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Abstract 

Novel treatment strategies for metastatic melanoma have significantly improved patient 

outcomes in the last decade. To increase the number of patients that respond to available 

therapies and do not develop resistance, researchers must uncover the biological mechanisms 

involved in response. This study aimed to address this by profiling the cellular composition of 

metastatic melanoma and identifying novel features involved in tumour progression and 

response to therapy. First, we examine the immune infiltrate of metastatic melanoma tumours 

using high-parameter cytometry and employ particular attention to the phenotypic diversity of 

the myeloid compartment. In this study we identify two novel myeloid populations that are 

enriched in tumours of patients that responded to PD-1 immunotherapy when compared to non-

responders. This study also profiled checkpoint regulator VISTA was expressed on multiple 

immune infiltrates, particularly macrophages and other myeloid populations. Secondly, we 

employ high-parameter imaging techniques (Imaging Mass Cytometry and Xenium in situ 

hybridisation) to examine the spatial landscape of metastatic melanoma in treatment naïve 

lymph-node associated samples from 100 patients with metastatic melanoma that were enrolled 

in clinical trial ANZMTG 01.02/TROG 02.01. As this trial was conducted before the 

availability of systemic therapies, our study had the unique opportunity to perform a detailed 

analysis of the TME of treatment naïve metastatic melanoma. Using both manual and 

supervised clustering approaches, we identify many different cell types in high-tumour regions 

of metastatic melanoma, including immune, stromal and tumour cells. Interestingly, we see 

multiple distinct tumour cell phenotypes across samples. Thirdly, we then match this detailed 

analysis of the TME with patient clinical details including relapse location, relapse time, nodal 

spread status and survival time to understand what was common between patients who had 

better outcomes. We find that patients with more activated, proliferating and functional 

immune cells within tumour regions were more likely not to relapse and to survive longer. 

Interestingly, supervised clustering of these data identified a tumour cell population that was 

associated with better outcomes. Throughout these studies, we compare the accuracy, 

efficiency and value of the various computational methods employed to analyse high-parameter 

proteomic and transcriptomic data. We also establish a true multi-omics experiment by 

successfully performing sequential in situ hybridisation (transcriptomics), high-dimensional 

protein staining (proteomics) and histochemical staining. This thesis presents a comprehensive 

overview of the TME in metastatic melanoma, identifies novel cell populations involved in 

both response to immunotherapy and tumour progression, and evaluates methods used to 
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analyse multi-omics datasets. This work contributes to a better understanding of how cells co-

operate within tumours, highlights possible avenues for clinical treatment strategies and 

progresses the implementation of spatial omics in tumour immunology.    
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1 INTRODUCTION 

1.1 Metastatic Melanoma  

Metastatic melanoma is the most aggressive form of skin cancer. It is estimated that the rate of 

melanoma diagnosed worldwide will increase by more than 50% by 2040 (Arnold et al., 2022). 

There has been no improvement in mortality rates in minority and lower socioeconomic 

populations, and low-income countries have disproportionately higher melanoma-related 

deaths to melanoma incidence (Chen et al., 2022a, Arnold et al., 2022). Ipilimumab (anti-

CTLA-4) was the first monoclonal antibody (mAb) approved for use in melanoma in 2011, 

followed by nivolumab (anti-PD1) in 2014 (Koenig, 2011, Hazarika et al., 2017). 

Immunotherapies have resulted in a significant decrease in lifetime mortality risk for melanoma 

of the skin since 2013, particularly in males (Health and Welfare, 2023, Switzer et al., 2022). 

Despite the success of immunotherapies such as these there were an estimated 325 000 people 

diagnosed with melanoma and 57 000 deaths attributed to melanoma worldwide in 2020 

(Arnold et al., 2022).  

 

1.1.1 Pathogenesis 

Cutaneous melanoma is caused by unrepaired genetic damage, driven by ultraviolet radiation 

and genetic causes (Long et al., 2023b). Both UVA and UVB can cause melanoma by inducing 

DNA damage that leads to melanoma progression (de Gruijl, 2002). Indoor tanning beds, which 

produce both UVA and UVB, have been clearly linked to increased melanoma risk (Lazovich 

et al., 2010), with the WHO classifying indoor tanning as a group 1 carcinogen in 2009 

(Mogensen and Jemec, 2010, 2012). Data suggests a reduction in the use of tanning beds since 

2010, particularly in young populations, however much of North America, Europe, Australia 

and New Zealand do not have clear laws in respect of tanning beds (Mathes et al., 2023, 

Rodriguez-Acevedo et al., 2020). Phenotypic factors such as skin, eye and hair colour and 

response to sunburn are used to determine skin-type and associated risks of skin cancer, often 

through simple categorisations such as the Fitzpatrick skin phototype scale, which can be 

completed without specialist equipment. However, these approaches are highly subjective and 

have been shown to be employed inappropriately in clinical settings (Ware et al., 2020, 

Pimentel, 2020). Other geographical factors such as altitude and latitude are linked to 

melanoma incidence due to their relationship with UV-levels (Chang et al., 2009, Crombie, 

1979).  
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UV-independent mutations also play an important role in incidence of melanoma. BRAFV600e, 

a protein involved in the MAPK signalling pathway, is mutated in approximately half of 

patients with metastatic melanoma (Edlundh-Rose et al., 2006, Ullrich and Byrne, 2012), 

Network (2015). The development of BRAF-inhibitors shortly followed, and early clinical 

trials reporting significant improvement in progression free survival led to BRAF-inhibitors 

becoming standard care for patients with metastatic melanoma (Hauschild et al., 2012, 

Chapman et al., 2011, McArthur et al., 2014). Alongside BRAF-inhibitors, Mitogen-Activated 

Protein Kinase (MEK) inhibitors were also being developed to improve efficacy of and 

resistance to BRAF-inhibition as they also target the MAPK signalling pathway. Clinical trials 

testing MEK inhibitors in BRAF-mutated melanoma were successful and led to BRAF/MEK 

inhibitor combination treatment strategies(Flaherty et al., 2012, King and Nathan, 2014). The 

three different combinations of BRAF and MEK inhibitors currently approved for use in 

metastatic melanoma are very similar in terms of efficacy and toxicity risk (Garutti et al., 2022).  

 

It is known that approximately 10-15% of melanoma patients have family history of melanoma, 

often associated with a melanoma-associated germline mutation such as CDKN2A (Toussi et 

al., 2020, Saginala et al., 2021). Emerging evidence also shows an important role of the gut 

microbiome in melanoma development and progression, with one group finding specific 

bacterial and fungal communities were associated with melanoma invasiveness as well as 

regression (Vitali et al., 2022).  

 

1.1.2 Incidence 

Global incidence of melanoma in 2020 was estimated at 325,000 people with the highest 

incidence recorded in Australia, New Zealand, North America as well as Western and Northern 

Europe (Arnold et al., 2022, Labani et al., 2021). Importantly, data suggests that the burden of 

metastatic melanoma disease will increase with the aging population(Yuan et al., 2024). It is 

important to note however that global statistics are highly variable and are difficult to collate 

accurately due to differences in health access, screening and treatment for melanoma 

worldwide (Yuan et al., 2024).  

 

In 2023, melanoma of the skin was the third most commonly diagnosed cancer in Australia 

after prostate and breast cancer (Health and Welfare, 2023). Melanoma incidence rates in 

Australia have been steadily decreasing for people under the age of 40 since the late 1990s, 
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likely linked to public health campaigns such as ‘slip slop slap’ and related advertisements of 

the 1980s (Health and Welfare, 2023, Cramb et al., 2020, Iannacone et al., 2015).  

 

1.1.3 Current therapies/treatment strategies  

Current treatment options for metastatic melanoma include surgery, immunotherapy, targeted 

therapies, chemotherapy and radiation therapy. Before 2010, these options were limited to 

surgery, chemotherapy, interleukin-2 (IL-2) and interferon-alpha (IFN-) targeted therapies, 

and radiotherapy, resulting in metastatic melanoma patients having extremely poor outcomes. 

However, along with BRAF-targeted therapies, immunotherapy has become standard of care 

in stage III and stage IV melanoma in recent years, and has resulted in significant improvement 

in patient outcomes (Wolchok et al., 2017, Wolchok et al., 2022, Knight et al., 2023, Patel et 

al., 2023, Blank et al., 2024). Following the success of anti-PD-1/PDL-1, there was a 

significant influx of other possible targets into clinical trials to find effective therapies for 

patients who do not respond or develop resistance to available therapies. These include other 

drugs targeting other gene mutations within the MAPK pathway, various checkpoint receptor 

inhibitors (LAG-3, TIGIT, ICOS, OX40), however very few of these have progressed beyond 

phase II trials due to their efficacy compared to currently used therapies, with notable 

exceptions such as anti-LAG-3-therapy administered in conjunction with anti-PD-1 (Maher et 

al., 2024, Gide et al., 2023). More recently, there is increasing evidence to support 

immunotherapy being administered pre-surgery (neoadjuvant) rather than after surgical 

resection (adjuvant) therapy (Reijers et al., 2022, Amaria et al., 2022). Cell-based therapies 

such as tumour infiltrating lymphocyte (TIL) therapy and Chimeric Antigen Receptor T (CAR-

T) cell therapy are gaining momentum in the melanoma space, but are not widely accessible at 

this time (Betof Warner et al., 2023, Gajra et al., 2022, Ghilardi et al., 2024, Razavi et al., 

2021). Gaining insight from the successes and failures of the last ten years by detailing the 

immunological modulations caused by these therapies will allow us to understand how best to 

combine available therapies to improve patient response, resistance and survival.  

 

1.2 Tumour Microenvironment of Metastatic Melanoma 

The tumour microenvironment of metastatic melanoma consists of tumour cells, immune cells 

(including lymphocytes, dendritic cells, myeloid-derived suppressor cells and macrophages), 

as well as structural components such as blood vessels, fibroblasts and enzymes such as 
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collagenases. These cells are dynamically interacting which creates a plastic environment that 

directs tumour growth or suppression.  

 

1.2.1 Lymphocytes 

T cells comprise most of the immune infiltrate in metastatic melanoma (Erdag et al., 2012). 

Chronic stimulation of T cells commonly reported in viral infections and tumours results in an 

exhausted T cell state (Miller et al., 2019). Higher numbers of exhausted tumour-infiltrating 

lymphocytes are associated with progressive disease, incomplete response to immunotherapy 

and chronic tumour stimulation (Oliveira et al., 2021). CD8 T cells are well established in their 

association with better outcomes in melanoma patients (Azimi et al., 2012, Veatch et al., 2022, 

Erdag et al., 2012). Previous work from our research group established the association of 

CD103+ Tumour resident (CD69+) CD8 T cells with improved survival as well as response to 

immunotherapy (Edwards et al., 2018). Tissue-resident memory CD8 T cells play an important 

role in preventing tumour escape in melanoma, and have been shown to comprise a large 

proportion of the tumour-antigen-specific population in melanoma (Park et al., 2019, Duhen et 

al., 2018). We also know that exhausted or ‘dysfunctional’ CD8 T cell phenotypes in melanoma 

do not exist as one discrete population but can employ many different phenotypes, and have 

been shown to be able to proliferate and differentiate (Li et al., 2019).  

 

CD4 T cells have been shown to directly kill melanoma cells through multiple mechanisms, 

including by the TNF family ligand TRAIL expressed on the cell surface of CD4 T cells 

(Nguyen et al., 2000). Tumour-antigen recognising CXCL13+ CD4 T cells have been shown 

in melanoma to correlate with patient survival as well as CD8 T cell and macrophage activation 

(Veatch et al., 2022). CD4 T cell subsets have been implicated in both pro- and anti-tumour 

responses. Notably, regulatory T cells (Tregs) have been linked to both good and bad outcomes 

in melanoma (Jacquelot et al., 2016, Ma et al., 2012). TH2 cells have been shown to be enriched 

more than TH1 cells in melanoma tumour tissue, contributing to a tumorigenic environment 

(Halim et al., 2017, Grotz et al., 2015). Conversely, adoptive T cell therapy in melanoma mouse 

models showed a potent anti-tumour effect of TH2 cells (Mattes et al., 2003). TH17 cells have 

been shown to have both pro and anti-tumour effects, driven by mediators produced by other 

cells in the TME including T cells, melanoma cells, cancer associated fibroblasts and myeloid 

cells (Chen and Gao, 2019, Martin-Orozco et al., 2009). Interestingly, glycolysis and hypoxia 

favour the development of TH17 cells over Tregs in melanoma (Shi et al., 2011). 
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 T cells have been shown to be important tumour mediators in melanoma (Toia et al., 2019). 

 T cells are not MHC restricted and have been shown to produce anti-tumour cytokines TNF-

 and IFN- as well as kill melanoma cells in vitro (Cordova et al., 2012). Proportions of 

peripheral T cells were associated with survival in immunotherapy-treated melanoma 

patients (Wistuba-Hamprecht et al., 2016), however, suppression of IL-17 on  T cells was 

shown to supress melanoma development in mouse models, pointing to the complicated role 

of  T cells in melanoma progression (Li et al., 2014). Recent work investigating the role of 

 T cells in the context of anti-PD-1 therapy in melanoma found that PD-1+V1+ T cells 

retained functional effector capacities that were inhibited by anti-PD-1 therapy. These studies 

show that  T cells have an important role in both tumour progression and response to therapy.  

 

B cells have been associated with both anti-tumour responses and pro-tumour responses in 

melanoma, highlighting a need to better understand the plasticity of B cells in the TME 

(Rodgers et al., 2022, Griss et al., 2019). We know that high expression of B cell signatures 

and B cell receptor diversity is associated with improved survival in melanoma patients (Iglesia 

et al., 2016). One study found a tumour-induced plasmablast-like-enriched B cell population 

with a CD27/CD38/PAX5 gene signature correlated with survival, in addition to CD8 T cell 

and macrophage numbers in melanoma (Griss et al., 2019). Interestingly, this same study found 

that loss of tumour-associated B cell signatures due to anti-CD20 therapy resulted in loss of 

CD8 and CD4 T cells and loss of tertiary lymphoid structures, all of which was resolved after 

termination of therapy (Griss et al., 2019). Furthermore, IgA antibodies produced by plasma B 

cells have been linked to worse outcomes in melanoma patients (Bosisio et al., 2016, Germain 

et al., 2015). B cells within melanoma tumours have been shown to upregulate genes involved 

in activation, inflammation, immune checkpoint, exhaustion and immunosuppression (Griss et 

al., 2019). Organised aggregates of T and B cells, dendritic cells and high endothelial venules 

(HEVs) that form within tumours, known as tertiary lymphoid structures, have an important 

anti-tumour role in melanoma (Cabrita et al., 2020, Attrill et al., 2022a, Cipponi et al., 2012) 

 

1.2.2 Innate cells 

Myeloid-derived suppressor cells (MDSCs) are a major contributor to tumour development 

(Cole et al., 2021). It is therefore imperative that MDSCs are further defined to allow us to best 

target them due to the heterogeneity between tumour type and patient (De Cicco et al., 2020). 
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MDSC with a suppressive phenotype promote a pro-tumour milieu in the TME and contribute 

to lack of response and resistance to immunotherapy (Weber et al., 2018). We must better 

understand the phenotypic and functional diversity of myeloid cells in the TME (Mantovani et 

al., 2021).   

 

Macrophages are a ‘double-edged sword’ in tumours due to their plasticity and ability to 

interact with many immune and tumour subsets in the TME (Biswas and Mantovani, 2010, 

Zhou et al., 2022b, Mantovani and Marchesi, 2022). Categorisations of tumour-associated 

macrophages must continue to move away from M1/M2 oversimplifications if we are to 

advance our understanding of tumour immunology and avoid misinterpretation. Human 

macrophages are known to express a variety of markers, including but not limited to; CD14, 

CD16, CD68, CD13, CD11c, HLA-DR/MHC-II, mannose receptor CD206/MCR1, PD-1, PD-

L1, arginase-1 and CD86 and have been seen to produce TNF-α and VEGF (Roussel et al., 

2017, Liu et al., 2022a, Gordon et al., 2017, Wang et al., 2024, Villaseñor-Cardoso et al., 2013).  

 

Many studies have highlighted the link between macrophages and tumour progression. Recent 

work found that immunotherapy-treated melanoma patients with higher CD16+ macrophages 

densities had longer progression-free survival (Lee et al., 2023). Another group found that 

tumour-infiltrating T cells were more closely associated with CD14-expressing cells than 

tumour cells in metastatic melanoma tumours (Martinek et al., 2022). Further, one recent study 

found that melanoma patients with tumour-infiltrating CD8 T cells located within high 

proximity to CD163+ macrophages had worse survival rates (De Logu et al., 2023). Another 

group showed that particular pattern recognition receptor genes highly expressed in one 

macrophage population were highly correlated with prognosis in cutaneous melanoma (Zhao 

et al., 2021).  Macrophages are also important mediators of response to both immunotherapy 

and systemic therapies (Lee et al., 2023, Massi et al., 2019, Yan et al., 2021, Wu et al., 2022). 

Tumour-associated macrophage marker CD163 expression is associated with PD-1 and LAG-

3 expression, and was found to associate with worse survival in cutaneous melanoma (Kim et 

al., 2020). Experimental approaches such as single-cell transcriptomics have added to our 

understanding of tumour-associated macrophages as a highly diverse and plastic group of 

cells(Cheng et al., 2021, Mulder et al., 2021).  

 

Dendritic cells (DCs) modulate the TME by activating T cells with tumour antigens, 

phagocytosing tumour antigens and processing and presenting these antigens to T cells to 
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activate them, produce cytokines and communicate with other innate immune cells. Gene 

therapies targeting the activation of DCs in melanoma models that have shown these activated 

DCs stimulate increased production of antigen-specific T cell and natural killer cells (Wenthe 

et al., 2023). Additionally, one group has successfully reprogrammed tumour cells to exhibit 

cDC1 phenotype and function in melanoma mouse models (Zimmermannova et al., 2023), with 

these anti-tumour properties currently utilized in the development of DC vaccines in many 

cancers, including melanoma (Li et al., 2023a, Yazdani et al., 2020, Javed et al., 2016, Adamik 

et al., 2023). Broadly, markers of dendritic cells in melanoma include CD11c, HLA-DR, CD13, 

and CD1c and CD141 to delineate conventional dendritic cells 1 (cDC1) and 2 (cDC2) 

(Roussel et al., 2017, Schwarze et al., 2022, Hornsteiner et al., 2024, Villaseñor-Cardoso et al., 

2013).  

 

Natural killer (NK) cells are important anti-tumour mediators in melanoma (Zhao et al., 2023). 

NK cells within melanoma tumours exhibit gene expression programs associated with 

cytotoxicity, chemokine synthesis and DC recruitment (de Andrade et al., 2019). In melanoma 

patients treated with an in-situ tumour vaccination, NK cells promoted Treg apoptosis and were 

associated with better patient response (Jin et al., 2023). NK cells from melanoma can exhibit 

an exhausted phenotype similar to T cell populations, and this exhaustion has been shown to 

be reversable with anti-TIM-3 therapy (da Silva et al., 2014). NK cells have also been 

associated with worse patient outcomes in melanoma (de Jonge et al., 2019). We know that 

melanoma cells can evade recognition by NK cells through multiple mechanisms, including 

upregulation of nerve growth factor receptor (NGFR) (Lehmann et al., 2023). Interestingly, 

NK cell interaction with melanoma cells has been shown to increase NK cell recruitment 

(Parodi et al., 2015), however increased NK cell infiltration has been shown to cause melanoma 

cells to become resistant to NK-cell-mediated death (Balsamo et al., 2012).  

 

Neutrophils can kill cancer cells directly through antibody-dependent cellular toxicity (ADCC) 

(Matlung et al., 2018). However, elevated neutrophil-to-lymphocyte ratios have been 

associated with poor prognosis in melanoma (Mallardo et al., 2023, Zhan et al., 2018). 

Neutrophil extracellular traps have also been correlated with necrosis and larger tumours in 

melanoma (Weide et al., 2023), with mouse models identifying that neutrophil-secreted 

Annexin A1 favoured melanoma metastasis (Sandri et al., 2023). Interestingly, extracellular 

vesicles derived from melanoma cell lines have been shown to polarise neutrophils towards a 

pro-tumour (ARG1/CXCR4/VEGF-expressing) phenotype (Guimarães-Bastos et al., 2022). It 
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has also been shown that neutrophils play an important role in immunotherapy-mediated anti-

tumour response in melanoma, and they have been identified as a possible biomarker of 

response (Hirschhorn et al., 2023, Benguigui et al., 2024, Cristinziano et al., 2022).  

 

1.2.3 Structural Cells and the Extracellular Matrix 

The tumour extracellular matrix (ECM) is made up of a variety of proteins, including matrix 

metalloproteinases, collagens, fibronectin and proteoglycans that together construct the 

physical scaffold of the tumour (Popovic and Tartare-Deckert, 2022). ECM stiffness is closely 

linked to melanoma cell survival, migration, and epithelial-mesenchymal transition 

(Ahmadzadeh et al., 2017), with fibroblasts and endothelial cells being the predominant cell 

populations involved in tumour architecture.  

 

Fibroblasts regulate the contents of the ECM by producing the majority of extracellular matrix 

proteins, including collagens, fibronectin, matrix metalloproteinase and enzymes required for 

ECM remodelling, and promote melanoma progression by producing mediators that promote 

melanoma cell survival and motility (Liu et al., 2019c, Romano et al., 2021). Fibroblasts 

activated by melanoma cells showed enhanced secretion of lactate, cytokines and proteins 

related to angiogenesis such as vascular endothelial growth factor A (VEGF-A) (Mazurkiewicz 

et al., 2022). Cancer-associated fibroblasts’ (CAFs) role in melanoma is partially regulated by 

B-catenin, as dampening B-catenin expression in CAFs resulted in the reduced expression of 

CAF-associated markers, inability to respond to melanoma cells and reduced motility (Liu et 

al., 2019c). Additionally, CAFs have been shown to downregulate NK cell cytotoxicity and 

cytokine production in melanoma co-culture models (Balsamo et al., 2009). Fibroblasts have 

also been associated with BRAF/MEK inhibitor resistance in melanoma (Fedorenko et al., 

2015, Hirata et al., 2015, Diazzi et al., 2022, Kim et al., 2016, Berestjuk et al., 2022).  

 

Endothelial cells within the tumour actively supress inflammatory responses through 

autophagy (Verhoeven et al., 2023). High-endothelial venules form within tumour tissue from 

post-capillary venules and are important routes for lymphatic entry into the tumour (Asrir et 

al., 2022). A recent study found that genetic deletion of VEGF-R2 in endothelial cells led to 

enhanced hypoxia, reduced infiltration of T cells and profound reduction in blood flow to the 

tumour (Kido et al., 2022). The tumour endothelium is also the starting point for complement 
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cascade in the tumour, promoting neutrophil-mediated permeability of blood vessels that 

increased melanoma cell dissemination (Liu et al., 2022b).  

 

1.2.4 Tumour cells 

Tumour phenotypes in melanoma, as in most cancers, are highly heterogeneous. One study 

approached this by classifying melanocytes into four developmental states: melanocytic stem 

cell, foetal, neonate and adult, with genes associated with immune response and pigmentation 

increasing with each consecutive stage (Belote et al., 2021). The study observed that melanoma 

tumours are comprised of cells from many developmental programs, with large heterogeneity 

across patients (Belote et al., 2021). More recently, a study defined melanoma cell states by 

transcriptional clusters and found that none of the cell states were associated with genetic 

profiles of BRAF and NRAS mutational status, suggesting individual melanoma phenotypes 

are driven by non-genetic causes (Pozniak et al., 2024). The same study also observed HLA-

DR+ melanoma cells were enriched in areas with immune cells, in particular CD8 T cell-dense 

areas, while HLA-DR- melanoma cells and CD8 T cells did not colocalise (Pozniak et al., 

2024).  

 

Melanoma cells can downregulate expression of melanoma antigens and appear as normal 

mesenchymal cells of CAFs (Pozniak et al., 2024). Melanoma tumour cell recognition by 

melanoma antigen-specific T cells was reduced after exposure to inflammatory cytokine TNF-

 (Landsberg et al., 2012). Genes such as AXL and HMGA2 are indicative of a dedifferentiated 

cell state and are markers of progression and prognosis (Belote et al., 2021, Raskin et al., 2013). 

TCF4 expression in melanoma cells in a mesenchymal-like state was inversely correlated with 

sensitivity to both BRAF and MEK inhibitors, identifying a possible clinical target to address 

response and resistance in melanoma (Pozniak et al., 2024). One study found podoplanin 

expression was associated with dedifferentiated melanoma populations and function as a 

possible biomarker for invasive dedifferentiated melanoma (de Winde et al., 2021).  

 

Tumour cells can also develop vascular-like structures without involvement of endothelial cells 

through a process known as vascular mimicry. One study found vascular mimicry was 

medicated by PARP1 expression in melanoma, and targeting this may reduce spread of 

metastasis (Fernández-Cortés et al., 2023). Another study observed vascular mimicry in a 

human melanoma cell line was important for monocyte recruitment through adhesion 
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molecules and chemokine production (Tan et al., 2022). Melanoma cells can also 

transdifferentiate into an endothelial cell-like phenotype, acquiring CD31 and VE-cadherin 

expression (Li et al., 2020). 

 

1.3 Melanoma and Immunotherapy  

As melanoma is a highly immunogenic tumour, it is an excellent target for immunotherapy. 

Immunotherapies anti-CTLA-4 and anti-PD1/PD-L1 have had significant success in metastatic 

melanoma. Recently, PD-1/Lag3 combination immunotherapy was first shown in melanoma 

brain metastasis to have progression-free and overall survival rates to support use (Tawbi et 

al., 2021). Despite the success of immunotherapy in melanoma, there remains a significant 

proportion of people who do not respond or develop resistance to immunotherapy (Long et al., 

2023a). The key to uncovering mechanisms of response and resistance is a detailed 

understanding of the complex and plastic relationship between immune cells, tumour cells and 

their local environment.  

