They also identified a signature that could 

classify pre-symptomatic patients from healthy controls as well as patients infected with IAV 

from other respiratory pathogens, highlighting the multi-faceted analytic power that multi-

cohort meta-analyses can provide. Another study combined 27 datasets to develop a robust 

gene expression signature that can distinguish between infectious and non-infectious sources 

of inflammation in critically ill patients (Sweeney et al., 2015).  

Meta-analyses can also be performed to test non-transcriptional findings generated in 

a research project. A recent imaging study identified myeloid cells expressing 

immunoregulatory molecules programmed death ligand 1 (PD-L1) and Indoleamine 2,3-

dioxygenase (IDO1) in the lungs of TB patients (McCaffrey et al., 2022). Using several 

cohorts of public transcriptomic datasets, they showed that expression of the genes 

underpinning protein expression of IDO1 and PD-L1 were also upregulated in the blood of 

active TB patients compared to both healthy controls and latently infected individuals. They 

further showed that expression of these genes returns to baseline following end of treatment. 

They additionally reanalysed the previously mentioned adolescent cohort study of individuals 

latently infected with M.tb and showed that expression of PD-L1 increases in the blood over 

the 8.5 months before latently infected individuals progress to active TB and that this single 

gene alone provided a predictive power for progression as strong as the previously generated 

gene signature by the original researchers (Zak et al., 2016). Taken together it is evident that 

meta-analyses of public transcriptomic datasets can greatly increase the power of gene 
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expression studies while also supporting and validating immunological findings using other 

methodological approaches.  

 

1.3.3.3 Accessibility of public transcriptomic data to immunologists 

One of the challenges preventing a broader implementation of public data to the toolbox of 

immunologists used to working solely in the laboratory is that most of the analysis pipelines 

used to perform transcriptomic meta-analyses still require knowledge of advanced software 

and thus the field is still largely the domain of bioinformaticians. The R package 

MetaIntegrator, for example, is a comprehensive platform for performing transcriptomic 

meta-analyses. It facilitates direct download of any number of the tens of thousands of 

datasets from GEO and can sort samples and studies according to any chosen arrangement. It 

can then identify and validate gene signatures across multiple studies, all in a matter of 

minutes (Haynes et al., 2017). While operating the program only requires a basic knowledge 

of R, the need to work in the R programming environment is still highly restrictive and has 

served to limit the role of public data in human immunology. However online platforms are 

emerging that can facilitate meta-analyses, with one example by the same team that produced 

the MetaIntegrator package called MetaSignature (Haynes et al., 2017). While MetaSignature 

currently only has access to about 700 datasets covering 106 human diseases, it has the power 

to perform meta-analyses of a gene signature of interest between diseases or across datasets 

of the same disease. It can perform these operations in seconds with a user-friendly interface 

and produces an assortment of plots to visually display the data. It can also identify genes 

with the strongest effect size across datasets and can perform meta-analysis of individual 

genes across diseases in the case of investigations targeted to a single gene of interest. 

MetaSignature and similar programs represent a promising new type of analysis tools that 
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may facilitate a widespread uptake of data reuse and meta-analysis in the future of human 

immunology. 

 

1.3.4 Using public transcriptomic data to characterise novel gene expression 

The free accessibility of vast numbers of public transcriptomic datasets covering a plethora of 

tissue types, diseases and experimental conditions have also given rise to a genre of studies 

that seek to characterise poorly understood genes using these datasets. In such studies, the 

expression of a gene of interest can be tested in datasets covering a variety of diseases to 

identify conditions upon which its expression is differentially regulated (Huang et al., 2021). 

Single cell datasets and bulk datasets based on separated cell populations can also be used to 

identify the major cell populations that express the gene of interest under both healthy and 

diseased conditions. Furthermore, the regulatory mechanisms that directly underpin 

expression of the gene of interest can be probed using human challenge datasets or ex-vivo 

cell stimulation datasets. Such studies highlight the strengths of using public data as multi-

faceted hypotheses can be tested entirely in silico (Rinchai et al., 2015). 

For example, one study used a meta-analysis of bulk transcriptomic datasets to 

examine the gene Annexin A3 (ANXA3) and showed that the gene is robustly upregulated in 

the blood during sepsis and that it could also act as a potential biomarker to differentiate 

between sepsis survivors and non-survivors (Toufiq et al., 2020). They further demonstrated 

using another bulk transcriptomic dataset of purified cells from sepsis patients that the 

upregulation of ANXA3 in the whole blood actually corresponds to gene upregulation in 

neutrophils. Using another dataset that stimulated whole blood with a series of host- and 

pathogen-specific immunostimulatory molecules they finally showed that ANXA3 

upregulation was driven by IFNγ. The fact that such a study can be performed entirely in 
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silico is a testimony to the comprehensive range of public datasets available. Additionally, all 

the software and data utilised in that study are freely available online and are accessible to 

any laboratory groups to access.  

Another study looking at the gene nudix hydrolase 16 (NUDT16), similarly identified 

an upregulation at the whole blood level in sepsis and identified that whole blood expression 

of the gene was primarily driven by expression in neutrophils and monocytes using the same 

dataset generated using purified cell populations (Huang et al., 2022). In this case, to assess 

the regulatory mechanisms underpinning changes in expression they moved to the bench and 

employed blood samples from human donors. At the whole blood level, they found that 

stimulation with lipopolysaccharide (LPS) and peptidoglycan (PGN) led to a six-fold change 

increase in NUTD16 expression. However, upon performing flow cytometry and separating 

NUTD16+ cells from whole blood both before and after stimulation they found that while at 

the total leukocyte level NUTD16 expression increased upon stimulation, NUTD16 

expression decreased in T cells, highlighting a complicated regulation of the gene across 

leukocyte subsets. Overall, this study highlights the role that public data can play in guiding 

experimental design and hypothesis generation before commencing laboratory research. 

Public data represents an invaluable resource for all biomedical researchers, providing 

the full datasets from some of the most expensive and comprehensive experiments of the past 

decade right into the hands of every scientist for reanalysis. Many journals now require that 

transcriptomic datasets must be uploaded to online repositories, ensuring that the data does 

not sit idly in the hard drives of the original researchers, but is rather in the public domain to 

the benefit of any researchers who wish to use it. As the use of public data becomes more 

widespread and user-friendly programs become more commonplace and comprehensive in 

their functionality, public datasets may reshape the way hypotheses are generated and 

experiments are designed into the future.  

57



1.4 Utilising tissue imaging to advance human immunology 

While the aforementioned transcriptomic approaches to human immunology can provide 

deep phenotyping of solid tissues biopsies, down to the level of gene expression in single 

cells, they rely on prior tissue dissociation to access RNA and cells. This means that any 

spatial information about the tissue structure and cellular organisation is lost. However, the 

cellular spatial context of tissue can reveal important prognostic and diagnostic information, 

particularly in cancer (Maniatis et al., 2021). For example, the extent of leukocyte infiltration 

into a tumour correlates positively with survival rate of melanoma patients (Attrill et al., 

2022a). However, this information cannot be ascertained by conventional transcriptomic 

approaches with homogenised tissue. Furthermore, there is variation in the rate that different 

cell populations are recovered following tissue dissociation, and cell-type specific losses can 

decrease the reliability of downstream transcriptomic analyses (Hickey et al., 2022). Single 

cell transcriptomic approaches are also unable to directly identify cell-cell interactions, and 

while these can be inferred based on gene expression of receptors and co-receptors (Armingol 

et al., 2021), it has also been identified that tissue dissociation can cause rapid transcriptional 

changes in some cell populations (van den Brink et al., 2017), which may in turn limit the 

power of transcriptomic interaction inferences. Therefore, approaches that can phenotype 

cells in situ will remain necessary to complement bulk and single cell transcriptomic 

methods.  

Image based spatial proteomics and transcriptomics approaches are the most widely 

used methods to study undissociated solid tissue biopsies and have developed rapidly over 

the past two decades. While transcriptomics detect nucleic acids, the majority of imaging 

approaches detect proteins using antibody-antigen hybridisation. Single-plex staining, that is 

limited to detecting a single protein of interest per stain, has long been the norm in both 
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research and clinical applications (Tan et al., 2020). However, multiplex approaches that can 

detect multiple proteins in the same tissue using multispectral fluorophores and time of flight 

(TOF) based separation are now routinely detecting up to nine protein markers at the whole 

tissue level and fifty or more in selected regions of interests (ROI). Spatial transcriptomic 

approaches are also allowing gene expression across the entire transcriptome to be probed 

within spatially resolved tissue areas. New imaging methods continue to drive the field 

toward highly multiplexed, whole slide imaging with single cell resolution of both protein 

and nucleic acids. As technology develops, increasingly powerful software solutions are 

required to process and analyse the data, and the field of spatial biology is emerging to meet 

the challenge of producing meaningful findings out of the vast array of spatial cellular 

information that can be produced in a single study. 

 

1.4.1 Conventional immunofluorescence (IF) 

It is approaching one hundred years since the first application of immunohistochemistry 

(IHC). The combination of antibodies specific to pneumococcal antigens with a tagged 

fluorescent molecule called Fluorescein isothiocyanate (FITC) allowed for visualisation of 

the bacterial antigens within infected tissue for the first time (Coons et al., 1941). IHC 

includes staining with both chromogenic markers and fluorescent markers, which is also  

called IF. Since its inception, IHC has become a standard tool for scientists and clinical 

pathologists alike. The ability to visualise proteins of interest in situ has been particularly 

valuable for studying the pathology of malignancies as cancer sub-types and expected 

sensitivity to treatment are often defined by their expression or upregulation of particular 

proteins (Duraiyan et al., 2012). IHC has proved particularly useful in identifying non-

primary tumours of unknown origin through their antigen expression (Lin and Liu, 2014). 
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IHC has also proved itself in the field of neuropathology, replacing many other more 

complicated and less sensitive diagnostic methodologies in identifying infectious, 

neurodegenerative, and cancerous causes of disease (Kleinman et al., 1994). Overall 

traditional IHC is a rapid, cheap, and reliable approach to phenotyping cells in solid tissue in 

both the laboratory and the clinic.  

 Multiplex IHC is typically performed as IF, tagging each marker to a different 

fluorophore with non-overlapping fluorescent profiles. However, the number of markers that 

can be visualised simultaneously with traditional multiplex IHC is limited by several factors. 

To prevent spectral overlap in IF, a maximum of three fluorescent channels can typically be 

used in addition to an ultraviolet (UV) channel (that is usually reserved for a nuclear stain to 

identify individual cells). This has long limited the number of parameters in IF, resulting in 

only a small number of markers that can be imaged per slide (Joshi and Yu, 2017). The 

number of parameters in IF is also limited by potential antibody cross-reactivity. All primary 

antibodies must be raised in different species to prevent the species-specific secondary 

antibodies from binding to more than one primary antibody and causing multiple epitopes to 

appear in the same fluorescent channel. Given the relatively low number of species in which 

antibodies are generated, this also places an inherent limit on multiplex IF. IF staining also 

suffers from photobleaching, which refers to the gradual degradation of fluorescent molecules 

following excitation. Photobleaching of fluorophores also occurs rapidly after staining from 

exposure to light and limits the timescale that IF samples can be kept before imaging (Brodin 

et al., 2013).  

However, several new IF methodologies are emerging that are revolutionising whole 

tissue IF imaging by using novel approaches to circumvent these limitations while 

maintaining image quality and are enabling multiplexing with ever increasing numbers of 

parameters.  
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1.4.2 OPAL multiplex imaging system 

The OPAL multiplex system was introduced a decade ago and allows up eight unique protein 

epitopes as well as cell nuclei to be simultaneously visualised (Gorris et al., 2018). To 

achieve this, the OPAL system relies on the principal of tyramide signal amplification (TSA) 

at the end of each staining round. Each OPAL fluorophore is bound to an inactive tyramide 

molecule that becomes active after encountering horseradish peroxidase (HRP)-bound 

secondary antibodies. The reactive tyramide-fluorophore complex then covalently binds to 

tyrosine residues in the vicinity of the antibody complex, many of which are within the tissue 

itself. This allows multiple fluorophores to bind for each antibody, greatly amplifying the 

fluorescence signal (Viratham Pulsawatdi et al., 2020). The tissue is then subjected to heat-

induced epitope retrieval (HIER) that deactivates and strips each antibody complex while 

leaving the covalently bound fluorophores still attached to the tissue (Stack et al., 2014). 

Each fluorophore added remains attached to the tissue through additional staining rounds and 

HIER (Willemsen et al., 2021). As all previously bound primary antibodies are removed 

during HIER at the end of each staining round, subsequent rounds are free to include primary 

antibodies raised in the same species, removing a key limitation of traditional IF.  

The OPAL system also relies on the principal of linear unmixing to overcome the 

spectral overlap that limits the number of fluorophores in traditional IF. Linear unmixing is 

based on the principal that the abundance of signal from each fluorophore will produce 

consistent wavelengths when mixed depending on the proportional contributions of each 

colour (Stack et al., 2014). Computer software is therefore able to unmix the fluorescence 

profile of each channel back into the contributing profiles of each fluorophore. The software 

that performs linear unmixing for OPAL is called inForm (Perkin Elmer) and relies on 

previously being taught the profile of each fluorophore via a series of slides stained for only 

one fluorophore each called single colour controls (SCC). Using linear unmixing now allows 
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the OPAL system to routinely image eight different proteins in a single tissue. The Vectra 

imaging system (Akoya) that accompanies the OPAL protocol has a built-in slide scanner 

that sequentially captures 20x high resolution images across entire tissue sections. Individual 

image tiles can then be stitched in downstream analysis using HALO software (Indica Labs) 

to produce single whole slide images, which can comprise an area covering over one million 

induvial cells (Feng et al., 2015). A distinct advantage of OPAL analysis, therefore, is that it 

can facilitate both tissue-level and single cell analyses in the same image. OPAL can also 

work with both frozen and formalin-fixed paraffin-embedded (FFPE) sections. 

 

1.4.2.1 Applications of OPAL multiplex imaging 

The primary application of OPAL staining has been in cancer studies and has enabled 

researchers to study both tumour tissue as well as the accompanying peri-tumour area with 

single cell resolution. Cancer researchers have also taken advantage of the large tissue area 

offered by OPAL and the Vectra imaging system to perform multiplex staining with tissue 

microarrays (TMA). With the TMA approach, small regions from dozens of different 

tumours are arrayed on a single slide, stained simultaneously with OPAL fluorophores, and 

imaged together in a single slide image with the Vectra system (Rimm et al., 2001). 

Individual samples can be later separated during image analysis. This approach allows rapid 

phenotyping of dozens of tumour samples and offers a promising application of the OPAL 

multiplex system in clinical pathology (Tan-Garcia et al., 2020).  

The multiplex capability of OPAL staining has been used in cancer studies to identify 

biomarkers of patient prognosis (Sousa et al., 2022, Ansong et al., 2015, Damodaran et al., 

2017, Lee et al., 2021) such as that the ratio of CD4+ T cells to PDL-1 expressing cells was 

correlated with disease regression in rectal cancer (Park et al., 2017) and that expression of 
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PDL-1 and T-cell immunoglobulin and mucin domain-3 (TIM-3) on tumour infiltrating CD8+ 

T cells was associated with larger tumour size and poorer patient outcomes in renal cell 

carcinoma (Granier et al., 2017). Single cell data acquired through OPAL staining can also 

use spatial analytics, such as cell interactions as potential biomarkers (Vanguri et al., 2022). 

For example, it has been shown that expression of programmed cell death protein 1 (PD-1) or 

PD-L1 alone are not sufficient biomarkers of responsiveness to checkpoint inhibitor therapy 

in metastatic melanoma. However, a strong interaction score between cells expressing each of 

the two molecules was a good prognostic biomarker of response to treatment (Johnson et al., 

2018).  

While OPAL multiplex imaging offers clear advantages over single-plex IHC, the 

total number of multiplexing parameters is limited by spectral overlap, which prevents 

channels from being effectively unmixed when too many fluorophores are used. New 

fluorescence-based imaging technologies are instead relying on multiple imaging rounds that 

strip off fluorophores between each set of image captures.  

 

1.4.3 Co-detection by indexing (CODEX) 

CODEX is a newly developed fluorescence-based imaging technology that can perform 

imaging with more than 50 different epitopes in a single tissue (Black et al., 2021). Codex is 

able to achieve such highly multiplexed fluorescence imaging by conjugating each primary 

antibody to a unique polynucleotide barcode sequence, allowing a theoretically infinite 

number of barcoded primary antibodies to be simultaneously bound to the tissue (Wang et al., 

2021). Fluorophores are attached to probe polynucleotide sequences, each complimentary to 

one primary barcode sequence. Fluorophore hybridisation and imaging are then performed in 

cycles of three spectrally separate fluorophores at a time (Tan et al., 2020). At the end of each 
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imaging round the fluorophores are removed in preparation for the subsequent round, 

allowing the same three fluorophores to be used in each cycle, only varying in their probe 

sequence in each iteration. The use of an automated microfluidics system allows the cycles of 

fluorophore hybridisation, imaging, and fluorescence removal to be performed without user 

input and greatly increases the efficiency of the process. This novel approach entirely 

removes the issue of spectral overlap that typically comes with increasing multiplexity in 

fluorescence staining.  

Besides the ability to phenotype far more cell types and functional markers than other 

IF protocols, the high multiplexed nature of CODEX allows for the identification of distinct 

microenvironments within the broader tissue landscape. Microenvironments are calculated 

based on patterns in the composition and spatial arrangement of cells and such calculations 

are made possible in CODEX and other highly multiplexed imaging approaches by the 

plethora of cell types and functional distinctions that can be identified. For example, a study 

looking at colorectal cancer using a 56 parameter CODEX panel, identified 9 distinct 

microenvironments (termed cellular neighbourhoods in the study) in the tumour and 

peritumoral area and identified that an enrichment of PD1+ CD4+ T cells in only one tissue 

microenvironment was associated with improved patient outcomes (Schürch et al., 2020), 

highlighting the power of highly multiplexed imaging.  

 

1.4.4 Mass Based multiplex imaging  

Besides fluorescence-based imaging methods like CODEX, mass-based, time-of-flight 

imaging offer an alternative methodology for highly multiplexed imaging. The two 

commonly implemented mass-based multiplex imaging approaches, Imaging mass cytometry 

(IMC) (Giesen et al., 2014) and multiplex ion beam imaging (MIBI) (Angelo et al., 2014) 
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both facilitate highly multiplexed imaging of up to 40 parameters. They differ from 

fluorescence imaging in that primary antibodies are tagged with metal isotopes of different 

molecular weights and the varying weights of these ionised metals following tissue ablation 

facilitate epitope differentiation during imaging (Baharlou et al., 2019). Both approaches 

ablate the tissue sections in small spots at a time, via a laser in IMC and an ion beam in MIBI, 

and the ions are fed into a mass spectrometer that determines the makeup of primary 

antibodies bound to the tissue in that region based on the time of flight of the ions liberated 

during ablation (Keren et al., 2018). While IMC can provide highly multiplexed images using 

a relatively simple staining and imaging process, it is limited by the inability to image large 

areas of tissue and is typically only able to phenotype small ROIs. Furthermore, unlike 

fluorescence-based approaches, IMC imaging is destructive to the tissue areas visualised, 

preventing any future imaging of the same regions. Both IMC and MIBI were introduced 

earlier than CODEX and so far, have found broad usage in characterising microenvironments 

in cancer (Gerdtsson et al., 2018, Schulz et al., 2018, Malihi et al., 2018, Scher et al., 2016), 

as well as in autoimmune conditions (Damond et al., 2019, Wang et al., 2019, Ramaglia et 

al., 2019, Park et al., 2019) and more recently, TB (McCaffrey et al., 2022).  