 

1.3.1 Mechanisms of Response and Resistance 

Due to the complex and active nature of the TME, there have been many investigations into 

mechanisms of response and resistance to immunotherapy in melanoma. Higher tumour 

mutational burden is associated with response to PD-1 immunotherapy, while tumour purity 

and heterogeneity is associated with lack of response to PD-1 (Liu et al., 2019b). Tumour-

resident memory CD8 T cells have been shown to predict response to immunotherapy (Damei 

et al., 2023). We also know that CD39+ tumour-resident CD8 T cells predict recurrence-free 

survival in patients treated with immunotherapy (Attrill et al., 2022b). The proximity of CD8 

T cells that were both antigen-experienced and proliferating to tumour cells in pre-treatment 

samples has also been associated with response to immune-checkpoint inhibitors (ICIs) 

(Moldoveanu et al., 2022). ECM molecule EMILIN-2 modulates PD-L1 expression in 

melanoma cells, and its expression has been associated with higher PD-L1 expression in 

melanoma patients as well as response to anti-PD1 therapies (Fejza et al., 2021). Tumour-

associated HEVs in metastatic melanoma are predictive of better response and survival with 

immunotherapy (Asrir et al., 2022). Analyses of cutaneous melanoma skin samples using a 

TCGA dataset found melanoma cells with a dedifferentiated gene signature were associated 

with partial or no response to ICI therapy (Belote et al., 2021).  
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1.3.2 Immune related adverse events 

Immune activation in normal tissue after immunotherapy treatment can lead to immune-related 

adverse events (iRAEs), also known as ‘toxicities. The most common iRAEs in melanoma are 

those involving the gastrointestinal tract, including colitis and diarrhea (Patrinely et al., 2021, 

Schonfeld et al., 2022). Rarer iRAEs include nephritis, myocarditis, type 1 diabetes and, in 

very rare cases, death (Park et al., 2023). Greater incidence of iRAEs in melanoma patients has 

been associated with lower frequencies of Tregs, upregulation of CD69 expression on CD8 T 

cells and increased proportion of MDSCs (Lepper et al., 2023). We also know that the 

development of colitis in immunotherapy-treated melanoma patients is associated with higher 

circulating monocytes at baseline (Nahar et al., 2022). Development of autoantibodies is also 

a likely driver of immunotherapy-induced iRAEs, and B cells have recently been identified as 

possible biomarkers of iRAEs and predictors of ICI response (Taylor et al., 2022, Willsmore 

et al., 2020).  

 

1.3.3 VISTA: a new immunotherapy target 

Inhibitory signalling is a vital mechanism of self-tolerance. V-domain Immunoglobulin 

Suppressor of T Cell Activation, or VISTA, is an established inhibitory receptor and ligand 

expressed on a variety of immune and tumour cells, in particular myeloid cells and monocytes 

(Li et al., 2021). VISTA is an unfavourable prognostic factor in cutaneous melanoma (Choi et 

al., 2020). VISTA emerged as one of many possible targets for immune checkpoint blockade 

therapy initially due to its homology to PD-L1. It has since been shown to be upregulated in 

response to PD-1 therapy as a possible mechanism of resistance, but its expression is regulated 

by a pathway distinct from PD-1/PD-L1 regulation (Blando et al., 2019, Rosenbaum et al., 

2020, Gao et al., 2017a, Kakavand et al., 2017, Li et al., 2023c). This positions VISTA as a 

uniquely suitable candidate for combination therapy. VISTA can behave as both a receptor and 

a ligand (Yuan et al., 2021), is expressed widely across both healthy and diseased tissues, and 

plays an important homeostatic role within the human body (Thakkar et al., 2022). It was also 

shown in primary melanoma that VISTA expression is highly expressed on CD11b myeloid 

cells, and this correlated with higher recurrence and mortality in these patients (Vesely et al., 

2024).  
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1.3.3.1 Clinical Trials targeting VISTA 

In response to initial articles reporting the likely success of targeting VISTA in solid tumours, 

there have been multiple clinical trials targeting VISTA in patients with solid tumours. 

Currently there are three anti-VISTA antibodies and one oral VISTA antagonist being assessed 

in Phase I clinical trials, as well as an upcoming anti-VISTA mAb clinical trial yet to start 

recruiting (Martin et al., 2023). 

 

CA-170 is a small molecule drug target developed by Curis that binds and blocks PD-L1, PD-

L2 and VISTA in advanced solid tumours of lymphomas (Curis, 2016). It has been 

demonstrated that CA-170 only binds minimally to VISTA and has a limited capacity to disrupt 

VISTA receptor-ligand interactions (Gabr and Gambhir, 2020). Curis also sponsors another 

Phase I anti-VISTA mAb clinical trial using a molecule initially developed by Janssen for 

advanced cancers (2020b). Janssen cancelled this clinical trial in 2019 citing ‘a business 

decision’ but later the cancellation was reported as being due to dose limiting toxicity related 

to cytokine release syndrome (Ascierto et al., 2022, Janssen Research and Development, 2016). 

There is also a Phase I/II mAb that is targeting VISTA under the name HMBD-002 with 

Hummingbird Biosciences, which is being trialled both alone and in combination with anti-

PD-1 in patients with advanced solid malignancies (Bioscience, 2021). Additionally, an anti-

VISTA mAb is being evaluated alone and with anti-PD1 (Melero et al., 2020, 2020c). The IgG 

isotype of anti-VISTA mAbs has a profound impact on the functional profile and clinical effect 

of the antibody. IgG4 may not activate immune cells like IgG1 mAbs do and therefore may be 

an option to address the safety concerns surrounding early VISTA clinical trials (Mostböck et 

al., 2022).  

 

1.3.3.2 VISTA in tissue  

It is important to understand that VISTA is widely expressed across immune infiltrates and has 

an important regulatory role in homeostasis. VISTA is reported to be highly expressed on 

myeloid cells, in particular macrophages (Yoon et al., 2015). VISTA expression is positively 

correlated with CD33 expression in cutaneous melanoma, and it has been found that VISTA is 

expressed largely by CD33+ myeloid cells within the tissue (Choi et al., 2020). VISTA 

expression is also upregulated on macrophages and neutrophils in response to LPS in vitro (Ma 

et al., 2022). It is well established that macrophages play an important role in polarising the T 

cell response to the tumour. One investigation demonstrated that VISTA agonist activated 
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human PBMC monocytes (shown by HLA-DR, PD-L1, CD80 and CD40 upregulation) and 

was able to activate CD4 T cells, demonstrating a functional role for VISTA on monocytes 

(Rogers et al., 2019).  

 

Unravelling the various roles of VISTA cannot be done without identifying the ligands that it 

interacts with. Reported ligands include PSGL-1, VSIG-3, and VSIG-8. PSGL-1 is an adhesion 

molecule that mediates leukocyte trafficking by binding to selectins (Norman et al., 1995, 

Sperandio et al., 2003). It has been shown to be a negative regulator of T cell function, and this 

property may be exploited in viral or tumour contexts to promote exhaustion (Tinoco et al., 

2016). It has been highlighted as an important ligand in the context of immunotherapy due to 

its role in recruitment to peripheral tumour sites. VSIG-3 functions as a cell adhesion molecule, 

and is highly expressed in the brain and testes (Xie et al., 2021). VSIG-3 is also  highly 

expressed in advanced human glioma and is associated with poor prognosis (Ghouzlani et al., 

2021). The ligand VSIG-8 has possible clinical significance. One study demonstrated that 

VSIG-8 interacts with VISTA to inhibit T cell function, and subsequently described a novel 

anti-VSIG-8 molecule that has the potential to enhance VISTA blockade when used in 

conjunction with an anti-VISTA mAb (Chen et al., 2022b).  

 

Clinical data surrounding expression patterns of VISTA varies between cancers. VISTA has 

been reported as being associated with both positive and negative clinical outcomes. It has been 

reported as a predictor of improved survival in endometrial cancer (Zong et al., 2022), a 

predictor of positive outcomes in colorectal cancer and hepatocellular carcinoma (HCC) (Wu 

et al., 2021) and a good prognostic factor in triple negative breast cancer (Zong et al., 2020). 

Conversely, VISTA expression has also been reported as being associated with a higher 

mortality rate and lower survival in non-small cell lung cancer (NSCLC) (Long et al., 2022) 

and correlated with shorter overall survival and tumour necrosis in clear cell renal carcinoma 

patients with venous tumour thrombi (Zapała et al., 2022). In NSCLC, high expression of 

VISTA on CD4 T cells was associated with poor prognosis and a dampened cytokine response 

(Ma et al., 2022). These studies demonstrate that VISTA may be an important checkpoint 

blockade for multiple cancers, however mechanisms of VISTA in regulating the immune 

response are varied in different immunological contexts and cannot be understood as a ‘one 

size fits all’ clinical approach.  
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1.3.3.3 VISTA and hypoxia 

Hypoxia, or reduced cellular oxygen availability, is a known condition of TMEs as tumour 

cells consume oxygen at an increased rate that deprives resident immune cells of necessary 

oxygen, thereby altering their function and contributing to exhaustion (Hu et al., 2022). VISTA 

expression and hypoxia are tightly linked, with HIF1 binding to the VISTA promotor directly, 

upregulating VISTA expression on myeloid cells in murine models (Deng et al., 2019). We 

also know that VISTA engages with PSGL-1, one of the known ligands of VISTA, at an acidic 

pH due to the high histidine content. This means that VISTA is much more biologically active 

in acidic conditions such as hypoxia, often found in the TME (Johnston et al., 2019). Further, 

one group developed an anti-VISTA mAb that targeted the histidine-rich epitope of VISTA, 

and this was able to successfully restore T cell responsiveness (Johnston et al., 2019). It is also 

clear that hypoxia drives resistance to immunotherapy by its connection to alternate metabolic 

programs in tumour cells (Kopecka et al., 2021).  

 

1.3.3.4 VISTA in inflammatory disease 

VISTA also has significant therapeutic potential for treating inflammatory diseases. VISTA is 

well known to suppress inflammatory responses and as such is linked to decreased production 

of IFN and TNF in prostate cancer patients (Gao et al., 2017b). Treating monocytes from 

the same patients with anti-VISTA mAb resulted in significant reversal of monocyte-mediated 

suppression of T cell IFN production (Gao et al., 2017a). Similarly, silencing VISTA in 

human endometrial and ovarian cancer cell lines restored T cell proliferation and IFN and 

TNF secretion (Mulati et al., 2019). In viral infections, VISTA is important in COVID-

mediated cytokine storm and severe disease (Shahbaz et al., 2021) and is likely to be a direct 

ligand in phagocytosis of HIV-infected apoptotic T cells (Shahbaz et al., 2020, Xu et al., 2021). 

VISTA RNA expression (vsir) is also downregulated on monocytes and DCs in PBMCs of 

multiple sclerosis patients compared to healthy controls, suggesting the potential for VISTA 

therapy in other neurodegenerative diseases (Derakhshani et al., 2022).   

 

1.4 Adjuvant radiotherapy to treat metastatic melanoma 

Radiotherapy was first used to treat melanoma in the 1970s (Creagan et al., 1978). Stereotactic 

radiotherapy (SRT) was introduced to the clinic in the 1990s, which allowed a high 

radiotherapy dose per fraction to be delivered to tumour site in a shorter time frame. Since 

2015, there has been a move away from radiotherapy towards systemic therapies (ICI, 
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BRAF/MEK inhibitors) in patients who fit criteria for radiotherapy treatment (Kibel et al., 

2023).  

 

1.4.1 Current clinical guidelines for radiotherapy use 

Today, radiotherapy is employed in melanoma under specific conditions. Adjuvant 

radiotherapy after lymph node dissection is often performed if patients do not respond to 

neoadjuvant therapy or are ineligible for systemic therapies and have extranodal spread, large 

involved nodes, positive margins or recurrent disease (Hong, 2024). It is also employed to 

assist symptom management in palliated metastatic melanoma patients with cerebral 

metastases, bone pain, spinal cord compression and soft tissue metastases causing pain (Hong, 

2024). Patients with brain metastases often undergo multiple treatment modalities, including 

SRT, to treat site of disease (Hong, 2024, Feng et al., 2017). Although systemic therapies are 

favoured over radiotherapy in metastatic melanoma, a small retrospective study found that 

lymph-node basin relapse recurrence was similar in patients treated with systemic therapies 

compared to radiotherapy, however systemic therapies were associated with reduced incidence 

of overall recurrence or progression (Kibel et al., 2023).  

 

1.4.2 Radiotherapy mechanisms in the TME 

Radiotherapy causes tumour cell death by inducing DNA damage that leads to interruption of 

cell cycle and death of tumour cells via apoptosis and necroptosis pathways. In turn this process 

releases tumour-associated antigens, inflammatory mediators and cell adhesion molecules 

which altogether aim to reinvigorate the local immune environment (Chicas-Sett et al., 2020, 

Rogers et al., 2019). This is sometimes termed an ‘in-situ vaccination’, as the activation of 

antigen-presenting cells and availability of antigens mimics the response intended by 

vaccination.  

 

Radiotherapy has been shown to induce both immunosuppressive and immunostimulatory 

effects in melanoma (Wennerberg et al., 2017). Melanoma is often categorised as a 

radioresistant tumour, possibly due to the overexpression of repair genes in melanoma cells 

(Kauffmann et al., 2008). Other groups have shown that radiation increases the 

immunogenicity of melanoma by releasing neoantigens in radiation-induced cell death, thereby 

reinvigorating the immune system  (Werthmöller et al., 2016) 
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It is established that radiotherapy promotes presentation of tumour-associated antigens by 

APCs, and additionally that radiation can increase T cell exposure to tumour antigen in vivo by 

cross presentation (Sharabi et al., 2015). One group suggests that stereotactic ablative 

radiotherapy may be causing a systemic activation of CD8 T cells (Ratnayake et al., 2022). 

Radiotherapy-induced T cell activation has also been reported in stage I NSCLC and a Phase I 

study including multiple solid tumours (Tang et al., 2017, Zhang et al., 2017). One specific 

subset of B cells, B-1 cells, were shown in vitro to interact with murine melanoma cell line B-

16 cells and facilitate a pro-tumour environment with the increased production of IL10 and 

subsequent radio-resistance of the B-1 cells (Laurindo et al., 2013). Radiotherapy has also been 

shown to modulate expression of immune checkpoints in non-melanoma skin cancer (Wang et 

al., 2023c).  

 

There is a need for biomarkers to be able to determine the extent to which and at what stage 

radiotherapy may be clinically effective for the patient. Stage III melanoma patients with 

BRAF mutation treated with adjuvant radiotherapy had more than 4 times the increased risk of 

local or region lymph node recurrence (Wolfe et al., 2021). Ratnayake et al found a higher 

baseline signature of lower naïve CD8 T cells along with TIM3+ expression on multiple T cell 

populations, in particular CD4 T cells was most predictive of a poor response to radiotherapy 

(Ratnayake et al., 2022).   

 

1.4.3 Abscopal Effect 

There is evidence to suggest that radiotherapy may have impacts beyond the irradiated site, 

however this is extremely controversial. This is known as the ‘abscopal effect’, a term coined 

by R.H. Mole from ab- (“away from”) and scopus (“target”) (Yilmaz et al., 2019, Mole, 1953). 

It is difficult to analyse evidence of the abscopal effect as it is a rare occurrence. A retrospective 

analysis of metastatic melanoma patients treated with palliative radiotherapy between 1998 and 

2020 found that 15 out of 118 patients (12.7%) developed an abscopal response (Ollivier et al., 

2022). Abscopal response was classified according to iRECIST (Response Evaluation Criteria 

in Solid Tumours) criteria, which defined it as either complete or partial response in at least 

one metastasis that was not treated with radiotherapy (Seymour et al., 2017). Another 

retrospective study of melanoma patients treated with anti-PD-1 and radiotherapy observed an 

abscopal response in 31.5% (17/61) of patients (Saiag et al., 2022). The mechanisms behind 

the abscopal effect are unclear, and evidence to date is usually conducted in mouse models. An 
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in vivo study in mouse mammary carcinoma cells found radiation led to improved control of 

distant untreated lesions through type I IFN signalling (Yamazaki et al., 2020). Additionally, 

immune checkpoints were found to be upregulated in a distant, non-irradiated site of a 

radiation-induced oral mucosal injury rat model, denoting a “bystander effect” of radiotherapy 

(Wang et al., 2023c). 

  

1.4.4 Radiotherapy & Immunotherapy  

There is a general need for a greater understanding of what conditions will elicit a strong 

response to radiotherapy, and how radiotherapy can best be implemented for melanoma 

patients. Clinically, radiotherapy is often used in conjunction with immunotherapy, particularly 

in melanoma, however there is conflicting evidence on the combinatorial effect of radiotherapy 

and immunotherapy (Hong, 2024). Initial excitement surrounded reports of the abscopal effect 

of radiotherapy combined with immunotherapy (Postow et al., 2012, Golden et al., 2015, 

Bernstein et al., 2016) However, a small Phase-II trial of immunotherapy and radiotherapy in 

melanoma patients showed no significant difference with the addition of radiotherapy but did 

report a subset of patients that responded to therapy only after radiotherapy addition (Sundahl 

et al., 2019, Spaas et al., 2023) 

 

As previously outlined, radiotherapy had been shown to upregulate immune checkpoints that 

are current targets of immunotherapy (Ratnayake et al., 2022, Wang et al., 2023c). It follows 

that radiotherapy may be an important treatment to be used in conjunction with immunotherapy 

to increase availability of immune checkpoint proteins and immunogenicity of the tumour at 

the irradiated site (Wennerberg et al., 2017, Rogers et al., 2019, Liu et al., 2022c). Radiotherapy 

and PD-1 blockade together have been shown to increase endogenous T cell infiltration of 

established B16 tumours in a mouse model (Sharabi et al., 2015). One metastatic melanoma 

patient who had unexpected acceleration of tumour growth on immunotherapy was treated with 

hypofractionated radiotherapy and had a complete response with no further immunotherapy 

treatment (Alhumaid et al., 2023). Another metastatic melanoma patient exhibited evidence of 

radioimmunotherapy ‘synergy’ and abscopal effect in their complete response (Rahnea-Nita et 

al., 2024).  

 

One limitation of radiotherapy in conjunction with immunotherapy is that there is likely to be 

persistence of radiation-induced immunosuppression which is the opposite outcome expected 
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and desired for immunotherapy treatments (Grassberger et al., 2018). Thus, the order of the 

treatments can be important, and it has been shown that radiation administered before 

immunotherapy, particularly ipilimumab, resulted in better overall survival than radiation after 

ipilimumab (Schoenfeld et al., 2015). Additionally, some argue that immunotherapy combined 

with stereotactic radiotherapy that excludes lymph nodes is a radio/immunotherapy 

combination that allows for a better anti-tumour response (Galluzzi et al., 2023). These studies 

support the idea that there are some patients for whom radiotherapy alone or in combination 

with immunotherapy results in a more robust anti-tumour response. 

 

Toxicity concerns remain an important part of the conversation, however there is no clear 

evidence that suggests toxicity rates are higher in radiotherapy- and immunotherapy-treated 

patients compared to immunotherapy alone (Verma et al., 2018, Guan et al., 2023, Leaman-

Alcibar et al., 2022, Li et al., 2022). There is evidently an important place for radiotherapy in 

tumour treatment, however there need to be better predictors of patient response and 

understanding of the interplay with other therapies, in particular specific immunotherapies.  

 

1.4.5 Emerging radiotherapy technologies 

There has been significant development of cutting-edge therapies that employ radiation to treat 

tumours with better precision and cause fewer side effects. Neutron Capture Enhanced Particle 

Therapy (NCEPT) delivers extremely targeted radiotherapy doses to tumours via neutron 

capture agents or ‘NCA’s (Howell et al., 2024). Recently, NCEPT was successfully performed 

using a simulation model in China (Kielly et al., 2024). Proton radiation therapy has gained 

significant funding into its development, however there is not yet clear evidence of its 

advantage over traditional photon radiation therapy (Chen et al., 2023b).  

 

1.5 Experimental approaches to single cell omics 

We are now in the era of spatial proteomics and transcriptomics, often simplified as ‘omics’. 

Nature announcing ‘single cell multimodal omics’ and ‘spatially resolved transcriptomics’ as 

methods of the year for 2019 and 2020 respectively signified this new focus on spatial biology  

(2020a, Marx, 2021). Much of the widespread use of spatial omics can be attributed to 

commercialisation of these technologies by companies such as 10X Genomics and Nanostring 

(Chen et al., 2023a). Commercialisation standardises reagents and theoretically increases 

access to these technologies, but at the cost of significantly impeding non-commercial 
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contribution and development in this rapidly evolving field (Alexandrov et al., 2023). For the 

field of spatial omics to remain accessible, useful and reproducible to the scientific field, this 

area of science should prioritise transparency and access to protocols, software and 

technologies.  

 

1.5.1 From immunofluorescence to whole-genome mapping 

Immunohistochemistry (IHC), immunofluorescence (IF) and in situ hybridisation (ISH) are 

techniques used in research and the clinic for decades and remain widely used today (Falcon 

et al., 2013, Li and Yang, 2020, Viratham Pulsawatdi et al., 2020). These techniques are 

particularly employed across cancer research, so much so that the Society for the 

Immunotherapy of Cancer released a statement outlining best practices for IHC and IF staining 

and validation (Taube et al., 2020).  

 

However, limitations of traditional IHC led to the development of multiplex IHC (mIHC), a 

technique that employs the cyclic addition and removal of primary antibodies and fluorescent 

tags to allow for multiple markers to be detected in one sample (Granier et al., 2017). mIHC 

became accessible to most researchers in the last decade, costing approximately $40 USD per 

experiment (Tan et al., 2020, Stack et al., 2014). Although these technologies can employ 

multiple markers successfully, fluorescent overlap and other chemical principles limits the 

expansion of these techniques to include more than 7-8 markers at a time (Lazarus et al., 2019). 

Tissue targets not available in FFPE, such as protein molecules, were able to be targeted by in 

situ hybridisation in recent years through commercially available technologies such as 

RNAScope (Wang et al., 2012).   

 

Despite recent advancements in single cell sequencing and multiplex flow cytometry that 

increased greatly the quantifiable targets within a sample, these techniques could not fulfill the 

need for high parameter approaches that preserved spatial information (Moldoveanu et al., 

2022). To meet these needs, experimental approaches to assess high numbers of genes, 

transcripts and proteins within tissue developed, often termed the field of spatial omics.  

 

1.5.2 Current approaches to spatial omics 

Spatial omics can reveal detailed cell states and phenotypes, define how cells behave 

differently between regions or ‘neighbourhoods’, and provide a comprehensive view of the 
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entire environment of tissue assessed (Williams et al., 2022). There are many different 

technologies available to assess genes, transcripts and proteins within tissue, however this 

thesis focusses on those pertaining to this study.   

 

Antibody-dependent methods to assess protein localisation in FFPE tissues includes cyclic 

immunofluorescence (e.g. PhenoCycler-Fusion/CODEX), multiplexed ion bean imaging 

(MIBI), and Imaging Mass Cytometry (IMC) (Bressan et al., 2023, Williams et al., 2022). IMC 

employs cytometry by time of flight (CyTOF) technology in antibody staining to resolutions 

of 1µm and can profile up to 40 markers (Ferguson et al., 2022, Veenstra et al., 2021, Bressan 

et al., 2023). These technologies require significant investment in instruments and reagents, 

and resolution for IMC is relatively coarse (Bressan et al., 2023).   

 

Current spatial transcriptomic approaches can be categorised into either imaging methods or 

sequencing methods. Imaging methods include ISH approaches as well as in situ sequencing 

(ISS). These methods employ probes that are labelled complementary to the mRNA target of 

interest. ISH was first employed in 1989 in drosophila and became publicly available in the 

early 2000s (Tautz and Pfeifle, 1989, Femino et al., 1998, Levsky et al., 2002). ISH works by 

hybridising gene-specific probes to mRNA within FFPE tissue, while ISS employs rolling 

circle amplification of target transcripts before addition of one- or two-base specific probes 

linked to an individual fluorophore (Williams et al., 2022). Because of this, ISH methods are 

more efficient at mRNA detection, but ISS approaches can assess larger sample areas within a 

comparable timeframe (Williams et al., 2022, Moses and Pachter, 2022). Sequencing methods 

capture spatial information using arrays or microdissection before performing next-generation 

sequencing (NGS) on samples (Williams et al., 2022). All spatial transcriptomic technologies 

require good tissue quality with intact mRNA and prevention of RNA contamination. Further 

to this, some cell types such as lymphocytes have much lower RNA content compared to other 

cells which may lead to less accurate profiling of these populations; however, methods have 

increasingly been able to accurately profile cells with low RNA quantity and quality (Andreeff 

et al., 1978, Wang et al., 2019).  

 

In the relatively small amount of time that these new technologies have been available, some 

groups have embarked on the difficult task of comparing these methods. One study used breast 

cancer FFPE tissue to compare Chromium X, Visium Cyt-assist and Xenium systems, 

focussing on how the newer Xenium system compared to the older systems. They found that 
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Xenium in situ analysis reliably detected transcripts and had a greater or comparable specificity 

and sensitivity to the Chromium and Visium systems (Janesick et al., 2023). They also found 

a high degree of concordance between probe detection of HER2 (tumour marker) and CD20 

(B cell marker) transcripts and protein expression in the Xenium dataset (Janesick et al., 2023).  

 

Employing single-cell approaches is extremely expensive which limits the accessibility of 

these technologies for most laboratories (Marx, 2022). Many researchers have combined 

different single-cell approaches alongside more accessible methods such as basic IHC, 

however this approach is made difficult with the ‘closed box systems’ commercial developers 

employ (Millar, 2020, Alexandrov et al., 2023). Additionally, many of these approaches rely 

on pre-designed panels developed by commercial teams, and this may impact the scope of 

discovery research using these methods. It is expected that these technologies will progress 

toward multi-omics within one experimental approach, 3D profiling of tissues and live imaging 

(Bressan et al., 2023).  

 

1.5.3 Analysing single cell omics 

It is an ongoing challenge to be able to accurately perform dimensionality reduction of single 

cell datasets and to integrate data between platforms (Marx, 2021). Although some attempts 

have been made to collaborate and share ‘best practices’ of analyses of this kind of data, there 

remains a need to develop standardised approaches to genomic and transcriptomic analysis 

(Liu et al., 2019b, Heumos et al., 2023, Cuevas-Diaz Duran et al., 2024).  

 

Before downstream analysis, single cell omics data needs to undergo pre-processing, cell 

segmentation and normalisation. Following this, data can undergo dimensionality reduction 

and unbiased clustering to produce cell ‘clusters’ or phenotypes, mapping and visualisation as 

well as integration with other data (Williams et al., 2022, Bressan et al., 2023). The influx of 

these technologies has required researchers, many without extensive computational experience, 

to perform data analyses in R and Python. Packages such as Seurat have been developed with 

this in mind, aiming to assist researchers not based in mathematical modelling and include 

read-in tools for specific transcriptomic platforms like Xenium (Marx, 2022, Hao et al., 2024). 

There  has also been significant development in artificial intelligence-based algorithms within 

this field, employing machine learning as well as deep learning to address some of the issues 
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in single cell analysis (Heumos et al., 2023, Erfanian et al., 2023, Ma and Xu, 2022, Alexandrov 

et al., 2023).  

 

Having the ability to perform spatial transcriptomics does not always mean they are the most 

appropriate experimental approach for any given study (Bressan et al., 2023). Some researchers 

prefer flow cytometry and in situ immunofluorescence over spatial transcriptomics to track 

antibodies within the nucleus as they are less expensive and offer “visual proof” (Marx, 2022). 

Many researchers in the field also urge the focus on accessibility of transcriptomic data, 

emphasising ethical sharing of transcriptomic primary and metadata in order to adhere to 

scientific values of transparency and reproducibility (Jackson and Pachter, 2023). This would 

also increase access to transcriptomic datasets, allowing scientists to use high-parameter data 

without having the upfront cost and expertise otherwise required. There needs to be significant 

improvement in scalability, reproducibility and cost in order for these technologies to be 

adopted in the clinic, despite recent studies in cancer tissues that show promising results 

(Comiter et al., 2023, Irmisch et al., 2021, Mulholland and Leedham, 2024). 
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1.6 The present study 

Over the last 10 years, there have been significant successes in novel treatment strategies for 

melanoma. However, inducing an effective, robust response in all melanoma patients remains 

challenging. This is largely due to our lack of understanding of the mechanisms of response 

and resistance of metastatic melanoma. The studies presented in this thesis addressed this by 

conducting a detailed investigation of the TME of metastatic melanoma and identifying 

features that are associated with patient response to therapy, lack of relapse and improved 

survival.     

 

In the first results chapter of this thesis, we aimed to: 

1.  a) quantify the immune milieu of metastatic melanoma using cytometry techniques on 

tumour dissociates from metastatic melanoma patients, focussing particularly on the 

diverse phenotypes of the myeloid compartment; and 

b) compare these cell populations in patients treated with anti-PD-1 monotherapy to 

identify signatures associated with immunotherapy response. 

 

We wanted to complement this initial study with a detailed examination of the TME using 

methods that preserved spatial context. To do this we used a high-parameter imaging approach 

to produce detailed data on the TME of metastatic melanoma. Our aims in this work were to: 

2.  a) profile both quantities of and relationships between immune and tumour cell types 

and subtypes in metastatic melanoma and compare these between patient outcomes; 

and 

b)  establish an analysis pipeline to produce accurate and practical results from spatially 

resolved imaging mass cytometry data. 

 

After establishing a robust protocol for proteomic staining in the second study presented here, 

we wanted to mirror our approach and apply it to a novel in situ hybridisation technique, 

allowing transcriptomic data to be produced on the same cohort. As such, the aims of the third 

study of this thesis were to:  

3.  a) perform transcriptomic profiling on metastatic melanoma tumour tissue using novel 

techniques to compare populations identified between patient outcomes; and 

b) establish a viable multi-omics protocol to perform IMC, PCF and H&E after in situ 

hybridisation. 
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2 Materials and Methods 

2.1 Fresh Tumour Dissociation 

Tumour samples were excised during surgery from surgeons at the Melanoma Institute of 

Australia. Tumour dissociation for samples used in this project was performed by Melanoma 

Institute Biobank using the Miltenyi Biotec Tumour Dissociation Kit (cat #130-095-929) that 

employs enzymatic and mechanical digestion with the Miltenyi Biotec gentleMACS© tissue 

dissociator. Single cell tumour suspensions were then resuspended in freeze media (Table 2.1) 

at ~10x106 cells/mL and aliquoted into 1.5mL cryovials (Corning) and placed in Nalgene Cryo-

1°C/min Freezing Container in a -80°C freezer, followed by long term storage in liquid 

nitrogen tanks until experimental use.  

 

2.2 Flow Cytometry  

2.2.1 Sample preparation and staining 

Cryopreserved single cell tumour dissociates were thawed in a 37°C water bath. Cells were 

treated in ACK lysis buffer (Gibco) for 1 minute at RT to lyse red blood cells. Cells were then 

stained with fluorochrome-conjugated antibodies for 30 minutes at 4°C (Table 2.2). If 

intracellular staining was performed, cells were resuspended in Fix/Perm buffer (BD 

Pharmingen) and incubated for 40 minutes at 4°C in the absence of light to permeabilise the 

cells. Cells were then washed in Perm/Wash buffer (BD Pharmingen) and intracellular 

antibodies were applied to cells and samples incubated for 40 minutes at 4°C in the absence of 

light. Following staining, cells were fixed for 30 minutes on ice in 4% PFA in FACS buffer 

(Table 2.2). Cells were centrifuged at 1455 rcf for 4 minutes at 4°C, the supernatant was 

discarded, and the cells resuspended in FACS buffer. All samples were stored at 4°C while 

awaiting analysis.  

 

2.2.2 Sample Acquisition 

Stained samples and controls were analysed on a BD five laser LSR Fortessa (Sydney 

Cytometry, the University of Sydney). Unstained cells and single colour controls were run with 

each experiment, as well as fluorescence Minus One (FMO) controls for all intracellular 

markers (Table 2.2) to determine changes in background fluorescence when permeabilising the 

cells. Live/dead stain, Zombie AquaTM Fixable Viability Kit (Table 2.1) was applied to separate 
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unstained cells to use as a cell viability control as intracellular staining protocol impacts the 

reliability of this staining.  

 

2.2.3 Flow Cytometry Data Analysis 

Data collected was analysed using FlowJo v10. Data analysis was performed in GraphPad 

Prism was used to analyse quantitative data from FlowJo analysis and generate graphical data. 

Box and whisker plots were used to visualise data. Box lines correspond to 25th percentile, 

median, and 75th percentile, and whiskers extend to minimum and maximum points. All data 

points are shown.   

 

Table 2.1 Flow Cytometry Reagents 

Reagent Source Details 

Fluorescence 

Activated 

Cell Sorting (FACS) 

buffer 

Lab Prepared Phosphate buffered saline (PBS) (Lonza Group Ltd) 

solution containing 1% heat-inactivated Fetal Calf 

Serum (FCS) (AusGeneX) and 0.05% 

Ethylenediamine tetraacetate (EDTA) (Thermo 

Fisher Scientific) 

RP10 Media Lab Prepared Roswell Park Memorial Institute (RPMI) media 1640 

(contains L-glutamine and HEPES) supplemented 

with 10% FCS (AusGeneX) and 0.02% Penicillin-

Streptomycin (Thermo Fisher) 

Fix/Perm Buffer BD 

Pharmingen 

5% Formaldehyde, 1.76% Methanol 4X Fix/Perm 

Buffer diluted 1:4 (v/v) with BD Pharmingen 

Transcription Factor Diluent Buffer. 

Perm/Wash Buffer BD 

Pharmingen 

Perm/Wash Buffer diluted 1:5 (v/v) with BD 

Pharmingen Transcription Factor Diluent Buffer. 

Zombie Aqua 

Fixable Viability Kit 

BioLegend Diluted 1:100 in PBS 

Freeze Media Lab Prepared 10% DMSO in heat-inactivated FCS   

 

Table 2.2 Flow Cytometry Antibodies 

Marker Clone Manufacturer 

CD3 OKT3 Biolegend 

CD4 RPA-T4 BD Biosciences 

CD8a HIT8a Biolegend 

CD19 HIB19 Biolegend 

CD69 FN50 BD Biosciences 
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Marker Clone Manufacturer 

CD103 Ber-ACT8 BD Biosciences 

CD36 5-271 Biolegend 

CD98 (LAT-1) MEM-108 Biolegend 

PKM2 D78A4 CST 

HIF1a 546-16 Biolegend 

CD45 2D1 Biolegend 

CD1c L161 Biolegend 

CD11c B-ly6 BD Biosciences 

CD13 L138 BD Biosciences 

CD14 M5E2 BD Biosciences 

CD141 M80 Biolegend 

CD206 15-2 Biolegend 

HLA-DR G46-6 BD Biosciences 

Clec9A 3A4 BD Biosciences 

VISTA 730804 R&D systems 

PD-1 EH12.1 BD Biosciences 

PD-L1 29E.2A3 Biolegend 

 

2.3 Multiplex Immunohistochemistry (mIHC) staining 

2.3.1 Tissue preparation 

Formalin-Fixed Paraffin Embedded (FFPE) tissue sections were baked at 60C for 60 minutes. 

Slides were placed in xylene for 10 minutes (Table 2.3) and then rehydrated using an ethanol 

gradient (100%, 95%, 70%, 50%) for 5 minutes each. Antigen retrieval (AR) to expose epitopes 

masked during fixation was performed in either TRIS-EDTA buffer (pH9) or sodium citrate 

buffer (pH6) (Table 2.3) depending on the antibody intended for staining.  

 

2.3.2 OPALTM IHC Staining  

All staining was performed on 4m thick FFPE tissues. Samples were covered with 3% 

Hydrogen Peroxide (Table 2.3) to block endogenous peroxidases. Tissues were then blocked 

with OPALTM blocking buffer (Akoya) and incubated in a humidified chamber at RT for 10 

minutes. The primary antibodies listed in Table 2.3 were used with OPALTM Horse Radish 

Peroxidase (Akoya) as the secondary antibody. OPALTM Tyramide Signal Amplification 

(TSA) buffer plus the appropriate fluorophore (Table 2.3) was then applied to each slide for 10 

minutes at RT in a humidified chamber to amplify the signal. Slides were then counterstained 
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with DAPI (Table 2.3) and mounted with Prolong Diamond (Life Technologies) and stored at 

4°C in the dark until imaged.  

 

2.3.3 Imaging  

Single colour positive controls were made for all stains plus an unstained control as a tissue 

auto-fluorescence control. Images were taken on Mantra fluorescent microscope (Akoya 

Biosciences/PerkinElmer) at the Australian Centre Microscopy & Microanalysis (ACMM) 

Facility at the University of Sydney using Mantra imaging software.  

 

Table 2.3 Tissue Staining Reagents 

Reagent Source Details 

Phosphate-Buffered 

Saline (PBS) 

Gibco Potassium phosphate monobasic (1.06mM), Sodium 

Chloride (155.17mM) and Sodium phosphate dibasic 

(2.97mM) at pH 7.4. Stored at room temperature.  

Dulbecco’s 

Phosphae-Buffered 

Saline (DPBS) 

Gibco Potassium chloride (2.67mM), Potassium phosphate 

monobasic (1.47mM), sodium chloride (137.93mM) 

and sodium phosphate dibasic (8.06mM). Stored at 

room temperature.  

Antigen Retrival 

(AR) 6 Buffer 

Lab 

Prepared 

10mM Sodium Citrate (Sigma Aldrich), 0.05% 

Tween20 (Sigma Aldrich), adjusted to pH6 in triple 

distilled water (TDW).  

Antigen Retrieval 

(AR) 9 Buffer 

Lab 

Prepared 

10mM TRIS 1mM EDTA (Thermo Fisher 

Scientific), Tween20, adjusted to pH9.  

TRIS-buffered Saline 

with Tween20 (TBS-

T) 

Lab 

Prepared 

0.1M TRIS-HCl (Sigma Aldrich), 0.15M NaCl 

(Sigma Aldrich), 0.05% Tween20 made up in TDW 

and adjusted to pH 7.5. 

Casein Block 

(Blocking Buffer) 

Perkin 

Elmer 

Included in OPAL IHC Kit (Table 2.4). Used at 

concentration provided.  

Xylenes  Sigma 

Aldrich 

Histological grade mixture of xylenes. 

3% hydrogen 

peroxide (H2O2) 

Sigma 

Aldrich 

30% H2O2 diluted in PBS. 

DAPI  

(4′,6-diamidino-2-

phenylindole) 

Cell 

Signalling 

Used at 1g/mL diluted in TBS-T 
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Table 2.4 OPAL IHC Reagents 

Reagent Source Details 

OPALTM 7-

Colour Manual 

IHC Kit 

PerkinElmer Containing: 

- Opal TSA Fluorophores  

- DMSO  

- 1X Plus Amplification Diluent 

- Spectral DAPI solution 

- OPAL polymer horse-radish peroxidase (HRP)  

- Blocking Buffer/Antibody Diluent 
 

Table 2.5 IHC Antibodies 

Marker Source Clone Manufacturer 

CD3 Rabbit MRQ-39 Cell Marque 

CD4 Rabbit 104R-15 Cell Marque 

CD8 Rabbit Ab4055 Abcam 

CD103 Rabbit EPR4166(2) Abcam 

SOX10 Mouse BC34 Biocare Medical 

CD68 Mouse Kp-1 Cell Marque 

CD11c Rabbit Ab52632 Abcam 

CD14 Rabbit Polyclonal Sigma Aldrich 

VISTA Mouse 730804 R&D Systems 

FXIIIA Sheep SAF13A-AP Affinity Biologicals 

Anti-mouse 

conjugated to 

Alexa Fluor® 647  

Rabbit Polyclonal Jackson Immuno 

Research 
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2.4 Imaging Mass Cytometry 

 

Figure 2.1 Imaging Mass Cytometry Experimental Workflow. Formalin-fixed paraffin embedded 

‘high-tumour’ tissue microarray with areas from 100 nodal melanoma patients. 42 metal-tagged 

antibodies were applied to sample before sample acquisition using Hyperion Imaging Mass Cytometer 

to measure cytometry by time-of-flight (CyTOF). Representative image of two patient cores with DNA 

(blue) SOX10 (magenta) CD3 (yellow) and CD56 (cyan). Each sample output consists of a multi-image 

tiff (OME-TIFF). Cell segmentation was performed by two methods using cell profiler and spicy R 

package from A/Prof Ellis Patrick and Farhan Ameen (University of Sydney). Individual cell 

information was exported and input into further analysis software for clustering and statistical analysis. 

Images original. 

 

2.4.1 Tissue Staining 

Slides were baked at 60°C for 60 minutes before de-waxing in xylene for 10 minutes and 

rehydrating through a graded series of ethanol solutions (100%, 95%, 70%, 50%) for 5 minutes 

each, as detailed in Table 2.3. Slides were transferred to TBS-T Table 2.3, dried, and tissue 

was encircled using a wax pen (Dako, Jena, Germany). Antigen retrieval was then performed 

by placing slides in a plastic or glass jar filled with AR9 buffer (Table 2.3), the jar was then 

placed in a microwave at full power (100% on a 700W output microwave) until liquid boiled, 

and subsequently microwaved for 15 minutes at 20% power. Slides were cooled at room 

temperature in jar for 30-60 minutes, then washed for 10 minutes in TBS-T before slide was 

dried and wax pen encircled the tissue. Tissue was then washed again for 10 minutes in DPBS 

(Table 2.3) before blocking with Casein Block (Akoya Biosciences, Table 2.3) for 45 minutes 

at 37°C in a humidifying chamber. Primary staining was first performed for SOX-10 protein 

staining using mouse anti-human SOX10 (Table 2.5) diluted 1:50 in antibody diluent (Akoya 

Biosciences, Table 2.3) for 45 minutes at RT. Slides were then washed twice in TBS-T for 2 

minutes before secondary antibody anti-mouse AF647 diluted 1:50 in DPBS (Table 2.3) for 30 

47



minutes at RT. Slides were again washed twice in TBS-T for 2 minutes at RT. Slides were then 

incubated with metal tagged antibodies per table 2.7 at 4°C overnight in a humidified chamber. 

The following morning, slides were washed twice in 0.1% Triton-X in DPBS (Table 2.3) for 8 

minutes, followed by two 8-minute washes in DPBS. Tissue was then stained with DNA 

intercalator (Table 2.6) for 30 minutes at RT, washed twice with ddH2O for 5 minutes each, 

and let air dry for 30 minutes at RT.  

 

2.4.2 Tissue Ablation  

Samples were acquired using Hyperion Imaging Mass cytometer (Standard Biotools) by pulsed 

laser ablation at 200Hz which atomises metal ions bound to tissue to then be analysed by time-

of-flight mass cytometry.  

 

2.4.3 Preliminary Analysis 

Each tissue microarray (TMA) sample core was exported as mass cytometry files (TXT, 

multipage TIFF, OME-TIFF, MCD) which was loaded into MCD viewer (v1.0.560.6, Standard 

Biotools) software for exportation as single TIFF images, for visualisation, quality control and 

to produce representative images. 

 

2.4.4 Cell segmentation (Cell Profiler) and targeted cell phenotyping 

Cell segmentation was subsequently performed using Cell Profiler (open source) using single-

colour TIFF images. Each core/patient sample is then exported as a comma separated value 

(csv) file that contains each ‘cell’ as a data point with x,y coordinates and marker expression. 

We then imported this csv into FlowJo software and manually gated cell populations according 

to phenotypic expression. Box and whisker plots were used to visualise data. Box lines 

correspond to 25th percentile, median, and 75th percentile, and whiskers extend to minimum 

and maximum points. All data points are shown.   
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Figure 2.2 Imaging Mass Cytometry Analysis Workflow. Visualisation of analysis pipeline 

described in section 2.4.4. Each sample ablated by IMC consisted of 42 individual images that were 

loaded into cell segmentation software and cell segmentation was performed for each individual sample. 

Data was exported and loaded into cytometry analysis software for manual phenotyping.   

 

2.4.5 Cell segmentation, supervised clustering and spatial analysis 

Spatial Analysis was performed in collaboration with Dr Ellis Patrick and Farhan Ameen 

(School of Mathematics and Statistics, University of Sydney). Cell segmentation was 

performed using simpleseg package (Bioconductor) (Canete, 2024). Data was transformed 

using arcsine function, followed by post-segmentation data trim (removing top and bottom 1% 

of data) and normalisation of data to calculate mean values per sample.  

 

Table 2.6 IMC Reagents 

Reagent Details Company 

Triton-X Diluted in PBS Cell Signalling Technologies  

DNA-Intercalator (DNA-Ir) Diluted 1:100 in PBS Standard Biotools 

 

Table 2.7 IMC Antibodies 

Metal Antibody Clone Concentration  

(g/mL) 

Company 

89Y alpha-SMA 1A4 1 
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Metal Antibody Clone Concentration  

(g/mL) 

Company 

113In Vimentin D21H3 2 

Standard 

Biotools 

115In CD11c D3V1E 3.991 

139La pan-cytokeratin SPM115 1 

141Pr CD20 H1 4 

142Nd HH3 polyclonal 4.015 

143Nd CD45RA HI100 4.004 

144Nd Myeloperoxidase E1E71 7.992 

145Nd CD103 EPR4166 3.009 

146Nd CD8a D8A8Y 3.51824 

147Sm Podoplanin polyclonal 1.999 

148Nd CD16 EPR1678 8 

149Sm CADM1 polyclonal 5 

150Nd IDO D5J4E 8 

151Eu CD274/PD-L1 E1L3N 2 

152Sm CD13 498001 4.006 

153Eu CD68 KP1 2 

154Sm VISTA D1L2G 7.98 

155Gd CD31 MEC13.1 4 

156Gd CD183/CXCR3 49801 1 

158Gd T-bet D6N8B 6 

159Tb CD197 polyclonal 8.01 

160Gd CD14 EPR3653 2 

161Dy FXIIIa polyclonal 7.68 

162Dy FoxP3 polyclonal 4 

163Dy CD279/PD1 EPR4877 2.001 

164Dy CD45RO D6I3M 3.992 

165Ho OX40 E9U70 3.99 

166Er CD45 D9M8I 1.994 

167Er CD66a YTH71.3 1 

168Er Ki67 B56 1.997 

169Tm Lag-3 02G40 1.0015 

170Er CD3 polyclonal 4.61 

171Yb Granzyme B EPR8260 8.026 
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Metal Antibody Clone Concentration  

(g/mL) 

Company 

172Yb Cy5 CY5-15 4 

173Yb CD4 EPR6855 4 

174Yb HLA-DR EPR3692 0.9995 

175Lu ICOS D1K2T 10.0175 

176Yb CD56 EPR2566 4 

209Bi DC SIGN polyclonal 1 

191Ir DNA Intercalator 
 

1.25ng/mL  

193Ir DNA Intercalator 
 

1.25ng/mL  

 

2.5 RNAscope in situ hybridisation 

2.5.1 Tissue Preparation 

Formalin-Fixed Paraffin Embedded (FFPE) tissue sections were baked at 60C for 60 minutes. 

Slides were placed in xylene for 10 minutes (Table 2.3.1) and subsequently rehydrated using 

an ethanol gradient (100%, 95%, 70%, 50%) for 5 minutes each. Antigen retrieval (AR) was 

performed using RNAScope Target Retrieval Buffer (Table 2.3.1) using 100% power on 700W 

microwave until boiling point, followed by 15 minutes at 20% power. Samples were set at RT 

for ~1 hour to equilibrate. Samples were placed in ddH2O for 2 minutes in a coplin jar before 

being removed and wax pen (Dako) traced around tissue area on slide, and ddH2O pipetted 

gently onto tissue. Three washes were performed with ddH2O, before endogenous peroxides 

quenched with 3% hydrogen peroxide (Table 2.3) for 30 minutes. Slides were washed three 

times with ddH2O before Protease Plus (Table 2.3) was applied to permeabilise tissue and 

placed in humidifying chamber for 30 minutes at RT.  

 

2.5.2 In situ hybridisation  

RNAscope probe was warmed up to 40C before being applied to sample tissue. Sample slides 

were then placed within a humidifying chamber with extra water and placed within a 40C 

oven to hybridise for 120 minutes, checking at 30-minute intervals to ensure tissue had not 

dried out. Slides were removed from oven and tissue was washed three times in RNAscope 

wash buffer (Table 2.8) for 2 minutes each. Amplification #1 reagent (Table 2.8) was pipetted 

onto sample (volume variable, required only to cover tissue) and incubated in humidifying 

chamber at 40C for 30 minutes. Slides were then washed three times in RNAscope wash buffer 
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for 2 minutes each, before Amplification #2 reagent was placed onto tissue and sample 

incubated for 15 minutes at 40C. Slides were again washed three times in RNAscope wash 

buffer for 2 minutes each, and Amplification #3 reagent was placed onto tissue and sample 

incubated for 30 minutes at 40C. Slides were washed three times using RNAscope wash buffer 

for 2 minutes each, and Amplification #4 Reagent was applied for 15 minutes and slides 

incubated again in humidifying chamber for 30 minutes at 40C. Slides were washed 3 x 2 

minutes with RNAscope wash buffer and selected OPAL© TSA Fluorophore (1:1000) (Table 

2.4) was applied to sample and incubated for 10 minutes at RT. Slides were washed 3 x 2 

minutes with RNAscope wash buffer and counterstained with DAPI (Cell Signalling) and 

mounted with Prolong Diamond (Life Technologies) and stored at 4°C in the dark until imaged.  

 

2.5.3 Controls 

Positive and negative control probes, unstained sample controls and single colour TSA 

fluorophore controls were stained alongside test slides and imaged with samples (Table 2.8). 

Universal negative control probe from ACD Bio is an RNAscope probe targeting the bacterial 

DapB gene from the Bacillus subtilis strain SMY, a soil bacterium.  

 

2.5.4 Imaging 

RNAscope stained samples were imaged on Mantra fluorescent microscope (Akoya 

Biosciences/PerkinElmer) at the Australian Centre Microscopy & Microanalysis (ACMM) 

Facility at the University of Sydney using Mantra imaging software.  

 

2.5.5 Data analysis  

RNAscope quantification was performed using RNAscope Image Analysis Module in HALO 

(Indica Systems). This module detects both number of dots and intensity of dots in conjunction 

with protein markers, allowing individual cell detection of transcripts. This information was 

exported into GraphPad Prism for statistical analysis and to generate graphical data. Box and 

whisker plots were used to visualise data. Box lines correspond to 25th percentile, median, and 

75th percentile, and whiskers extend to minimum and maximum points. All data points are 

shown.   
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Table 2.8 RNAscope® Reagents 

Reagent Company Details 

RNAscope® 2.5 HD 

Reagent Kit - Brown 

Cat # 322300 

ACD Bio Containing: 3% Hydrogen Peroxide, Protease Plus, 

RNAscope® Antigen Retrieval Buffer, RNAscope® 

Wash Buffer: 50X Buffer Stored at 4C and heated 

to 40 ˚C to dissolve before aliquoting and diluting 

1:50 in dH2O to make working concentration 

IFN- mRNA Probe ACD Bio Cat #310501 

IL-10 mRNA Probe ACD Bio Cat #602051 

Negative Control Probe ACD Bio Cat #320871 

 

2.6 Xenium in situ Hybridisation 

 
Figure 2.3 Xenium in situ Experimental Workflow. FFPE tissue samples mounted on custom 10X 

Xenium slides. Tissue de-crosslinking, probe hybridisation, ligation, and amplification was performed 

within C1000 thermocycler. Imaging was performed by cyclic application and removal of fluorescent 

probes to image all markers. Samples were preserved and further experiments able to be performed. 

 

2.6.1 Tissue Preparation 

Tissue cutting and mounting was performed by Dr Rachael Ireland at the Charles Perkins 

Centre Histology Facility (University of Sydney). FFPE samples mounted on Xenium slides 

were prepared according to 10X protocol Xenium in situ for FFPE – Tissue Preparation Guide 

(CG000578, revision C). For samples to be able to be acquired successfully on Xenium 

Instrument Analyzer (10X Genomics), tissue was cut from a pre-scored FFPE block and section 

split in water bath and mounted onto two separate Xenium (10X Genomics) slides to 
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accommodate the larger size of the full TMA sample area compared to the restricted sample 

area of the Xenium slide (12mm x 24mm). Before cutting, TMA block was soaked in cold 

water to rehydrate tissue and was scored using a surgical blade into two rectangular areas that 

would separate once cut with the microtome. This was to allow section to fit on Xenium slide 

without blocking fiducials needed for image registration. This was tested on a blank block prior 

to experimental samples. Slides were subsequently let dry at room temperature face-up to 

ensure no water was trapped under tissue, before being placed in an open thermocycler at 42C 

for 3 hours. Slides was then placed in a plastic falcon tube containing desiccator overnight, to 

prepare for hybridisation on day 2.  

 

2.6.2 Tissue deparaffinization 

Xenium Human Multi-Tissue and Cancer kit, containing 377 gene targets was purchased from 

10X Genomics in February 2024. Full gene list summarised in Table 2.10. Custom Xenium 

slides with mounted samples were placed face-up on Xenium Cassette Adaptor (10X 

Genomics) to bake in C1000 thermocycler at 60C for 120 minutes with lid open. Slides were 

then left to cool on bench for ~10 minutes before being transferred to a chemical fume hood 

for tissue deparaffinisation. Slides were gentle immersed in xylene jar #1 for 10 minutes, before 

being placed in xylene jar #2 for a further 10 minutes. Slides were then placed in five 

consecutive jars of ethanol (Table 2.3) for 3 minutes each at the following concentrations: 

100%, 100%, 96%, 96%, 70%, before a final wash in nuclease-free water (Table 2.9) for 20 

seconds before being removed from fume hood.  