The emergence of multiplexed fluorescence and TOF based imaging methods are 

greatly expanding the number of protein epitopes than can be simultaneously studied in situ, 

however they are unlikely to approach the highly multiplexed nature of transcriptomics in the 

near future. However, recent advances have opened up the possibility of studying the entire 

transcriptome in situ at the single cell level.  
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1.4.5 Spatially resolved transcriptomics 

Measuring gene expression in tissue has long been possible through technologies like 

fluorescence in-situ hybridisation (FISH) that identify individual RNA molecules using 

fluorescent bound probe sequences, however these approaches have been limited by the same 

constraints on multiplexing as traditional IF (Lewis et al., 2021). The introduction of spatially 

resolved transcriptomic approaches now enable expression of thousands of different genes to 

be probed at single cell resolution using cyclic staining with fluorescent barcoded probes. 

Spatial information can also be applied to scRNAseq studies by either barcoding spatially 

resolved tissue regions in situ before cell dissociation, or through dissecting tissue regions 

and performing independent sequencing runs for each tissue region (Asp et al., 2020). These 

approaches now enable the entire transcriptome to be probed with near single cell spatial 

resolution (Liao et al., 2021). One notable recent example of this approach performed in 

human leprosy samples shed light on the layered organisation of inflammatory signalling in 

the tissue granulomas (Ma et al., 2021). While these approaches can provide the most 

comprehensive phenotyping of spatially localised tissue regions, they lack the ability to 

perform single-cell analysis which limits their capacity to perform cellular spatial analyses.  

 

 

 

 

 

 

 

 

 

 

 

66



1.5 Spatial Biology 

Multiplex imaging approaches to human immunology now enable the capture of over a 

million cells from a single piece of tissue with single cell resolution (Tan et al., 2020). The 

boundaries between cells can be delineated, and individual cells quantified through the 

process of cell segmentation, which produces enormous datasets comprising both the spatial 

locations of each cell along with its phenotypic information (van Dam et al., 2022). While 

such datasets offer an invaluable tool in phenotyping diseased tissue, they require powerful 

software to process and the appropriate algorithms to quantify tissue microenvironments and 

relationships between cells. In recent years the field of spatial biology has emerged to grapple 

with these needs and a number of effective software and algorithmic approaches have been 

developed to effectively process single cell spatial data (Hofman et al., 2019). 

 

1.5.1 Cell segmentation 

Cell segmentation is the process used identify the boundaries of single cells in images, 

delineate cells from each other, and is an essential step for many downstream cellular 

analyses. Cell segmentation can be performed based on a membrane stain to divide cells 

using their outer surfaces or alternatively using a nuclear stain to segment nuclei and use 

individual nuclei as a basis to infer cell boundaries (Hollandi et al., 2022, Schüffler et al., 

2015). Membrane-based segmentation approaches are often applied to study in vitro cell 

culture, while segmentation based on nuclei is the more practical method in solid tissue 

imaging, given nuclei tend to be spatially separated from one another while membranes are 

not (Han et al., 2022). The quantitative output of cell segmentation algorithms enable rapid 

cell counts across large tissue areas and can broadly phenotype the composition of different 

tissue areas. Cell segmentation also quantifies the XY coordinates of each segmented cell in 

67



the tissue which enables a number of spatial tools to measure distances of cells from major 

tissue structures (such as a tumour) or to quantify cell-cell relationships (van Dam et al., 

2022).  

 

1.5.2 Cell density  

A major advantage of image-based approaches to human immunology is that spatial and 

phenotypic information can be combined together to increase the power of both types of data. 

One of the simplest methods to apply this is to measure the density of particular cell-types of 

interest and make comparisons between different tissue regions, for example within a tumour 

compared to the surrounding tissue (Meylan et al., 2022, Galon et al., 2006, Ozbek et al., 

2022). Mapping cell density across large areas of tissue can also be used to visually identify 

expression patterns of cellular markers (Wada et al., 2006), such as when exploring the depth 

of penetration of infiltrating immune cells into a tumour (Masugi et al., 2019). While density-

based analyses can allow for broad comparisons of cell arrangement within tissue, there are 

other methods more suited to exact quantification of cell locations within tissue structures. 

 

1.5.3 Infiltration Analysis 

Infiltration analysis is the most common name given to analysis methods that measure the 

distance of cells from defined tissue regions. It is most often used to quantify the distance of 

penetrating leukocytes from the tumour margin either into the intra-tumoral space or outward 

in the peri-tumour area, which can be a prognostic biomarker in some cancers (Pagès et al., 

2010, Grabovska et al., 2020). Infiltration analysis requires the tumour margin to first be 

annotated and is then typically performed using a series of software generated bands at fixed 

distances outward or inward from the tumour margin. The density of the cell of interest is 
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calculated in each of these bands to produce a density histogram for comparative analysis 

with other samples/tumours/cells (Attrill et al., 2022a). While infiltration analysis is typically 

applied to study the relationship between leukocyte populations to a tumour, it can also be 

used to measure the distance from any cell population to any annotated tissue structure. 

 

1.5.4 Neighbourhood analysis  

Neighbourhood analysis refers to the quantification of spatial relationships between different 

cell populations. A cell-type of interest is typically chosen and the distance of each individual 

cell to the nearest cell of another cell population is quantified. Taking the average of all these 

distances can give a single readout to quantify the relationship between the two cell 

populations and from this can be inferred how closely the two populations are interacting 

with each other. While neighbourhood analysis does not quantify direct cell-cell interactions, 

the results can be prognostically significant biomarkers, and in cancer studies it has been 

frequently shown that differences in the relationship between cell populations across patients 

correlate with patient outcomes (Attrill et al., 2022b, Attrill et al., 2022a, Thomas et al., 2019, 

Lee et al., 2019, van Dam et al., 2022).  

 

1.5.5 Spatial analysis software 

There are a number of software solutions available for processing and analysing highly 

multiplexed whole slide images. These range from open-source software requiring source 

code entry to commercially available software with a more user-friendly graphical user 

interface (GUI) (Tan et al., 2020). HALO (Indica Labs) is one such commercially available 

software package that is often used in conjunction with images taken through the Vectra and 

CODEX imaging platforms. HALO can perform image stitching of tiled images taken with 
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the Vectra or other platforms to produce any sized whole slide images. HALO can perform 

cell segmentation based on nuclear, cytoplasm or membrane staining, and tissue can be 

annotated manually into regions, or alternatively this can be achieved based on cell density or 

using a tissue classifier that identifies regions with similar cell compositions. HALO has a 

number of spatial plug-ins that can be used to perform cellular spatial analyses including 

density calculations, infiltration analysis and neighbourhood analysis. Halo has been applied 

in many studies looking at the tumour environment both in whole slide images and TMAs 

(Attrill et al., 2022a, Vanguri et al., 2022, Hofman et al., 2019, Attrill et al., 2022b).  
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1.6 The Present Study    

The present study aims to expand the analytic approaches available to human immunologists 

in the areas of transcriptomics and multiplex image analysis, with a focus on defining the 

immune function in infectious diseases. 

 With regard to transcriptomics this study aims to 

• Develop a pipeline for public transcriptomic data meta-analyses that can identify 

disease association, cell-type specificity, and regulatory mechanisms of genes of 

interest using bulk and single-cell datasets  

• Apply this pipeline to characterise an unknown gene associated with the inflammatory 

immune response to infection 

With regard to imaging this study aims to 

• Develop a pipeline for delineating individual granulomas in whole slide multiplex 

imaging and performing intra and inter-granuloma spatial and compositional single-

cell analysis 

• Apply this pipeline to assess the diversity and spatial arrangement of human TB 

granulomas 
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Chapter 2 
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2.1 OPAL staining 

FFPE TB lung sections were baked at 65°C for a minimum of 1 hour and dewaxed and 

rehydrated through gradients of xylene and ethanol concentrations (xylene x 10 mins, 100% 

ethanol x 10 mins, 90% ethanol x 10 mins, 70% ethanol x 10 mins, 50% ethanol wash). 

Antigen retrieval was performed by boiling samples to 100°C for 15 minutes in pH 9 Antigen 

retrieval buffer (Akoya). Tissues were incubated for 45 minutes at room temperature with 

primary antibodies specific for CD20 (L26, Cell Marque, 1:1000), CD4 (SP35, Cell Marque, 

1:100), CD68 (Kp-1, Cell Marque, 1:500), CD8 (ab4055, Abcam, 1:500), CD14 

(HPA001887, Cell Marque, 1:100), Ki-67 (D2H10, Cell Signalling technologies, 1:1000) or 

M.tb (Rabbit polyclonal Ab to M.tb, Cat# ab905, Abcam, 1:500). Primary antibodies were 

detected with OPAL Polymer HRP Mouse + Rabbit (Akoya Biosciences) for 15 minutes and 

visualised following a 10-minute incubation with the OPAL fluorophores (Akoya) OPAL 

520, OPAL 540, OPAL 570, OPAL 620, OPAL 650, and OPAL 690 at a 1:100 dilution in 

TSA. Tissue was then boiled at 100°C to strip antibody-HRP complexes from tissue. The 

process was repeated until all markers had been stained. Following the final marker staining, 

tissue section was incubated with DAPI for 10 minutes and mounted using ProLong Gold 

(Thermofisher).  

 

2.2 Image capture 

All multiplex images used in this thesis were captured using the Vectra 3.0.5 multispectral 

imaging system (Akoya) using DAPI, FITC, Cy3, Texas Red and Cy5 channels. A series of 

high-power 20X multispectral images (MSIs) covering the entirety of tissue sections were 

captured.  
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2.3 Cell segmentation in HALO 

MSIs were unmixed using Inform 2.3 (Akoya) and exported as .qtiff images. Tiff images 

were then imported in HALO3.3.2541.345 (Indica Labs) and digitally stitched to construct 

single images of entire tissue sections. HALO was trained to segment individual cells based 

on characteristic nuclear staining in the DAPI channel using the nuclear detection analysis 

tool.  

 

2.4 Cell phenotyping in HALO 

To distinguish cell identities the positivity threshold for each marker was determined using 

the analysis panel real time tuning feature in HALO. Any regions containing folded tissue or 

artifacts were excluded using the exclusion annotation tool. Cell segmentation and cell 

phenotyping were run together using the “Analyze annotation layer” function. Cell Object 

Data (including identity and location information for each cell) for of each patient sample 

was exported and further analysis was performed in R (R Core Team, 2021).  

 

2.5 Statistical Analyses 

All statistical analyses were performed in Prism 9.1.2 (GraphPad). Single comparisons were 

performed using a Mann-Witney test. Multiple comparisons were performed using a Kruskal 

Wallis test with Dunns multiple comparisons test. Single comparisons using paired samples 

were performed using a Wilcoxon matched pairs signed rank test. P < 0.05 was considered 

statistically significant for all tests. All plots were generated using Prism or R. 
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Chapter 3 

Transcriptomic profiling identifies 

neutrophil-specific upregulation of cystatin 

F as a marker of acute inflammation in 

humans 
 

 

 

 

 

 

 

 

 

 

 

75



3.1 Introduction 

Transcriptomic profiling has been widely used over the past two decades to uncover the 

expression and function of genes across the genome. Each transcriptomic profiling study 

generates enormous amounts of data, the bulk of which has been published in online 

repositories and is available for download free of charge. These include datasets from across 

the spectrum of human diseases, tissue types and cell types. Transcriptomic data generated 

from cells following stimulation or from gene-targeted cells provide additional insights into 

gene regulation. While transcriptomic datasets have typically been interrogated by the 

original researchers to identify pathways/genes of interest, most of the data remains 

incompletely explored and utilised. This wealth of data remains available online and 

represents a valuable resource for life scientists exploring a gene or pathway of interest. For 

example, investigations can be used to generate informed hypotheses that guide future 

studies. 

Of particular interest are genes that are found to be differentially expressed despite no 

prior association with the conditions under investigation. In this case, public transcriptomic 

datasets can be used to validate findings, facilitate further clarification of the specificity of 

gene expression across cell types and diseases, and even provide insights into gene 

regulation. Some studies have already successfully identified a gene of interest across a small 

cohort of GEO datasets and have been used to formulate a hypothesis for gene function 

(Rinchai et al., 2015, Toufiq et al., 2020, Huang et al., 2021). 

Here, I demonstrate an analytic pipeline that allows identification of differentially 

expressed genes that are yet to be characterised, then defines mechanisms regulating their 

expression across a cohort of 43 publicly available transcriptomic datasets. I discovered that 

the expression of CST7 in whole blood was markedly upregulated in sepsis as well as across a 
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range of bacterial, viral, and sterile inflammatory conditions. Cystatin F, encoded by CST7 is 

a cathepsin C-directed cysteine protease known to regulate cytotoxicity in natural killer (NK) 

cells (Nanut et al., 2017, Kos et al., 2018). While cathepsin C is involved in serine peptidase 

activation in NK cells and neutrophils, the significance and regulation of cystatin F 

expression in neutrophils remains unexplored. My analysis revealed that this CST7 

upregulation is neutrophil-specific and regulated by host factors. In this study, I demonstrate 

that transcriptomic profiling using publicly available datasets is a robust approach to identify 

associations of unknown genes with human diseases. 
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3.2 Methods 

3.2.1 Literature search 

PubMed was searched to retrieve the literature associated with each gene using a query that 

consisted of a concatenation of its official name, symbol and aliases retrieved from NCBI 

gene. Using CST7 as an example, the following query was applied: CST7 [tw] OR ‘cystatin 

F’ [tw] OR Leukocystatin [tw]. The text word [tw] function was used to restrict the search to 

the title and abstract. 

 

3.2.2 Single-cohort transcriptomic analysis 

All bulk transcriptomic datasets used in this study were collected from the NCBI GEO as 

gene series expression (GSE) files (Tab. 3.1). All single-cohort analysis was performed in R 

and datasets were downloaded using the GEOquerey (Davis and Meltzer, 2007) package. 

Normalised expression counts of genes of interest were exported for plotting. Where 

necessary, datasets were log-transformed and DEGs were identified using the Limma 

package (Ritchie et al., 2015) and P values were adjusted with a Benjamini Hochberg false 

discovery rate of 0.01.  

 

3.2.3 Multicohort transcriptomic analysis 

All Multicohort analyses were performed in R using the Metaintegrator package (Haynes et 

al., 2017). Datasets were accessed from GEO using the getGEOData function and samples 

were separated into control and non-control groups using the classFunction function. 

Meta-analysis was performed using the RunMetaAnalysis function and forest plots were 

78



previewed with the forestPlot function. The output of the RunMetaAnalysis 

function included summary effect sizes for each genes. These were determined based on the 

standardised mean difference in each cohort. The summary effect size served as a quantitative 

measure of the magnitude of difference between the control and non-control groups across 

cohorts. Effect sizes DEGs between septic patients and controls across the nine whole blood 

sepsis cohorts were identified using the filterGenes function with an effect size 

threshold of 1 and false discovery rate threshold of 0.05. Heatmaps of sepsis DEG expression 

across other disease states were generated using the heatmapPlot function with “diplayPooled 

= FALSE” to maintain the original gene order.  

 

3.2.4 scRNAseq analysis 

The single-cell transcriptomic dataset ( EGAS00001004571) used in this study was 

downloaded from FASTGenomics (Scholz et al., 2018) in a processed form with cluster 

annotation already applied. All single-cell analysis was performed in R using the Seurat 

package (Stuart et al., 2019). The ‘DimPlot’ function was used to visualise cell clusters in the 

Uniform Manifold Approximation and Projection (UMAP) applied dataset. The 

FeaturePlot function was used to visualise gene expression of individual cells within the 

UMAP space and coloured using the viridis package (Garnier. et al., 2021). The VlnPlot 

function was used to visualise gene expression between cell clusters.  

Neutrophils that express CST7 were separated from other neutrophils using the 

WhichCells function and DEG analysis was performed using the FindMarkers function 

using a Wilcoxon Rank Sum Test restricted to genes expressed in at least 25% of cells in 

each group. Genes with an adjusted p value < 0.05 were considered DEGs. The top 50 DEGs 

were selected, and Gene Ontology (GO) was performed using the online tool Enrichr 
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(Kuleshov et al., 2016) (https://maayanlab.cloud/Enrichr/) with the “GO Biological Processes 

2021” ontology.  

3.2.5 Software 

Transcriptomic analysis was performed in Rx64 4.0.2 (R Core Team, 2021).  
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Table 3.1. Transcriptomic datasets used in this study. 