 

2.6.3 Tissue decrosslinking  

Xenium sample slides were placed within custom xenium cassettes to ensure a physical seal 

around tissue area, or ‘well’, allowing liquid to be placed on and washed off tissue. Slides were 

first washed with 500µL of PBS (Table 2.3), followed by 500µL of decrosslinking buffer 

(Table 2.9) on both wells, and a new cassette lid was attached to the Xenium cassette to ensure 

no cross-contamination. Samples were then placed back into the thermal cycler and 

decrosslinking program was commenced (22C ‘hold’, 80C for 30 minutes, 22C for 10 

minutes, 22C ‘hold’).   

 

54



2.6.4 Hybridisation  

After decrosslinking, slides were removed from thermocycler, washed with 500µL of PBS-T 

(Table 2.3) three times for 1 minute. Probe Hybridisation Mix (containing 377 probes within 

hybridisation buffer and TE buffer, Table 2.9) was added to samples before they were placed 

within thermocycler with the lid on, and the following settings were commenced: a 50C 

‘hold’, 16-24hour/overnight at 50C, followed by a 50C ‘hold’. 

 

2.6.5 Post-hybridisation wash and ligation  

Slides were removed from thermocycler and placed on a flat, clean work surface, cassette lid 

disposed, and sample was washed twice with 500µL PBS-T per slide for 1 minute each before 

Xenium-post hybridisation wash buffer (Table 2.9) was added to both wells and placed on the 

C1000 thermocycler for 30 minutes at 37C. Following this, samples were washed with 500µL 

of PBS-T three times at RT before 500µL of Ligation Mix (Table 2.9) was added to both 

samples, and Xenium cassette replaced. Samples were placed within sealed thermocycler and 

ligation incubation commenced (120 minutes at 37C).  

 

2.6.6 Tissue amplification 

Following tissue ligation, slides were washed three times with PBS-T for 1 minute at RT, and 

500µL of Amplification Master Mix (Table 2.9) was applied to each slide and placed in the 

thermocycler for amplification at 30C for 120 minutes. Slides were then washed with 500µL 

of TE Buffer (Table 2.9) for 1 minute and repeated twice more for a total of three washes.  

 

2.6.7 Autofluorescence Quenching 

Slides were then washed three times with 1000µL of PBS for 1 minute each, before 500µL of 

Diluted Reducing Agent B (Table 2.9) was applied to both samples and incubated for 10 

minutes at RT. Following this, samples were washed with 1000µL of 70% ethanol (Table 2.3), 

followed by two further washes with 100% ethanol (Table 2.3) for 1 minute each. 

Autofluorescence solution was then applied to samples and incubated for 10 minutes at RT in 

the absence of light. Three washes were performed with 1000µL of 100% ethanol and no 

further solution added before being placed in the open thermocycler and dried for 5 minutes at 

37C.  
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2.6.8 Nuclear Staining 

Slides were washed for 1 minute at RT in the dark with 1000µL of PBS, followed by a second 

wash with 1000µL of PBS-T for 2 minutes in the dark. 500µL of Xenium Nuclei Staining 

Buffer (Table 2.3) was then added to each slide and incubated for 1 minute in the dark at RT. 

Samples were then washed three times with 1000µL of PBS-T for 1 minute at RT in the dark. 

A final 1000µL of PBS-T was added, cassette lid placed on samples before proceeding to 

imaging. 

 

2.6.9 Imaging 

Imaging was performed on the Xenium Analyzer (10X Genomics) at Sydney Cytometry in the 

Charles Perkins Centre (CPC) at the University of Sydney. Cassettes were loaded into the 

appropriate slots in the Xenium Analyzer along with objective wetting consumable, and four 

buffers: (1) deionized water, (2) Xenium sample wash buffer A (3) Xenium sample wash buffer 

B and (4) Xenium Probe Removal Buffer, according to machine instructions. Decoding 

Reagent module A and B, two foil covered 96 well plates, were also loaded into machine. Four 

field of views were selected per slide, resulting in 8 total field of views. Final required 

information, including panel information and slide numbers were loaded into the Xenium 

Analyser, and automated imaging was commenced, which lasts between 2 and 4 days.  

 

2.6.10   Data analysis 

This analysis pipeline is discussed further in section 5.3.3. Supervised cell clustering of xenium 

data was performed in R Studio (v.2023.06.0+421) using Seurat and FuseSOM packages 

(Willie, 2024, Hao et al., 2024). Cell identities containing cluster number were then loaded 

back into Xenium Explorer (v2) to extract sample data by manually annotating tumour cores. 

The number of cells in each cluster was then calculated as a proportion of total cells per tumour 

core. Samples of suitable quality were imported into GraphPad Prism for statistical analysis 

and to generate graphical data. Box and whisker plots were used to visualise data. Box lines 

correspond to 25th percentile, median, and 75th percentile, and whiskers extend to minimum 

and maximum points. All data points are shown.   
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Table 2.9 Xenium in situ Hybridisation Reagents 

Reagent Company 

Xenium Human Multi-

Tissue and Cancer Gene 

Expression Panel 

Cat #: 10X-1000626 

Human Multi-Tissue and Cancer 

Gene Expression Panel Probes 

10X Genomics 

Xenium Slides & Sample 

Prep Reagents 

Cat #: 10X- 1000460 

2 Xenium Slides 

Probe Hybridisation Buffer 

Post Hybridization Wash Buffer 

Ligation Buffer 

Ligation Enzyme A 

Ligation Enzyme B 

Amplification Mix 

Amplification Enzyme 

Reducing Agent B 

Autofluorescence Mix 

FFPE Tissue Enhancer 

Nuclei Staining Buffer 

Perm Enzyme B 

Xenium Decoding 

Consumables 

Cat #: 10X-1000487 

Module A Plate 

Module B Plate 

Xenium Decoding Reagents 

Cat #: 10X-10000461 

Decoding Reagent Module A 

Decoding Reagent Module B 

Nuclease Free Water Used to prepare tissue to prevent 

RNA contamination  

Thermo Fisher 

 

 

Table 2.10 Xenium in situ Gene Panel 

Gene Ensembl ID # p Gene Ensembl ID # 

p 

Gene Ensembl ID # p 

ABCC11 ENSG00000121270 4 DERL3 ENSG00000099958 8 MS4A4A ENSG00000110079 8 

ACE2 ENSG00000130234 8 DES ENSG00000175084 4 MS4A6A ENSG00000110077 8 

ACKR1 ENSG00000213088 8 DIRAS3 ENSG00000162595 8 MTRNR2L11 ENSG00000270188 8 

ACTA2 ENSG00000107796 4 DMBT1 ENSG00000187908 4 MYBPC1 ENSG00000196091 8 

ACTG2 ENSG00000163017 8 DNAAF1 ENSG00000154099 8 MYC ENSG00000136997 8 

ADAM28 ENSG00000042980 8 DNASE1L3 ENSG00000163687 8 MYH11 ENSG00000133392 4 

ADAMTS1 ENSG00000154734 8 DPEP1 ENSG00000015413 3 MYLK ENSG00000065534 8 

ADGRE1 ENSG00000174837 8 DPT ENSG00000143196 8 MZB1 ENSG00000170476 6 

ADGRL4 ENSG00000162618 8 DST ENSG00000151914 8 NAT8 ENSG00000144035 4 

ADH1C ENSG00000248144 4 DUSP2 ENSG00000158050 6 NKG7 ENSG00000105374 2 

ADH4 ENSG00000198099 4 ECSCR ENSG00000249751 8 NPDC1 ENSG00000107281 5 
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Gene Ensembl ID # p Gene Ensembl ID # 

p 

Gene Ensembl ID # p 

ADIPOQ ENSG00000181092 4 EDN1 ENSG00000078401 8 NTN4 ENSG00000074527 8 

AGER ENSG00000204305 4 EDNRB ENSG00000136160 8 OGN ENSG00000106809 8 

AGR3 ENSG00000173467 8 EGFL7 ENSG00000172889 3 OPRPN ENSG00000171199 8 

AHSP ENSG00000169877 6 EGFR ENSG00000146648 4 PCNA ENSG00000132646 8 

AIF1 ENSG00000204472 7 EHF ENSG00000135373 8 PCOLCE ENSG00000106333 4 

ALAS2 ENSG00000158578 8 ELF5 ENSG00000135374 8 PCP4 ENSG00000183036 5 

ALDH1A3 ENSG00000184254 8 EPCAM ENSG00000119888 4 PCSK2 ENSG00000125851 8 

AMY2A ENSG00000243480 8 ERBB2 ENSG00000141736 3 PDCD1 ENSG00000188389 2 

ANGPT2 ENSG00000091879 8 ERG ENSG00000157554 8 PDGFRA ENSG00000134853 8 

ANPEP ENSG00000166825 4 ESR1 ENSG00000091831 8 PDGFRB ENSG00000113721 8 

APCDD1 ENSG00000154856 8 FAS ENSG00000026103 8 PDPN ENSG00000162493 8 

APOA5 ENSG00000110243 8 FBLN1 ENSG00000077942 4 PEBP4 ENSG00000134020 6 

APOBEC3A ENSG00000128383 8 FBN1 ENSG00000166147 8 PECAM1 ENSG00000261371 8 

APOLD1 ENSG00000178878 8 FCER1A ENSG00000179639 8 PGR ENSG00000082175 8 

AQP2 ENSG00000167580 3 FCGR1A ENSG00000150337 8 PLA2G7 ENSG00000146070 8 

AQP3 ENSG00000165272 2 FCGR3A ENSG00000203747 8 PLAC9 ENSG00000189129 4 

AQP8 ENSG00000103375 7 FCN1 ENSG00000085265 8 PLCG2 ENSG00000197943 8 

AQP9 ENSG00000103569 8 FCN2 ENSG00000160339 5 PLD4 ENSG00000166428 8 

AR ENSG00000169083 8 FGFBP1 ENSG00000137440 8 PLIN4 ENSG00000167676 4 

ARFGEF3 ENSG00000112379 8 FGFBP2 ENSG00000137441 8 PMP22 ENSG00000109099 8 

ASCL1 ENSG00000139352 4 FGL2 ENSG00000127951 8 PPARG ENSG00000132170 8 

ASCL3 ENSG00000176009 7 FHL2 ENSG00000115641 8 PPP1R1A ENSG00000135447 8 

ASPN ENSG00000106819 8 FKBP11 ENSG00000134285 5 PPP1R1B ENSG00000131771 7 

BAMBI ENSG00000095739 8 FOXA1 ENSG00000129514 4 PPY ENSG00000108849 2 

BANK1 ENSG00000153064 8 FOXI1 ENSG00000168269 8 PRDM1 ENSG00000057657 8 

BASP1 ENSG00000176788 8 FOXJ1 ENSG00000129654 4 PRF1 ENSG00000180644 7 

BBOX1 ENSG00000129151 4 FOXP3 ENSG00000049768 7 PRG4 ENSG00000116690 4 

BCL2L11 ENSG00000153094 8 FSTL3 ENSG00000070404 8 PROX1 ENSG00000117707 8 

BMX ENSG00000102010 8 FXYD2 ENSG00000137731 4 PTGDS ENSG00000107317 4 

BTNL9 ENSG00000165810 7 GATA2 ENSG00000179348 8 PTN ENSG00000105894 8 

C15orf48 ENSG00000166920 3 GATM ENSG00000171766 4 PTPRC ENSG00000081237 8 

C1orf162 ENSG00000143110 8 GCG ENSG00000115263 4 PVALB ENSG00000100362 5 

C1orf194 ENSG00000179902 4 GDF15 ENSG00000130513 1 RAMP2 ENSG00000131477 4 

C20orf85 ENSG00000124237 3 GEM ENSG00000164949 8 RAPGEF3 ENSG00000079337 8 

C5orf46 ENSG00000178776 6 GHRL ENSG00000157017 4 RBP5 ENSG00000139194 8 

C6orf118 ENSG00000112539 8 GKN2 ENSG00000183607 4 RERGL ENSG00000111404 8 

C7 ENSG00000112936 4 GLIPR1 ENSG00000139278 8 RETN ENSG00000104918 1 

CA4 ENSG00000167434 5 GLYATL1 ENSG00000166840 4 RGS16 ENSG00000143333 8 

CAPN8 ENSG00000203697 8 GNG11 ENSG00000127920 8 RIDA ENSG00000132541 4 

CAV1 ENSG00000105974 4 GNLY ENSG00000115523 5 RND1 ENSG00000172602 8 
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Gene Ensembl ID # p Gene Ensembl ID # 

p 

Gene Ensembl ID # p 

CAVIN1 ENSG00000177469 8 GPC1 ENSG00000063660 6 RTKN2 ENSG00000182010 8 

CAVIN2 ENSG00000168497 8 GPC3 ENSG00000147257 8 S100A1 ENSG00000160678 4 

CCDC39 ENSG00000284862 8 GPR183 ENSG00000169508 8 S100A12 ENSG00000163221 5 

CCDC78 ENSG00000162004 3 GPRC5A ENSG00000013588 8 SCGB2A1 ENSG00000124939 6 

CCL19 ENSG00000172724 3 GPX2 ENSG00000176153 4 SCGN ENSG00000079689 8 

CCL27 ENSG00000213927 2 GYPA ENSG00000170180 8 SELE ENSG00000007908 8 

CCL5 ENSG00000271503 5 GYPB ENSG00000250361 1 SELL ENSG00000188404 8 

CCNB2 ENSG00000157456 8 GZMA ENSG00000145649 8 SEMA3C ENSG00000075223 8 

CCR2 ENSG00000121807 8 GZMB ENSG00000100453 4 SERPINB2 ENSG00000197632 8 

CCR7 ENSG00000126353 8 GZMK ENSG00000113088 8 SERPINB3 ENSG00000057149 8 

CD14 ENSG00000170458 8 HAMP ENSG00000105697 4 SERPINB9 ENSG00000170542 8 

CD163 ENSG00000177575 4 HAVCR2 ENSG00000135077 8 SFRP2 ENSG00000145423 4 

CD19 ENSG00000177455 8 HEMGN ENSG00000136929 8 SFRP4 ENSG00000106483 4 

CD1A ENSG00000158477 8 HEPACAM2 ENSG00000188175 8 SFTA2 ENSG00000196260 6 

CD1C ENSG00000158481 8 HES4 ENSG00000188290 1 SH2D3C ENSG00000095370 8 

CD1E ENSG00000158488 8 HIGD1B ENSG00000131097 5 SLAMF1 ENSG00000117090 8 

CD2 ENSG00000116824 8 HLA-DQB2 ENSG00000232629 8 SLAMF7 ENSG00000026751 8 

CD247 ENSG00000198821 8 HMGCS2 ENSG00000134240 4 SLC18A2 ENSG00000165646 8 

CD27 ENSG00000139193 5 HPGDS ENSG00000163106 8 SLC22A8 ENSG00000149452 8 

CD274 ENSG00000120217 8 HPX ENSG00000110169 3 SLC26A2 ENSG00000155850 8 

CD28 ENSG00000178562 8 IGF1 ENSG00000017427 8 SLC26A3 ENSG00000091138 8 

CD300E ENSG00000186407 8 IGSF6 ENSG00000140749 8 SLC4A1 ENSG00000004939 7 

CD34 ENSG00000174059 8 IL1R2 ENSG00000115590 8 SMIM24 ENSG00000095932 8 

CD3D ENSG00000167286 5 IL1RL1 ENSG00000115602 8 SMYD2 ENSG00000143499 8 

CD3E ENSG00000198851 8 IL2RA ENSG00000134460 8 SNAI1 ENSG00000124216 6 

CD4 ENSG00000010610 8 IL3RA ENSG00000185291 8 SNCA ENSG00000145335 4 

CD5L ENSG00000073754 8 IL7R ENSG00000168685 8 SNCG ENSG00000173267 2 

CD68 ENSG00000129226 3 INMT ENSG00000241644 8 SNTN ENSG00000188817 8 

CD69 ENSG00000110848 8 INS ENSG00000254647 3 SOX17 ENSG00000164736 8 

CD70 ENSG00000125726 2 IRF8 ENSG00000140968 8 SOX18 ENSG00000203883 3 

CD79A ENSG00000105369 4 KCNK3 ENSG00000171303 8 SOX2 ENSG00000181449 8 

CD83 ENSG00000112149 8 KCNMA1 ENSG00000156113 8 SPDEF ENSG00000124664 6 

CD86 ENSG00000114013 8 KIT ENSG00000157404 8 SPI1 ENSG00000066336 2 

CD8A ENSG00000153563 8 KLK11 ENSG00000167757 5 SPIB ENSG00000269404 8 

CD93 ENSG00000125810 8 KLRB1 ENSG00000111796 8 SRPX ENSG00000101955 8 

CDH16 ENSG00000166589 4 KLRC1 ENSG00000134545 8 SST ENSG00000157005 3 

CDK1 ENSG00000170312 8 KLRD1 ENSG00000134539 8 STC1 ENSG00000159167 8 

CENPF ENSG00000117724 8 KNG1 ENSG00000113889 3 STC2 ENSG00000113739 8 

CFAP53 ENSG00000172361 8 KRT20 ENSG00000171431 4 STEAP4 ENSG00000127954 8 

CFB ENSG00000243649 8 KRT7 ENSG00000135480 3 TAC1 ENSG00000006128 8 
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Gene Ensembl ID # p Gene Ensembl ID # 

p 

Gene Ensembl ID # p 

CFHR1 ENSG00000244414 4 LAG3 ENSG00000089692 5 TAT ENSG00000198650 4 

CFHR3 ENSG00000116785 8 LAMP3 ENSG00000078081 8 TBX3 ENSG00000135111 8 

CFTR ENSG00000001626 8 LGI4 ENSG00000153902 4 TCF15 ENSG00000125878 3 

CHGA ENSG00000100604 4 LGR5 ENSG00000139292 4 TCF4 ENSG00000196628 8 

CLCA1 ENSG00000016490 8 LIF ENSG00000128342 8 TCIM ENSG00000176907 8 

CLCA2 ENSG00000137975 8 LILRA4 ENSG00000239961 8 TCL1A ENSG00000100721 7 

CLEC10A ENSG00000132514 8 LILRA5 ENSG00000187116 4 TENT5C ENSG00000183508 8 

CLEC14A ENSG00000176435 8 LILRB2 ENSG00000131042 8 TFF2 ENSG00000160181 4 

CLEC4E ENSG00000166523 8 LILRB4 ENSG00000186818 4 TFPI ENSG00000003436 8 

CLECL1 ENSG00000184293 7 LPL ENSG00000175445 4 THAP2 ENSG00000173451 8 

CLIC6 ENSG00000159212 8 LTBP2 ENSG00000119681 8 THBS2 ENSG00000186340 4 

CNN1 ENSG00000130176 6 LY6D ENSG00000167656 2 THY1 ENSG00000154096 8 

COCH ENSG00000100473 8 LY86 ENSG00000112799 8 TIMP4 ENSG00000157150 8 

COL17A1 ENSG00000065618 8 LYVE1 ENSG00000133800 8 TM4SF18 ENSG00000163762 8 

COL5A2 ENSG00000204262 8 MALL ENSG00000144063 8 TM4SF4 ENSG00000169903 4 

CPA3 ENSG00000163751 4 MAMDC2 ENSG00000165072 8 TMC5 ENSG00000103534 8 

CRHBP ENSG00000145708 4 MARCO ENSG00000019169 4 TMEM100 ENSG00000166292 8 

CRISPLD2 ENSG00000103196 8 MCEMP1 ENSG00000183019 8 TMEM174 ENSG00000164325 8 

CSF2RA ENSG00000198223 8 MCF2L ENSG00000126217 8 TMEM52B ENSG00000165685 4 

CSF3 ENSG00000108342 7 MDM2 ENSG00000135679 8 TNC ENSG00000041982 8 

CTLA4 ENSG00000163599 8 MEDAG ENSG00000102802 8 TNFRSF13B ENSG00000240505 5 

CTSG ENSG00000100448 3 MEF2C ENSG00000081189 8 TNFRSF17 ENSG00000048462 8 

CTSK ENSG00000143387 8 MEST ENSG00000106484 8 TNFRSF9 ENSG00000049249 8 

CXCL10 ENSG00000169245 8 MET ENSG00000105976 8 TOP2A ENSG00000131747 4 

CXCL2 ENSG00000081041 8 MFAP5 ENSG00000197614 8 TRAC ENSG00000277734 8 

CXCL6 ENSG00000124875 8 MKI67 ENSG00000148773 8 TREM2 ENSG00000095970 7 

CXCL9 ENSG00000138755 8 MLANA ENSG00000120215 3 TSPAN19 ENSG00000231738 8 

CXCR4 ENSG00000121966 8 MLPH ENSG00000115648 8 UBE2C ENSG00000175063 4 

CYP1A1 ENSG00000140465 8 MMRN1 ENSG00000138722 8 UMOD ENSG00000169344 3 

CYP2A7 ENSG00000198077 8 MMRN2 ENSG00000173269 8 UPK3B ENSG00000243566 4 

CYP2B6 ENSG00000197408 8 MNDA ENSG00000163563 8 VCAN ENSG00000038427 8 

CYP2F1 ENSG00000197446 8 MPEG1 ENSG00000197629 8 VSIG4 ENSG00000155659 8 

CYP3A4 ENSG00000160868 4 MRC1 ENSG00000260314 4 VWA5A ENSG00000110002 8 

CYP4B1 ENSG00000142973 8 MS4A1 ENSG00000156738 8 VWF ENSG00000110799 8 

CYTIP ENSG00000115165 8 MS4A2 ENSG00000149534 8    

* adapted from 10X Genomics “Xenium_hMulti_v1_metadata”, accessed March 2024 
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2.7 Phenocycler Fusion (PCF) 

2.7.1 Tissue Preparation 

All PCF staining and imaging was performed by PhD candidate Xinyu Bai (Melanoma 

Institute, University of Sydney) with my assistance. After acquiring samples in the Xenium, 

one of the two slides (Xenium slide 2) were removed and performed antigen retrieval in AR 9 

buffer performed (Table 2.3) in a pressure cooker with ~1L of ddH2O for 20 minutes and left 

to equilibrate to RT for at least 30 minutes. Slides were then placed into a glass coplin jar 

containing ddH2O for two minutes, washed twice in two coplin jars containing hydration buffer 

(Akoya Biosciences) for two minutes each. Slides were then equilibrated in staining buffer 

(Akoya Biosciences) for 20-30 minutes.  

 

2.7.2 Tissue Staining 

Antibody cocktail containing antibodies listed in Table 2.7.1 (made up in Blocking Buffer 

according to Phenocycler Fusion Protocol PD-000011 REV I; Akoya Biosciences) was applied 

to slide and covered with a 2cm x 3cm piece of parafilm and incubate for 3 hours at RT in a 

humidifying chamber. After this incubation, slides were washed twice in staining buffer 

(Akoya Biosciences) and fixed for 10 minutes in Fixing solution (1.6% PFA in Storage Buffer 

(Akoya Biosciences). Slides were then washed 3x in PBS for 30 seconds each before being 

submerged in ice cold methanol for 5 minutes at 4°C and subsequently washed three times in 

PBS. Phenocycler Fixative Reagent (Akoya Biosciences) was applied to sample for 20 minutes 

and subsequently washed three times with PBS and stored in staining buffer until acquisition 

on Phenocycler Fusion.  

 

2.7.3 PCF Imaging 

Reporter plates were prepared containing all reporters on Cy3, Cy5 and Cy7 according to Table 

2.11. Immediately prior to PCF run, the flow cell was attached to the stained slide using the 

PCF flow cell assembly and application device (Akoya Biosciences). The PCF instrument was 

then set up with the PhenoImager software, priming performed, and the experimental slide with 

flow cell was attached and PhenoCycler multicycle run initiated. Representative PCF images 

were produced using QuPath (v0.5.1) (Bankhead et al., 2017).  
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Table 2.11: Phenocycler Fusion Antibodies 

Cycle 
Cy3 Cy5 Cy7 

Marker Dilution Marker Dilution Marker Dilution 

1 BLANK 

2 CD27-c 1:50 TIM3-c 1:50     

3 TBET-c 1:50 CD1c-c 1:50     

4 SOX10-c 1:20 IDO1 1:200     

5 CD8 1:200 CD4  1:200 CD20  1:400 

6     CD68 1:200 CD31  1:200 

7 CD45RO 1:200 ICOS 1:400 HLA-A  1:200 

8     CD11c 1:400 SMA  1:200 

9 CD34 1:200 MITF-c 1:50 Vimentin 1:200 

10 CD39 1:100 FOXP3 1:200 HLA-E 1:100 

11 CD14 1:200 HLA-DR 1:400     

12 VISTA 1:100 PD-L1 1:100     

13 GZMB 1:100 CD3e  1:200 MLANA-c 1:50 

14 CD38 1:200 PD-1 1:200     

15 CD163 1:200 CD45  1:200     

16 CD141 1:200 LAG3 1:100     

17 Ki-67 1:200 Collagen IV 1:200     

18 S100B-c 1:200 TCF7-c 1:100     

19 B2M-c 1:200 PMEL-c 1:100     

20 BLANK 

c = conjugated by Xinyu Bai 

 

2.8 Hematoxylin and eosin-staining 

2.8.1 H&E Staining  

H&E staining was performed with the assistance of Xinyu Bai performed in a fume hood at 

the Melanoma Institute Australia in CPC, based on their optimised H&E staining protocol for 

FFPE melanoma tissues. All solutions were contained in plastic staining coplin jars and stored 

according to relevant regulations. All jars of milliQ dH2O described were fresh containers 

unless otherwise stated. Staining was performed at RT. Slides for staining were immersed in 

three consecutive jars filled with milliQ dH2O for 1 minute each, followed by Hematoxylin for 

3 minutes, and then washed again in three separate jars of milliQ dH2O for 1 minute each. Slide 

was stained in blueing solution (Table 2.12) for 1 minute, before being washed in milliQ dH2O 

for 1 minute. Slides were then placed in an increasing ethanol gradient by being placed in 
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consecutive jars containing 50%, 70%, 95%, 95% for 1 minute each. Slides were then placed 

in eosin for 45 seconds for counterstaining, followed by immersion in xylene for 2 minutes. 

Slides were then mounted using mounting media covered with a coverslip and stored at RT in 

the dark until imaging.  

 

2.8.2 H&E Imaging 

Imaging was performed by Dr Rachael Ireland on the Zeiss Axio Scan Z1 at the Australian 

Centre for Microscopy and Microanalysis at the CPC, University of Sydney.   

 

Table 2.12 Hematoxylin and Eosin (H&E) Staining Reagents 

Reagent Source  

Hematoxylin Sigma-Aldrich 

Eosin Sigma-Aldrich 

Blueing Solution Hurst Scientific 

milliQ Thermo Fisher Scientific 
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3 Detailed phenotyping of myeloid populations within metastatic 

melanoma reveals PD-L2+ myeloid cells are associated with response to 

anti-PD-1 therapy (manuscript in preparation for submission) 

 

The data generated from the work involved in this chapter has been collated into a manuscript 

that is being prepared for publication.  
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Abstract 

To understand mechanisms of response and resistance to immune checkpoint inhibitors (ICIs) 

in metastatic melanoma, we need greater knowledge of the diverse cell types in the tumour 

microenvironment. Using flow and mass cytometry (CyTOF) we profile immune cell 

populations in metastatic melanoma tumour dissociates. This study extensively profiled the 

immune infiltrates present in metastatic melanoma tumours and identified 11 phenotypically 

distinct and functionally relevant myeloid cell subsets. Importantly, we define a distinct PD-

L2-expressing myeloid cell present in greater proportions within the tumours of PD-1 

responders compared to non-responders. We also profile the expression pattern of novel 
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immunotherapy target VISTA across these immune populations in metastatic melanoma. This 

study presents a detailed understanding of the immune infiltrate present in the tumours of 

metastatic melanoma patients and identifies unique myeloid cells present, including a PD-L2+ 

myeloid population associated with patient response to immunotherapy.  

 

3.1 Introduction 

Despite the relative success of anti-CTLA-4 and anti-PD1 checkpoint blockade therapies (ICI) 

and most recently anti-PD-1 and anti-LAG3 combination immunotherapy for metastatic 

melanoma, there remains a large proportion of patients who do not respond to these treatments 

or develop resistance to them (Tawbi et al., 2021). All these treatment strategies primarily 

target T cells with the aim of reinvigorating their functional capacity to boost tumour clearance. 

Whether targeting other cell types could complement these therapies remain unknown, 

however, a major hurdle is the lack of clarity on various immune cell phenotypes and the 

expression patterns of potential target molecules within the TME.   

 

Recent advances in cellular and molecular profiling technologies have enabled a greater 

understanding of the constituents of the tumour microenvironment (TME) and their likely role 

in anti or pro-tumour activities. However, the role of myeloid cells within the TME has 

remained poorly characterized, owing to the large heterogeneity of these cells. Recent single 

cell transcriptomics data has revealed that macrophages are highly heterogenous in tumour 

tissue, and challenges remain to consistently identify the same cell subsets across different 

patient cohorts (Hume et al., 2023, Lin et al., 2024a, Liu et al., 2024, Li et al., 2023b). 

Therefore, there is an unmet need to develop strategies for identifying various myeloid cells 

that could be applied across different patient cohorts.  

 

It is imperative that we understand the phenotypic diversity of myeloid cells and what this 

might suggest about their functional role within the tumour to be able to target these cells with 

immunotherapy (Mantovani et al., 2021). One strategy that is being considered to bolster 

checkpoint blockade success is to manipulate myeloid cells within the TME. One relevant 

immune receptor for such strategy is V-domain Immunoglobulin Suppressor of T Cell 

Activation (VISTA). VISTA is an established inhibitory receptor and is expressed widely 

across both healthy and diseased tissues, plays an important homeostatic role in the human 

body (Thakkar et al., 2022). VISTA emerged as a possible target for immune checkpoint 

66



blockade therapy due to its homology to PD-L1. However, work in recent years has shown 

VISTA signalling is distinct from PD-1 and PD-L1 pathways, making it an attractive candidate 

for combination therapy (Kakavand et al., 2017, Ruggieri et al., 2022). Reported ligands of 

VISTA include PSGL-1, VSIG-3, and VSIG-8 (Shekari et al., 2023). In cancer, VISTA is 

expressed on a variety of immune and tumour cells, in particular myeloid cells and monocytes 

(Li et al., 2021) (Yuan et al., 2021). As with most solid tumour cancers, VISTA has been 

reported as being associated with both positive and negative clinical outcomes in melanoma 

(Zong et al., 2022, Zong et al., 2020, Ma et al., 2022, Long et al., 2022, Ruggieri et al., 2022, 

Zapała et al., 2022, Wang et al., 2023a, Liu et al., 2023).  

 

We reasoned that receptor based immune profiling of the TME using cytometry methods could 

provide a useful strategy for particularly identifying cells with complex phenotypes such as 

myeloid cells. We have developed a panel of antibodies that enabled us to identify 11 myeloid 

populations within metastatic melanoma tumours by flow cytometry. We have also validated 

this approach using mass cytometry on a different cohort of patients. Importantly, here we have 

applied this approach to identify myeloid cells that are associated with response to anti-PD-1 

therapy. In addition, we also map the expression pattern of VISTA to understand the potential 

implications of blocking its interactions with its ligands.  

 

3.2 Materials and Methods 

Flow Cytometry  

Study ethics 

All tissue was acquired for research with approval from the Sydney Local Health District 

Human Ethics Review Committee (protocol no X15-0454 and 2019/ETH06874), and informed 

consent from each patient and from the MIA Biospecimen Tissue Bank. 

 

Sample preparation and staining 

Cryopreserved single cell tumour dissociates were thawed in a 37°C water bath. Cells were 

treated in ACK lysis buffer (Gibco) for 1 minute at RT to lyse red blood cells. Cells were then 

stained with fluorochrome-conjugated antibodies for 30 minutes at 4°C (Table 2.2). If 

intracellular staining was performed, cells were resuspended in Fix/Perm buffer (BD 

Pharmingen) and incubated for 40 minutes at 4°C in the absence of light to permeabilise the 

cells. Cells were then washed in Perm/Wash buffer (BD Pharmingen) and intracellular 
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antibodies were applied to cells and samples incubated for 40 minutes at 4°C in the absence of 

light. Following staining, cells were fixed for 30 minutes on ice in 4% PFA in FACS buffer 

(Table 2.2). Cells were centrifuged at 1455 rcf for 4 minutes at 4°C, the supernatant was 

discarded, and the cells resuspended in FACS buffer. All samples were stored at 4°C while 

awaiting analysis. 

 

Sample Acquisition 

Stained samples and controls were analysed on a BD five laser LSR Fortessa (Sydney 

Cytometry, the University of Sydney). Unstained cells and single colour controls were run with 

each experiment, as well as fluorescence Minus One (FMO) controls for all intracellular 

markers (Table 2.2) to determine changes in background fluorescence when permeabilising the 

cells. Live/dead stain, Zombie AquaTM Fixable Viability Kit (Table 2.1) was applied to separate 

unstained cells to use as a cell viability control as intracellular staining protocol impacts the 

reliability of this staining. 

 

Flow Cytometry Data Analysis  

Data collected was analysed using FlowJo v10. GraphPad Prism was used to analyse 

quantitative data from FlowJo analysis and generate graphical data. Box and whisker plots 

were used to visualise data. Box lines correspond to 25th percentile, median, and 75th percentile, 

and whiskers extend to minimum and maximum points. All data points are shown.   

 

The gating strategy (supp. Figure 3.1) used to define unique myeloid cell populations was 

established after extensive testing in our lab. An auto-fluorescent (AF) macrophage population, 

previously excluded by the CD3-CD19- gate therefore a CD3-CD19-AF+ gate was adopted to 

exclude lymphocytes and include this population. Cells were gated as HLA-DR+, and CD11c+ 

cells were further defined into macrophage and DC subsets. CD1c and CD141 were employed 

to define classical DC subsets cDC1 and cDC2s. After cycling through multiple markers 

including CD1a, CD11a, CD38, CD169, CD209 and CD303, cell-surface marker CD13 was 

used to separate macrophage and dendritic populations due to the definition it gave to subsets 

and its established role in phagocytosis in macrophages and dendritic cells (Villaseñor-Cardoso 

et al., 2013). Macrophage activation marker CD206 was used to further delineate macrophage 

populations not only because of the established use in the literature but also because it has been 

associated with prognosis in solid tumours (Liu et al., 2022a, Debacker et al., 2021, Roussel et 

al., 2017). The HLA-DR+CD11c- populations were separated according to CD14 expression 
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(CD11c- Monocytes) and CD1c expression (deemed ‘Tumour Infiltrating Myeloid Cells’ or 

TIM1 and TIM2). Live Dead (Zombie Aqua) stain was run on separate samples as intracellular 

staining protocol impacts the reliability of this staining. Values reported in text are mean values 

unless stated otherwise, and + indicates standard error of mean (SEM) value.  

 

Cytometry by Time of Flight (CyTOF) 

Study Design and Experimental Details 

Data in figures 3.3 and 3.4 was produced by reanalysing CyTOF data from a previously 

published melanoma study investigating the prevalence of various checkpoint targets in 

melanoma progression (Edwards et al., 2019). This study was performed under ethics review 

committee approval (protocol no X17-0312) and patients’ informed consent. 18 fresh tumour 

biopsies were taken from 18 patients with either stage III or stage IV melanoma. All patients 

had never received proport systemic treatment, and the tumour biopsy site had not been treated 

with radiotherapy, topical or intralesional therapy. Full experimental details are included in 

published manuscript (Edwards et al., 2019).  

 

CyTOF Data Analysis 

All manual gating was performed in FlowJo (v10.5.2). Gating of novel myeloid populations 

performed as per representative gating strategies (Figure 3.3A & 3.4A). FI-tSNE plots 

(Linderman et al., 2019) in Figure 3.3 were generated using spectre package (Ashhurst et al., 

2022) on CD45+CD3-CD20-HLA-DR+ cells from 7 of the patients profiled with identical 

CyTOF panels in Figure 3.4. Statistical analysis and data visualisation was performed in 

GraphPad Prism. In box and whisker plots included, box lines correspond to 25th percentile, 

median, and 75th percentile, and whiskers extend to minimum and maximum points. All data 

points are shown.  Uncorrected Dunn’s test was performed to determine statistical differences 

between proportions of myeloid cell populations. Uncorrected Fisher’s least significant 

difference (LSD) test performed with single pooled variance to test statistically significant 

differences in myeloid populations in PD-1 responders and non-responders. Mann-Whitney 

test was performed to determine differences in expression of markers in individual cell 

populations. Values reported in text are mean values unless stated otherwise, and + indicates 

standard deviation (SD).  

 

69



3.3 Results 

TH1 CD4 T cells and  T cells are dominant lymphocyte populations within metastatic 

melanomas. 

Although the cellular composition of metastatic melanoma is well characterised in 

comparison to many other cancers, there is much we still do not know about the diversity of 

the immune compartment. To address this, we employed multi-parameter flow cytometry to 

profile the immune compartment of 31 metastatic melanoma tumours excised from patients 

that had no prior therapies (treatment-naïve). These tumours were surgically excised before 

treatment from multiple sites: lymph node (81%, n=25), subcutaneous (13%, n=4), adrenal 

gland (3%, n=1) and brain (3%, n=1). 42% of the cohort was female (n=13) and 58% male 

(n=18). Quantification of major lymphocyte populations as a proportion of live single cells 

showed that CD4 T cells were the dominant immune population, comprising an average of 

25.1% of live single cells (19.19%), followed by  T cells (22.1%  26.2), CD8 T cells 

(16.7%  21.5), B cells (14.7%  22.2) (Figure 3.1A). To determine whether this cellular 

composition was impacted by the site of tumour, we compared lymph node metastasis against 

cutaneous metastasis and found no significant differences (Figure 3.1B). In addition, the 

cellular composition was also independent of sex of the patients (supplementary figure 3.1) 

 

Unbiased clustering (tSNE) of the data led to B cells, CD8 T cells, CD4 T cells and yd T cells 

clusters (Figure 3.1C) demonstrating large phenotypic diversity. We therefore further defined 

our T cell populations into 11 sub-populations in order to more accurately profile metastatic 

melanoma. Further characterisation of CD8+ T cells using tissue-residency markers CD69 and 

CD103 revealed 39% ( 24.8) of CD8+ T cells were CD69+CD103-, 22.4% ( 21.6) were 

CD69+CD103+, and the remaining CD8 T cells were CD69-CD103- (28.9%  24.8) (Figure 

3.1D), suggesting that only a third of the CD8+ T cells could be circulating cells. We then 

further classified CD4+ T cells into four functional subsets based on the expression of key 

transcription factors namely TH1 (Tbet+RORγt-), TH2 (GATA3+), TH17 (RORγt+Tbet-) and 

TH17.1 cells (Tbet+RORγt+) (Annunziato  et al., 2007) (Basdeo et al., 2017). All subsets were 

present within these tumours, however TH1 cells were the most dominant CD4+ T cell subset 

comprising an average of 33.9% ( 19.1) of CD4 T cells (Figure 3.1E). Characterisation of the 

gamma delta (γδ) T cell population into delta chain subtypes using Vδ1 and Vδ2 showed that 

the vast majority were V1+V2- (mean 84.7% 8.8) (Figure 3.1F). Together, we saw a large  
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Figure 3.1 B and T cell populations and subsets in metastatic melanoma tumour 
tissue. Tumours from treatment-naïve metastatic melanoma patients (n=36) were analysed 
using flow cytometry to define 20 distinct cell populations. (A) Proportions of B cells, CD8+ T 
cells, CD4+ T cells and γδ cells in melanoma (n=36) (B) Mean proportions of B cells, CD8+ 
T cells, CD4+ T cells and γδ cells in metastatic melanoma compared between tumour loca-
tion, lymph node associated (n=19, grey) or subcutaneous (n=5, white). (C) FlowSOM lym-
phocyte metaclusters identified by individual FitSNE plots (RORγt, GATA3, HIF1α, CD4, 
CD3, CD69, CD103, CD19, T-bet, γδ, VISTA, CD8). B cells (aqua), CD4 T cells (yellow) CD8 
T cells (red) and Tr8 cells (maroon) and γδ T cells (dark blue). Plots generated using n=7 
patients. (D) Proportions of CD8+ T cell subsets CD103+CD69+, CD103+CD69-, and 
CD103-CD69- cells. (E) CD4 T cell subsets TH1, TH2, TH17, TH17.1 cells as a proportion of 
total CD4+ T cells. (F) γδ T cell subsets separated into subsets defined by expression of Vδ
1 and Vδ2 expression. Mann-Whitney tests performed to determine statistical significance. 
p<0.0332(*), p<0.0021(**), p<0.0002(***), p<0.0001(****).
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phenotypic diversity in the lymphocyte populations that was not associated with sex or site of 

metastasis (supplementary figure 3.1).  

 

Phenotypically diverse myeloid cells with varying expression of checkpoint receptors are 

present within metastatic melanomas. 

Despite the important role innate cells play in tumour control, they are poorly characterised in 

human tumours. We therefore sought to define the unique myeloid populations (defined as 

CD45+CD3-CD19-HLA-DR+ cells) and their phenotypes within metastatic melanomas using 

multi-parameter flow cytometry. By cycling through several known myeloid cell markers, we 

identified a core panel that could be used to identify different populations of myeloid cells 

within metastatic melanoma tumours using flow cytometry. This gating strategy revealed 4 

phenotypically distinct macrophage populations, four dendritic cell populations, 2 tumour 

induced myeloid cells, and a monocyte population. Following gating for CD45+CD3-CD19-

HLA-DR+CD11c+, CD14+ cells were defined as macrophages, and four subpopulations 

(M1-M4) were defined according to CD13 and CD206 expression (Figure 3.2A, B). 

Dendritic cells were defined first as CD45+CD3-CD19-HLA-DR+CD11c+CD14-, and 

subsequently gated using CD1c, CD13 and CD141 expression to define two inflammatory 

dendritic cell (iDC) populations, as well as conventional dendritic cell type 1 population 

(cDC1) and conventional dendritic cell type 2 population (cDC2s). CD11c- innate cells were 

then defined according to CD14 and CD1c expression to produce three populations. We 

quantified these 11 populations across our 31 tumour dissociates and detected them as 

proportions of live single cells (supplementary figure 3.2) and of the innate cell compartment 

(CD45+CD3/CD19-HLA-DR+) (Figure 3.2C, D). As expected, overall myeloid cells 

constituted a small proportion of live single cells within these tumours. 

 

Macrophages were present at varying levels within metastatic tumours, with M1 comprising 

a mean proportion of 5.3% ( 6.2), M2 cells 6.3% ( 7.1), M3 cells 4% ( 5.1) and M4 ( 

5.5) of innate cells within tumours (Figure 3.2C). Dendritic cells were also present at varying 

percentages in our cohort; CD13+ iDCs made up 5.9% ( 7), CD13- iDCs made up 8.1% ( 

8.9), cDC1s at 4.7% ( 6) cDC2s 9.1% 15.7 (Figure 3.2C). The largest subsets were the 

CD11c- cells, with CD11c- monocytes making up 5.8% ( 6.6), TIM1 cells 16.7% ( 25.8) 

and TIM2 cells the largest average proportion at 22.4% ( 21) (Figure 3.2C). Figure 3.2D 

summarises the mean values described here to visualise the myeloid compartment. We again  
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tested if the presence of myeloid cell subsets as well as total CD45+CD3-CD19- cells differed 

when our cohort was separated by sex and site of metastasis and observed no differences 

(supplementary figure 3.1).  

 

We then sought to understanding the role of these cell populations within the tumour by 

determining the expression of checkpoint receptors PD-L1, TIM-3, IDO and the regulator of 

chemokine expression, DPP4. One possible regulatory element that could impact T cell 

recruitment to tumours is DDP4, which cleaves and inactivates T cell recruiting chemokines 

such as CXCL9, CXCL10 and CXCL11 (Casrouge et al., 2012, Remm et al., 2016). In addition, 

we also measured the metabolic potential of the cells through their expression of Arginase-1 

and HIF1. PD-L1 and TIM-3 was expressed at low to moderate levels across the myeloid 

compartment, while IDO and Clec9A also had low expression across all subtypes (Figure 

3.2E). The proportion of DPP4+ cells was highest on cDC1s (60% 39.9), cDC2s (48.6%  

38.6), TIM1 (50.5%  37.4) and CD13+ macrophages (48.3%  40) compared to other myeloid 

cells, suggesting that even if these cells produce CXCL9, CXCL10 or CXCL11, they may not 

be able to recruit T cells (Figure 3.2E). Similar trends were observed for Arginase-1, with 

CD13+ macrophages averaging 60.7% ( 36.1), 45.4% (41.5) cDC1s, and 45.2% ( 27.8) of 

TIM1 cells expressing Arginase-1 (Figure 3.2E). HIF1 had the most varied expression across 

the myeloid compartment (Figure 3.2E). Myeloid populations with the most HIF1+ 

percentages were CD11c- Monocytes (83.9%), CD13+ macrophages (75%) and cDC1s 

(71.7%) (Figure 3.2E).  

 

Validation of myeloid cell phenotypes within metastatic melanoma tumours using mass 

cytometry 

Having established a strategy for identifying various myeloid cells within metastatic melanoma 

tumours, we wanted to validate these cell phenotypes using a different method in a different 

cohort of patients. We investigated the myeloid compartment in detail on an already published 

cohort where suspension mass cytometry was used (Edwards et al., 2019). We gated and 

quantified the same 11 myeloid populations across 17 treatment naïve metastatic melanoma 

tumour biopsy specimens (Figure 3.3A).  

 

We were able to identify all 11 myeloid populations within this validation cohort (Figure 3.3). 

The proportions of different cell populations were, however, highly variable as seen previously.  
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M2 cells made up the highest proportion of HLA-DR+ myeloid cells in this cohort at 46.98% 

(19.04), followed by M1s with an average of 21.56% (8.04) (Figure 3.3B). TIM1 cells 

made up 12.41% (11.97). Amongst DC populations, cDC2s were the largest population 

(3.40%  0.96) as seen in the discovery cohort followed by cDC1 population (2.01% 1.47) 

(Figure 3.3B). We also found comparable proportions of CD11c- Mo (3.13%  2.97) and TIM2 

cells (2.14% 0.58) (Figure 3.3B).  

 

As CyTOF enabled a larger panel of antibodies, we were able to use the high-dimensional 

dataset to further determine the heterogeneity of the 11 myeloid subsets. tNSE mapping of 

HLADR+ myeloid cells demonstrated that CD16, CD33, CD68 as well as checkpoint markers 

PD-1, PD-L1, PD-L2, ICOS and TIM-3 have varied expression across the macrophages, 

dendritic cells, CD11c- monocytes and TIM1 and TIM2 cells, demonstrating that these subsets 

were indeed heterogenous (Figure 3.3C-N). We then used these markers to determine 

differences between each of the 4 macrophage subsets identified in this study. Interestingly, 

CD68, a widely used marker for macrophages was highly expressed on all 4 subsets although 

some M3 and M4 cells had lower expression (Figure 3.3E, K). Expression of CD33, ICOS 

and TIM-3 showed a similar pattern between M1 and M2 but different levels in M3 and 

M4 while the latter two shared similar expression pattern (Figure 3.3D, G-H, J, M-N). 

Importantly, PD-1 had a significantly different level of expression between all four 

macrophage populations, with the highest expression recorded on M4s (mean % values; M1 

= 13.48  9.96, M2 = 9.72  6.11, M3 = 13.49  5.60, M4 = 24.14  11.32) (Figure 3.3F, 

L).  

 

Myeloid cells expressing PD-L2 in metastatic melanoma tumours are associated with 

response to immune checkpoint blockade therapy 

Myeloid cell populations, particularly macrophages have been associated with response to 

immune checkpoint inhibitors (ICIs) (Lee et al., 2023, Xiao et al., 2023). We therefore wanted 

to determine whether any of the 11 myeloid populations identified in this study could be 

associated with response to ICI. The validation cohort used in this study also consisted of 

patients who went on to receive either PD-1 monotherapy (n=13) or PD-1 + CTLA-4 

combination therapy (n=5). These patients were then grouped into responders and non-

responders according to RECIST criteria (Seymour et al., 2017, Schwartz et al., 2016).  
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All 11 myeloid cell populations were identified in all patients irrespective of response, 

however, as expected, their numbers were low (Figure 3.4A). Interestingly, patients who 

subsequently responded to PD-1 monotherapy had significantly less M2 and significantly 

more TIM1 cells when compared to those who did not respond (Figure 3.4A, p=<0.0001, 

Uncorrected Fisher’s LSD test). There were no significant differences seen in the remaining 9 

myeloid populations (Figure 3.4A). To determine whether the expression patterns of key 

immune checkpoints differed between responders and non-responders we next examined for 

PD-1, PDL-1, PDL-2 (Figure 3.4B-G) on the two myeloid cell populations that were present 

in different numbers in ICI responders. This showed that the proportion of TIM1 cells 

expressing PD-L2 was significantly higher in the tumours of responders when compared to 

non-responders (p=0.0349, Mann-Whitney test) (Figure 3.4G). There were no differences in 

the expression of PD-1 or PD-L1 on these cells (Figure 3.4E, F). We also found no significant 

differences in the expression of PD-1, PD-L1 and PD-L2 on M2 populations between 

responders and non-responders (Figure 3.4B-D). Together, these data demonstrate a potential 

role for PD-L2+ TIM1 cells in response to anti-PD-1 therapy.  

 

VISTA expression is restricted to subsets of immune cells and correlates with the 

expression of HIF-1 

Developing alternative targets for immune checkpoint blockade therapies is critical. VISTA 

is a checkpoint receptor that has an important regulatory role in both lymphocytes and 

myeloid cells. As such, it is the target of 4 clinical trials in solid tumours, yet the expression 

of VISTA and its binding partners are not fully understood. Using multi-parameter flow 

cytometry, we found amongst lymphocytes, a subset of cells expressed VISTA with highest 

expression on B cells (32.8%  36.6), followed by CD4 T cells (15.1%  41.5) (Figure 3.5A). 

Within the effector CD4+ T cell populations, TH17.1s had the greatest proportional VISTA 

expression of quantified CD4 T cell subsets (69%  32.1), followed by TH2s (56.8%  35.2) 

and TH17s (53.72%  33.8). Interestingly, TH1 cells, were found to express the least (22.9%  

31.7) (Figure 3.5B). In comparison, amongst the CD8+ T cell subsets, 9.7% (16.7) of 

CD69+CD103+ CD8 T cells expressed VISTA, followed by 13.8% (17.1) of 

CD69+CD103- CD8 T cells and 19.7% ( 28) of the remaining (CD69-CD103-) CD8 T cells 

(Figure 3.5C). VISTA expression was also highly variable across myeloid cell populations 

with the highest on M1 cells (42.8%  22.7), followed by M3s (34.1%  22.9) M2s  
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Figure 3.5 Mapping the VISTA expression of immune infiltrates in treatment-naïve metastatic 
Melanoma tumours. Percentage of (A) B cells (n=17), CD4 T cells (n=29), CD8 T cells (n=29) and 
γδ T cells (n=17) (B) TH1, TH2, TH17 and TH17.1 cells (n=21) (C) CD69-CD103- CD8 T cells, 
CD69+CD103+ CD8 T cells, CD69+CD103- CD8 T cells (n=29) (D) macrophages (n=12) and (E) 
Dendritic Cell and Monocytes (n=12) that express VISTA as determined by flow cytometry. (F) Heat-
map displaying normalised mean percentage of VISTA (n=24), VISTA-binding partner VSIG-8 
(n=12) and B7-family member CD28-H (n=12) on cells phenotypes displayed on y axis. (G) 
Percentage of TH1, TH2, TH17 and TH17.1 cells expressing VSIG-8 (n=21).Uncorrected Dunn’s test 
for multiple comparisons performed. p<0.0332(*), p<0.0021(**), p<0.0002(***), p<0.0001(****). (H) 
Non-parametric spearman correlation with simple linear regression of percentage of VISTA+ cells 
and percentage of HIF1α+ cells in melanoma patients, spearman R value = 0.5007, exact two-tailed 
p value = 0.0393 Line calculated using simple linear regression (n=17). 
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(19.1% 17.1) and M4s (13.9%  13.3) (Figure 3.5D). VISTA expression was low on DCs 

with the exception of cDC2s (32.1%  22.4) (Figure 3.5E).  

 

In order to better understand the role of VISTA expression within tumours, we next wanted 

to determine the expression pattern of its ligands VSIG-8 and CD28-H (also known as 

TMIGD2 and IGPR-1) (Molloy, 2016) (Rahimi et al., 2012). Mirroring the expression pattern 

of VISTA, we found TH17.1 cells had the highest proportion of VSIG-8 expressing cells 

within the CD4 T cell compartment (75.5%24), followed closely by TH17 cells (72.9%  

25.7), TH2 cells (59.2% 31.4) and TH1cells (35.9% 30.8) (Figure 3.5F, G). A similar 

pattern was observed for the expression of CD28-H (Figure 3.5F). We next wanted to 

understand why VISTA expression was highly heterogenous within the tumours, we 

examined the expression of VISTA regulator HIF-1 (Deng et al., 2019). We found the total 

percentage of VISTA+ cells correlated with the percentage of total HIF1 expressing cells 

(p=0.0393, r=0.5077), suggesting that VISTA expression could be associated with hypoxic 

conditions (Yuan et al., 2021, Deng et al., 2019) (Figure 3.5H). Finally, to determine whether 

VISTA expression was associated with the location within tumours, we performed mIHC on 

FFPE metastatic melanoma tumour tissue. This showed that VISTA was equally expressed 

within and outside of tumour regions (supplementary figure 3.3). Together here we 

demonstrate how detailed immune phenotyping can be used to map the expression of immune 

checkpoint receptors. 