GSE # Reference Age*  Sample type Conditions compared 

GSE2322 Coldren et al., 2006 Adult Airspace 
neutrophils 
 
Circulating 
neutrophils 

Airspace neutrophils 
In vitro control 
In vitro endotoxin 
In vivo control 
In vivo endotoxin 

GSE8668 Radom-Aizik et al., 
2008 

12–29 Purified 
neutrophils 

Pre-exercise 
Post-exercise 

GSE13015 Pankla et al., 2009 37–74 Whole blood Healthy control 
Sepsis 

GSE17755 Lee et al., 2011 2–19 Whole blood Healthy child 
SOJIA 

GSE19491 Berry et al., 2010 21–72 Whole blood Healthy control 
TB 

GSE25504 Dickinson et al., 2015 Neonate Whole blood Healthy child 
Sepsis 

GSE27131 Berdal et al., 2011 28–59 Whole blood Healthy control 
H1N1 

GSE28623 Elliott et al., 2015 Adult Whole blood Healthy control 
Active TB 

GSE28750 Sutherland et al., 2011 Adult Whole blood Healthy control 
Sepsis 

GSE29366 - 0–3 Whole blood Healthy child 
Influenza 

GSE29536 Banchereau et al., 
2012 

Adult & 
children 

Whole blood TB control, TB 
IAV control, IAV 
SOJIA control, SOJIA 
Sepsis control, Sepsis 

GSE30101 Obermoser et al., 2013 22–41 Whole blood Unstimulated blood 
Stimulated blood 

GSE30119 Banchereau et al., 
2012 

0–18 Whole blood Healthy child 
S. Aureus infection 

GSE34608 Maertzdorf et al., 2012 Adult Whole blood Healthy control 
TB 

GSE38900 Mejias et al., 2013 0–2 Whole blood Healthy Control 
RSV, IAV 

GSE40012 Parnell et al., 2012 Adult Whole blood Healthy Control 
IAV pneumonia 

GSE41055 Verhagen et al., 2013 1–14 Whole blood Healthy control 
TB 

GSE42026 Herberg et al., 2013 Adult Whole blood Healthy control 
H7N9, RSV 

GSE42834 Bloom et al., 2013 Adult Whole blood Healthy control 
TB 

GSE49757 Khaenam et al., 2014 Adult Purified 
neutrophils 

Stimulation with healthy 
plasma 
Stimulation with septic 
plasma 

GSE54514 Parnell et al., 2013 24–86 Whole blood Healthy 
Sepsis survivor 
Sepsis non-survivor 
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GSE57183 Shenoi et al., 2015 1–11 Whole blood Healthy control 
SOJIA 
Kawasaki disease 

GSE60424 Linsley et al., 2014 Adult Purified 
neutrophils, 
Whole blood 

Healthy control 
Sepsis 

GSE64457 Demaret et al., 2015 Adult Purified 
Neutrophils 

Healthy control 
Septic shock patients  

GSE66099 Alder et al., 2017 Adult Whole blood Healthy control  
Sepsis 

GSE69528 Pankla et al., 2009 Adult Whole blood Healthy control 
Sepsis 

GSE71010 Hu et al., 2016 Children Purified 
neutrophils 

Healthy 
Cystic fibrosis, SOJIA 

GSE76293 Juss et al., 2016 Adult Purified 
neutrophils 

Healthy control 
ARDS 

GSE80060 Brachat et al., 2017 Children Whole blood Healthy control 
SOJIA prior to treatment 

GSE81746 - ** 22–65 Whole blood Healthy control 
TB 

GSE83456 Blankley et al., 2016b 19–82 Whole blood Healthy control 
Pulmonary TB 

GSE100151 - Adult Whole blood Healthy control 
HIV 

GSE100154 - Children Whole blood Healthy control 
Kawasaki disease 

GSE100159 - Adult Whole blood Healthy control 
Sepsis 

GSE100160 - Adult Whole blood Healthy control 
IAV 

GSE100161 - Adult Whole blood Healthy control 
RSV 

GSE100164 - Children Whole blood Healthy Control 
SOJIA 

GSE100166 - Adult Whole blood Healthy control 
TB 

GSE101584 Shaul et al., 2016 - Purified 
neutrophils  

Healthy neutrophils 
Tumour associated 
neutrophils 
TAN + SM16 

GSE103170 Ter Haar et al., 2018 Children Purified  
neutrophils 

Healthy control 
SOJIA 

GSE107731 - Adult Whole blood Healthy control 
TB 

GSE111368 Dunning et al., 2018 18–71 Whole  
blood 

Healthy control 
H1N1 

 

*  Numbers indicate age range in years. 

** Hyphen indicates no publicised study associated with the dataset. 
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3.3 Results 

3.3.1 Cystatin F is upregulated in neutrophils following stimulation with septic plasma 

and in circulating leukocytes of sepsis patients 

It has been shown previously that transcriptomic changes in public datasets can be explored 

for biomarker discovery by identifying previously uncharacterised genes (Rinchai et al., 

2015, Toufiq et al., 2020, Huang et al., 2021). Here I demonstrate a two-staged approach of 

literature-searches and public-data mining, which enables not only the identification of a 

novel gene of interest but also to define regulatory mechanisms controlling its expression 

(Fig. 3.1). To identify an initial cohort of genes upregulated during inflammation, a dataset 

deposited in the NCBI GEO database (GSE49757) was chosen. In this dataset, neutrophils 

from healthy donors had been stimulated with plasma from either healthy controls or 

bacterial culture-confirmed sepsis patients and mRNA expression was measured using 

microarray (Fig. 3.2A). DEG analysis was performed, significant genes were sorted 

according to the fold change in expression and the top 250 genes were selected for further 

analysis (Fig. 3.2B).  

To extend the in vitro observations and identify potential candidate genes for further 

study, validation was performed in publicly available datasets generated using whole blood 

samples from healthy controls and sepsis patients. Nine datasets were selected from the NCBI 

GEO and multicohort analysis was performed to generate a mean fold change in expression 

across all cohorts. The top 250 significant genes were ranked according to fold change in 

expression in this cohort (Fig. 3.2C). The highest ranked genes in terms of the effect size 

were considered as the strongest candidates for further investigation (Fig. 3.2D).  
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Figure 3.1. Flow chart of the process employed in this study to identify a gene of 

interest and assess its regulation.
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Top 250 genes by fold changeA

Healthy
donor

Healthy
control

Sepsis
patient

Plasma

Neutrophils

6h

Gene FC Adj. P

1 HAMP 13.7 0.06
2 MT1X 11.17 0.96
3 ECHDC3 9.11 6.95E-05
4 TLR2 8.71 9.5E-06
5 FKBP5 8.38 2.6E-05
6 EFNA1 8.09 0.071
7 IL18R1 6.66 3.9E-07

B

C Genes selected for effect size

Gene Effect Adj. P

1 TLR5 2.68 1.3E-07
2 ANXA3 2.45 2.4E-05
3 CD177 2.44 1.4E-05
4 IRAK3 2.39 6.3E-09
5 MMP9 2.28 5.6E-09
6 VNN1 2.17 2.1E-07
7 CLEC4D 2.12 4.6E-06
8 CST7 2.00 1.2E-06

DTLR5
Effect size = 2.7
adj.p = 1.3e-7

ANXA3
Effect size = 2.5
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Figure 3.2. Meta analysis of sepsis associated neutrophil genes. (A) Schematic 

overview of the experimental design for the reference dataset (GSE49757) used in 

this study. Purified neutrophils from healthy adult donors were stimulated with 

plasma from either septic or healthy individuals for 6 h and gene expression was 

measured by microarray. (B) Genes were sorted according to fold change in 

expression using Limma with Benjamini-Hochberg false discovery rate applied and 

the top 250 genes with a significant change in expression were selected for further 

assessment. An adj. P < 0.05 was considered to indicate statistical significance. (C)

Gene expression profiles across nine transcriptomic datasets comparing whole 

blood samples from patients with sepsis to healthy controls are represented in forest 

plots. Cohort identifiers are shown on the Y-axis and closed black squares represent 

the standardized mean difference. Square size is proportional to the sample size and 

whiskers represent a 95% confidence interval. The summary (closed red diamond) 

represents the overall change in gene expression across cohorts and is also shown as 

the effect size above each plot along with its corresponding adj. P-value. (D) The 

top 250 genes identified in panel B were sorted according to overall effect size 

across sepsis cohorts. 
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The final step in the process of selecting a gene of interest was to assess the current 

knowledge on each identified gene. PubMed was searched to identify the total number of 

articles relating to each gene and alternate names for each gene were identified through NCBI 

Gene and added to the search. Genes for which a very small number of articles were 

identified (<10) were excluded as it was considered unlikely that sufficient information about 

these gene would be available to inform future studies. Additional searches were carried out 

for each gene paired with the search terms “sepsis”, “neutrophil” and “inflammation” to 

identify previous gene associations. The number of articles was counted, and a score applied 

to each gene based on the number of related articles. Genes were examined in order starting 

from the gene with the highest fold change in expression and those with known associations 

to sepsis or neutrophils were excluded (Fig. 3.3A). CST7 (Cystatin F) was ranked 8th in terms 

of fold change in expression and 72 articles were identified that referred to the gene. Among 

these, six publications were related to inflammation; however, none of these articles 

contained the term “sepsis” or linked cystatin F directly to the term neutrophil. CST7 was 

therefore deemed the most eligible for further investigation. I further showed that CST7 

expression was significantly increased in neutrophils following stimulation of plasma from 

patients with severe sepsis compared with those with non-severe sepsis (Fig. 3.3B). 
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Figure 3.3. Identification of CST7 as a previously unknown neutrophil-specific, 

sepsis-associated gene. (A) For each gene identified in Fig. 3.2D, PubMed was 

searched to identify both the total number of articles and the number of articles 

linking the gene with each of the terms “sepsis”, “neutrophil” and “inflammation” 

in the title and abstract. Genes were searched in order from the highest effect size 

until a gene with adequate novelty (determined by the number of publications) was 

identified. (B) CST7 expression was compared between patients with severe sepsis 

vs. non-severe sepsis in the reference dataset (GSE49757). Each symbol represents 

an individual donor, and the height of each column corresponds to the group mean. 

The level of statistical significance was determined using a Mann-Whitney test and 

P < 0.05 was considered to indicate statistical significance. ** P < 0.01.
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3.3.2 The significance and regulation of cystatin F induction are poorly defined 

To inform further exploration of public data, a profile of the current knowledge of CST7 was 

constructed. The 72 articles that referred to CST7 were examined for major research themes 

and tallied (Fig. 3.4A). The cystatins consist of three families of proteins that bind reversibly 

with high-affinity to inhibit multiple cathepsin family members (Magister and Kos, 2013). 

Cystatin F is unique among the cystatins in that its expression is limited to leukocytes 

(Halfon et al., 1998) and because it is secreted in an inactive form that can be internalised and 

subsequently activated in target cells (Colbert et al., 2009, Colbert et al., 2011). In the context 

of malignancy, increased levels of CST7 have been correlated with a poorer prognosis in liver 

metastasis following colorectal cancer (Utsunomiya et al., 2002) and with improved survival 

in the context of pancreatic ductal adenocarcinoma (Yang et al., 2019) and hepatocellular 

carcinoma (Zhou et al., 2019). Additionally, in the context of neuroinflammation, CST7 is 

upregulated during CNS demyelination and is associated with areas of remyelination (Ma et 

al., 2011, Liang et al., 2016). While CST7 has not been studied in the context of other 

inflammatory conditions, it has been identified as playing a role in granulocyte inflammation, 

specifically as an inhibitor of cathepsin C (Hamilton et al., 2008).  

Cathepsins consist of a large family of cysteine proteases and play a diverse set of 

roles in both physiological and pathophysiological conditions. In the immune system, they 

are involved in antigen processing and presentation, activation of pattern recognition 

receptors and as cytotoxic devices utilised by both the host and pathogens (Bird et al., 2009). 

Cathepsin C is a component of the granules in cytotoxic leukocytes and functions as a key 

activator of other inflammatory granules in these cells (Hamilton et al., 2008). Cystatin F can 

inhibit cathepsin C in NK cells, thereby inducing an impaired cytotoxic state known as split 

anergy (Nanut et al., 2017, Magister et al., 2015). High levels of cystatin F in CD8+ T cells 

are also correlated with decreased cytotoxicity (Prunk et al., 2019). 
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In neutrophils, cathepsin C is required for activation of neutrophil serine proteases 

including Elastase, neutrophil expressed (ELANE), Cathepsin G (CTSG) and Proteinase 3 

(PRTN3) in the inflammatory granules (Hamilton et al., 2008, McGuire et al., 1993, Adkison 

et al., 2002). However, whether cystatin F inhibits cathepsin C in neutrophils or exerts anti-

inflammatory effects in these cells remains unknown (Fig. 3.4B). Due to their potential 

connection with CST7, I also examined CTSC, ELANE, CTSG and PRTN3 in the public data 

cohorts in the remainder of this study. Based on the previous cohort of sepsis datasets, CST7 

was significantly upregulated (effect size = 1.99) in patients with sepsis compared with 

healthy controls, while there was no significant difference in CTSC expression between the 

two groups. ELANE, CTSG and PRTN3 were significantly upregulated (effect size = 1.28, 

0.74 and 1.08, respectively) (Fig. 3.4C). 
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Figure 3.4. Cystatin F is identified as a cathepsin C-directed serine protease inhibitor.

(A) The total number of articles on CST7 (72 articles) was curated and major reported 

biological functions were summarized. The size of each segment in the pie chart 

corresponds to the number of articles matching CST7 in relation to the indicated area. (B)

The proposed function of the CST7 protein indicating its ability to inhibit CTSC protein. 

CTSC, which is known to activate the neutrophil serine proteases ELANE, PRTN3 and 

CTSG, can increase inflammation. (C) Forest plots of CST7, CTSC, ELANE, PRTN3 and 

CTSG gene expression across sepsis cohorts. The plots were constructed as described in 

Figure 3.2C.

90



3.3.3 Cystatin F is consistently upregulated across bacterial, viral, and sterile systemic 

inflammation 

Having identified CST7 as an upregulated gene in whole blood during sepsis, I sought to 

determine whether the change was restricted to sepsis or common across other inflammatory 

diseases. I selected six inflammatory diseases for further examination, each of which was 

represented by at least two cohorts on the GEO. The diseases were categorised as bacterial, 

viral, and sterile inflammation. All the selected cohorts compared whole blood samples from 

patients and healthy controls. The 2,140 genes that were found to be differentially expressed 

in the sepsis cohort were measured across each of the other disease cohorts.  

CST7 was significantly upregulated during TB (effect size = 0.84) (Fig. 3.5A). In 

contrast, there were no changes in CTSC or CTSG expression, although expression of PRTN3 

and ELANE was increased. CST7 was also significantly upregulated  and with the highest 

effect sizes during viral-induced inflammation (Fig. 3.5B). CST7 expression was increased 

during infection with IAV, respiratory syntactical virus (RSV) and HIV infection (effect size 

= 1.47, 1.18, 1.54 respectively). Interestingly, CTSC expression did not change during IAV 

infection, but was significantly increased during RSV and HIV infection. PRTN3, ELANE 

and CSTG were significantly increased in all three viral infection cohorts. Finally, in the case 

of sterile inflammation, CST7 expression was increased in both SOJIA (Fig. 3.6A) and 

Kawasaki disease (Fig. 3.6B) (effect size = 0.6 and 1.02 respectively). CTSC was not 

changed in either cohort, while CTSG and PRTN3 were significantly upregulated in both 

cohorts and ELANE was significantly upregulated during SOJIA. Heat maps of the similarity 

between the gene expression profile of each disease state and sepsis are presented in Figure 

3.5 and Figure 3.6.  
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Figure 3.5. CST7 is upregulated across a spectrum of infectious diseases. (A) Gene 

expression profiles for CST7, CTSC, and CTSG across 10 transcriptomic datasets 

comparing whole blood samples from patients with TB to healthy controls are represented 

in forest plots constructed as described in Figure 3.2C. An accompanying heatmap 

represents the expression of the 2,140 DEGs across the sepsis cohorts (X-axis, separated 

into up/downregulated expression during sepsis) in each TB cohort (Y-axis). This was 

repeated in (B) with transcriptomic datasets comparing whole blood samples from IAV 

patients to healthy controls, RSV patients to healthy controls and HIV patients to healthy 

controls.
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Figure 3.6. CST7 is upregulated in non-infectious inflammatory diseases. (A) Gene 

expression profiles for CST7, CTSC, and CTSG comparing whole blood of patients with 

SOJIA to healthy controls across five transcriptomic datasets represented with forest 

plots and heatmap, constructed as described in Figure 3.5A. This was repeated in (B)

with transcriptomic datasets comparing whole blood from patients with Kawasaki 

disease to healthy controls.
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3.3.4 Cystatin F upregulation is neutrophil-specific 

Having established that CST7 is upregulated in bulk leukocyte preparations during 

inflammation, I next determined whether this change is restricted to certain leukocyte 

populations in the blood. Given the initial finding that septic plasma induced upregulation of 

CST7 in neutrophils, I identified datasets comparing purified neutrophils from healthy 

controls and sepsis patients. Two datasets were identified and CST7 was found to be 

significantly upregulated in neutrophils from sepsis patients compared to those from healthy 

controls (effect size = 2.3). However, there were no changes in the expression levels of 

CTSC, CTSG, PRTN3 and ELANE in neutrophils during sepsis compared to those from 

healthy controls (Fig. 3.7A). 

I next examined whether expression of CST7 is modulated in other leukocyte 

populations during sepsis using one cohort from the previous analysis that also included 

purified CD8+ T cells NK cells, CD4+ T cell and monocytes as well as neutrophils. While NK 

cells expressed the highest CST7 levels under healthy conditions, there was a significant 

increase in CST7 expression in neutrophils during sepsis and these cells became the 

predominant contributor of CST7 expression (Fig. 3.7B). There was no change in CST7 

expression in NK cells or CD8+ T cells during sepsis. CST7 was expressed lowly in CD4+ T 

cells and monocytes and its expression in these cells did not change during sepsis (Data not 

shown).  
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Figure 3.7. CST7 upregulation during inflammation is neutrophil-specific. 

(A) Gene expression profiles for CST7, CTSC, CTSG, ELANE, and PRTN3

across two datasets comparing purified neutrophil populations from patients 

with sepsis and healthy controls are represented in forest plots constructed as 

described in Figure 3.2C. (B) Normalized expression counts of CST7 and CTSC

in purified neutrophils, NK cells and CD8+ T from healthy controls compared to 

those from patients with sepsis. Each symbol represents an individual donor, and 

the height of each column corresponds to the group mean. The level of statistical 

significance in each comparison was determined using a Mann-Whitney test and 

P < 0.05 was considered to indicate statistical significance. **P < 0.01. ns, Not 

Significant. 
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Given this neutrophil-specific increase during sepsis, I next sought to determine 

whether CST7 levels were increased in neutrophils under other inflammatory conditions. I 

examined four cohorts comparing gene expression from purified neutrophils during acute 

respiratory distress syndrome (ARDS), adult-onset Still’s disease (AOSD), cystic fibrosis 

(CF), in each case compared to purified neutrophils from healthy controls. An additional 

cohort compared purified neutrophils from individuals both pre- and post-exercise. In all 

these conditions, CST7 expression was significantly increased, suggesting neutrophil-specific 

upregulation of CST7 is positively associated with inflammatory conditions (Fig. 3.8A-D). 
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Figure 3.8. CST7 is upregulated in neutrophils under multiple inflammatory 

conditions. Expression of CST7 and CTSC in purified neutrophils comparing 

patients with (A) ARDS (GSE76293), (B) CF (GSE71010) and (C) SOJIA 

(GSE103170) to healthy controls. (D) Comparison of CST7 expression in purified 

neutrophils from healthy individuals pre- and post-exercise (GSE8668). In (A) –

(D) each symbol represents an individual donor, and the height of each column 

corresponds to the group mean. The level of statistical significance in each 

comparison was determined using a Mann-Whitney test and P < 0.05 was 

considered to indicate statistical significance. *P < 0.05. **** P < 0.0001. ns, Not 

Significant.
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3.3.5 Cystatin F expression during inflammation is regulated by host factor(s) 

Having identified upregulation of CST7 during inflammation, I subsequently examined 

whether public transcriptomic data can be used to shed light on the regulatory mechanisms 

underpinning this increase in expression. Given that CST7 is increased under a diverse range 

of inflammatory conditions, I hypothesised that a broadly acting inflammatory mediator may 

regulate CST7 expression changes. However, when I analysed another dataset in which whole 

blood cells were stimulated with a range of TLR ligands, heat killed pathogens and major 

pro-inflammatory cytokines, none of these factors stimulated any significant change in CST7 

expression (Fig. 3.9).  
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Figure 3.9. CST7 upregulation could not be induced by pro-inflammatory 

molecules in neutrophils ex vivo. CST7 expression in whole blood cells following 

stimulation in vitro with heat-killed (HK) whole pathogens, purified TLR ligands 

and host cytokines (GSE30101). Whole blood from four healthy donors was 

incubated for 6 h with one of the listed stimuli before gene expression was 

measured by microarray. Each symbol represents an individual donor, and the 

height of each column corresponds to the group mean. The level of statistical 

significance is determined using a Kruskal-Wallis Test with Dunns Multiple 

Comparisons and adj. P < 0.05 was considered to indicate statistical significance. 
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Finally, I analysed a dataset in which neutrophil gene expression was compared 

following endotoxin exposure in vivo and in vitro. I found that when neutrophils were 

purified from the blood of healthy donors and exposed to endotoxin in vitro, no change in 