 

3.4 Discussion 

Despite the increasing evidence showing critical roles for myeloid cells in tumour development 

and control, they remain poorly characterized in many solid tumours. A major challenge is the 

heterogeneity of these cells within tumours. Recent studies using single cell transcriptomic 

approaches are slowly unravelling the complex heterogeneity of these cells, however, 

challenges remain in cross-validating cell populations using genotype/phenotype data across 

different studies. Here, we used the traditional flow cytometry approach and identified 11 

myeloid populations, which includes 4 DC subsets and 4 macrophage populations. We detected 

these 11 populations in all 30 patients examined at varying proportions. Importantly, we used 

a different approach, mass cytometry, on a different cohort of patients to validate these findings 

and found all 11 cell populations consistently across different cohorts. We also applied this 

strategy to identify a population of myeloid cells we call tumour-induced myeloid (TIM) cells 
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(CD45+HLA-DR+CD14-CD1c+) that were significantly higher in patients who responded to 

anti-PD-1 treatment. Interestingly, these cells also expressed a much higher proportion of PD-

L2 in responders to ICI therapy when compared to non-responders.  

 

Dendritic cells play a pivotal role in anti-tumour immunity from recruitment of T cells to 

antigen presentation and activation of tumour-specific responses (Cabeza-Cabrerizo et al., 

2021). Two major cell subsets have been identified in human tumours, namely conventional 

DC type 1 and type 2 (cDC1 and cDC2). While both conventional DC subsets have been 

implicated in tumour control, cDC1 are critical for cross-presentation and activation of tumour 

specific cytotoxic T cell responses (Saito et al., 2022). By contrast, cDC2 have been mainly 

implicated in the activation of helper T cells and their differentiation into Th1 cells (Hatscher 

et al., 2021, Leal Rojas et al., 2017). Therefore, both cDC1 and cDC2 are likely to play a critical 

role in tumour control. Our data shows there are higher proportions of cDC2 when compared 

to cDC1 in metastatic melanoma. We also find Th1 CD4 T cells to be a dominant lymphocyte 

population within these tumours, further supporting the potential role of cDC2 population. 

Recent studies however have found heterogeneity in cDC2 populations as well, further dividing 

them into DC2 and DC3 subsets (Villani et al., 2017). We also found increased levels of DPP4 

(CD26) on cDC1 population within metastatic melanomas, which might impede their ability 

to recruit T cells. DPP4 cleaves and inactivates CXCL-9, CXCL-10 and CXCL-11, three 

chemokines involved in the recruitment of T cells to sites of inflammation through their 

receptor CXCR3 (Zuo et al., 2023, Tian et al., 2023) 

 

While DC phenotypes have remained reasonably consistent across many tumour types, 

defining macrophage cell phenotypes has been challenging. Over-simplification of the 

diversity of these cells led to two commonly used subsets, namely M1 and M2. However, there 

is enough evidence showing that this sub-setting strategy is inaccurate and does not reflect the 

continuum of differentiation states of macrophages found within human tumours. Here we 

defined macrophages based on the expression of CD13 and CD206, and this led to 

identification of at least 4 different subsets, which we have named M1 – M4 subsets. One 

group that sought to develop a panel to define human macrophages appropriately included 

CD13 and CD206 within their panel as they also found these markers differentiated 

macrophage populations in response to different stimuli (Liu et al., 2022a). While the 

differences between the 4 cell subsets identified in this study were purely based on their 
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phenotypes and our data does not support any functional differences, we were able to 

consistently identify these cell populations across all patients from two different cohorts. 

Importantly, our data also shows a high degree of heterogeneity in all four macrophage subsets. 

When we examined data from CyTOF, clear and varying expression levels of CD16, PD-1, 

ICOS and TIM-3 were noted, which supports the heterogeneity of these populations.  

 

In addition to these known myeloid cell populations, we also identified two myeloid 

populations that we have termed tumour-induced myeloid cells 1 and 2 (TIM1 and TIM2). One 

of the key features that differentiated these cells from DCs is the lack of CD11c expression, 

which is associated with conventional DCs (See et al., 2017). Both of these cell populations 

also lacked the expression of CD14, a marker associated with monocyte-derived macrophages. 

Together TIM1 and TIM2 populations were identified in all patients from both discovery and 

validation cohorts and made up of 10-40% of all HLA-DR+ myeloid cells within tumours, 

suggesting that they occupy a reasonable proportion of myeloid cells within metastatic 

melanoma. These two cell populations also expressed high levels of PD-L1 and IDO.  

 

We also explored the potential role of the 11 myeloid cell populations by determining the 

association between their numbers and response to checkpoint blockade immunotherapy. 

Linking cell populations to clinical outcomes is one potential way of determining their 

contribution to tumour control. We found M2 population to be significantly higher on pre-

treatment biopsies of non-responders when compared to responders, suggesting that these cells 

could be involved in regulation rather than anti-tumour immune activities. Future studies are 

required to identify their exact role. Phenotypically, these M2 cells express very little PD-1, 

PD-L1 and PD-L2. However, these cells expressed high levels of CD33, TIM-3, CD68 and 

ICOS. By contrast, responders had significantly higher proportions of TIM1 cells and the 

expression levels of PD-L2 on these cells was also significantly higher in responders. This 

suggests that the TIM1 cell population is likely to contribute towards tumour control in 

metastatic melanoma. Further functional studies are required to determine their exact role 

TIM1 cells play within the tumour. It is important to note that the validation cohort used was 

a different group of treatment naïve patient samples which impacts results interpretation and 

methodological validation in regard to cohort differences.  
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We then wanted to profile immune checkpoint markers established to be well expressed across 

the myeloid compartment. We saw that VISTA was expressed across T cells, B cells, myeloid 

cells and DCs. This was in line with current literature that reports VISTA expression is highest 

on myeloid cells and macrophages, and engagement of VISTA-expressing cells with cells 

expressing VISTA ligands leads to a suppressive immune environment (Broughton et al., 2019, 

Li et al., 2024). Although TH2, TH17 and TH17.1 cells made up a small proportion of total cells, 

VISTA was also expressed on more than half of the cells quantified in these cell populations. 

TH2, TH17 and TH17.1 cells have been associated with tumour progression in melanoma, as 

well as tumour control (Aspord et al., 2013, Zennadi et al., 2001, Nevala et al., 2009, McCarter 

et al., 2005, Chen and Gao, 2019, Lomax et al., 2017, Pan et al., 2023).  

 

Despite some evidence for VISTA expression as a good prognostic factor in tumours, there is 

also a body evidence to suggest that VISTA on macrophages plays a suppressive/pro-tumour 

role (Lin et al., 2024b, Rannikko and Hollmén, 2024, Noelle et al., 2023). It is evident that 

metabolic changes in the tumour can also drive tumour progression. Hypoxia, or reduced 

cellular oxygen availability, is a known condition of tumour microenvironments as tumour 

cells consume oxygen at an increased rate, thus depriving resident immune cells of oxygen 

which results in altered cellular function and exhaustion (Hu et al., 2022). Our data found that 

the proportion of VISTA+ cells correlated with HIF1 expression across 17 patients. This was 

unsurprising as VISTA expression and hypoxia are tightly linked. HIF1 binds to the VISTA 

promotor directly and upregulates VISTA expression on myeloid cells in murine models (Deng 

et al., 2019). It is also known that VISTA engages with PSGL-1, one of the known ligands of 

VISTA, at an acidic pH due to high histidine content. This means that VISTA is much more 

biologically active in acidic conditions such as those induced by hypoxia, often found within 

TME (Johnston et al., 2019). Further to this, one group developed an anti-VISTA mAb that 

targeted the histidine-rich epitope of VISTA, and this was able to successfully restore T cell 

responsiveness (Johnston et al., 2019). It is also clear that hypoxia drives resistance to 

immunotherapy (Kopecka et al., 2021). Together, these data demonstrate that there are multiple 

pathways that regulate VISTA expression in the TME. Understanding what immune cell 

populations express VISTA and what this suggests about the function of VISTA, will allow us 

to harness the potential of anti-VISTA therapy. 
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One of the major limitations of experimental approaches that rely on single cell tissue 

dissociates is the potential loss of cells during the tissue dissociation process (Steinert et al., 

2015). It has become evident that particularly some myeloid cells are susceptible during tissue 

dissociation processing and therefore could be underrepresented in the data. With spatial 

biology platforms becoming more reliable, future studies will need to explore these cell 

populations further using intact tissues. 
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4 Mapping the cellular landscape of metastatic melanoma tumours 

4.1 Introduction 

Understanding the immune landscape of metastatic melanoma is a field that has been 

developing for many years. However, acquiring good quality human tissue with enough 

replicates is a major hurdle. Additionally, in an era of systemic therapy, there are very few 

chances to fully map the immune landscape of tumour samples from untreated metastatic 

melanoma patients. We were given an opportunity in collaboration with Professor Angela 

Hong to conduct a high-parameter analysis on tumours from human melanoma patients 

enrolled in clinical trial ANZMTG 01.02/TROG 02.01/NCT00287196. Due to these patients 

being enrolled in a clinical trial, we can use the extensive clinical information collected from 

the trial to assist our analysis. Additionally, as these patients were recruited between 2003 and 

2007 when there was no use of any systemic therapies, this remains a ‘clean’ cohort, difficult 

to obtain in other ways. This is therefore an excellent cohort to profile pre-treatment predictors 

of patient response. The data obtained in this investigation may also be applicable to clinical 

melanoma treatment strategies. 

 

To make the most of these invaluable samples, we sought to map extensively the tumour 

microenvironment in metastatic melanoma using high-parameter approaches. The ability to 

visualise the content of tumours and map the cellular interactions is critical for understanding 

the role of TME. Achieving this depends on technologies that provide ultra high-plex tissue 

imaging. There are multiple platforms using different technologies to achieve this. However, 

only some of these platforms enable the use of formalin-fixed paraffin embedded (FFPE) 

tissues. Due to fixation, the ability to use monoclonal antibodies to identify cellular markers is 

often compromised. Our group, in particular Dr Angela Ferguson, has optimised over 40 

antibodies for use in Imaging Mass Cytometry (IMC). A typical data set generated from these 

platforms are high-dimensional in nature and require a complex analysis process. Starting off 

with cell segmentation, a fundamental step that is used to define cell boundaries all the way to 

mapping individual cellar interactions are key part of such analysis. Therefore, various 

methodologies could be used to develop the analytical pipeline for such high-dimensional 

datasets.  

 

In this chapter, we explore different methodologies for analysing data generated from Imaging 

Mass Cytometry. IMC uses metal conjugated antibodies to detect cellular markers. In the 
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second part of this chapter, we apply this approach to interrogate the role of immune and non-

immune cells in the TME. We performed IMC on a TMA comprising cores from lymph node 

metastases from 100 treatment-naïve melanoma patients. These cores were selected from high-

tumour regions by a clinical pathologist. These samples were used to profile the immune 

microenvironment as the diversity and plasticity of melanoma cells is well known and there is 

an increasing need to be able to understand and categorise these cell states (Cheng et al., 2024). 

Using clinical outcomes as a measure of favourable/unfavourable outcomes, we determine 

which cellular contents were associated with such outcomes.  

 

4.2 Materials and Methods 

4.2.1 Imaging Mass Cytometry 

Imaging Mass Cytometry (IMC) was performed as detailed in section 2.4. 

 

4.3 Results  

4.3.1 Clinical Cohort  

260 patients were recruited across Australia, New Zealand, the Netherlands and Brazil to the 

phase 3 randomised controlled trial for adjuvant lymph-node field radiotherapy versus 

observation only in patients with melanoma at high risk of further lymph-node field relapse 

after lymphadenectomy between March 20th 2002 and September 21st 2007 [ANZMTG 

01.02/TROG 02.01] (Henderson et al., 2015, Burmeister et al., 2012). Following 

lymphadenectomy, patients were randomised to receive either adjuvant stereotactic 

radiotherapy (48Gy in 20 fractions within 12 weeks of surgery), or observation. Participants, 

including those giving treatment, were not blinded to treatment allocation. Patients were 

assessed every 3 months from randomisation for 2 years, and subsequently followed up every 

6 months until 5 years from randomisation, then yearly with final follow-up date November 

2011. The primary endpoint was lymph-node field relapse (as a first relapse) and 18% of 

patients in the radiotherapy-treated group relapsed within 5 years, compared to 33% within the 

control group (no radiotherapy given, observation only) (Henderson et al., 2015). Secondary 

endpoints were overall survival and relapse-free survival, and the trial reported 5-year survival 

as 40% in the adjuvant radiotherapy group compared to 45% in the observation only group 

(Henderson et al., 2015). In both the initial report and the 6-year follow up it was concluded 

that adjuvant radiotherapy improved local (or lymph-node field) relapse but had no impact on 
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survival. These studies, along with others, form the basis of current recommendations for 

radiotherapy treatment in patients that do not respond or are ineligible for systemic therapies.  

 

Professor Angela Hong provided our team with tissue-microarrays containing high-tumour, 

peri-tumour, and tumour infiltrating lymphocyte 1mm2 cores from 100 patients from this 

cohort, chosen to represent patient characteristics of the larger cohort (Table 4.1). In this 

study we have analysed the high-tumour tissue microarray only. This cohort was comprised 

of 52 patients allocated to adjuvant radiotherapy, and 48 patients to observation only (Figure 

4.1). Thus, of the 53 patients that were alive at the end of follow up, 16 had relapsed, and 24 

were given radiotherapy. Of the 47 patients that had died, 47 of them had relapsed, and 26 of 

them had been given radiotherapy.  

 

Lymph-node field site, status of primary lesion, number of positive nodes, and extranodal 

spread (none, limited or extensive) was assessed in the clinical trial using multivariate analysis 

(Burmeister et al., 2012). Of the prognostic criteria assessed, extranodal spread was identified 

as the only independent risk factor for lymph-node field relapse (Hazard Ratio 0.56, 95% CI 

0.32-0.98, p=0.041) (Burmeister et al., 2012). Within our cohort, we recorded 51 patients with 

either limited or extensive extranodal spread, and 49 patients with no extranodal spread (Figure 

4.1).   

 

4.3.2 Established alternate methods for the analysis of high-parameter imaging mass 

cytometry data 

4.3.2.1 Method 1: Mapping the cellular landscape of tumours using supervised cell 

segmentation and manual phenotyping 

This first study aimed at mapping the cellular landscape of tumours by taking different 

approaches. IMC-stained tumour samples from 100 melanoma patients were acquired using 

the Hyperion Imaging System (Standard Biotools) at the CPC Sydney Cytometry Facility 

(Figure 4.2). The author and research team were blinded to the outcomes for the duration of 

the analysis period to reduce risk of bias. One the preliminary analyses were completed, the 

author was unblinded to assess the impact of the TME on clinical outcomes which consisted of 

relapse (no relapse or relapse) and survival (alive or dead).   
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Table 4.1 Clinical trial ANZMTG 01.02/TROG 02.01/NCT00287196 patient details 
  

 
Project Cohort (n=100) Clinical Trial Cohort (n=217) 

Adjuvant 

Radiotherapy 

(n=52) 

Observation 

 

(n=48) 

Adjuvant 

Radiotherapy 

(n=109) 

Observation 

 

(n=108) 

Sex 
Male 41 (79%) 35 (73%) 83 (73%) 81 (75%) 

Female 11 (21%) 13 (27%) 26 (24%) 27 (25%) 

Age at 

Random-

isation 

Median  

(IQR; 

range) 

59 (22-80) 55 (26-85) 59 (47-69) 56 (45-68) 

ECOG 

performance 

status 

0 34 (65%) 28 (58%) 77 (71%) 74 (69%) 

1 18 (35%) 20 (42%) 32 (29%) 34 (31%) 

Lymph node 

field 

Head and 

neck 
14 (27%) 13 (27%) 29 (27%) 30 (28%) 

Axilla 22 (42%) 16 (33%) 45 (41%) 44 (41%) 

Groin 16 (31%) 19 (40%) 35 (32%) 34 (31%) 

Node 

maximum 

diameter 

Great than 

4cm 
26 (50%) 30 (63%) 64 (59%) 66 (61%) 

Less than 4 

cm 
26 (50%) 18 (38%) 45 (41%) 42 (39%) 

Extent of 

Extra nodal 

Spread 

None 27 (52%) 22 46%) 51 (47%) 56 (52%) 

Limited 14 (27%) 15 (31%) 36 (33%) 35 (32%) 

Extensive 11 (21%) 11 (23%) 22 (20%) 17 (16%) 

Primary Site 

Head and 

Neck 
9 (17%) 8 (17%) 18 (17%) 20 (19%) 

Trunk 15 (29%) 8 (17%) 30 (28%) 22 (20%) 

Arm 6 (12%) 7 (15%) 15 (14%) 16 (15%) 

Leg 11 (21%) 16 (33%) 26 (24%) 25 (23%) 

Unknown 11 (21%) 9 (19%) 20 (18%) 25 (23%) 

Use of 

Interferon 

None 52 (100%) 48 (100%) 105 (96%) 103 (95%) 

Planned or 

started at 

random-

isation 

0 (0%) 0 4 (4%) 5 (5%) 

 

IQR = Interquartile Range, ECOG = Eastern Cooperative Oncology Group 
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Figure 4.1 Patient cohort flowchart from randomisation to primary outcomes. Patients were 
enrolled in the randomised control trial ‘Adjuvant Radiotherapy versus observation alone for 
patients at risk of lymph node field relapse after therapeutic lymphadenectomy for melanoma’ 
(ANZMTG 01.02/TROG 02.01/NCT00287196). From the 250 patients in this trial, 101 patient 
samples were included in this study. This smaller cohort was designed to represent patient 
characteristics of the total cohort. These stage III nodal melanoma patients were classified as 
having a high risk of relapse and thus after lymphadenectomy were randomly allocated to either 
adjuvant radiotherapy (n=52) at the nodal site or observation only (no radiotherapy) (n=49). The 
two primary outcomes within the trial were relapse and death, and these patients were grouped 
accordingly. Of the multiple patient features recorded in the trial, extranodal spread was 
determined to be an independent prognostic indicator of relapse. Patients either had no 
extranodal spread or extranodal spread (limited or extensive). 
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Figure 4.2 Imaging Mass Cytometry staining of metastatic melanoma tumours. Imaging 
mass cytometry IMC was performed on pathologist-defined high-tumour regions of FFPE 
tumour tissue from treatment-naïve metastatic melanoma patients. IMC antibody panel detailed 
in Table 2.7. (A) (B) and (C) show three separate tumour cores with DNA-Ir (blue) SOX10 (red) 
αSMA (cyan) CD45 (green) and FXIIIa (yellow) channels overlayed for visualisation. MCD 
viewer used to generate images. Scale bar = 100 μm. 
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Cell segmentation was performed using Cell Profiler software (Stirling et al., 2021). Cells were 

individually identified based on nuclear markers (DNA-Ir) and cell surface markers. To 

quantify cell populations, objects identified as cells were exported from cell profiler and 

inputted into cytometry gating software FlowJo (FlowJo LLC, BD) and subsequently classified 

or ‘gated’ into cell phenotypes detailed in Figure 4.3. These populations were then calculated 

as percentage of total cells within sample as well as number of cells per mm2 of tumour tissue 

analysed. Samples containing duplicate (n=10) or triplicate (n=2) cores on the tissue 

microarray were averaged for each patient.  

 

We calculated that CD8 T cells averaged 2.86% (4.68) of total cells, and mean density of 212 

cells/mm2 (349.1) across the entire cohort (Figure 4.4A, B). CD4 T cells made up the largest 

proportion of lymphocytes, averaging 3.63% (4.55) of all cells and recording density of 332.4 

cells/mm2 (543.6) (Figure 4.4A). Within the helper T cell subsets, CD4 subsets T-regulatory 

(TREG) cells and T-helper cell type-1 (TH1) cells made up 3.05% (3.94) and 0.34% (0.55) of 

cells and 278.8 cells/mm2 (461.2) and 27.46 cells/mm2 (46.83) respectively (Figure 4.4A). 

B cells comprised 2.66% (6.45) of total cells with an average density of 272.6 cells/mm2 

(690) (Figure 4.4A).   

 

Innate cells in melanoma were also quantified. We saw monocytes (defined as HLA-

DR+CD11c+CD14+FXIIIA-) comprised 0.03% (0.12) of cells and average 2.29 cells/mm2 

(9.28) (Figure 4.4B). Macrophages (defined as HLA-DR+CD11c+CD14+FXIIIA+) made up 

0.09% (0.21) at a density of 5.88cells/mm2 (12.14) (Figure 4.4B). We found that most of 

these macrophages expressed CD16, and as such, CD16+ macrophages (HLA-

DR+CD11c+CD14+FXIIIA+CD16+) were quantified at 0.08% (0.22) of total cells and had 

a density of 5.44cells/mm2 (15.03) (Figure 4.4B). Neutrophils averaged 0.22% (0.84) of 

cells and were present at a density of 15.24 cells/mm2 (73.43) (Figure 4.4B). Natural Killer 

(NK) cells made up 0.74% (1.45) of all cells and mean density was 29.94 cells/mm2 (95.21) 

(Figure 4.4B). 

 

Non-leukocytes were negative gated for tumour cell marker SOX10 and leukocyte marker 

CD45 expression (Figure 4.2 & Table 4.2). Fibroblasts (defined as CD31-FXIIA+) made up 

5.7% (10.6) of total cells and average density of 331.1 cells/mm2 (411.6) (Figure 4.4B).  
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Figure 4.4 Cellular composition of metastatic melanoma tumours. IMC was used to ablate 
high-tumour regions of treatment naïve metastatic melanoma patients to assess immune 
phenotypes associated with clinical outcomes. Images produced from IMC underwent 
supervised cell segmentation (Cell Profiler) and manual gating (FlowJo). Proportion and 
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Full gating strategy including negative selection gates is detailed in Figure 4.3. 
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Table 4.2: Markers employed to define cell phenotypes in manual gating  

Cell  Phenotype  

CD8 T cells SOX10-CD45+CD20-CD3+CD8+ 

CD103+ CD8 T cells  CD20-CD3+CD8+ CD103+ 

Cytotoxic CD8 T cells CD20-CD3+CD8+Granzyme-B+ 

Ki67+ (proliferating) CD8 T cells CD20-CD3+CD8+Ki67+ 

CD4 T cells CD20-CD3+CD4+ 

FOXP3+ CD4+ T cells (TREGS) CD20-CD3+CD4+FOXP3+ 

Tbet+ CD4 T cells (TH1s) CD20-CD3+CD4+T-bet+ 

Ki67+ (proliferating) CD4 T cells CD20-CD3+CD4+ 

B cells CD3-CD20+ 

Ki67+ (proliferating) B cells CD3-CD20+Ki67+ 

NK cells CD20-CD3-CD16+CD56+ 

Neutrophils CD20-CD3-CD16+CD66a+ 

Monocytes SOX10-CD45-CD3-CD20-HLADR+CD11c+ 

Macrophages 
SOX10-CD45-CD3-

CD20+HLADR+CD11c+CD14+FXIIIA+ 

CD16+ macrophages 
SOX10-CD45-CD3-CD20-

HLADR+CD11c+CD14+ FXIIIA+CD16+ 

Lymphatic endothelial cells SOX10-CD45-CD31+ FXIIIA- podoplanin+ 

Endothelial cells SOX10-CD45-CD31+ FXIIIA- podoplanin- 

Fibroblasts SOX10-CD45-CD31-FXIIIA+ 

Tumour Cells CD45-SOX10+ 

Ki67+ (proliferating) Tumour Cells CD45-SOX10+Ki67+ 
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Lymphatic endothelial cells (CD31+FXIIIA-podoplanin+) averaged 0.02% (0.08) of all cells 

and recorded average density of 0.84 cells/mm2 (3.02) (Figure 4.4B). Endothelial cells/non- 

lymphatic endothelial cells made up 0.16% (0.82) of total cells and 8.26 cells/mm2 (35.9) 

(Figure 4.4B). Unsurprisingly, tumour cells made up the major component of our high-tumour 

region samples, recording an average of 29.16% (25.8) of all samples and density of 1886 

cells/mm2 (1917) (Figure 4.4B).    

 

4.3.2.2 Method 2: Using an assisted AI-platform to map the cellular landscape of 

tumours 

To compare and validate our phenotypic analysis using cell profiler and FlowJo, we used 

HALO software (Highplex Fluorescence Module v3.3.2541) to segment and phenotype 19 

patient samples with key cell phenotypic markers and restricted the number of tissue markers 

to 10 of the 42 markers available from IMC. These patients were selected before the author 

was unblinded. Of these patients, 8 patients relapsed and died, and 11 patients did not relapse 

and were alive at follow-up.  

 

HALO analysis uses nuclear expansion and membrane markers to define cell boundaries with 

adjustable inputs from the user. In this way it is an assisted AI cell segmentation and analysis 

software that can also calculate spatial interactions between cell phenotypes. We employed 

DNA-Ir as our nuclear stain, SOX10 as our tumour marker and HLADR, CD3, CD4, CD8, 

CD14, CD11c, Tbet and FXIIIa as immune cell markers to define 8 cell phenotypes (Figure 

4.5B, C). All immune cells were SOX10-. Cells were then annotated based on their phenotype. 

For example, CD4 T cells were CD3+CD4+ and TH1 cells were CD3+CD4+Tbet+. CD8 T 

cells were CD3+CD8+, and Tbet+ CD8 T cells were defined as CD3+CD8+Tbet+. We wanted 

to classify myeloid populations that were defined in Chapter 3 of this study, and as such, had 

three myeloid populations: a general myeloid cell (HLADR+CD11c+CD14-), macrophages 

(HLADR+CD11c+CD14+FXIIIA+) and CD11c- monocytes (HLADR+CD11c-

CD14+FXIIIA-). Tumour cells were defined as SOX10+CD4-CD8-.  

 

Using this method to analyse tumour and immune cells within the selected 19-patient cohort, 

we found that CD4 T cells made up 5.83% (9.94) of cells and CD8 T cells made up 3.30% 

(6.9) of all cells. TH1s and Tbet+ CD8 T cells made up 0.61% (1.1) and 0.52% (0.74) 

respectively (Figure 4.5B). Myeloid cells recorded 1.11% (1.56), macrophages 0.63%  
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Figure 4.5 Tumour and immune cells in metastatic melanoma identified using assisted 
cell analysis software. 22 tumour cores  from 19 patients were ablated using IMC and images 
were imported into HALO (Indica Systems) for cell segmentation and phenotypic analysis (A) 
For HALO analysis, phenotypes were defined using using DNA-Ir, SOX10, CD3, CD4, T-bet, 
CD8, HLA-DR, CD11c, CD14, and FXIIIA. All cells quantified were DNA-Ir. Quantification of 
these cell populations are shown, calculated as (B) percentage of total cells and (C) cells/mm2. 
(n=19). Uncorrected Dunn’s multiple comparison test performed to compare ranks. p value; 
0.01234(ns), 0.0032(*), 0.0021 (**), 0.0002 (***), <0.0001 (****). (n=19).  
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(1.08) and CD11c- monocytes 1.11% (2.2) of cells (Figure 4.5B). Tumour cells averaged 

41.78% (5.7) of all cells (Figure 4.5B). 

 

In a similar trend when we quantified cell densities, we saw CD4 T cells averaged 421 cells 

per mm2 (744.9) and CD8 T cells averaged 242.8 cells/mm2 (559.3) (Figure 4.5C). TH1s and 

Tbet+ CD8 T cells averaged 37.35 cells/mm2 (+57.78) and 34.61 cells/mm2 (53.45) 

respectively (Figure 4.5C). Myeloid cells averaged 67.50 cells/mm2 (+93.29), macrophages 

36.14 cells/mm2 (69.94) and CD11c- monocytes 69.90 cells/mm2 (132.1) (Figure 4.5C). 

Tumour cells averaged 2796 cells per mm2 (2188) with densities recorded between 124.3 and 

8761 cells per mm2 across the 19 samples tested (Figure 4.5C).  

 

4.3.2.3 Method III: Unsupervised Clustering 

The major benefit from high-dimensional datasets will be to perform unbiased analysis 

whereby cellular landscape could be mapped without preconceived phenotypes. Using 

unsupervised cell segmentation and clustering methods in collaboration with A/Prof Ellis 

Patrick and Farhan Ameen (University of Sydney), we were able to analyse our imaging mass 

cytometry data to both validate and compare with our other methods of analysis. Cell 

segmentation was performed using simpleseg R package and assessed by the candidate for 

accuracy. Data was normalised using square root transformation and the top and bottom 1% 

was ‘trimmed’ to minimise junk. Representative sample images and cell segmentation mask is 

shown for reference (Figure 4.6A-C).  

 

Cells were then clustered using FuseSOM using markers established by previous analysis: 

CD45, CD3, CD4, FOXP3, CD8a, CD20, HLA-DR, CD11c, CD14, FXIIIa, CD66a, CD56, 

CD31, podoplanin, panCK and SOX10 (Figure 4.6D, E). 14 clusters were determined to be 

optimal using the ‘elbow method’ and assessing if the cells identified by these clusters were 

biologically correct and distinct. This work was done in collaboration with bioinformaticians 

and applied statisticians A/Prof Ellis Patrick and Farhan Ameen (The University of Sydney). 

The ’elbow method’ employs a graphical visualisation using the within-clusters sum of squares 

on the y axis with the number of clusters on the x axis. The k value that corresponds in the 

‘elbow’ of this plot is deemed the optimal number of clusters (Zhao, 2022, Edy et al., 2020). 

Using various visualisations including heatmaps of normalised expression values for each 

cluster, we labelled clusters as cell phenotypes according to marker expression (Figure 4.6D- 
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Figure 4.6 Supervised clustering performed on metastatic melanoma biopsies reveals 
14 distinct cell populations. Unbiased clustering was performed using primary identification 
markers (CD45, SOX10, CD11c, panCK, CD20, CD8a, podoplanin, CD14, FXIIIA, FOXP3, 
CD66a, CD3, HLADR, CD4, CD56, CD31). Example IMC channel overlay of (A) DNA-Ir (blue), 
CD45 (yellow) and SOX10 (magenta) signal and (B) DNA-Ir (blue) Ki67 (red), CD68 (green) 
and FXIIIa (yellow). Image produced using MCD viewer. (C) Cell mask showing cell outlines as 
detected by segmentation algorithm applied to sample shown in (A). (D) UMAP performed for 
visualisation of cell clustering. All cells within all samples are combined and clustering is 
performed on the whole cohort. Each dot within the UMAP is a single cell and coloured 
according to cluster identified. (E) Heatmap displaying normalised expression values of 
markers used for clustering on all 14 cell clusters identified. (F) Heatmap displaying 
normalised expression values of all markers used in experiment on all 14 cell clusters 
identified. (G) Visual reconstruction of representative sample shown in (A) and (B) showing 
cells as individual dots using plotly R package. Cell ‘dots’ were mapped using x and y 
coordinates of each cell identified using cell segmentation using original IMC multi-tiff image 
output. (H) Cell clusters displayed as a proportion of all cells in all samples analysed (n=100).  
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F). Clusters were visualised on each sample using the plotly package (Sievert, 2020) and 

exported for manual inspection by the author to ensure it was representing the raw images 

correctly (representative plot Figure 4.6G).  

 

We also quantified these identified cell clusters as a percentage of total cells (Figure 4.6H). 

The CD8 T cell cluster occupied an average of 4.47% (4.36) of cells, CD4 T cell cluster made 

up 1.27% (2.95) and B cell cluster 0.36% (6.11) (Figure 4.6H). Macrophages, granulocytes 

and fibroblasts made up 1.25% (0.97), 0.85% (2.13) and 13% (4.39) of all cells 

respectively. Lymphatic endothelial cells made up 3.42% (2) of cells, and endothelial cells 

made up 1.22% (1.66) (Figure 4.6H). Tumour cells were defined according to positive SOX10 

expression, and the 5 clusters identified were numbered accordingly. Tumour cell clusters #2 

and #3 made up the majority of tumour cells in our samples averaging 25.26% (10.44) and 

21.45% (6.74) respectively (Figure 4.6H). Tumour cell #1 averaged 4.36% (3.2) of cells, #4 

3.94% (3.5) and #5 0.98% (1.01) (Figure 4.6H). We also had an unidentified cell type cluster 

that made up between 3 and 22% of cells within a sample (mean = 12.21% (4.18)) (Figure 

4.6H).  

 

4.3.3 Spatial analysis reveals how immune and tumour cells interact in metastatic 

melanoma high-tumour regions 

One of the major advantages of using an unbiased approach is the ability to map spatial 

interactions within our samples. We therefore wanted to investigate how cell phenotypes 

interacted with each other within the TME. Spatial interactions were investigated in 

collaboration with A/Prof. Ellis Patrick and Farhan Ameen (University of Sydney) 

 

We used spicyR (bioconductor) package to test for spatial relationships between pairs of cell 

phenotypes in spatial omics technologies such as imaging mass cytometry (Canete et al., 2022). 

The relationship between cell phenotypes identified in Figure 4.6 was thus quantified and 

visualised in ‘bubbleplots’ using spicyR (Figure 4.7). Figure 4.7A summarises the amount of 

interaction or avoidance, a normalised value, of each cell cluster with every other cell cluster 

in high-tumour regions of metastatic melanoma. This data revealed some interesting cellular 

interactions that have not been previously appreciated. As expected, CD8 T cells interact with 

tumour cells displaying various phenotypes. Surprisingly, CD4 T cells are not seen interacting 

with tumour cells. Instead, CD4 T cells largely interact with CD8 T cells, macrophages and B  
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Figure 4.7 Spatial interactions within high-tumour areas of treatment naïve metastatic 
melanoma. Visualisation of interactions between clusters identified in Figure 4.5D identified 
using (A) ‘spicyR’ R package (Bioconductor) and (A) statial R package (Bioconductor) to map 
average interactions (attraction or avoidance) in melanoma metastases. Dot size and colour 
corresponds to interaction or avoidance value (n=100). 
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cells (Figure 4.7A). Macrophages are closely associated with CD4 T cells, and CD8 T cells to 

a lesser degree (Figure 4.7A). B cells and lymphatic endothelial cells also appear to be located 

close to each other (Figure 4.7A). 

 

To test how cell clusters behave in relation to their cell classification or ‘grouping’, we 

employed the statial R package (bioconductor), an R package developed by our collaborator 

Farhan Ameen to address the plastic nature of cell states in the tissue (Ameen F, 2024). This 

package tests the behaviour of a population of cells when compared to their closest cell 

phenotypes. By classifying cell clusters within a ‘parent’ population, e.g. all tumour cells, 

statial calculates how the ‘child’ population deviates from the spatial behaviour of the ‘parent’ 

population  (Ameen F, 2024). Each dot or ‘bubble’ in Figure 4.7B indicates how this cell 

interaction is spatially located in the child cluster compared to the parent. Applying this to the 

cell clusters identified in Figure 4.6, B cell, CD4 and CD8 T cell, fibroblasts, granulocytes and 

macrophage clusters were grouped as ‘immune’ cells, CD4 and CD8 T cells also separately 

grouped as ‘T cells’, endothelial and lymphatic endothelial cells as ‘tissue’ or structural cells 

and tumour cells 1-5 as ‘tumour’ cells (Figure 4.7B). According to this analysis, cell clusters 

within the immune cell parent population interact very differently with the tumour 

microenvironment. This suggests that not all immune populations behave the same way when 

it comes to spatial interactions within melanoma tumours. Comparing interactions only within 

the immune compartment, for example, interactions between granulocytes and endothelial cells 

are much higher when compared to any other immune populations’ interactions with 

endothelial cells (Figure 4.7B). Comparing only T cells, this analysis also suggests that both  

 

CD4 and CD8 T cells behave differently within melanoma tumours. CD8 T cells are most 

closely located near tumour cells, CD4 T cells and macrophages, while CD4 T cells are most 

closely located with macrophages, lymphatic endothelial cells and B cells (Figure 4.7B). 

Looking at endothelial cells and lymphatic endothelial cell interactions within the tumour, it 

appears that endothelial cells are more localised to tumour cells, and lymphatic endothelial 

cells are more closely associated with immune cells (Figure 4.7B). Tumour cells appear to all 

interact similarly with the TME, however tumour cells 4 and 5 are more closely associated with 

macrophages compared to other tumour cells (Figure 4.7B). 
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4.3.4 Applying a different approach to understand the role of the TME and its impact on 

clinical outcomes 

Having established different methods for analysis, we adopted two approaches for the rest of 

the work in this chapter, namely manual gating (method I) and unbiased approach (method III) 

as we were confident in the accuracy of these approaches as well as their efficiency to enable 

scalability. We used these approaches to understand how mapping the immune landscape of 

TME could help understand the role of immune cells associated with clinical outcomes and 

determine whether biomarkers of treatment response could be developed using this approach. 

 

4.3.5 Tumour composition did not differ between treatment allocations  

Samples used in this study were acquired from a clinical trial where the effect of radiotherapy 

was assessed (as detailed in section 4.2.1). As an initial test, we wanted to determine whether 

the baseline tumour cellular composition (prior to radiotherapy) was significantly different 

between patients selected for radiotherapy and patients in the control arm. We saw no 

differences between the densities of all cells, CD8 T cells, CD4 T cells, B cells, monocytes, 

macrophages or NK cells between patients allocated to adjuvant radiotherapy and observation 

alone (Figure 4.8A-G). Although there was a slightly higher density of tumour cells in patients 

that went on to receive radiotherapy within our cohort, the difference did not reach statistical 

significance (p=0.0920) (Figure 4.8H). These data suggest that there was no inherent bias in 

the selection of patients for treatment.  

 

4.3.6 Higher immune and non-lymphoid cells in high-tumour regions of treatment naïve 

metastatic melanoma tumours are associated with survival  

In order to maximise the use of these data, we combined both the treatment arm (radiotherapy 

treated) and control arm (observation only) in our analysis. We then applied survival as a 

measure to determine whether the cellular content of the TME was associated with better 

patient survival. As the trial established that adjuvant radiotherapy had no effect on survival 

(Burmeister et al., 2012, Henderson et al., 2015), we reasoned that it would be an appropriate 

clinical outcome to base this on. From the data available it was clear that radiotherapy would 

not have impacted patient survival.  

 

CD8 T cells were found to be significantly higher in patients that were alive at follow-up when 

compared to those who were deceased (Figure 4.9). CD8 T cells averaged 3.98% of total cells  
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Figure 4.8 No differences in tumour composition between patients treated with adjuvant 
radiotherapy and no radiotherapy. IMC was used to ablate high-tumour regions of treatment 
naïve metastatic melanoma patients to assess immune phenotypes associated with clinical 
outcomes. Images produced from IMC underwent supervised cell segmentation (Cell Profiler) 
and manual gating (FlowJo). Densities of (A) all cells detected (B) CD8 T cells (C) CD4 T cells 
(D) B cells (E) monocytes (F) macrophages (G) NK cells and (H) tumour cells in patients 
allocated to adjuvant radiotherapy treatment (n=52) or no radiotherapy (observation only) 
(n=48). Cell phenotypes detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. 
Mann-Whitney two-tailed test performed to determine statistical differences. 
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Figure 4.9 Higher quantities of CD8+ T cells in tumour regions are associated with 
survival in metastatic melanoma. IMC was used to ablate pathologist-defined high-tumour 
regions of treatment naïve metastatic melanoma patients to assess immune phenotypes 
associated with survival. Images produced from IMC underwent cell segmentation (Cell Profiler) 
and manual gating (FlowJo). Proportion and density of (A) CD8+ T cell (B) CD103+ CD8+ T cell 
(C) Granzyme B+ CD8+ T cell (D) Ki67+CD8+ T cells and (E) CCR7+ CD8+ T cells were 
compared between patients that were alive (n=53) or dead (n=47) at clinical follow up. Cell 
phenotypes detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. Mann-Whitney 
test was performed to determine statistical significance. 
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and 278.4 cells per mm2 patients in were alive compared to 1.61% of all cells and 137.1 cells 

per mm2 in patients who were deceased at follow-up (Figure 4.9A). The same trend was 

observed for CD8 T cells subsets CD103+CD8 T cells, Granzyme B+ CD8 T cells, CCR7+ 

CD8 T cells and Ki67+ CD8 T cells (Figure 4.9B-E).  

 

 CD4 T cells were also significantly higher in patients who were alive (4.34% of all cells and 

386.3 cells per mm2) compared to 2.83% of cells and 271.6 cells of mm2 in patients that died 

(Figure 4.10A). CD4 T cell subsets TREGs, TH1 cells Ki67+ CD4 T cells and CCR7+ CD4 T 

cells were also recorded as significantly higher in patients that survived (Figure 4.10B-E).  

 

Patients that survived had significantly more B cells (3.74% of all cells, 402.6 cells per mm2) 

compared to those that were dead at follow-up (1.43% of all cells, 126 cell/mm2) (Figure 

4.11A). Similarly, proliferating (Ki67+) B cells were significantly higher in patients that 

survived (22.9% of all cells, 28.89 cells per mm2) compared to those that did not (7.38% of all 

cells, 7.38 cells per mm2) (Figure 4.11B). 

 

Despite the myeloid compartment making up a relatively low proportion of total cells, we saw 

distinct differences in myeloid cells when patients were separated by survival outcome. 

Monocytes, classified as HLADR+CD11c+CD14+FXIIIA- cells, were significantly higher in 

patients that survived, making up 0.041% of cells and 2.96 cells per mm2 density, compared to 

0.020% of cells and 1.53 cells per mm2 in those that did not survive (Figure 4.12A). Although 

macrophage proportions or density was not recorded as significantly different between survival 

outcomes, CD16+ macrophages (classified as HLADR+CD11c+CD14+FXIIA+CD16+ cells) 

were significantly higher in patients that were alive (0.11% of cells, 7.376 cells per mm2) 

compared to patients that had died (0.04% of all cells, 3.259 cells per mm2) (Figure 4.12B, C).  

There were no differences in proportions or densities of NK cells or neutrophils between 

patients (Figure 4.1D, E).  

 

Both lymphatic endothelial cells (CD31+FXIIIA-podoplanin+) and non-lymphatic endothelial 

cells (CD31+FXIIIA-podoplanin-) were significantly higher in patients that were alive at 

follow-up (Figure 4.13A, B). Lymphatic endothelial cells made up an average of 0.02% of cells 

and 1.2 cells per mm2 compared to 0.01% of cells and 0.45 cells per mm2 in patients that died 

(Figure 4.13A). Non-lymphatic endothelial cells made up 0.26% and 13.23 cell per mm2 

compared to 0.05% and 2.65 cells per mm2 in patients that died (Figure 4.13B). We saw no  
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Figure 4.10 Higher quantities of CD4 T cells in tumour regions are associated with 
survival in metastatic melanoma. IMC was used to ablate pathologist-defined high-tumour 
regions of treatment naïve metastatic melanoma patients to assess immune phenotypes 
associated with survival. Images produced from IMC underwent cell segmentation (Cell Profiler) 
and manual gating (FlowJo). Proportion and density of (A) CD4 T cells (B) FOXP3+ CD4+ T cells 
(TREGs) (C) Tbet+ CD4+ T cells (TH1s) (D) Proliferating CD4 T cells and (E) CCR7+ CD4 T cells 
were compared between patients that were alive (n=53) or dead (n=47) at clinical follow up. Cell 
phenotypes detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. Mann-Whitney 
test was performed to determine statistical significance. 
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Figure 4.11 Higher quantities of B cells in tumour regions are associated with survival in 
metastatic melanoma. IMC was used to ablate pathologist-defined high-tumour regions of 
treatment naïve metastatic melanoma patients to assess immune phenotypes associated with 
survival. Images produced from IMC underwent cell segmentation (Cell Profiler) and manual 
gating (FlowJo). Proportion and density of (A) B cells and (B) Ki67+ B cells were compared 
between patients that were alive (n=53) or dead (n=47) at clinical trial end point. Cell phenotypes 
detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. Mann-Whitney test was 
performed to determine statistical significance. 
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Figure 4.12 Quantities of innate immune cells in tumour regions are not associated with 
survival in metastatic melanoma patients. IMC was used to ablate pathologist-defined 
high-tumour regions of treatment naïve metastatic melanoma patients to assess immune 
phenotypes associated with survival. Images produced from IMC underwent cell segmentation 
(Cell Profiler) and manual gating (FlowJo). Proportion and density of (A) monocytes (B) 
macrophages (C) CD16+ macrophages (D) NK cells and (E) neutrophils were compared 
between patients that were alive (n=53) or dead (n=47) at clinical trial end point. Cell phenotypes 
detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. Mann-Whitney test was 
performed to determine statistical significance. 
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Figure 4.13 Higher quantities of non-leukocytes in tumour regions are associated with 
survival in metastatic melanoma patients. IMC was used to ablate pathologist-defined 
high-tumour regions of treatment naïve metastatic melanoma patients to assess immune 
phenotypes associated with survival. Images produced from IMC underwent cell segmentation 
(Cell Profiler) and manual gating (FlowJo). Proportion and density of (A) lymphatic endothelial 
cells (B) endothelial cells (C) fibroblasts (D) podoplanin+ fibroblasts and (E) vimentin+ fibroblasts 
were compared between patients that were alive (n=53) or dead (n=47) at clinical follow up. All 
non-leukocytes were pre-gated as SOX10-CD45-. Cell phenotypes detailed in Table 4.2. Full 
gating strategy is detailed in Figure 4.3. Mann-Whitney test was performed to determine 
statistical significance.  
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differences in Fibroblasts, podoplanin+ Fibroblasts or Vimentin+ Fibroblasts between patients 

that were alive or dead at follow-up (Figure 4.13C-E). We also saw no differences in any 

tumour cell population between patients that were alive or dead at follow-up (Figure 4.14).  

 

To further investigate cell types associated with survival, we separated 5 patients determined 

to have a survival time of greater than 3 years within the observation only cohort (n=48). We 

found no differences in CD8 T cells, CD4 T cells, B cells, Macrophages, NK cells, 

monocytes, TH1 cells or tumour cell density in patients that survived more than 3 years 

compared to less than 3 years (Figure 4.15A-E, G-I). Interestingly, TREGs (FOXP3+ CD4+ 

cells) had a higher density in patients who had a survival of less than 3 years (255 cells per 

mm2) compared to 54.4 cells permm2 in patients that survived more than 3 years, although 

this difference was not significant (p=0.0789, Mann-Whitney test) (Figure 4.15F). 

 

As it was highlighted in the clinical trial that extranodal spread was an independently bad 

prognostic indicator, we sought to understand why this may be the case, and if the answer lay 

in the immune cell milieu of the tumours. We found no differences in cell density between 

patients of extranodal spread status (Figure 4.16A). CD8, CD4 T cell densities are significantly 

higher in patients with extranodal spread that were alive at follow-up, however we do not 

observe this between alive and dead in patients that had no extranodal spread (Figure 4.16B, 

C). We also saw this trend for CD4 subset TREGs (Figure 4.16E). There is a trend toward higher 

B cell density is higher patients alive at follow-up with both extranodal spread and no 

extranodal spread, and this difference approached significance for patients with extranodal 

spread (p=0.0991) (Figure 4.16E). Monocytes were marginally higher in patients with no 

extranodal spread who were alive at follow-up (0.06 cells per mm2) compared to those who 

were dead at follow-up (0.039 cells per mm2) (Figure 4.16F). Similarly, monocytes were higher 

in patients with extranodal spread that were alive (0.094 cells per mm2) compared to those that 

died (0.050 cells per mm2), however these differences were not significant (Figure 4.16F). 

Macrophages were higher in alive patients that had no extranodal spread (alive = 7.26 cells per 

mm2; dead = 2.29 cells per mm2) compared to those that had extranodal spread (alive = 9.03 

cells per mm2; dead = 4.23 cells per mm2) (Figure 4.16G). NK cells were lower in alive patients 

without extranodal spread (43.55 cells per mm2) compared to dead in patients without 

extranodal spread (54.66 cells per mm2), while those with extranodal spread that were alive at 

follow-up had more NK cells than those that were dead at follow-up (alive = 92.27 cells per 

mm2, dead = 24.45 cells per mm2 p=0.0794) (Figure 4.16H). Tumour cell densities showed no  
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Figure 4.14 Tumour cells in tumour regions are not associated with survival in metastatic 
melanoma patients. IMC was used to ablate pathologist-defined high-tumour regions of 
treatment naïve metastatic melanoma patients to assess immune phenotypes associated with 
survival. Images produced from IMC underwent supervised cell segmentation (Cell Profiler) and 
manual gating (FlowJo). Proportion and density of (A) tumour cells (B) Ki67+ tumour cells (C) 
PD1+ tumour cells (D) PDL1+ tumour cells (E) Vimentin+ tumour cells (F) LAG3+ tumour cells (G) 
OX40+ tumour cells and (H) ICOS+ tumour cells were compared between patients that were alive 
(n=53) or dead (n=47) at clinical trial end point. Cell phenotypes detailed in Table 4.2. Full gating 
strategy is detailed in Figure 4.3. Mann-Whitney test was performed to determine statistical 
significance. 
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Figure 4.15 Cell populations associated with longer survival in metastatic melanoma 
patients. Density of (A) CD8 T cells, (B) CD4 T cells, (C) FOXP3+ CD4 T cells, (D) Tbet+ CD4+ 
T cells, (E) B cells, (F) monocytes, (G) macrophages, (H) NK cells and (I) tumour cells compared 
between patients not treated with radiotherapy with a survival time greater than 3 years since 
randomisation (n=5) to those that had less than 3 years survival (n= 43). Cell phenotypes 
detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. Mann-Whitney test performed 
to compare ranks between groups with exact, two-tailed p values reported. 
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Figure 4.16 Immune and tumour cell densities of patients separated by extranodal 
spread status and survival. IMC was used to ablate pathologist-defined high-tumour regions 
of treatment naïve metastatic melanoma patients to assess immune phenotypes associated 
with clinical outcomes. Images produced from IMC underwent cell segmentation (Cell Profiler) 
and manual gating (FlowJo). Density of (A) all cells, (B) CD8 T cells, (C) CD4 T cells, (D) 
FOXP3+ CD4 T cells, (E) B cells, (F) monocytes, (G) macrophages, (H) NK cells and (I) tumour 
cells between patients that had no extra nodal spread (alive n=32, dead n=17) and those that 
had either limited or extensive extranodal spread (alive n=21, dead n=30). Cell phenotypes 
detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. Dunn’s multiple comparison 
test performed to compare ranks with p values < 0.1 included on graph. 
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significant differences between survival outcomes when patients were grouped by extranodal 

spread status (Figure 4.16I).  

 

4.3.6.1 Validation of the impact of the TME on clinical outcome used unbiased 

approach (Method III) 

Having mapped the immune landscape using the unbiased approach to determine the impact of 

the TME on clinical outcomes, we next aimed to validate these findings using an unbiased 

approach. We then tested the differences in proportions of each cell cluster between alive and 

dead patients to establish phenotypes associated with survival using the proportions test 

contained in R stats package. Table 4.3 outlines the mean proportions of each cluster and the 

p value computed by R using the Pearson’s chi-squared test. We saw that CD8 T cells, 

lymphatic endothelial cells and unidentified cell cluster were all significantly higher in patients 

that survived compared to those who died (Table 4.3). Tumour cell #5 and #2 were significantly 

lower in patients alive at follow-up (Table 4.3). There were no differences in proportions of 

CD4 T cells, B cells, macrophages, granulocytes, fibroblasts, endothelial cells, or tumour cells 

#1, #3 and #4 (Table 4.3).  

 

4.3.7 Low presence of immune and non-lymphocytic cells in high-tumour regions of 

treatment naïve metastatic melanoma tumours are associated with relapse   

4.3.7.1 Manual Gating 

We next determined the impact of the TME on relapse. Of the samples analysed in this study, 

48 patients relapsed, and 52 patients did not show any signs of relapse (median follow-up time 

was 3.3 years). We therefore determined what impact the TME had on relapse by comparing 

cell populations between patients that relapsed and those that did not.  

 

As outlined above, cell data was exported from cell profiler and gated using gating strategy in 

Figure 4.3, before being quantified as both percentage of total cells within sample, and cells 

per mm2. CD8 T cells, CD103+CD8 T cells, proliferating CD8 T cells and CCR7+ CD8 T cells 

were found to be significantly higher in patients that relapsed compared to those who did not 

(Figure 4.17A-B, D-E). Interestingly, Granzyme B+ CD8 T cells were not different between 

patients that relapsed and those that did not relapse (Figure 4.17C).  
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Table 4.3 Proportions of cell clusters identified in Figure 4.6 compared between patients 

alive or dead at clinical trial end point.  