CST7 expression was observed (Fig. 3.10A), confirming that microbial products do not 

contribute to CST7 induction directly. However, when the donors were exposed to endotoxin 

by bronchoscopic instillation in vivo and circulating neutrophils were purified from the blood 

and examined 16 h later, CST7 was significantly upregulated (Fig. 3.10B). Together, these 

findings suggest that an endogenous rather than exogenous factor contributes to the CST7 

upregulation during inflammation. 
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Figure 3.10. Neutrophil-specific CST7 upregulation during inflammation is 

regulated by host factors. (A) Expression of CST7 and CTSC in circulating 

neutrophils from healthy individuals taken prior to or 16 h after bronchoscopic 

instillation of endotoxin (LPS). (B) Expression of CST7 and CTSC in purified 

neutrophils isolated from healthy donors following stimulation with endotoxin in 

vitro. In (A) and (B) each symbol represents an individual donor and the height of 

each column corresponds to the group mean. The level of statistical significance in 

each comparison was determined using a Mann-Whitney test and P < 0.05 was 

considered to indicate statistical significance. ***P < 0.001. ns, Not Significant.
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3.3.6 Cystatin F expression in neutrophils is associated with type I IFN signalling 

To further explore the regulatory mechanisms underpinning expression of CST7 in 

neutrophils, a public scRNAseq dataset was examined (EGAS00001004571) (Schulte-

Schrepping et al., 2020). This dataset compared both moderate and severe COVID-19 

patients to healthy controls. scRNAseq had been performed on both isolated peripheral blood 

mononuclear cells (PBMCs) and whole blood, which were later integrated together for 

analysis to allow for suitable abundance of major immune populations (Fig. 3.11A). The 

proportion of neutrophils that express CST7 during severe COVID-19 was double that of the 

control group, however curiously the proportion of neutrophils that express CST7 during mild 

COVID-19 was lower than in the control group. CST7 was also expressed in CD8+ T cells 

and NK cells under all three conditions (Fig. 3.11B). When CST7 expression was viewed 

across all cells in the UMAP space, different populations of neutrophils appeared to express 

CST7 under each condition (Fig. 3.11C).  
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Figure 3.11. CST7 is upregulated in neutrophils during severe COVID-19. (A) 

UMAP presentation of major immune populations scRNAseq whole blood and 

PBMC combined data. (B) Expression of CST7 between three patient conditions in 

neutrophils, NK cells and CD8+ T cells. Percentage accompanying each violin plot 

indicates the percentage of cells positive for CST7. (C) UMAP from (A) split into 

cells from each patient condition with cells coloured according to expression of 

CST7. 
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The original authors of this dataset identified 9 subsets of neutrophils in the blood, 

including both mature and immature populations as well as populations specific to control or 

diseased conditions (Fig. 3.12A). CST7 was expressed in both mature and immature 

neutrophil clusters and was most highly expressed in pro-neutrophils as well as a mature 

cluster specific to severe COVID-19 (Cluster 1, marker genes: PD-L1+, ISG15+, 

ZC3H12A+, MME-), a COVID-19 specific cluster (Cluster 2, marker genes: CD46+) and a 

control specific cluster (Cluster 4, marker genes MME+, S100A4+) (Fig. 3.12B and 3.12C). 

 

 

 

 

 

 

 

 

 

 

 

 

 

104



1. Mature (Severe specific)

2. Mature (covid specific)

3. Mature

4. Mature (control specific)

5. Mature (control specific)

6. Mature (control specific)

8. Mature

7. Pre-neutrophil

9. Pro-neutrophil

UMAP 1

U
M

AP
 2

Control

1
2
3

0

4
5

Mild COVID-19 Severe COVID-19

UMAP 1

U
M

AP
 2

UMAP 1

U
M

AP
 2

UMAP 1

U
M

AP
 2

1 2 4 5 6 3 8 7 9

Severe 
specific

Covid
specific

Control Specific Non Specific Pre-
neutrophil

Pro-
neutrophil

Mature Immature

A

B

C

1

2

3

4

5

6

8

7 9
C

S
T7

Ex
pr

es
si

on
 le

ve
l

1
2
3

0

4
5

C
ST

7 
Ex

pr
es

si
on

 le
ve

l

66% 65% 66% 23% 6% 35% 26% 45% 76%

Figure 3.12. CST7 is expressed in mature and immature neutrophils. (A) UMAP 

presentation of  neutrophils from whole blood scRNAseq coloured according to 

cluster. (B) Violin plots of CST7 expression across each neutrophil cluster. 

Percentages indicate the percentage of neutrophils positive for CST7 in each 

accompanying cluster. (C) UMAP from (A) separated into patient conditions and 

coloured according to expression of CST7.
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To explore whether any common regulatory mechanisms could be associated with 

expression of CST7 across neutrophil clusters, neutrophils were divided into a CST7+ 

population and a CST7- population (Fig. 3.13A). DEG analysis was performed and the top 

fifty significantly upregulated genes, sorted by fold change were used for GO analysis (Fig. 

3.13B). Using the Biological Processes 2021 Ontology the most significantly upregulated 

biological process was cellular response to type I IFN (Fig. 3.13C). The top fifty DEGs used 

for GO contained several genes known to be induced by type I IFN signalling including 

IFITM3, IFI6, OAS1 and MX1. Other top ten most significantly upregulated biological 

processes included neutrophil activation in immune response, neutrophil degranulation, and 

neutrophil mediated immunity. Taken together, these findings reveal an association between 

type 1 IFN signalling and the expression of CST7 in neutrophils. 
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CST7+ 
Neutrophils

CST7-
Neutrophils

DEG 
Analysis

# Gene FC Adj. P

1 CD177 2.2 <0.0001
2 ZDHHC19 2.0 <0.0001
3 S100A12 2.0 <0.0001
4 MMP9 1.9 <0.0001
5 MCEMP1 1.9 <0.0001
6 MT2A 1.8 <0.0001
7 PLAC8 1.8 <0.0001
8 ISG15 1. 7 <0.0001

cellular response to type I interferon (GO:0071357)
type I interferon signalling pathway (GO:0060337)

defence response to symbiont (GO:0140546)
defence response to virus (GO:0051607)
cytokine-mediated signalling pathway (GO:0019221)

neutrophil degranulation (GO:0043312)
neutrophil activation in immune response (GO:0002283)
neutrophil mediated immunity (GO:0002446)
negative regulation of viral genome replication (GO:0045071)

regulation of viral genome replication (GO:0045069)

Figure 3.13. CST7 is upregulated in neutrophils during severe COVID-19. (A) 

Schematic overview of the comparison performed between CST7+ neutrophils with 

CST7- neutrophils. (B) The top 50 DEGs between CST7+ neutrophils to CST7-

neutrophils ranked according to fold change. (C) Upregulated biological processes 

of CST7+ neutrophils compared with CST7- neutrophils ranked according to adj. P-

value. 
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3.4 Discussion 

Cystatin F has been poorly characterised as a protease inhibitor and has not been linked to 

neutrophils until now. By using public transcriptome data, I discovered that CST7 expression 

is robustly increased in neutrophils cultured in vitro in the presence of plasma from sepsis 

patients and also in the circulating neutrophils of sepsis patients in vivo. Further analysis 

using additional datasets established that this neutrophil-specific CST7 upregulation occurs 

across a diverse range of sterile and pathogen-driven inflammatory conditions. Publicly 

available transcriptomic data also showed that this induction is independent of a broad range 

of microbial products, suggesting that CST7 upregulation during inflammation is regulated by 

a circulating endogenous soluble factor. The heightened expression of interferon stimulated 

genes (ISGs) in CST7+ neutrophils compared to CST7- suggests type I IFN signalling may be 

involved in neutrophilic regulation of CST7. These novel findings suggest that CST7 is a 

previously unrecognised major inflammation-responsive gene in humans. Given the known 

anti-cytotoxic actions of cystatin F in NK cells (Nanut et al., 2017), further in-depth 

investigations focusing on its expression patterns and functions may reveal fundamental 

mechanisms regulating inflammation in human disease. 

My literature search of the PubMed database revealed that no link has been 

established between CST7 expression in the context of sepsis or in neutrophils. This 

approach, which has been used in previous studies (Rinchai et al., 2015, Toufiq et al., 2020, 

Huang et al., 2021) is a simple and rapid method for establishing novel gene expression in the 

context of a condition or cell of interest. Subsequent full text searches using Google Scholar 

revealed that CST7 was identified as a DEG during sepsis in three studies (Chen et al., 2019, 

Ahmad et al., 2019, Xie et al., 2020). However, in each of these studies CST7 appeared 

among dozens of other DEGs and none of these studies commented on the biological 
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relevance of CST7 upregulation during sepsis. Thus, I consider that CST7 upregulation in 

neutrophils is a novel biological finding in the context of sepsis. 

Throughout this chapter I performed multicohort analyses of genes of interest to 

determine an overall fold change in the expression of a gene across any number of 

compatible datasets. This type of multicohort gene expression analysis has been used to 

validate biomarker gene signatures across inflammatory diseases (Andres-Terre et al., 2015, 

Sweeney et al., 2016), including sepsis (Sweeney et al., 2015). Here I apply this approach to a 

single gene across a variety of different diseases and conditions. Comprehensive exploration 

of the NCBI GEO was performed to identify biologically relevant datasets for each disease 

and cell-type explored in this study, which led to the discovery of the novel association 

between neutrophil-expressed CST7 and acute inflammation in humans. Using my analysis 

pathway, I additionally identified novel neutrophil-specific changes in the expression of two 

other genes, SAMSN1 and BATF during inflammation, and each of these genes could form 

the basis of an additional study. Overall, the multicohort analysis process is straightforward 

and provides a wealth of information on gene regulation to inform hypotheses for future 

experiments. Moreover, the entire process is free and uses publicly available data and 

software. The primary limitation of this study (and similar public-data gene discovery 

research) is that the effects of changes in gene expression cannot be readily determined or 

explored at the protein level. Changes in gene expression do not always correlate linearly 

with changes in the level of functional protein or their biological effects and indeed my 

approach of identifying genes based on highest changes in fold change may have missed 

genes with a small fold change but high degree of biological significance.  

With the current knowledge of CST7 in the literature, the new findings generated from 

this study can be used to inform hypotheses for future research. Of particular interest, was the 

ability of cystatin F to inhibit cathepsin C and thus inhibit the activation of serine proteases 
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(Hamilton et al., 2008). While cystatin F can function in an autocrine manner, it can also act 

in trans, being secreted and taken up by other cells. If the upregulation of CST7 in neutrophils 

corresponds to an increase in cystatin F protein, it can be speculated that it acts on the 

neutrophils themselves, other cells, or both. If neutrophilic cystatin F acts in an autocrine 

manner, this would be of great interest given its known function to suppress cathepsin C. 

I hypothesise that cystatin F suppression of cathepsin C in neutrophils may be an as-

yet unknown anti-inflammatory function in neutrophils. If neutrophilic cystatin F is secreted, 

then it may act to suppress cathepsin C in other cells. Furthermore, if cystatin F is secreted by 

neutrophils in a tumour microenvironment (Zhou et al., 2019), then it may contribute to pro-

tumour immunosuppression. I identified a dataset (GSE101584) for tumour-associated 

neutrophils in a mouse cancer model (Shaul et al., 2016) and found a significant increase in 

CST7 expression compared to that in naïve neutrophils. Given that cystatin F also inhibits 

cathepsin C in mice (Shimizu et al., 2017), this supports the hypothesis that cystatin F plays a 

role in the tumour microenvironment. The ability of cystatin F to inhibit cathepsin C in 

neutrophils is a key area for future investigation. To test these hypotheses, future bench-based 

research is required to determine first whether the increase in CST7 in neutrophils 

corresponds to an increase in cystatin F protein and whether the protein is secreted.  

Intriguingly, while CST7 was not induced in whole blood following type I IFN 

stimulation ex vivo, scRNAseq analysis revealed neutrophils that expressed CST7 also had 

heightened expression of genes associated with a type I IFN response. This suggests that type 

I IFN signalling may be involved in the regulation of CST7 in neutrophils but does not 

regulate it directly. There may be an additional host signal/signals required alongside type I 

IFN signalling to induce CST7 expression. Future research is required to identify whether 

stimulation of neutrophils in addition to other inflammatory mediators is able to induce CST7 

expression. 
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In this study I have both identified CST7 as a gene of interest and assessed its 

regulation across a variety of public transcriptomic datasets. To date, no role for CST7 has 

been established in neutrophils or in any inflammatory disease. Having identified CST7 

upregulation across inflammatory diseases and in a neutrophil-specific manner, I was able to 

formulate hypotheses about the potential inhibitory activity of cystatin F. My findings 

suggest that cystatin F or CST7 may potentially be used, either independently or in 

conjunction with C-reactive protein, as an indicator of acute inflammation in the clinic. 
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Chapter 4 

Development of spatial tools to define intra-

lesion cell distribution and inter-lesion 

relationships 

 

 

 

 

 

 

 

 

 

 

112



4.1 Introduction 

Spatial biology is a rapidly developing field that studies cells and molecules within their 

spatial context using tissue imaging. Many tools have been developed to study the spatial 

relationships between cells, such as nearest neighbour analysis (Attrill et al., 2022a, Attrill et 

al., 2022b). While cells can be studied in the context of other cells in tissue, they can also be 

studied in the context of broader tissue architecture, with the most prominent examples of this 

being in cancer research with the study of leukocytes in relation to the tumour border. 

Infiltration analysis can measure the proximity of surrounding leukocytes to the tumour as 

well as their infiltration into the tumour mass itself and leukocyte infiltration has been 

associated with better patient prognosis in many studies (Pagès et al., 2010, Grabovska et al., 

2020). While infiltration analysis has been effective to measure the distribution of cells in 

relation to the border of solid tumour, there remains an absence of spatial tools to characterise 

cell distribution in other types of lesions, such as granulomas.  

Granulomas are organised lesions that occur in a number of diseases (Segal et al., 

2000, Modlin and Rea, 1988, Ramakrishnan, 2012). Granulomas are comprised of a diverse 

assortment of leukocytes and have varying spatial cellular distributions including lesions with 

a solid cellular core and lesions with a necrotic acellular core (Hunter et al., 2011). TB is a 

major disease associated with the formation of granulomas, and TB granulomas serve as sites 

of infection and cause of immunopathology (Hunter et al., 2014, Medlar, 1948). An 

understanding of the spatial cellular structure of the TB granuloma will be important in 

understanding why some granulomas resolve while others facilitate bacterial persistence and 

form necrosis. The development of future drugs targeting M.tb will also benefit from an 

understanding of granuloma structure as drugs must penetrate through granulomas to reach 

the bacteria within. Previous studies that have imaged the TB granuloma with single cell 
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resolution have examined cell relationships within selected 20x fields of view (FOV) from 

the TB infected lung, rather than attempting to characterise the cellular distribution of entire 

granulomas (McCaffrey et al., 2022, Abengozar-Muela et al., 2020). Therefore, the cellular 

structure of the TB granuloma remains poorly defined. 

In this chapter I have developed a series of spatial algorithms to characterise cell 

distribution of entire granulomas built on whole slide imaging with single cell resolution. I 

first develop a tool to quantify the intra-lesion cell density and reveal whether the cells 

comprising the granuloma tend to distribute more centrally or peripherally in the lesion. I 

next develop a tool to quantify whether cells major immune cell lineages localise more 

centrally or peripherally in the lesion relative to the other cells in the lesion. I finally develop 

a tool to quantify the distance between each lesion in the tissue to address research questions 

regarding the organisation of lesions across the entire tissue section. For each tool, I also 

develop an appropriate method to visualise and statistically analyse the data produced. In the 

following section I describe the methods, results, and discussion specific to developing these 

spatial analytic tools.  
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4.2 Results and discussion 

4.2.1 TB lesions have diverse intra-lesion cell density 

Necrotising TB granulomas are distinguished from non-necrotising granulomas by the 

presence of a central necrotic area. Necrotising granulomas can be clearly delineated from 

non-necrotising granulomas in haematoxylin and eosin (H&E) staining by the presence of 

necrotic tissue in the lesion core (Fig. 4.1A), as well in DAPI staining by an absence of nuclei 

in the central region of a lesion (Fig. 4.1B). Upon staining TB lung with DAPI, I observed 

that the cells within individual non-necrotising lesions were unevenly distributed (Fig. 4.2A). 

This ranged from lesions with a dense, cellular central area to others with a sparse, cellular 

central area. This diversity in lesion structure was especially evident when visualised with a 

density heatmap (Fig. 4.2A). Since there is no available analytic tool capable of documenting 

the spatial organisation unique to mycobacterial granulomas, I thus sought to develop an 

algorithm to quantify intra-lesion cell distribution. Ideally such an equation should give a 

single number readout that can quantify intra-lesion cellular structure, ranging from tight 

cellular distribution through to a loose and finally necrotic structure (Fig. 4.2B). 

The software HALO (Indica Labs) was chosen as the program in which to develop 

this algorithm for several key reasons. Firstly, the annotation tool in HALO allows for the 

borders of lesions to be defined precisely according to lesion shape. Additionally, the 

infiltration analysis tool, within the spatial analysis module of HALO, enables cell 

quantification across spatially defined regions. It can measure the density of cells within set 

ranges of annotated areas, as well as assign a distance to each individual cell from annotated 

areas such as lesion borders. Finally, HALO is powerful enough to process large tissues in 

excess of 1 million cells and is able to run batch analyses of the infiltration tool which can 
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process hundreds of lesions within a section from a single command without the need for 

additional user input. 
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Figure 4.1. Diverse pathological presentations in M.tb-infected human lung. Serial lung 

tissue sections from a TB patient stained with (A) H&E or (B) DAPI with necrotising areas 

illustrated by dotted lines.  
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Figure 4.2. Cells in non-necrotizing lesions show diverse spatial distribution preference. 

(A) Images of DAPI-stained tissue showing variations in intra-lesion cell distribution (top 

panel). Heatmap images showing the same three lesions with relative cell density in the 

central and peripheral regions indicated (bottom panel). (B) Schematic diagram illustrating 

the changing intra-lesion cell distribution ranging from a lesion with a dense centre to a 

lesion with an acellular centre. 
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4.2.2 Lesion centroid is not a reliable reference point for quantifying cellular centrality 

of TB granulomas 

To develop an algorithm to quantify intra-lesion cell distribution (central verses peripheral 

localisation), it was first necessary to define the central and peripheral regions of each lesion. 

The most intuitive way to approach this was to identify the centroid of each lesion and use 

this as a reference point around which to measure cell density (Fig. 4.3A). The centroid of 

each lesion was calculated by first drawing a rectangular bounding box around the lesion 

using the maximum and minimum X and Y values of the lesion. The X and Y locations of the 

lesion centroid were then calculated as  

 

𝑋𝑋𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =  
𝑋𝑋𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 +  𝑋𝑋𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

2
 

𝑌𝑌𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =  
𝑌𝑌𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 +  𝑌𝑌𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

2
 

 

The distance of each cell in the lesion from the centroid can then be calculated. To do 

this, the centroid of each lesion must be indicated in HALO using the annotation tool and all 

centroid annotations can be stored together in the same annotation layer (Fig. 4.3B). The 

infiltration analysis tool can then be used to measure the distance of all cells in the lesion 

from the centroid. The centroid must be selected as the interface layer and the layer 

containing the lesion border must be selected as the tissue annotation layer. The outside range 

must be set to a value high enough to cover the entire lesion and “Store object (cell) data” 

must be set to true in order to acquire an individual readout for each cell rather than simply an 

average distance readout for all cells in the lesion. Following infiltration analysis, the object 
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data can be exported into R and the location distance of all cells in a lesion from the centroid 

can then be visualised with the ggplot2 package.  

To determine whether distance from the lesion centroid provides an accurate 

estimation of the central and peripheral areas of a lesion (Fig. 4.3C). I also coloured all cells 

in each lesion according to whether they fell above or below the median distance from the 

lesion centroid (Fig. 4.3D). Ideally the lesion should appear visually separated into the inner 

50% of cells and outer 50% of cells. I observed that in lesions with a circular shape (high 

circularity score), using the lesion centroid was able to accurately divide lesions into central 

and peripheral regions. However, in lesions with an irregular shape (lower circularity score) 

the 50% of cells closest to the centroid did not correspond with the innermost 50% of cells in 

the lesion and even included some cells from the lesion border. This issue became more 

pronounced the lower the lesion circularity score (Fig. 4.3D). To calculate the lesion 

circularity score required knowledge of the lesion area and border length, which were both 

obtained in the annotations panel in HALO. The circularity score was calculated as 

 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =  
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2

4𝜋𝜋 × 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
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Figure 4.3. Lesion centroid is not an accurate reference point for quantifying cell 

centrality within mycobacterial lesions. (A) Schematic lesion images with individual cells, 

lesion centroid, as well as maximum and minimum X and Y cell values indicated (left panel). 

The same lesion image with the direction of measurement outward from the centroid 

indicated (right panel).  (B) Settings required to measure the distance of cells away from the 

lesion centroid using the infiltration analysis tool in HALO software. (C) Three lesion images 

with different circularity showing the distance of each cell from the lesion centroid indicated 

by colour. The circularity of each lesion is shown above each lesion images. (D) The same 

three lesion images as (C) with cells coloured based on their distance from the centroid. The 

blue and green colours indicate their distance from the lesion centroid, whether greater or 

lesser than the median distance of all cells in the lesion respectively. 

121



4.2.3 Central and peripheral regions can be accurately defined by the distance of 

individual cells from the lesion border 

Given the shortcomings of attempting to define the central region of a lesion relative to the 

lesion centroid, I developed an alternative approach which measures the shortest possible 

distance of each cell to the lesion border (Fig. 4.4A). With this approach the cells with 

furthest distance to the lesion border are considered the most central cells in the lesion, while 

those with the shortest distance to the lesion border were considered the most peripheral.  

To calculate the minimum distance of each cell within a lesion to the lesion border the 

infiltration analysis tool in HALO was employed. The lesion border was selected as both the 

interface layer and the annotation layer (Fig. 4.4B). The outside range was set to zero and the 

inside range was set large enough such that the entire lesion area would be analysed. Once 

again, the “Store object (cell) data” was set to true to obtain single cell data.  

Cells were again coloured according to distance, but this time by distance from lesion 

border (Fig. 4.4C) and I again separated cells according to whether they fell above or below 

the median distance from the lesion border (Fig. 4.4D). I found that using distance from the 

lesion border provided excellent separation of the central and peripheral regions of lesions 

and did so regardless of the lesion circularity score. Therefore, I considered the distance from 

the lesion border of each cell as a way to classify how centrally each cell in the lesion was 

located in the intra-lesion space. 
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Figure 4.4. Lesion border is a useful reference point for defining central and peripheral 

intra-lesion cell distribution. (A) A schematic lesion image with the individual cells, lesion 

border and the direction of measurement inward from the border indicated. (B) Settings 

required to measure the distance of cells away from the lesion border using the infiltration 

analysis tool in HALO software. (C) Three lesion images with the distance of each cell from 

the lesion border indicated by colour. The circularity of each lesion is also indicated above 

each lesion. (D) The same three lesion images as (C) with cells coloured according to 

whether their distance from the lesion border is greater or less than the median cell distance 

in the lesion. 
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4.2.4 Total Central Preference Index (tCPI) is a novel algorithm that defines intra-lesion 

cell density 

Having a method to quantify central and peripheral lesion regions, I aimed to develop a single 

digit readout of whether the intra-lesion cell density was highest in the lesion centre (dense 

core) or in the periphery (sparse or necrotic lesion core). I observed that the intra-lesion cell 

density changed depending on the median distance of cells from the border. When the median 

distance of cells from the lesion border was relatively low, this corresponded with a lower 

density of cells in the lesion centre. On the contrary, when the median distance of cells from 

the lesion border was relatively high, this corresponded with a higher density of cells in the 

lesion centre (Fig. 4.5A). However, the median distance of cells from the lesion border could 

not be used as a tool to quantify intra-lesion cell density across lesions as it also changed 

depending on lesion size (Fig. 4.5B). Two lesions of different sizes will have different 

median distances from the lesion border despite the fact they have the same intra-lesion cell 

density.  

 I also observed that the relative areas covered by the inner and outer 50% of cells 

appeared to change depending on the intra-lesion cell density. The inner 50% of cells covered 

a relatively small area in lesions with a tight structure due to the high cellular density in the 

lesion centre. Comparatively the inner 50% of cells covered a relatively large area in lesions 

with a loose structure due to the low density of cells in the lesion centre (Fig. 4.5C). The ratio 

between size of areas covered by the inner and outer 50% of cells could therefore be used as a 

tool to quantify the intra-lesion cell density. Additionally, because this measurement is a 

ratio, it is not affected by lesion size and can be used comparatively between lesions.  

The area covered by the outer 50% of cells was calculated in HALO using the 

infiltration analysis tool and setting the lesion boundary as both the interface and tissue 
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annotation layer. The median distance of cells from the lesion border was input as the inside 

range and “Store object (cell) data” set to false as single cell data was not required. Following 

infiltration analysis, the area covered by the outer 50% of cells was obtained as the “Total 

interface area (mm2) from the summary data (Fig. 4.5D). The area covered by the inner 50% 

of cells was calculated by subtracting the area of the outer 50% of cells from the total lesion 

area.  
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Figure 4.5. Intra-lesion cell density can be quantified by comparing the areas covered 

by the inner and outer 50% of cells. (A) Density heatmaps of two lesions differing in intra-

lesion cell distribution (top panel). Lesion images of the same two lesions coloured according 

to whether the distance of the individual cells from the lesion border is greater or lesser than 

the median cell distance in the lesion (bottom panel). The median distance to the lesion 

border is also indicated. (B) Density heatmaps of two lesions with different sizes (top panel). 

Lesion images of the same two lesions coloured according to whether their distance from the 

lesion border is greater or lesser than the median cell distance in the lesion (bottom panel). 

The median distance to the lesion border is also indicated. (C) Density heatmaps of two 

lesions with different intra-lesion cell distributions (top panel). Lesion images of the same 

two lesions coloured according to whether their distance from the lesion border is greater or 

lesser than the median cell distance in the lesion (bottom panel). The areas occupied by the 

inner and outer 50% of cells are indicated. (D) Settings required to calculate the area of the 

outer 50% of cells using the infiltration tool in HALO software. 
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The final algorithm used to quantify intra-lesion cell density was termed the total Central 

Preference Index (tCPI) (Fig. 4.6A) and was calculated as 

 

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 (𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 50% 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) 

 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 (𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑜𝑜𝑜𝑜 𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑙𝑙𝑙𝑙𝑙𝑙)
 

 

tCPI will return a value greater than 0.5 if the lesion has a tight central structure and a value 

less than 0.5 if the lesion has a loose or necrotic central structure (Fig. 4.6B). A value of 0.5 

implies that the density of the central and peripheral regions of the lesion are the same. 

Therefore, tCPI allows for a simple readout that quantifies the overall cellular structure of 

lesions and is comparable between lesions of any size and any shape.   
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Figure 4.6. tCPI is a single number measurement for intra-lesion cell localisation 

preference. (A) A lesion image with areas coloured according to which cells are closer or 

further from the lesion border relative to the median distance (top). Equation used to calculate 

tCPI (bottom). (B) Schematic diagram illustrating the intra-lesion cell distribution patterns 

and their corresponding tCPI. 
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4.2.5 Band-based infiltration analysis is not practical for quantifying intra-lesion cell-

type distribution 

While tCPI is designed to quantify the spatial distribution of total cells within a lesion, it is 

also of interest to calculate the relative locations of specific cell types. This can inform 

whether a given cell type is present in a central or peripheral location within the lesion and 

may also inform the level of accessibility that cell type has to pathogens within the lesion. In 

cancer studies, this is usually quantified by measuring the density of each cell type within a 

series of bands moving inward from the outer border of the tumour and is used to determine 

the depth of penetration of leukocyte populations into the tumour tissue (Fig. 4.7A). This 

approach can be performed in HALO using the infiltration tool with as many bands as desired 

(Fig. 4.7B).  

The typical output of band-based infiltration analysis is the density histogram, in 

which each bar corresponds to the density of a cell of interest within bands, progressively 

moving inward from the lesion border (Fig. 4.7C). This is an effective way to visualise the 

data if the goal is to present the overall distribution of cells in a representative lesion or to 

compare the density of cells in specific bands between multiple lesions. However, to visualise 

the distribution of cells across multiple lesions requires multiple density histograms, and 

while this may be practical in a small number of lesions, when the number increases to 

dozens of lesions this approach becomes impractical as a tool to visualise the intra-lesion 

distribution of cell-types (Fig. 4.7D). 

I designed an alternative approach to visualise cell distribution across multiple 

lesions, also based on band-based infiltration analysis, but using heatmaps instead of density 

histograms to visualise the data (Fig. 4.7E). In this approach, one axis of the histogram 

corresponds to bands from the lesion border, the other axis corresponds to each lesion and the 
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colour corresponds to cell density. A single histogram is required for each cell type. This 

approach enables the visualisation of the overall distribution of each cell type in a large 

number of lesions. However, this approach also has several drawbacks. As the data for each 

cell-type is stored as the density of multiple bands across a large number of lesions, there is 

no simple way to quantify and compare the intra-lesion distribution between different cell-

types statistically. Further, if a comparison is warranted between both cell-types as well as 

different types of lesions (i.e., necrotising, non-necrotising), then an array of heatmaps is 

required (Fig. 4.7F). Additionally, heatmaps are impractical to visualise intra-lesion cell 

distribution when the number of lesions analysed is in the hundreds, as the heatmap size must 

become impractically large. 
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Figure 4.7. Band-based infiltration analysis is not practical for quantifying intra-lesion 

cell-type distribution in high numbers of lesions and across lesion types. (A) Schematic 

lesion image with cells coloured according to cell type (left). Lesion image with bands 

indicating regions in ten increments from lesion border (right). In both lesion images the 

lesion border is indicated. (B) Settings required to measure the density of a cell population in 

incremental bands from the lesion border using the infiltration analysis tool in HALO 

software. (C) Example density histograms indicating the cell density of two cell types in ten 

bands from the lesion border of a single lesion. (D) Example density histograms to visualise 

the cell density in ten bands from three cell types in four lesions. (E) Example heatmaps 

indicating the cell density of two cell types in ten bands from the lesion border from sixteen 

lesions. (F) Example heatmaps required to indicate the cell density of three cell types and 

lesions from three lesion types. 
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4.2.6 Immune Cell Preference Index (immCPI) quantifies and enables visualisation of 

the intra-lesion cell-type distribution across any number of lesions and lesion types 

It was evident that any analysis tool to compare the intra-lesion distribution of each cell-type 

between lesions should rely on a single readout for each cell type per lesion, rather than a 

readout across multiple bands. A single readout will enable ease of visualisation and 

statistical comparison between high numbers of lesions and lesion types. To develop such an 

analytical tool, I started with the mean distance of each cell-type from the lesion border as 

well as the mean distance of all cells in the lesion from the lesion border (Fig. 4.8A). This 

was calculated in HALO using the infiltration analysis tool, with the lesion border set as both 

the tissue annotation layer and the interface layer (Fig. 4.8B). The cells/objects was set to 

only the cell of interest and inside range was set high enough to cover the entire lesion. “Store 

object (cell) data” was set to true to store single cell data.  

 I observed that the mean distance of each cell type to the lesion border changed 

depending on whether the cell type was more peripherally or centrally distributed within the 

lesion (Fig. 4.8C). To avoid this measurement being confounded by lesion size or lesion tCPI, 

I normalised the mean distance of each cell of interest to the mean distance of all cells in the 

lesion. This measurement was termed immune cell preference index (immCPI) (Fig. 4.8D) 

and was calculated as  

 

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =  
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
 

  

When the immCPI calculation returns a value of 1, this means that the cell type of interest is 

evenly distributed in the lesion relative to all cells in the lesion (Fig. 4.8E). If the immCPI is 
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higher than 1, this implies that the cell type of interest is distributed closer to the lesion centre 

on average relative to all cells in the lesion. For example, an immCPI measurement of 2 

indicates that the cell type being measured is on average twice as close to the lesion centre 

compared to all cells in the lesion. On the contrary, if the immCPI measurement is below 1 

this indicates that the cell type of interest is located more peripherally in the lesion compared 

to the average cell in the lesion and a value of 0.5 would imply that the cell type is located 

twice as close to the lesion periphery compared to the average of all cells.  

As the immCPI measurement returns a single value for each cell type in a lesion, 

statistical comparisons can readily be made between different cell types across an indefinite 

number of lesions or of the same cell type different lesion types (Fig. 4.8F). The immCPI of 

each cell type in a lesion can be visualised as a single point in a plot and large numbers of 

lesions can be readily visualised with violin plots or box plots. Thus, the immCPI 

measurement offers a practical approach to both visualise and statistically analyse the intra-

lesion distribution of different cell types across large numbers of lesions and lesion types.  
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Figure 4.8. immCPI quantifies intra-lesion cell-type distribution in any number of 

lesions and across lesion types. (A) A lesion image with only the cell of interest visualised 

and the closest distance of each cell to the lesion border indicated (left). A lesion image with 

all cells (grey) illustrated and the closest distance of each cell to the lesion border indicated 

(right). The lesion border is also indicated in both lesion images. (B) Settings required to 

measure the distance of each cell from the lesion border using the infiltration analysis tool in 

HALO software. (C) A schematic lesion image with the mean distance of both the cell of 

interest and all cells indicated by bands within the lesion. (D) Equation used to calculate 

immCPI. (E) Schematic diagram of lesions with representative immCPI measurements. Red, 

cells of interest; grey, the rest of the cells. (F) Example plots comparing the immCPI of two 

cell types between different lesion types. 134



4.2.7 Lesion neighbourhood analysis quantifies the inter-lesion tissue superstructure 

Having established two spatial analysis tools for intra-lesion cellular analysis, I also aimed to 

develop a tool to quantify the spatial relationships between lesions across the entire tissue 

section (Fig. 4.9A). This first required the measurement of the shortest possible distance 

between each pair of lesions in the tissue (Fig. 4.9B). HALO does not have the capacity to 

perform this measurement, so the object data file for each patient sample was exported into 

R. R offers greater flexibility in the spatial calculations that can be performed due to its

command line interface (CLI) in which user generated functions can be developed. The 

object data file for each patient was imported into R, which is a data frame consisting of each 

cell and information about its features, including the cell’s spatial location in the tissue. Any 

additional data such as whether the lesion is a necrotising or non-necrotising lesion can also 

be included in the object data. 

The pointDistance function from the Raster package (Hijmans. and Etten., 2012)

was employed to calculate the minimum distance between each pair of lesions. This function 

operated by measuring the distances between every cell in the first lesion to every cell in the 

second lesion, which created large data tables for each lesion pair, with the cells of each 

lesion populating the two axes and the distances between every cell pair filling the table cells 

(Fig. 4.9C). The minimum function was used to identify the minimum cell-cell distance

between the two lesions, and this was considered the distance between the two lesions. The 

minimum distances between each lesion pair were stored in a single data table for each 

patient (Fig. 4.9D). 

This measurement was termed Lesion Neighbourhood Analysis and can be used to 

determine whether lesions of different types tend to locate closer or further to any other 

particular lesion or lesion type (Fig. 4.9E). For example, it can be tested whether two 

135



different types of non-necrotising lesions locate differently in the tissue relative to necrotising 

lesions. More broadly, this analysis tool can be used to determine whether the spatial 

arrangement in a patient tissue is random or follows a certain pattern to form a superstructure. 
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Figure 4.9. Lesion neighbourhood analysis quantifies inter-lesion distances. (A) Diagram 

of multiple lesions within the tissue space with individual cells and lesion borders indicated.  

(B) Diagram of three lesions with the distance between each cell pair of the three lesions 
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pair (C) Table generated to calculate lesion neighbourhood analysis that stores the distance 
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4.2.8 Generation of datasets using the LANDSCAPE method   

The three tools generated in this chapter for lesion-level spatial analysis were together termed 

LANDSCAPE (Lesion And Neighbourhood Description Stratified by cellular Composition 

And Position Estimates). The data generated from performing LANDSCAPE analyses can be 

pooled together in R to create two types of data table from which many further analyses can 

be performed. 

 The cell data table, which is based on the HALO object data, each row represents a 

single cell, while each column represents a feature of that cell (Fig. 4.10A). Cells from all 

patients can be pooled together and information about which patient and specific lesion each 

cell belongs to are stored as features. Any phenotypic information for the cell can be stored 

here, such as what type of cell it is and whether it is positive for any functional markers. The 

X and Y location of each cell are also preserved in the table as well the distance of the cell 

from the lesion border (for cells that are part of a lesion) used in the tCPI calculation. 

Additionally, the nearest neighbour function in HALO (from the spatial analysis module) can 

be used to calculate the distance of each cell to another particular cell type. For example, the 

distance of every cell to the nearest CD4+ T cell can be calculated and stored as a feature in 

this table. Altogether, the data stored in this table can be used to address specific research 

questions, for example, do replicating B cells in the centre of type 1 lesions tend to be closer 

to CD4+ T cells compared to those in type 2 lesions? Cells with a particular phenotype and 

particular intra-lesion location can be readily isolated from the cell data table and a plethora 

of comparisons can be made between lesions.  

 The lesion data table generated in R is based on the HALO summary data and in this 

case each row corresponds to a particular lesion while each column corresponds to a feature 

of that lesion (Fig. 4.10B). Lesion features include basic phenotypic characteristics such as 
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patient and lesion size, as well as compositional information such as the number of each cell-

type present in the lesion. Spatial information about the lesion can also be stored in this table, 

including the density and immCPI of each cell type as well as the tCPI for the lesion. Lesion 

neighbourhood information such as the lesion distance to the closest necrotising lesion can 

also be stored as a feature. The lesion data table can be used to address specific research 

questions, such as does the immCPI of CD4+ T cells in non-necrotising lesions with a low 

tCPI change depending on the distance of the lesion to a necrotising lesion? The multi-

dimensional nature of the lesion data table allow it to be used to address questions involving 

both compositional and spatial features of the lesion.  

Overall, the LANDSCAPE method enables simple readouts of major intra- and inter-

lesion spatial characteristics that can be effectively visualised and statistically analysed. 

 

4.2.9 Limitations of LANDSCAPE analysis  

There are two primary limitations on the use of the LANDSCAPE tool. HALO software is 

required to perform the spatial algorithms comprising LANDSCAPE, however, HALO is 

prohibitively expensive to many researchers. This limits the accessibility of LANDSCAPE 

and future iterations of the tool could be built as a plugin in a free-to-use image processing 

system such as ImageJ, which would enable broader access. A further limitation of the 

LANDSCAPE tool is that it requires basic proficiency in R in order to perform lesion 

neighbourhood analysis. This could be alleviated in the future through the development of an 

interactive web app using the Shiny R package that enables lesion neighbourhood to be 

calculated with a more accessible GUI.  
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4.3 Concluding remarks 

The three analysis protocols developed in this chapter represent the first tools to study both 

intra-lesion and inter-lesion spatial distribution of granulomas with single cell resolution. 

Data generated using these approaches can be readily visualised and statistically analysed. 

These approaches can be applied to any granulomatous disease and potentially, more broadly 

to other types of tissue lesions. The following chapter will apply these tools to study 

granulomas in TB lung samples.  
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Chapter 5 

Spatial mapping of human lung tissue reveals 

granuloma diversity and histopathological 

superstructure in TB 
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5.1 Introduction 

TB remains a major cause of mortality with 1.5 million deaths in 2020 (WHO, 2021). 

Development of new TB vaccines and therapeutics remains a global priority and will depend 

on a clearer understanding of mechanism mediating host resistance to M.tb, the causative 

agent of TB (O'Garra et al., 2013, Orme et al., 2015, J Libardo et al., 2018). The battle 

between the host and the pathogen occurs at the level of immune cell-enriched lesions called 

granulomas (Ramakrishnan, 2012). While being recognized as a protective structure for 

walling-off infection, granulomas also contribute to the survival of mycobacteria and 

importantly are the major manifestation of organ damage (Hunter, 2015, Hunter, 2011b, 

Cohen et al., 2022, Lin et al., 2014).  

Despite the realisation of the critical role of granulomas in host defence, the cellular 

basis of mycobacterial granuloma formation is incompletely defined. Investigations of 

granulomas in human tissues are hampered by the lack of access to clinical samples and 

limited imaging technologies. In addition, commonly used laboratory mouse strains do not 

form lesions with the key features of human granulomas (Basaraba and Hunter, 2017, 

Williams and Orme, 2016, Barry et al., 2009). These hurdles are further compounded by the 

challenges in granuloma classification due to the high variation in lesion size and 

histopathological features in diseased human tissues (Cadena et al., 2017, Hunter et al., 

2011). Consequently, most studies choose to characterise one or two types of lesions (e.g., 

non-necrotising and necrotising) in isolation. The extent of variation across non-necrotising 

TB lesions is unknown. 

Recent advances in spatial transcriptomics and proteomics technologies enable 

researchers to image mycobacterium-infected tissues at various levels. In this regard, spatial 

transcriptomics have provided comprehensive gene expression information across tissue 

sections of human leprosy (Ma et al., 2021) and murine TB (Carow et al., 2019), although the 
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current technologies do not have the resolution required for single-cell imaging. Antibody-

based multiplexed tissue imaging approaches (Abengozar-Muela et al., 2020, McCaffrey et 

al., 2022), including one with MIBI-TOF, have been employed to examine human TB 

granulomas with single-cell resolution. The MIBI-TOF study has successfully revealed 

diverse micro-environments within human TB granulomas (McCaffrey et al., 2022). 

However, this approach interrogates mainly the selected regions of individual lesions; its 

scope in tissue-wide cross-lesion comparative analysis is limited (Tan et al., 2020, Hartmann 

and Bendall, 2020). Because only a subset of lesions were analysed, it is unclear whether the 

observed difference in microenvironments reflects the cellular structural variations within a 

lesion or across multiple lesions. Therefore, revealing the level of granuloma diversity by 

analysing many lesions across large areas of diseased tissue will deepen the understanding of 

the intra-lesion microenvironment characterised by high-dimension phenotyping.  

To capture all cellular structures present in a TB lung tissue sample, I have employed 

multiplex Opal IF to map the tissue-wide immune landscape (size ranging from 100 to 300 

mm2, ten TB patients in total) with single cell resolution. Moreover, I developed a novel 

granuloma identification strategy to minimise the subjectivity and bias commonly associated 

with lesion analysis. By utilising the novel single-cell spatial analysis developed in chapter 4 

on 657 lesions (defined as distinct immune cell aggregates) with approximately 7 million 

cells, I established that human TB lung tissues contain, in addition to well-recognised 

necrotising lesions, at least four types of compositionally and spatially distinct non-

necrotising lesions. Further spatial analysis demonstrated that the latter lesion structures are 

shaped by the neighbouring necrotising granuloma as well as by intra-lesion organisation of 

immune cells, suggesting that granuloma architecture is governed by lesion-intrinsic and 

extrinsic signals in human TB. 
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5.2 Materials and methods 

5.2.1 Patient Cohort 

I utilised a retrospective study cohort of patients from the Shenzhen Third People’s Hospital 

(Shenzhen, China). The study was approved by the Research Ethics Committee of the 

Shenzhen Third People’s Hospital (protocol ID #: 2016-081). All archival clinical specimens 

were analysed, with no active participation of human subjects. Active TB diagnosis was 

based on clinical symptoms, chest radiography, pathological result, microscopy for acid-fast 

bacilli, M.tb culture, and GeneXpert analysis of sputum (Tab. 5.1). For patients without 

positive TB culture of GeneXpert results, justification for resection was based on both 

radiological findings indicative of active TB and failure to respond to TB drug treatment. All 

patients had undergone treatment for between 3-96 months preceding resection and 

rifampicin resistance was identified in five out of ten patients.  Serial sections (5 μm) of each 

specimen were stained with H&E and inspected by two clinical pathologists to evaluate the 

presence of granulomatous inflammation. Patients with comorbid HIV were excluded from 

the study. All patients with TB were undergoing anti-TB therapy. 

5.2.2 OPAL staining 

Patient tissues were mounted on slides and OPAL multiplex staining, image acquisition, 

image stitching, cell segmentation and cell phenotyping were performed as described in 

chapter 2. 
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Table 5.1. Clinical information of TB patients. 

# Age 
* 

Sputum 
smear 

TB 
culture 

Gen-
Xpert 

Pathological 
diagnosis 

X-ray or CT
data

Surgical 
resection 

1 38 - ** - ND
***

There are 
scattered 
granulomas, 
some 
necrotising, 
consistent with 
pulmonary TB 

Consider the 
possibility of 
pulmonary TB 
in the left lung 

Left upper 
lobe lung 

2 46 - - + 
**** 

There are 
scattered 
granulomatous 
nodules, some 
with caseous 
necrosis, 
consistent with 
pulmonary TB 

The lesions in 
the posterior 
segment of the 
upper lobe apex 
of the left lung 
were considered 
to be pulmonary 
TB 

Left upper 
lobe lung 

3 30 - + + It is consistent
with pulmonary
TB, with
caseous necrosis
and granuloma
formation

Consider the 
possibility of 
pulmonary TB 
(TB bulb) in the 
left lung 

Left upper 
lobe lung 

4 28 - - ND It is consistent 
with pulmonary 
TB, with 
caseous necrosis 
and granuloma 
formation 

A few 
inflammatory 
lesions in both 
lungs, and the 
possibility of 
lymph node TB 
was considered 

Right 
upper lobe 
lung 

5 22 + + + It is consistent
with pulmonary
TB, with
caseous necrosis
and granuloma
formation

Double 
pulmonary 
infective lesions, 
raising the 
possibility of 
pulmonary TB, 
with double 
pulmonary 
cavity formation 

Right 
upper lobe 
lung 

6 23 ND - + It is consistent 
with pulmonary 
TB, with 
caseous necrosis 
and granuloma 
formation 

Multiple 
nodules in the 
lower lobe of 
the left lung, TB 
is not excluded 

Left lower 
lobe lung 
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7 25 ND + + It is consistent 
with pulmonary 
TB, with 
caseous necrosis 
and granuloma 
formation 

Nodules in 
Posterior 
segment of right 
upper lobe lung 

Posterior 
segment of 
right upper 
lobe lung 

8 42 - ND ND It is consistent 
with pulmonary 
TB, with 
caseous necrosis 
and granuloma 
formation 

Nodules in the 
upper lobe of 
the left lung. A 
few chronic 
pneumonia 
changes in both 
lungs 

Left upper 
lobe lung 

9 36 - - - There are 
scattered 
granulomatous 
nodules, some 
with caseous 
necrosis, 
consistent with 
pulmonary TB. 

TB, granuloma 
of superior lobe 
of left lung 

Left upper 
lobe lung 

10 49 - - ND There are 
scattered 
granulomatous 
nodules, some 
with caseous 
necrosis, 
consistent with 
pulmonary TB. 

Inflammatory 
lesions, TB was 
considered in 
the left upper 
lobe of lung 

Left upper 
lobe, lung 
apex 

 

* Age in years 

** “-“ indicates a negative result 

*** ND, not done 

**** “+” indicates a positive result 
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5.2.3 Density based tissue region identification 

Kernel density analysis on the XY location of all cells within each patient sample was 

performed using the “kde2d” function in the MASS (Venables and Ripley., 2002) package in 

R using bandwidth of 500 within a 500 by 500 grid. 3D projections were created with the 

“persp” function and coloured with the “viridis” function from the Viridis package 

(Garnier et al., 2021). Relative to the maximum cell density in each patient the healthy region 

was defined by densities between 0-25%, consolidated region between 25-50% and aggregate 

region between 50-100%. To visualise the regions defined by cellular density on tissue 

images the Density Heatmap tool in HALO was used to map density across the entire tissue 

section and the Annotation tool was used to define the regions for export. 

 

5.2.4 Density based lesion identification 

To define individual lesions, Kernel Density Analysis was further performed on lesions that 

were stained positively for at least one of four immune cell markers (CD20, CD68, CD4 or 

CD8) in R. 3D density projection was again performed with “persp” function and areas 

between 25-100% of the maximum cell density were considered as diseased tissue areas. 

Lesions were identified using HALO with the density heatmap function and lesion 

boundaries were drawn using the annotation tool. Cell segmentation was performed in batch 

on all lesions and object data was exported to R. 

 

5.2.5 Lesion clustering analysis based on intra-lesion immune cell density  

The area of individual lesions was determined using HALO summary data in R. The relative 

abundance of individual immune cell populations in each lesion was expressed as immune 

cells per mm2 lesion area. Lesion clustering analysis was performed using principal 

component analysis (PCA) with density of CD8+, CD20+, CD4+ and CD68+ cells used as 
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parameters. PCA was performed in R with the prcomp function with “scale = True”. 

PCA results were visualised using the factoextra package (Kassambara and Mundt., 2021) 

with functions “fviz_pca_ind” and “fviz_pca_var”. 

 

5.2.6 Spatial analysis of necrotising granulomas 

The tCPI, immCPI and lesion neighbourhood measurements were calculated as described in 

chapter 4. The necrotic distance index was determined by calculating the distance from all 

cells in each necrotising lesion from the necrotic interface. The borders of necrosis within 

necrotising lesions were drawn with the annotation tool based on an absence of staining in the 

DAPI channel. The distance of all cells from the necrotic interface within each necrotising 

lesion was then measured using the infiltration analysis tool. The necrotic distance index was 

then calculated as follows  

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 =  
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐴𝐴𝐴𝐴𝐴𝐴 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
 

 

 

5.2.7 Macrophage / monocyte distribution withing necrotising lesions 

The measurements of macrophage distances from the necrotic interface were 

calculated using the infiltration analysis tool in HALO. All necrotic border annotations from 

each patient were stored in the same annotation layer. This layer was then chosen as the 

interface layer in the infiltration analysis tool and all macrophages within the patient were 

selected for analysis. The “store object data” option was set to “false” as only average data 

for each patient was required.  
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5.2.8 Lesion trajectory analysis 

Data from immune cell densities, tCPI and immCPI were collated into a matrix and functions 

from the SCORPIUS package (Cannoodt et al., 2016) were used to produce the trajectory plot 

and trajectory heatmap. 
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5.3 Results 

5.3.1 Active pulmonary TB is associated with extensive tissue consolidation and 

development of immune cell aggregates in the lungs 

To gain information on tissue-wide inflammatory response to M.tb infection in human lungs, 

I first examined H&E-stained tissue sections obtained from ten patients who underwent 

partial surgical lung resection due to unsuccessful TB drug therapy. Major histopathological 

changes were evaluated by two independent clinical pathologists. The analysis revealed that, 

in contrast to healthy lungs with clear alveolar space, the landscape of diseased tissues was 

highly complex with regions of consolidation and foci of leukocytes (Fig. 5.1A). The well-

recognised necrotising granulomas were frequently accompanied by many non-necrotising 

granulomas and lymphoid aggregates (Fig. 5.1B). The superstructure was consistently 

observed across all but one patient sample (n=10) (Fig. 5.1A and 5.1C), suggesting that the 

multifaceted histopathological landscape is common in the lungs of active TB patients. 
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Figure 5.1. Active pulmonary TB is characterised by development of histopathological 

superstructures in the lung. (A) A TB lung tissue section stained with H&E with various 

histological and histopathological features indicated. (B) Enlarged example images of distinct 

lesion types identified in (A). The outer and inner borders of necrotising lesions were marked 

with solid and dotted red lines, respectively. The borders of non-necrotising lesions were 

marked with solid black lines. (C) Proportion of non-necrotising granulomas and lymphoid 

aggregates across 10 patients. Each colour represents one type of non-necrotising structure. 
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To capture the immune landscape across entire lung sections, tissues were stained with 

the major immune lineage markers CD68 (Macrophages), CD20 (B cells), CD8 (CD8+ T 

cells) and CD4 (CD4+ T cells), together with nuclear dye DAPI (Fig. 5.2A). High-resolution 

20X regional images acquired using the Akoya Vectra system were stitched digitally to 

reconstruct the images of the entire plane of the tissue section, allowing for visualisation of 

each tissue section in its entirety and at a single cell resolution. I observed extensive 

infiltration of immune cells across all tissue sections, which was mirrored in the HE-stained 

serial sections from the same patient.  

To assess whether the diverse structures defined pathologically could be captured and 

analysed at single-cell level, I first examined nuclear dye DAPI expression on TB lung tissue 

sections. To objectively distinguish healthy lung tissue from consolidated areas and cellular 

aggregates in the IF images, healthy and inflamed regions were first stratified based on the 

relative density of nucleated cells on the tissue-wide Opal IHC image following cell 

segmentation with DAPI using HALO software (Indica Labs) (Fig. 5.2B). Kernel density 

estimation was employed to quantify the cell density. The variations in the density across TB 

lung tissue were visualised with 3D projection (Fig. 5.2C), where height of the peaks (y-axis) 

represents cell density. Each distinct peak represents a cell aggregate, and a trough (coloured 

in white) reports an acellular necrotising lesion. Tissue was subsequently divided into regions 

based on cell density relative to the densest area of each patient sample. Cellular aggregates 

were identified as areas with density between 50-100% of the maximum density, 

consolidated tissues between 25-50% and healthy lung tissue as below 25%. When mapped 

back onto the tissue, the localisation of the cell density-defined, healthy tissue (HT) 

consolidated tissue (CT) and cellular aggregates (CA) were matched closely to the regions 

identified on HE-stained sections (Fig. 5.2D). 
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Figure 5.2. Tissue regions can be stratified by cell density. (A) Composite Opal 

immunofluorescence image of the same tissue section as in Fig. 5.1A stained for major 

immune cell markers inlaid with magnified views of a necrotising lesion (middle panel, 

circled by a white line, * necrotising core) and two non-necrotising regions (lower panel, 

rectangle boxes). (B) The same TB lung section as (A) stained with DAPI with a 

representative zoomed image and view of segmented cells shown. (C) 3D diagram showing 

the variations in the density of DAPI-positive segmented cells across entire TB lung section 

from (A). The height of the peak (Z-axis) indicates cell density. (D) A representative 2D 

histogram showing a cross-section along Y- and Z-axis of (C). The three Z-axis segments 

(divided by dotted lines, left panel) are defined based on cell density and correspond to the 

regions of healthy, consolidated tissue and cellular aggregates shown in the pseudo colour 

topography image (right panel) of the same TB lung tissue as in (A). 
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Next, I compared the composition of major immune cell populations in the consolidated 

region and cellular aggregates and found that, as a proportion of total DAPI+ cells, CD68+, 

CD8+, CD20+ and CD4+ cells were all significantly more abundant in the cellular aggregates 

compared to the consolidated region (Fig. 5.3A). These observations indicate that these 

immune cell-enriched cellular aggregates, defined by my unbiased cell density-based method, 

are distinct lesions within the consolidated region and represent the “granulomas” and 

lymphoid aggregates defined conventionally with histopathological features. To capture the 

total immune cell aggregates more precisely, I refined the lesion identification strategy by 

performing kernel density analysis and lesion definition only on cells stained positively for 

immune markers (Fig. 5.3B). In the remainder of this investigation, I have employed this 

unbiased analytic method to define individual immune cell aggregates in human tissues. I 

have focused my analysis on cellular aggregates containing 20-100% of the maximum 

immune cell density per patient, which included 672 lesions from ten patients including 22 

structures containing a central necrotising cavity. Together, this unbiased lesion identification 

approach has revealed previously unappreciated complexity in the cellular landscape of 

human TB granulomas.  

 

 

 

 

 

 

 

 

155



0

10

20

30

40

0

2

4

6

8

0

10

20

30

40

0

10

20

30

40

CT CA

%
 o

f D
AP

I+
 c

el
ls

CD4 CD8 CD20 CD68

CT CA CT CA CT CA

** **** *

Relative immune Cell Density
   

20%   100%   

A

B

Figure 5.3. Lesion delineation by immune cell density. (A) Percentage of major immune 

cell populations among total DAPI positive cells in consolidated tissue (CT, green) versus 

cellular aggregates region (CA, red). Each paired point represents a patient. The level of 

statistical significance is determined using a Wilcoxon signed-rank test and P < 0.05 was 

considered to indicate statistical significance. * P < 0.05. ** P < 0.01. (B) Distribution of 

immune cell-containing cell aggregates (coloured) across the same tissue section as in Fig. 

5.1A. The lesions selected are high in cellularity and positive for at least one of four major 

immune cell lineage markers (CD4, CD8, CD20 or CD68). Colour intensity of non-greyed 

areas correlates inversely with immune cell density of the region relative to the maximum 

density in the tissue. 
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5.3.2 Cellular aggregates are highly diverse and fall across a continuous spectrum 

underpinned by the density of CD20+ cells 

Opal IHC images have revealed that the immune cell compositions in TB lesions are highly 

diverse (Fig. 5.4A). To understand the lesion heterogeneity, I analysed the density of each 

immune cell type across 672 lesions. For necrotising lesions, the central area of necrosis was 

excluded from the density calculation to allow meaningful comparison with non-necrotising 

lesions. I observed that the density of individual immune cell population varied significantly 

across lesions (up to 3 logs) and interestingly the variation was more apparent in non-

necrotising lesions than their necrotising counterparts (Fig. 5.4B). CD20+ B cells and CD4+ T 

cells were more abundant in non-necrotising lesions while CD68+ macrophages were more 

abundant in necrotising lesions. CD8+ T cells distributed indistinguishably between 

necrotising and non-necrotising lesions. 
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Figure 5.4. Necrotising and non-necrotising lesions have diverse immune cell 

compositions. (A) Image of segmented immune cells in positively identified lesions in TB 

lung from Fig. 5.1A with two representative areas (boxed) showing distinct cellular 

composition. (B) Necrotising and non-necrotising lesions from 10 patients ranked according 

to the density of each major immune cell population. Each symbol represents an individual 

lesion. The level of statistical significance between necrotising and non-necrotising lesions is 

determined using a Mann-Whitney test and P < 0.05 was considered to indicate statistical 

significance.  **** P < 0.0001. ns, Not Significant.   
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To assess whether the lesions cluster into distinct groups based on their immune cell 

composition, I performed PCA on 672 lesions from ten patients based on the density of four 

major immune cell populations. Interestingly, I did not observe clustering of lesions into 

distinct groups, although necrotising lesions (coloured in red) tend to cluster closely, 

indicating a continuous spectrum of lesion compositions (Fig. 5.5A). Principal component 1 

(PC1) represented the largest share of variation (37.2%) and was primarily driven by the 

variation in the density of B cells, indicating the continuous spectrum of the lesions is 

underlined mainly by the variations in CD20+ cell density. Moreover, these lesions did not 

cluster according to patient with the exception of one individual patient with increased 

density of CD8+ T cell (Fig. 5.5B), suggesting a minimal patient variation in lesion types 

defined using 4 immune cell markers.  
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Figure 5.5. Lesions do not form distinct clusters but fall across a continuous spectrum 

underpinned by CD20+ cell density. (A) PCA plot of all lesions (n=657) with necrotising 

lesions indicated in red and circled by an ellipse. Matching marker specific PCA plots are 

coloured according to density of marker positive cells. (B) PCA plot visualisation of all 

lesions across 10 patients. Each colour indicates one patient, and each symbol represents an 

individual lesion. Images of example lesions of four individual patients are shown.  
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5.3.3 Lesions can be stratified based on immune cell composition and spatial 

organisation 

Having established a spectrum of lesion compositions based on immune cell density, I sought 

to determine whether lesions have diverse spatial arrangement of cells. As expected, 

necrotising lesions were characterised by their acellular central core (Fig. 5.6A). However, 

within non-necrotising solid lesions, cells were also found to distribute unevenly, in some 

lesions the majority of the cells preferentially localised in the central region whilst in others 

most cells localised peripherally (Fig. 5.6A) leaving a loose but non-necrotising central area. 

To analyse this spatial variation, the tCPI for all lesions was measured as described in chapter 

4. As expected, when the tCPI was compared between necrotising and non-necrotising 

lesions, the former lesions had significantly lower tCPI than non-necrotising lesions (Fig. 

5.6B), validating the approach in quantifying cell spatial distribution tendency in 

mycobacterial granulomas. 

I next investigated whether lesions can be stratified based on both the density of major 

immune cell populations as well as the overall distribution of cells within each lesion. I 

performed pairwise comparison of PC1 (driven mainly by B cells) from the previous PCA 

(Fig. 5.5A) and the tCPI measurement. In addition to necrotising lesions readily identifiable 

on H&E-stained sections, I used this analysis to define four types of solid lesions (Fig. 5.6C). 

Interestingly, all 4 lesion types were identified in each of the 10 patients analysed, although 

there were variations in the proportion of each lesion type across patients (Fig. 5.6D), 

suggesting that the lesion types identified here represent common immune features of the 

local tissue response in human TB lungs. 
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Figure 5.6. Combined analysis of compositional and spatial features identifies four types 

of TB lesions. (A) Images of DAPI-stained tissue showing variations in intra-lesion cell 

distribution (top panel). Heatmap images showing the same three lesions with relative cell 

density indicated (bottom panel). Repeated from Fig. 4.2A. (B) tCPI compared between 

necrotising and non-necrotising lesions. Each symbol represents an individual lesion. The 

height of each column corresponds to the group mean. Dashed line corresponds to a tCPI of 

0.5. The level of statistical significance is determined using a Mann-Whitney test and P < 

0.05 was considered to indicate statistical significance. **** P < 0.0001.  (C) Pairwise 

comparison of PC1 from Fig. 5.5A against tCPI. Each symbol represents an individual lesion. 

Lesions (n=657) are divided into 4 sub-populations with the quadrants being set at PC1 = 0 

and tCPI = 0.5. The 5th type of lesions, necrotising lesions (black symbols), are additionally 

indicated in the boxed area. (D) Proportion of each lesion type across 10 patients. Each 

colour represents one lesion type.  
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The cellular characteristics of the lesion type defined using LANDSCAPE analysis were 

highly consistent with those presented on multiplexed IF images of the same lesion type (Fig. 

5.7A). Type I lesions frequently have a high density of B lymphocytes and cells tend to 

localise close to the lesion centre (high tCPI) (Fig. 5.7A and 5.7B). Type II lesions also have 

a high density of B cells but with reduced cell density in the lesion centre (low tCPI). Both 

type III and IV lesions had reduced presence of B cells and increased macrophages. However, 

they exhibited distinct cellular organisation. Type IV lesions displayed lower tCPI than type 

III lesions, suggesting that in these lesions most cells localised preferentially away from 

lesion centres. This description is reinforced by the observation that all necrotising / cavitary 

lesions fell into the type IV lesion category (Fig. 5.6C, lesions shown in the box area). 

Curiously, necrotising lesions also had a higher proportion of KI-67+ replicating CD4+ T cells 

compared to other non-necrotising lesion types (Fig. 5.7C). 
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Figure 5.7. Distribution, composition, and activity of immune cells in each lesion type. 

(A) Representative multiplex images of each lesion type with correlated images of DAPI and 

CD20 staining shown below each multiplex image. Solid white line indicates lesion border. 

(B) Density of major immune populations according to lesion type. (C) Proportion of major 

cell populations positive for Ki-67 according to lesion type. The level of statistical 

significance in (B) and (C) is determined using a Kruskal-Wallis Test with Dunns Multiple 

Comparisons Test and an adj. P < 0.05 was considered to indicate statistical significance. * P 

< 0.05. ** P < 0.01. *** P < 0.001. **** P < 0.0001. Asterix colour above each group is used 

to indicate the matching group to which the statistical significance corresponds.  
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5.3.4 Divergent intra-lesion spatial distribution of CD20+ cells and CD68+ cells 

determines the types of non-necrotising granulomas  

To understand more specifically how the spatial distribution of individual immune cell 

populations regulates granuloma formation, I quantified the immCPI of each cell type in all 

lesions as described in chapter 4 (Fig. 5.8A). I found that CD20+ cells were located more 

peripherally in type IV lesions compared to types I, II and III, while CD68+ cells were located 

more centrally in type III and IV compared to type I (Fig. 5.8B). Together, these data 

highlight further cellular structural differences between lesion types and suggest a 

progression of CD20+ and CD68+ cell localisation between lesion types.  
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Figure 5.8. Divergent intra-lesion spatial distribution of CD20+ cells and CD68+ cells 

determine the types of non-necrotising granulomas. (A) Formula for calculating the spatial 

distribution cell-of-interest within a lesion. Schematic diagram of lesions with representative 

immCPI measurements. Both repeated from Fig. 4.8D and E. (B) immCPI of each immune 

cell type across lesion type. Each symbol represents an individual lesion. Solid black lines 

indicate group mean. Dashed black line indicates an immCPI of 1. The level of statistical 

significance is determined using a Kruskal-Wallis Test with Dunns Multiple Comparisons 

Test and an adj. P < 0.05 was considered to indicate statistical significance. * P < 0.05. ** P 

< 0.01. *** P < 0.001. **** P < 0.0001. Asterix colour above each group is used to indicate 

the matching group to which the statistical significance corresponds. 
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Necrotising granulomas are formed when a host immune system fails to contain M.tb 

replication or regulate the local inflammatory response (Pagán and Ramakrishnan, 2018). The 

pathological manifestation is frequently associated with active disease, tissue injury, and 

transmission of M.tb. However, there is little knowledge as to how the infection niche is 

walled off and how immune cells are spatially organised at the border of necrotising 

(acellular) regions. I co-stained TB lung sections with antibodies specific to immune cells and 

mycobacteria to determine the localisation of infection foci in lung sections. I found that M.tb 

was only positively identified in a subset of tissue sections, almost exclusively in the cavity 

region (Fig. 5.9A and 5.9B), which is consistent with previous histopathological studies 

(Hunter et al., 2014, Medlar, 1948, Medlar, 1955). To map the cellular microenvironment of 

the necrotising border, I measured the distance of each immune cell in necrotising lesions 

from the necrotising interface. To compare the distance of immune cell populations between 

lesions, I developed a tool called the necrotising cell index. It functions similarly to immCPI 

but instead uses the mean distance of each cell population from the necrotising border divided 

by the mean distance of all cells in that lesion. This will return a value less than one if the cell 

population tends to be closer to the necrotising border and a value greater than one if the cell 

population tends to be further from the necrotising border. I found that CD68+ cells were 

localised closest to the necrotising core, compared to all other cell types. (Fig. 5.9C and 

5.9D). Taken together, these findings reveal a further level of cellular organisation within 

necrotising lesions.  

 

 

 

 

167



CD68 CD8 CD20 CD4

100

200

300

400

D
is

ta
nc

e 
fro

m
 n

ec
ro

tic
 in

te
rfa

ce

CD68 CD8CD20

Mtb

Other cells
cell in necrotic interface

A

C D

0

5mm

****
****

**** ****
********

CD68 CD8 CD20 CD4
0.0

0.5

1.0

1.5

2.0
N

ec
ro

tis
in

g 
ce

ll 
in

de
x

B

*
***

*

Figure 5.9. Spatial organisation of immune cells around the necrotic interface in 

necrotising lesions. (A) Image of a H&E-stained TB lung sample. (B) Pseudo colour image 

of the section from (A) with the necrotising border indicated in blue. The magnified images 

of the boxed areas show positive M.tb staining and spatial position of CD68+, CD20+ and 

CD8+ cells. (C) Distance of individual immune cell population from necrotising border in a 

representative lesion. Each symbol represents an individual cell. (D) Necrotising Cell Index 

of major immune populations. Each symbol represents an individual necrotising lesion and 

lines track data from the same lesion. The level of statistical significance in (C) and (D) is 

determined using a Kruskal-Wallis Test with Dunns Multiple Comparisons Test and an adj. P 

< 0.05 was considered to indicate statistical significance. * P < 0.05. *** P < 0.001. **** P < 

0.0001. 
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5.3.5 CD14+CD68+ subset of monocyte / macrophage populations preferentially localises 

at the necrotising border 

I next stained a subset of patient samples (n = 5) with an additional myeloid marker CD14 to 

better understand the populations of macrophages/monocytes residing in TB lung tissues 

(Fig. 5.10A and 5.10B). The relative abundance of the three subtypes, CD14+ C68—, CD14— 

CD68+ and CD14+CD68+, was comparable across all four types of granulomas (Fig. 5.10C). 

However, while at the whole tissue level, the CD68+CD14+ macrophage/monocyte 

population was the least abundant subset relative to other two populations, they localised 

significantly closer to the necrotising core (Fig. 5.10D), revealing previously unrecognised 

tissue-wide spatial distribution of different myeloid cell populations from the necrotising 

interface.  
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Figure 5.10. CD14+CD68+ subset of monocyte / macrophage populations preferentially 

localise at the necrotising border. (A) image of a H&E-stained TB lung sample. (B) Spatial 

distribution of monocyte / macrophage populations defined by CD14 and CD68 in tissue 

section from (A) with magnified image showing individual segmented myeloid cells. (C) 

Proportion of each macrophage subset by lesion type across 4 patients. (D) Distance of each 

macrophage subset from the closest necrotising area across entire tissue section. Each symbol 

represents an individual patient, and the height of each column corresponds to the group 

mean. The level of statistical significance is determined using a Kruskal-Wallis Test with 

Dunns Multiple Comparisons Test and an adj. P < 0.05 was considered to indicate statistical 

significance.* P < 0.05. 
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5.3.6 The distance to necrotising lesions correlates with the relative abundance of 

specific immune cell populations in the surrounding non-necrotising lesions 

My tissue-wide imaging analysis revealed that necrotising lesions are surrounded by diverse 

solid lesions (Fig. 5.1A and Fig. 5.11A), which raises the questions of the spatial relationship 

between necrotising and various non-necrotising lesions. To determine the inter-lesion 

relationship, I performed lesion neighbourhood analysis as described in chapter 4 (Fig. 

5.11B). Given the cellular organisation I observed around necrosis, I compared the distance 

of lesions of each type to the closest necrotising lesion. I found that lesions of type I and II 

tend to be twice as close to a necrotising lesion as lesions of type III and IV (Fig. 5.11C). 

To further explore the role of non-necrotising lesion distance from necrotising lesions, I 

divided lesions of each type into those localised greater than 500 µm from necrosis and those 

less than 500 µm. I found that the lesions of type I, III and IV had more CD4+ cells when 

they localised closer to necrotising lesions (< 500 µm) compared to those further away from 

necrosis (< 500 µm) (Fig. 5.11D). Type II lesions contain more CD20+ cells when they were 

closer than 500 µm compared to when they were further. There was no difference in the 

density of CD8+ or CD68+ cells in any lesion type when comparing the distance of the lesions 

from the closest necrotising lesion. These results suggest that potential cross-talks between 

necrotising and certain types of non-necrotising lesions may contribute to the formation of 

multi-lesion superstructures in the lung. 
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Figure 5.11. The distance of non-necrotising lesions from necrotising lesions is 

associated with lesion type. (A) Image of a H&E-stained TB lung sample. (B) Same TB 

lung section as in (A) overlaid with the locations of non-necrotising and necrotising lesions. 

The relationship of each non-necrotising lesion to closest necrotising lesion is indicated with 

connecting lines. Each colour represents one lesion type, with necrotising lesions indicated in 

red. (C) Distance of 4 types of non-necrotising lesions to the closest necrotising granuloma. 

Each symbol represents an individual non-necrotising lesion. Solid lines indicate group mean. 

The level of statistical significance is determined using a Kruskal-Wallis Test with Dunns 

Multiple Comparisons Test and an adj. P < 0.05 was considered to indicate statistical 

significance.** P < 0.01. *** P < 0.001. **** P < 0.0001.  (D) Density of CD4+ and CD20+ 

cells in lesions located greater or less than 500 µm from necrotising lesions. Solid lines 

indicate group median. The level of statistical significance is determined using a Mann-

Whitney test and P < 0.05 was considered to indicate statistical significance. ** P < 0.01.  
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5.3.7 Formation of non-necrotising lesions is shaped by the proximity to necrotising 

granulomas and intra-lesion organisation of CD20+ and CD68+ cells 

Since granulomas are highly dynamic and diverse, lesion-lesion interactions may also play a 

role in regulating lesion progression and the overall lung pathology. I combined both 

compositional and spatial measurements taken thus far and performed trajectory analysis on 

all lesions. I found that lesion progression correlates with the order of the four types of 

lesions identified and that necrotising lesions consistently fall at one end of spectrum (Fig. 

5.12A and 5.12B). CD20+ cell density, as well as the central preference of total leukocytes, 

CD20+ and CD68+ cells all follow along the progression trajectory closely. Taken together, 

this study has shed light on both the cellular diversity and spatial organisation of human TB 

lesions and identified different lesion types that may represent a spectrum across lesion 

development. 
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Figure 5.12. Trajectory analysis reveals lesions organise according to type. (A) Heatmap 

of inter-lesion trajectory analysis based on spatial and compositional parameters of individual 

lesions defined by LANDSCAPE. Lesions are ranked along the X axis according to trajectory 

and manually ordered on the Y axis. Top panel indicates lesion type. The analysis was 

performed using R. (B) Trajectory analysis of all lesions based on spatial and compositional 

lesion parameters as shown in (A). Line indicates inferred trajectory. Each symbol represents 

an individual lesion (n = 672). Each colour represents a lesion type, with necrotising lesions 

indicated in red. 
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5.4 Discussion 

Recent work in M.tb-infected NHPs and human patients has revealed that TB lesions are 

heterogenous in their histopathological features (Subbian et al., 2015, Abengozar-Muela et 

al., 2020, Wells et al., 2021), metabolic activities (Kim et al., 2010, Mattila et al., 2017), 

inflammatory signalling (Mohlopheni et al., 2016, Cronan et al., 2021) and pathogen burdens 

(Gideon et al., 2022, Lin et al., 2014, Martin et al., 2017). Collectively, these previous studies 

have contributed to the notion that TB represents a spectrum of clinical and sub-clinical 

manifestations (Lin and Flynn, 2018, Cadena et al., 2017, Barry et al., 2009). By mapping 

immune landscape at a single cell level across entire lung tissue sections, I demonstrate here 

that even on the same lung section, human TB lesions, especially non-necrotising cellular 

aggregates, are highly diverse in their composition and cellular spatial organisation. 

Furthermore, these non-necrotising lesions, together with necrotising granulomas, appear to 

form a histopathological superstructure underlying the immunopathology associated with 

uncontrolled M.tb infection. Since each lesion type represents a distinct type of immune 

response and lesions may individually or cooperatively contribute to TB pathogenesis, I 

suggest that both intra- and inter-lesion analysis should be performed to define host response 

to M.tb. 

By analysing > 650 lesions with a total of 7 million single cells, I defined four types of 

non-necrotising lesions representing a spectrum of distinct yet overlapping cellular 

architecture. The frequently documented lesions with a necrotising core represent only one of 

the several types of lesions in the infected organs, suggesting that examination of only one or 

two stereotypical lesion types is unlikely to capture all the cellular events contributing to the 

overall lung pathology and clinical outcome. It is of particular interest that each type of the 

four different solid lesions was present in all the patients examined. I speculate that the lesion 

spectrum may reflect the history of ongoing local immune response to continuing seeding of 

175



locally disseminated drug-resistant bacteria. Therefore, this heterogenous and dynamic nature 

captured in a single tissue section may be explored to identify distinct cellular structures 

associated with many if not all of the stages of the granuloma maturation process. A similar 

approach has been used to successfully define T cell population at different maturation stages 

in the thymus.  

Together, I hypothesise that that the lesions identified here may represent distinct yet 

related stages of granuloma maturation, from B cell-enriched lymphocytic foci to 

macrophage-centred granulomas, and some of the latter lesions may eventually develop into 

necrotising tissue whereas others become healed or fibrotic lesions. Similarly, type I lesions 

may contain both distinct tertiary lymphoid structures (TLS) and B cell-enriched infection 

foci (Fig. 5.13). Future high-dimension phenotyping of the four lesion types on samples with 

different clinical outcomes will assist in defining the branchpoints along the lesion 

progression. 

I have revealed the extent of granuloma heterogeneity in patients with ongoing M.tb 

infection. Interestingly, PCA analysis showed that TB granulomas are organised as a 

spectrum rather than distinct clusters, suggesting overlaps in cellular structure and potentially 

interactions across lesions. The spatial association between certain types of non-necrotising 

and necrotising granulomas further suggests that these lesions may function cooperatively as 

an inflammatory superstructure to determine the outcome of local immune response. These 

observations raise a question how a TB granuloma should be defined at a single cell level. It 

is impossible to determine with 2-dimentional IF staining whether these structures were 

structurally connected as has been shown previously with μCT imaging (Wells et al., 2021). 

Nevertheless, my results support the hypothesis that the “double-edged sword” function of 

granulomas may reflect the heterogeneity among granuloma populations (Lin and Flynn, 

2018). 

176



CD20+ CD68+ 

I

II
III

IV

Necrotising

Healed/
fibrotic

TLS

Figure 5.13. Schematic diagram summarising key findings and illustrating hypothetical 
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Advances in single-cell RNA sequencing have provided unprecedented insights into the 

composition and function of immune cells in M.tb-infected tissues (Cai et al., 2022, Pisu et 

al., 2021, Akter et al., 2022, Esaulova et al., 2021). However, this approach does not provide 

the spatial context of the local immune response (Rao et al., 2021), which is critical in 

understanding the architecture and function of mycobacterial granulomas. By employing 

MIBI-TOF, McCaffrey et al. have successfully documented high-dimension cellular 

information of human granulomas (McCaffrey et al., 2022). However, though time-of-flight 

mass cytometry can be used to analyse the regions of interest within a lesion, it does not 

reveal comprehensive tissue-level immune landscape or lesion-lesion relationship (Tan et al., 

2020). On the other hand, my tissue-wide single-cell analysis is better suited for examining 

the tissue landscape across lesions at the cost of detailed phenotyping of immune populations. 

Therefore, the two studies are highly complementary. Comparing and contrasting the data 

generated in the two investigations may provide additional insights into human TB 

granuloma structure. For example, some of the B cell-enriched type I lesions I identified, 

which may resemble the TLS formed in mycobacterial infected tissues (Ulrichs et al., 2004, 

Cohen et al., 2022), have also been independently identified in the McCaffrey study 

(McCaffrey et al., 2022). Therefore, it is possible that Type I lesions represent heterogenous 

lesions including conventional TLS and B cell-enriched mycobacterial granulomas. Future 

deep-phenotyping using high-dimensional image technology will be able to address this 

question.  

My study has several limitations. Firstly, a limited number of lung tissue samples were 

examined. While a minimal patient variation was observed when four immune cell markers 

were used, the variation between patients may become more apparent when more markers are 

used to profile a broader variety of immune subsets. Secondly, Opal multiplex technology is 

only capable of examining small numbers of markers thereby limiting the depth of cellular 
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analysis. Combining tissue landscape and in-depth region of interest analysis will lead to a 

better understating of lesion microenvironment in the context of surrounding inflamed 

tissues. Finally, since my initial samples were collected from TB patients undergoing 

lobectomy due to a poor treatment response, whether my study has captured a fraction or full 

spectrum of granulomatous lesions remains to be determined. In future, I will apply my 

LANDSCAPE strategy to broaden my investigation by including samples from patients with 

active TB or latent infection in lungs resected for other reasons, which will assist in 

elucidating the relationship between cellular structure, anti-microbial function, and disease 

outcomes.  

 My study has revealed a previously unknown heterogeneity of human TB granulomas. 

It is unknown at this stage whether any particular type is more permissive or inhibitory of 

M.tb replication in humans, however the findings of this study will help guide future study 

into what a successful M.tb immune response looks like at the level of individual granulomas. 

Additionally, the deeper understanding of the cellular structure of TB granulomas ascertained 

in this study may provide insights for the development of future anti-M.tb drugs that must 

penetrate into the granuloma to reach the pathogen.  
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6.1 The current study 

This study details the development and application of two pipelines for high throughput 

analysis of human immunology data. For transcriptomic data, a pipeline was developed in 

chapter 3 to characterise gene expression patterns using public data and was applied to 

identify neutrophil specific upregulation of CST7 during inflammation in humans. For 

defining inflammatory responses in human tissue, a pipeline was developed in chapter 4 to 

perform spatial analyses of inflammatory foci with single cell resolution. This approach was 

employed in chapter 5 to define distinct lesion types as well as the broader histopathologic 

superstructure in human TB lung tissue. 

 

6.2 The future of public transcriptomic data 

The transcriptomic pipeline I developed is capable of broadly exploring the conditions under 

which a gene of interest is expressed using only publicly available data and software. While 

the use of public data in human immunology is expanding, allowing in some cases complete 

hypothesis testing in silico (Toufiq et al., 2020, Huang et al., 2021, Huang et al., 2022), 

transcriptomic data reuse remains largely restricted to those with bioinformatics training 

(Sparks et al., 2016) and as a result, most publicly available transcriptomic datasets continue 

to be under-utilised. The potential for meta-analyses, which can draw conclusions with 

greater power than single studies is also lost to many immunologists due to the knowledge 

barrier required to perform them. While the pipeline I have developed can apply meta-

analyses to answer a variety of research questions in a manner both fast and free of cost, it 

too requires a working knowledge of R in its current form, which limits its accessibility and 

usefulness to non-bioinformatician scientists.  
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Any future application in which public data transcriptomic meta-analyses are 

routinely performed by the broader community of immunologists will require online 

databases with a simple user interface. Relevant transcriptomic datasets should be able to be 

quickly identified, accessed, and pooled in preparation for meta-analyses, which would 

ideally be run using preprogramed functions. Such a database should have patient metadata 

annotated to each sample to facilitate ease of patient grouping by covariate features such as 

age, gender etc. The combination of such a tool with a feature to rapidly screen PubMed or 

other literature databases for previous gene associations would increase its power to 

characterise previously unrecognised gene associations. The application of the pipeline I 

developed into such a future online repository would overcome its primary limitation of 

accessibility and would enable its usage as both a free and simple tool that has the potential to 

benefit all human immunologists. 

 

6.3 Single cell spatial analysis at the lesion level 

In this thesis, I developed a spatial metric termed tCPI that can stratify any cellular lesion 

with defined borders according to whether its constituent cells distribute more densely in the 

centre or periphery of the lesion. A peripheral distribution of cells is particularly apparent in 

lesions that contain a central area of necrosis, which is a type of uncontrolled cell death. 

Among a cohort of hundreds of TB granulomas, I used the tCPI spatial tool to identify many 

non-necrotising lesions that had a reduced central density without the histopathologic 

presence of necrotic tissue. These may represent non-necrotising granulomas enriched with 

macrophages, which have larger cytoplasm regions relative to lymphocytes. Alternatively, 

the spatial characteristics may reflect the reduction in cellularity associated with the process 

of forming a central necrotic region. In contrast, many non-necrotising lesions with dense 
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cellular core were enriched with lymphocytes. They may represent a local immune response 

distinct to that associated with macrophage-driven lesions, and one potentially more effective 

at bacterial containment, thereby mitigating uncontrolled cell death. These questions should 

be investigated in the future with high-dimension imaging technologies, such as CODEX or 

IMC, together with tissue samples with a well-characterised clinical outcome. 

While tCPI is designed to stratify TB lesions based on their intra-lesion cellular 

distribution, it can potentially perform the same function to examine inflammatory foci from 

any disease and would be particularly applicable to the lesions with a necrotic central area. 

Apart from TB, necrotising lesions can also be observed in both infectious diseases (such as 

with non-tuberculosis mycobacteria (Dobos et al., 1999, Patel et al., 2014, Walsh et al., 

2011), cryptococcus spp. (Gave et al., 2004, Ho et al., 2015) and Coccidioides immitis (Shah 

et al., 2017)) as well as non-infectious diseases (such as Granulomatosis with polyangiitis 

(Comarmond and Cacoub, 2014), granuloma annulare (Shah et al., 2017),  and many cancers 

(Caruso et al., 2012, Richards et al., 2011)). In each case tCPI will be able to reveal the intra-

lesion cell densities in both necrotising and non-necrotising lesions present in the tissue and 

may reveal a spectrum of cell distributions between the two lesion types as was observed in 

TB lung samples examined in this study. 

The immCPI tool developed in this study is able to determine the intra-lesion 

distribution of each leukocyte population within a lesion and was used to determine central 

localisation preference of major immune populations according to TB lesion type. As with 

the tCPI measurement, the immCPI tool can also be directly applied to any tissue lesion with 

a defined border. The immCPI tool will prove useful in lesions that harbour pathogens by 

identifying the leukocyte populations in closest proximity to the pathogens. For example, the 

pathogen localises peripherally within the lesions of Buruli ulcer (James, 2000), while it 
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localises centrally in the case of tuberculoid leprosy (Adams and Krahenbuhl, 1996), and in 

each case, immCPI will be able to identify leukocytes in closest proximity.  

In cancer research, the penetration of leukocytes into the intra-tumoral space is often 

associated with favourable patient outcomes (Pagès et al., 2010, Grabovska et al., 2020, 

Attrill et al., 2022a) and this is typically determined by measuring the density of each cell 

population within repeated bands inward from the tumour border. The band-based approach 

to infiltration analysis is useful to visualise the overall distribution of immune cell 

populations within a tumour with density histograms and for simple comparisons between 

tumours at distinct distances (for example 0-50μm penetration into the intra-tumoral space). 

However, the overall penetration of each cell-type cannot be easily quantified or compared 

between tumours using this approach and any comparisons between tumours may be 

confounded when the tumours are of different sizes.   

When studying tumours histologically, the immCPI tool could supplement infiltration 

analysis as a measure to determine the depth of penetration of each leukocyte into the intra-

tumoral space, providing a single measurement for each leukocyte population that can be 

used comparatively between tumours in different patient groups.  

The third novel approach developed through this thesis work, lesion neighbourhood 

measurement tool, can quantify the distances between all lesions in a tissue so as to examine 

the histopathological landscape of the clinical sample more broadly, covering the entire tissue 

section. This can again be applied in any disease that forms multiple lesions within a 

reasonably close tissue area and can only be practically applied when using whole slide 

imaging. It will be of greatest benefit when multiple phenotypically distinct lesion types are 

present in the same tissue section, for example necrotising and non-necrotising lesions, so as 

to compare their relative distance to one another between patients. 
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6.4 Validation of TB animal models  

  I identified four types of lesions present in the human TB lung, characterised by both 

cellular composition and intra-lesion cell distribution. While my study was able to explore 

TB disease directly in human tissue, the majority of TB research, especially studies focusing 

on defining cellular and molecular mechanisms underlying pathogenesis, are performed in 

animal models. Animal models allow control of the time of infection, inoculant dosage and 

bacterial strain, as well as the exact tissue type to be analysed. 

However, our understanding of how accurately the granulomas in animal models 

reflect those of human TB remains poorly understood, largely due to a lack of understanding 

of the cellular structure of the human TB granuloma and the cellular landscape in the TB lung 

more broadly. We can be confident the compact organised granulomas seen in the lung of the 

C3H/FeJ mouse strain and NHPs are a closer recapitulation of human TB pathology than the 

more diffused pneumonia-like pathology seen in the majority of inbred laboratory mouse 

strains, including C57BL6 and BALB/c mice (Lanoix et al., 2015). However, no prior study 

has attempted to extensively characterise the diversity and cellular organisation of human TB 

granulomas at the cellular level and thus the ability to validate the granulomas generated by 

animal models, on which so much research relies, remains limited.  

The spatial analysis tools developed in chapter 4 were used to identify four subtypes 

of non-necrotising lesions within the human TB lung, based on their cellular composition and 

distribution. This expands our understanding of the cellular diversity of the human TB 

granuloma and offers guidance to ascertain whether animal models of the TB granuloma are 

able to recapitulate lesions with the same extent of diversity as human TB. The tCPI and 

immCPI tools developed in this study can each be readily applied to lesions from animal 

tissue and thus these tools can play a direct role in characterising lesions in each animal 
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model and determining whether the diversity of lesions in the human TB lung is reflected. 

Individual lesions in animal models can be delineated based on density of leukocytes in a 

similar approach that was employed in chapter 5 of this study to allow for valid comparison 

with human lesions.  

One of the interesting observations found in this study is the formation of a multi-

lesion superstructure, in which non-necrotising lesions are organised by lesion type relative to 

large necrotising lesions in the TB lung. This represents a novel histological feature of human 

TB pathology that can be used to validate animal models. The cynomolgus macaque model of 

TB can contain multiple granulomas in the lung, including both small solid lesions and large 

lesions with a central necrotic core (Grant et al., 2022). Some granulomas present in the 

weeks following initial infection were seeded at the point of infection while others represent 

dissemination from other granulomas (Martin et al., 2017), and it would be of great interest to 

identify whether lesion dissemination results in a kind of histological superstructure as was 

identified in this study in human TB. 

Trajectory analysis is a tool that has been used frequently in scRNAseq studies (Van 

den Berge et al., 2020) with the assumption that the total cell population contains cells across 

some form of developmental trajectory and attempts to arrange cells according to that 

progression, for example the development of a particular cell-type from its immature to 

mature form. To the best of my knowledge my study represents the first time that trajectory 

analysis has been applied at the level of entire lesions rather than single cells. Trajectory 

analysis at the lesion level may also prove invaluable in the development of animal models of 

TB, given that more information about the outcome of each lesion is available. For example, 

the bacterial burden of each lesion can be reliably measured, whereas in human studies such 

as the current study, the patients have already undergone multidrug therapy and any attempts 

to determine bacterial load are likely to be inaccurate.  
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6.5 The spectrum of human TB granulomas 

In this study I developed a method to delineate individual lesions based on density of immune 

cells. Much of our understanding of the human TB granuloma comes from ex vivo 

examination of lung tissue, usually removed as part of a lung resection as an end stage 

treatment for patients with drug resistant disease. As these samples are from patients with 

severe disease, there is usually extensive granuloma formation and tissue remodelling that 

can complicate analysis and prevent simple delineation of one lesions from another. As a 

result, the TB lung is typically analysed in imaging studies using only selected 20x FOVs 

from areas with granulomatous inflammation. This means that any lesions larger than a 20x 

FOV cannot be analysed in their entirety. The density-based lesion delineation approach I 

have developed will allow all lesions within a tissue sample to be analysed in their entirety.  

I identified a spectrum of cellular compositions and spatial organisations across the 

landscape of lesions in the human TB lung tissues. While my study cannot ascertain how 

effectively each lesion is able to control M.tb, it establishes that large necrotising lesions 

represent both a breakdown in host tolerance and, based on mycobacterial staining, in some 

cases a site of persistent bacterial presence. Evidence has emerged from the NHP model of 

TB that each granuloma represents an individual battleground and has highlighted that while 

some granulomas resolve during the course of infection, others remain sites of persistent 

infection and go on to disseminate M.tb, producing new granulomas in the process (Lin et al., 

2013, Coleman et al., 2014, Lin et al., 2014, Martin et al., 2017).  

 If  the NHP TB model does indeed reflect the diversity of lesion cellular compositions 

and cellular distributions identified in human TB, then it can be further explored whether any 

of these lesion phenotypes correlate with enhanced bacterial burden or lesion sterilisation. If 

for example NHP lesions resembling the type IV lesions identified in this study correlate with 
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increased bacterial replication and poorer outcomes, it can be hypothesised that this lesion 

type may also be associated with increased bacterial replication. 

 The multiplex imaging employed in chapter 5 used only four primary markers to 

identify corresponding major immune populations and to perform all the lesion stratification 

that followed. Four markers is a relatively low number compared to what is possible with the 

most modern multiplex imaging technology. However, the fact that lesions were able to be 

stratified in several ways based on such a low number of markers highlights the power of 

LANDSCAPE analysis tools when working with whole slide images containing hundreds of 

thousands of cells that in turn comprise a high number of distinct lesions. Further, the tools 

developed as part of LANDSCAPE analysis are not restricted to the OPAL multiplex system 

and can be applied to images from any multiplex imaging technology so long as a nuclear 

stain is incorporated in order to identify the spatial coordinates of each individual cell. Future 

use of LANDSCAPE in a highly multiplex system that can image dozens of parameters such 

as CODEX will require some adjustments to data visualisation, given the multi-dimensional 

nature of the data that can be generated. A newer microscope suite called the PhenoCycler 

Fusion System (Akoya) has recently been released that updates the CODEX technology to 

enable rapid visualisation, within minutes, of up to a million cells. This dramatically 

improves on the runtime of CODEX (which can take many hours to run a single sample), and 

in the future may pave the way for making highly multiplex imaging at the whole slide level 

practical for many samples.  

 A recent study using scRNAseq in the NHP model of TB revealed that lesions 

demonstrating a low M.tb burden were associated with Th1, T helper 17 (Th17) and cytotoxic 

T cells producing pro-inflammatory cytokines while lesions containing a high burden of M.tb 

were associated with T helper 2 (Th2) T cells, plasma cells, mast cells and fibroblasts 

(Gideon et al., 2022). The pairing of LANDSCAPE tools with highly multiplexed imaging 
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systems such as CODEX or PhenoCycler, targeting both the cell-types and functional 

markers identified in that study will be able to extensively phenotype both the composition 

and spatial architecture of human TB lesions and identify any correlates with the NHP study. 

Ultimately it is unlikely that M.tb burden will be able to be directly measured in ex-vivo 

human lung tissue in the near future, given the inaccessibility of TB lung tissue in all but the 

most severe and treatment resistant cases, therefore identifying correlates of protection in the 

NHP model represents the most promising approach to identify the spectrum of successful 

and failed granulomas in the human TB lung. 

 

6.6 Concluding remarks  

This thesis represents methodological developments to aid future human immunology 

research. In chapter 3 I designed a bioinformatic pathway to extensively explore the 

expression of a gene of interest through meta-analyses and perform hypothesis testing using 

only publicly available transcriptomic data in a manner both fast and free of cost. The 

application of this pipeline revealed a novel neutrophil specific marker of acute inflammation 

across a plethora of inflammatory conditions. In chapter 4 I designed the LANDSCAPE 

spatial biology analysis pathway that can perform comparative analysis on entire lesions from 

whole slide images, based on their compositional and spatial architecture, which when 

applied in chapter 5 revealed novel sub-types of TB granulomas as well as their overall 

distribution within the M.tb infected lung. 

Transcriptomic and multiplex imaging technologies are developing at a rapid pace 

and are enabling the generation of increasingly large and complicated datasets. This in turn 

requires the development of continuously evolving analysis protocols to utilise data 

effectively. The analytical tools developed here are able to generate simple and biologically 
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relevant findings from enormous datasets and will no doubt prove beneficial to future 

investigations. Equipped with ever more powerful data generation and analysis tools, future 

research in human immunology has great potential for the prevention and treatment of human 

diseases.  
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