 

Cell Cluster Alive 

 [Mean value]  

Dead 

[Mean Value]  

p value Adjusted 

p value 

CD8 T cells 0.069 0.048 0.0056 0.056 

Lymphatic  

Endothelial Cells 

0.038 0.029 0.012 0.056 

Tumour Cell #5 0.0077 0.012 0.015 0.056 

Unidentified Cluster 0.13 0.11 0.016 0.056 

Tumour Cell #2 0.23 0.27 0.03 0.084 

B cells 0.042 0.028 0.18 0.42 

Fibroblast 0.13 0.14 0.21 0.42 

Macrophage 0.013 0.011 0.25 0.42 

Tumour Cell #3 0.21 0.22 0.27 0.42 

Tumour Cell #1 0.045 0.041 0.47 0.66 

Granulocyte 0.0094 0.0075 0.62 0.79 

Endothelial Cells 0.038 0.041 0.74 0.85 

Tumour Cell #4 0.012 0.013 0.79 0.85 

CD4 T cells 0.026 0.025 0.85 0.85 
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Figure 4.17 Higher quantities of CD8+ T cells in tumour regions are associated with no 
relapse in metastatic melanoma. IMC was used to ablate pathologist-defined 
pathologist-defined high-tumour regions of treatment-naïve metastatic melanoma patients to 
assess immune phenotypes associated with relapse. Images produced from IMC underwent cell 
segmentation (Cell Profiler) and manual gating (FlowJo). Proportion and density of (A) CD8 T 
cell (B) CD103+ CD8 T cell (C) Granzyme B+ CD8 T cell (D) Ki67+CD8 T cells and (E) CCR7+ 
CD8 T cells were compared between patients that did not relapse (NR, n=35) and those that did 
relapse (R, n=65). Cell phenotypes detailed in Table 4.2. Full gating strategy is detailed in Figure 
4.3. Mann-Whitney test was performed to determine statistical significance. 
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There was a trend towards a higher proportion of CD4 T cells in patients that did not relapse 

compared to those that did, although this was not significant (p=0.0550) (Figure 4.18A). 

However, CD4 T cell density was significantly higher in patients that relapsed compared to 

patients that did not relapse (p=0.0496, Mann-Whitney test) (Figure 4.18A). There were no  

differences in levels or density of TREG or TH1 cells (TBET+CD4+) between groups (Figure 

4.18B-C). Proportions and densities of both proliferating CD4 T cells and CCR7+ CD4 T cells 

were significantly higher in patients that did not relapse (Figure 4.18D-E). 

 

There were no differences in baseline levels of overall or proliferating B cells between patients 

that did not relapse and those that did (Figure 4.19). Similarly, innate immune cell populations 

and non-leukocytes were present in similar numbers and density when patient groupings were 

split by relapse outcome (Figure 4.20 & Figure 4.21). We also saw no difference in tumour 

cells between patients that were alive or dead at follow-up (Figure 4.22).  

 

4.3.7.2 Unbiased clustering 

As performed in section 4.3, we again used R stats package to test the differences in proportions 

of each cell cluster between patients that relapsed and those that did not to establish phenotypes 

associated with relapse. Macrophages were significantly higher in patients that did not relapse, 

while Tumour cell #5 was present in significantly higher numbers in patients that did relapse 

(Table 4.4). CD8 T cells were higher in patients that did not relapse; however, this was not 

significant (p=0.092) (Table 4.4). There were no differences in proportions of CD4 T cells, B 

cells, macrophages, granulocytes, fibroblasts, lymphatic endothelial cells, endothelial cells, or 

Tumour cells #1, #2, #3 or #4 (Table 4.4).  

 

4.3.8 Impact of radiotherapy on (local) relapse 

The clinical trial cohort assessed in this study reported that adjuvant radiotherapy improved 

local relapse (Henderson et al., 2015, Burmeister et al., 2012). Relapses in the lymph node field 

were more frequent in the observation group, and the 5-year cumulative incidence of lymph 

node field relapse as a site of first relapse was 18% in the adjuvant radiotherapy group 

compared to 33% in the observation group (Henderson et al., 2015). We wanted to confirm that 

there were no differences in the pre-treatment milieu of patients in the context of relapse, 

beyond establishing there were no differences between treatment allocations in Figure 4.7. To 

do this, we compared CD4 T cells, CD8 T cells, B cells, macrophages, NK and tumour cell  
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Figure 4.18 Higher quantities of CD4 T cells in tumour regions are associated with no 
relapse in metastatic melanoma. IMC was used to ablate pathologist-defined high-tumour 
regions of treatment naïve metastatic melanoma patients to assess immune phenotypes 
associated with relapse. Images produced from IMC underwent cell segmentation (Cell Profiler) 
and manual gating (FlowJo). Proportion and density of (A) CD4 T cells (A) FOXP3+ CD4 T cells 
(A) Tbet+ CD4 T cells (A) Ki67+CD4 T cells (A) CCR7+ CD4 T cells cells were compared 
between patients that did not relapse (NR, n=35) and those that did relapse (R, n=65). Cell 
phenotypes detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. Mann-Whitney test 
was performed to determine statistical significance. 
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Figure 4.19 B cell quantities in tumour regions are not associated with relapse in metastatic 
melanoma. IMC was used to ablate pathologist-defined high-tumour regions of treatment naïve 
metastatic melanoma patients to assess immune phenotypes associated with relapse. Images 
produced from IMC underwent cell segmentation (Cell Profiler) and manual gating (FlowJo). 
Proportion and density of (A) CD20+ B cells and (B) Ki67+ B cells were compared between patients 
that did not relapse (NR, n=35) and those that did relapse (R, n=65). Cell phenotypes detailed in 
Table 4.2. Full gating strategy is detailed in Figure 4.3. Mann-Whitney test was performed to 
determine statistical significance. 
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Figure 4.20 Quantities of innate immune cells in tumour regions are not associated with 
relapse in metastatic melanoma. IMC was used to ablate pathologist-defined high-tumour 
regions of treatment-naïve metastatic melanoma patients to assess immune phenotypes 
associated with relapse. Images produced from IMC underwent cell segmentation (Cell Profiler) 
and manual gating (FlowJo). Proportion and density of (A) monocytes (B) macrophages (C) CD16+ 
macrophages (D) NK cells and (E) neutrophils were compared between patients that did not 
relapse (NR, n=35) and those that did relapse (R, n=65). All innate cells were pre-gated as 
SOX10-CD45+CD20-CD3-. Cell phenotypes detailed in Table 4.2. Full gating strategy is detailed in 
Figure 4.3. Mann-Whitney tests were performed to determine statistical significance. 
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Figure 4.21 Quantities of non-leukocytes in tumour regions are not associated with 
relapse in metastatic melanoma patients. IMC was used to ablate pathologist-defined 
high-tumour regions of treatment-naïve metastatic melanoma patients to assess immune 
phenotypes associated with relapse. Images produced from IMC underwent cell segmentation 
(Cell Profiler) and manual gating (FlowJo). Proportion and density of (A) lymphatic endothelial 
cells (B) endothelial cells (C) fibroblasts (D) podoplanin+ fibroblasts and (E) vimentin+ fibroblasts  
were compared between patients that did not relapse (NR, n=35) and those that did relapse (R, 
n=65). All non-lymphoid structural cells were pre-gated as SOX10-CD45-. All non-lymphoid 
structural cells were pre-gated as SOX10-CD45-. Cell phenotypes detailed in Table 4.2. Full 
gating strategy is detailed in Figure 4.3. Mann-Whitney test was performed to determine 
statistical significance. 
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Figure 4.22 Tumour cell quantities in tumour regions are not associated with relapse in 
metatstatic melanoma. IMC was used to ablate pathologist-defined high-tumour regions of treatment 
naïve metastatic melanoma patients to assess immune phenotypes associated with relapse. Images 
produced from IMC underwent cell segmentation (Cell Profiler) and manual gating (FlowJo). Proportion 
and density of (A) tumour cells (B) Ki67+ tumour cells (C) PD1+ tumour cells  (D) PDL1+ tumour cells 
(E) Vimentin+ tumour cells (F) LAG3+ tumour cells (G) OX40+ tumour cells  (H) ICOS+ tumour cells 
were compared between patients that did not relapse (NR, n=35) and those that did relapse (R, n=65). 
Tumour cells were pre-gated as CD45-CD3- and SOX10+. Cell phenotypes detailed in Table 4.2. Full 
gating strategy is detailed in Figure 4.3. Mann-Whitney test was performed to determine statistical 
significance. 
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Table 4.4 Proportions of cell clusters identified in Figure 4.6 compared between patients that 

relapsed and those that did not at clinical trial end point.  

 

Cell Cluster No Relapse 

[Mean value] 

Relapse  

[Mean Value] 

p value Adjusted p 

value 

Tumour Cell #5 0.0062 0.011 0.0011 0.015 

Macrophage 0.016 0.011 0.014 0.098 

CD8 T cells 0.069 0.055 0.092 0.34 

Tumour Cell #2 0.23 0.26 0.11 0.34 

Fibroblast 0.12 0.13 0.12 0.34 

Tumour Cell #1 0.051 0.04 0.16 0.37 

Lymphatic 

Endothelial Cells 

0.037 0.033 0.33 0.66 

CD4 T cells 0.029 0.024 0.39 0.68 

Granulocyte 0.011 0.0072 0.45 0.7 

Tumour Cell #4 0.011 0.013 0.59 0.83 

Tumour Cell #3 0.22 0.21 0.77 0.89 

B cells 0.037 0.035 0.83 0.89 

Unidentified Cluster 0.12 0.12 0.83 0.89 

Endothelial Cells 0.04 0.039 0.89 0.89 
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populations between patients that did not relapse and those that did in both observation only 

(no radiotherapy) (NR n=15; R n=33) and radiotherapy patient groups (NR n=20; R n=32).  

 

We report no differences in proportions or densities of CD8 T cells, CD4 T cells or B cells in 

patients that did not relapse compared to those that did, for both treatment groups (Figure 4.23). 

We also saw no differences in macrophage and NK cell proportions and densities between 

patients that did not relapse and those that did (Figure 4.24). Similarly, tumour cells were no 

different between patients that did not relapse and those that did in both the observation and 

radiotherapy groups (Figure 4.25) These data suggest that at baseline there were no differences 

between the patients who subsequently received radiotherapy (treatment arm) and those who 

did not (control arm).  

 

As Henderson et al. (2015) reported the impact of radiotherapy on local relapse only, we then 

compared immune and tumour cell densities between patients that had distant relapse (only), 

local relapse (only) or no relapse for both treatment allocations (Figure 4.26). Patients that had 

a combination of local, in transit and distant relapse were excluded from this comparison. There 

were no significant differences for immune cells (Figure 4.26A) or tumour cells (Figure 4.26B) 

when comparing patients that had a distant relapse, a local relapse or no relapse in both 

radiotherapy and observation groups.  

 

4.3.8.1 Spatial analysis reveals innate and non-immune cell interactions distinguish 

patients who survived longer 

We next wanted to use spatial information to compare how cell interactions in the TME differ 

between good and bad patient outcomes. Each dot or ‘bubble’ is coloured according to 

attraction (red) or avoidance (blue). Dot size corresponds to the negative log10 of p-value 

calculated on the difference between alive and dead patients (Figure 4.27A) or relapse versus 

no relapse patients (Figure 4.28A). A black circle indicates that the p-value calculated is less 

than 0.05. 

 

Using these methods, we see that both endothelial cells and lymphatic endothelial cells cluster 

together significantly more in patients alive at follow up (Figure 4.27A). Lymphatic endothelial 

cells also avoid endothelial cells significantly more in patients who were alive at follow-up 

(Figure 4.27A). Additionally, macrophages avoid endothelial cells significantly more in  
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Figure 4.23 Tumour quantities of lymphocytes are not significantly different between 
treatment allocation and relapse conditions. Proportion of (A) CD8 T cells, (C) CD4 T cells, 
(E) CD20+ cells and density of (B) CD8 T cells, (D) CD4 T cells and (F) CD20+ B cells compared 
between those that were allocated observation only and did not relapse (NR n=15) and relapsed 
(R n=33), and those that were allocated adjuvant radiotherapy and did not relapse (NR n=19) 
and those that did relapse (R n=34). Cell phenotypes detailed in Table 4.2. Full gating strategy 
is detailed in Figure 4.3. Dunn’s multiple comparison test performed to compare ranks. 
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Figure 4.24 Tumour quantities of innate immune cells in are not significantly different 
between treatment allocation and relapse conditions. Proportion of (A) macrophages (C) 
NK cells and density of (B) macrophages and (D) NK cells compared between those that were 
allocated observation only and did not relapse (NR n=15) and relapsed (R n=33), and those that 
were allocated adjuvant radiotherapy and did not relapse (NR n=19) and those that did relapse 
(R n=34). Cell phenotypes detailed in Table 4.2. Full gating strategy is detailed in Figure 4.3. 
Dunn’s multiple comparison test performed to compare ranks. 
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Figure 4.25 Tumour quantities of tumour cells are not significantly different between 
treatment allocation and relapse conditions. (A) Proportion and (B) density of tumour cells 
compared between those that were allocated observation only and did not relapse (NR n=15) 
and relapsed (R n=33), and those that were allocated adjuvant radiotherapy and did not 
relapse (NR n=19) and those that did relapse (R n=34). Cell phenotypes detailed in Table 4.2. 
Full gating strategy is detailed in Figure 4.3. Dunn’s multiple comparison test performed to 
compare ranks. 
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Figure 4.26 Immune and tumour cell density does not differ between relapse location or 
treatment allocations. IMC was used to ablate high-tumour regions of treatment naïve 
metastatic melanoma patients to assess immune phenotypes associated with clinical outcomes. 
Images produced from IMC underwent cell segmentation (Cell Profiler) and manual gating 
(FlowJo). Denisty of (A) Immune cells (CD45+SOX10-) and (B) Tumour Cells (SOX10+CD45-) is 
compared between patients allocated to radiotherapy and who had distant relapse only (n=17), 
local relapse only (n=6) or no relapse (n=20), or observation and went on to have distant relapse 
only (n=18), local relapse only (n=7) or no relapse (n=15). Patients who had a multiple different 
relapse locations were excluded from this analysis. Kruskal-Wallis test for statistical significance 
was performed (approximate p value = 0.3499). Cell phenotypes detailed in Table 4.2. Full gating 
strategy is detailed in Figure 4.3.

Immune Cells

Tumour Cells

137



B

C Lymphatic Endothelial Cell + Tumour #4

p=0.035

NO EXTRANODAL SPREAD

HIGHER # INTERACTIONS LOWER # INTERACTIONS 

EXTRANODAL SPREAD

HIGHER # INTERACTIONS LOWER # INTERACTIONS 

Fibroblast + Macrophages

NO EXTRANODAL SPREAD

HIGHER # INTERACTIONS LOWER # INTERACTIONS 

EXTRANODAL SPREAD

HIGHER # INTERACTIONS LOWER # INTERACTIONS 

p=0.036

Alive vs Dead 

Dead
Alive

A
ENDOTHELIAL CELL

TUMOUR CELL (5)

CD4
LYMPHATIC 

ENDOTHELIAL CELL

TUMOUR CELL (1)

TUMOUR CELL (4)

FIBROBLAST

GRANULOCYTE

UNIDENTIFIED

TUMOUR CELL (2)

MACROPHAGE

B CELL

TUMOUR CELL (3)

CD8

D

PR
O

PO
R

TI
O

N
 O

F 
C

EL
L 

C
LU

ST
ER

138



Figure 4.27 Spatial interactions associated with survival within high-tumour areas of 
treatment naïve metastatic melanoma. (A) Visualisation of intereactions between clusters 
identified in Figure 4.6 using spicyR R package (Bioconductor) separated by patients who were 
alive (n=53) and dead (n=47). Survival plots of patients grouped according to (B) SHAP plot 
showing factors that contribute to a shorter ‘time-to-relapse” calculated using shapviz R package. 
Using this model, a positive SHAP value indicates that if a patient has this cell population (high/low 
proportions as indicated), this patient is more likely to relapse earlier. (C) Number of interactions 
between lymphatic endothelial cells and tumour cell #4 and (D) fibroblasts and macrophages, 
grouped by patients with extranodal spead low interactions (solid blue line), extranodal spread 
high interactions (solid yellow line), no extranodal spread low interactions (dashed blue line) and 
no extranodal spread high interactions (yellow dashed lines). Number of interactions above 
average were labelled ‘high’ and those below average ‘low’. All significant interactions between 
cell types in patients separated by survival summarised in table 4.5. 

139



Figure 4.28 Spatial interactions associated with relapse within high-tumour regions of 
treatment-naïve metastatic melanoma. (A) Visualisation of intereactions between clusters 
identified in Figure 4.6 using spicyR R package (Bioconductor) separated by patients 
experiencing no relapse (n=35) and relapse (n=66) (B) SHAP plot exemplifying factors that 
contribute to a shorter ‘time-to-relapse” calculated using shapviz R package. Using this model, 
a positive SHAP value indicates that if a patient has this cell population (high/low proportions as 
indicated), this patient is more likely to relapse earlier. 

A Relapse vs No Relapse 

No Relapse

Relapse

B

TUMOUR CELL (5)

TUMOUR CELL (1)

ENDOTHELIAL CELL

CD4

LYMPHATIC 
ENDOTHELIAL CELL

TUMOUR CELL (4)

FIBROBLAST

GRANULOCYTE

UNIDENTIFIED

TUMOUR CELL (2)

MACROPHAGE

B CELL

TUMOUR CELL (3)

CD8

PROPORTION 
OF CELL 
CLUSTER

140



patients alive at follow-up when compared to the interactions in those that did not survive 

(Figure 4.27A). 

 

To investigate the impact of the TME on how quickly a patient relapses, we conducted a ‘time-

to-event’ test by calculating Shapely Additive Explanations (SHAP) values using R package 

shapviz (Lundberg and Lee, 2017). This package produces a model to best represent the 

outcome tested, by entering the time-to-event for each patient. The SHAP value is calculated 

using these inputs by producing a model that best fits the data given. In this SHAP plot, we are 

assessing the impact of each of the 14 clusters identified in Figure 4.5 on the time-to-death. 

Each dot represents one patient. As such, if the SHAP value for this patient is high (further to 

the right on the plot), the model predicts that that patient will have a shorter time-to-event. The 

colour of the dot indicates if it was a high (yellow) or low (purple) proportion of this cell type 

that contributed to the model.  

 

Using this information to interpret the SHAP plot shown in Figure 4.27D, we can deduce that, 

according to this model, a patient with a high proportion of endothelial cells within high-tumour 

regions will have a shorter time-to-death. It also predicts that higher proportions of tumour cell 

#5 result in a shorter-time-to-death (Figure 4.27B). Very low proportions of CD4 T cells, low 

proportions of lymphatic endothelial cells and low proportions of Tumour cell 1 and 4 may 

also lower your time-to-death (Figure 4.27B). Proportions of fibroblasts, granulocytes, 

unidentified cluster, tumour cell 2, macrophages, B cells, Tumour cell 3 and CD8 do not impact 

time to death in this model (Figure 4.27B).  

 

To investigate the impact of extranodal spread and cell interactions on survival, we compared 

all cell interactions shown in Figure 4.27A by conducting a pairwise statistical analysis to test 

if there are spatial relationships that contribute to patient outcome that is not explained by 

survival or extranodal spread alone. Significant interactions produced by this test are 

summarised in Table 4.5.  

 

In order to visualise these results, we have plotted the top two significant interactions as 

survival plots (Figure 4.27C, D). Patients are first separated into extranodal spread (dashed 

line) or no spread (solid line), and within these groups, high (yellow) and low (blue) 

interactions.  
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We saw that patients with no extranodal spread and a high number of interactions between 

lymphatic endothelial cells and tumour cell #4 had the highest survival probability, followed 

by patients with extranodal spread that had a low number of interactions (Figure 4.27C). We 

then see that this relationship flips for patients with extranodal spread, as the lowest survival 

probability is recorded for patients with extranodal spread with a low number of interactions 

between lymphatic endothelial cells and tumour cell number 4, compared with those who had 

a high number of interactions (Figure 4.27C).  

 

The second most significant interaction identified was the interaction between fibroblasts and 

macrophages (Table 4.5). Separating the cohort out into the four groupings outlined above, we 

saw patients with no extranodal spread and a low number of interactions between fibroblasts 

and macrophages had the highest survival probability (Figure 4.27D). However, a patient with 

high number of interactions between fibroblasts and macrophages has a very similar survival 

probability regardless of extranodal spread status, shown by the overlapping dashed and filled 

in yellow lines (Figure 4.27D). The lowest survival probability is recorded for patients with no 

extranodal spread that have a low number of interactions between fibroblasts and macrophages.  

 

4.3.8.2 Spatial analysis reveals immune, tumour and structural cells associated with 

relapse  

Comparing spatial interactions between patients that relapsed and those that did not using 

spicyR, we found that granulocytes are significantly more attracted to each other in patients 

that did not relapse compared to those that did (Figure 4.28A). We also found that tumour cell 

#4 is significantly closer to fibroblasts in patients that do not relapse, and endothelial cells 

avoid each other significantly more in patients that did not relapse (Figure 4.28A). 

 

We again used a SHAP plot (detailed in section 4.2.8.1) to identify proportions of cell clusters 

identified in Figure 4.5 that contribute to a patients’ time-to-relapse (Figure 4.28B). This 

analysis suggests that having a low proportion of tumour cell #1, a high proportion of tumour 

cell #5, and a moderate to high proportion of tumour cell #4 will result in a shorter time-to-

relapse (Figure 4.28B). It also suggests that having a low proportion of both CD4 T cells and 

endothelial cells will result in a quicker time-to-relapse (Figure 4.28B).  
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4.4 Discussion  

In this study, we sought to identify methods to analyse IMC data that were accurate, 

economically efficient, and accessible for basic science researchers. By collaborating with 

specialist clinicians and bioinformaticians, we were able to employ methods that incorporated 

clinical information such as how long a patient took to relapse or die, factors such as extranodal 

spread as well as in depth spatial analysis that looked for relationships between cells and 

allowed comparison of the entire tumour landscape.  

 

Cell segmentation is one of the first steps performed in high dimensional tissue analysis, and 

as such, inaccurate segmentation impacts all further analysis. Common issues with cell 

segmentation include over and under segmentation, accurately detecting clumped and 

irregularly shaped cells, and ensuring that tissue containing cell types of different morphologies 

are detected accurately. In this chapter, three different cell segmentation approaches were 

taken. I will discuss the advantages as well as the issues encountered with each method. Cell 

profiler was one of the first free cell segmentation tools, developed to be able to process a large 

amount of image-based data in less time and with less sophisticated computers than previously 

available in order to meet the needs of researchers in biology (Carpenter et al., 2006, 

Kamentsky et al., 2011). Cell segmentation in cell profiler is performed by first identifying the  

primary object such as the nucleus, followed by secondary object, often the cell boundaries 

with flexible parameters to be able to detect cells with many different morphologies. The 

algorithm uses thresholding to identify objects within acceptable size parameters that the user 

inputs. Once the cell objects are identified, the mean intensity of the markers are measured in 

the cell, and in this study were exported as a csv file for downstream analysis in FlowJo and R. 

This approach took considerable time as each sample was inspected and analysed individually. 

An AI-based cell segmentation program HALO (Indica Labs) was also used to analyse a small 

number of patient samples to compare with other programs used in this study (Figure 4.5). As 

this is a commercial program, there is little information available regarding the specific 

algorithms used to identify cells. However, it does require the user to detail a marker as nuclear, 

cytoplasmic or membranous, and to input a range of acceptable nuclei and cell size. Despite 

the assistance of inbuilt algorithms, it is not feasible to analyse more than 10 markers across 

multiple samples due to the time and tissue staining experience required to perform manual 

thresholding for each marker. The trade-off with this approach is that it results in accurate 

analysis, as the researcher performing the analysis has examined the samples in detail and has 

picked up errors or artifacts. The third cell segmentation method in this study was performed 
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by simpleseg, an R package developed to identify cells using watershed-based segmentation 

methods (Canete, 2024). This method did not require any manual input beyond identifying 

nuclear stains (DNA-Ir). This approach will not work for all tissue types but has been shown 

to produce accurate results in melanoma and squamous cell carcinoma (SCC) (Ferguson et al., 

2022). The candidate inspected the cell segmentation masks for accuracy and was satisfied. 

This approach was extremely time efficient, and the code is publicly available with forums, 

allowing for collaboration between researchers.  

 

Cells were identified in this study by either cell-targeted analysis to identify phenotypes well 

established in the literature, or by supervised clustering methods. The first approach, manual 

gating, successfully identified cell types, and we found some of these populations differed 

between patients when grouped by outcome. As this approach may introduce bias from the 

scientist, as we only ‘see what we are looking for’, we also performed supervised clustering of 

the same data. We were able to identify similar populations using this method, and we also 

found differences in these cell populations between patients grouped by outcome. Differences 

between these two approaches may be attributed to different cell segmentation methods 

(discussed previously), smaller populations not identified by whole-experiment analysis as 

well as immune and tumour cell heterogeneity. Performing either approach alone would have 

resulted in fewer outcome-related features identified and a narrower understanding of the TME. 

In conclusion, identifying cell populations in human tissue using high-parameter data requires 

the researcher to look at the data through multiple methods. The multiple methods used in this 

study allowed us to produce a detailed and robust picture of the tumour microenvironment in 

metastatic melanoma.  

 

Producing interpretable, accurate and reproducible data from high-parameter experimental 

approaches such as IMC requires a strong collaboration between basic science researchers, 

bioinformaticians and clinicians. It also requires increased skill development and support in 

coding skills for basic science researchers that until recently, has not been required. This skill 

development and collaboration is better achieved by open source, transparent methods that 

employ R or Python as they often allow for alterations to tailor to specific needs. In contrast, 

‘closed-box’ systems like HALO may keep up with changes in the field with development of 

new modules and program updates, these often do not meet the specific needs of researchers 

or are implemented too late to be useful. Additionally, inexpensive analysis approaches are far 

more accessible for researchers, particularly when experiments like IMC are already extremely 
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costly. For these reasons, open-sourced, customisable analysis pipelines developed with 

bioinformaticians and inspected for accuracy are the most sustainable approaches to address 

clinical questions from tissue samples.  

 

Our study found many novel cell phenotypes and cell interactions in the treatment-naïve 

metastatic melanoma TME associated with improved patient prognosis i.e. patients that 

survived and did not relapse. Our data mirrored the understanding in the field that the TME of 

metastatic melanoma is made up of a heterogeneous mix of T cells, B cells, innate cells, 

structural cells and tumour cells. We mapped the TME across 100 patients using 42 protein 

markers, an approach that, until now, has only been done using a small number of markers. 

The differences in proportions of cell types between the approaches reported in this study can 

be attributed to the use of alternate cell segmentation approaches, phenotype identification, and 

statistical analysis. We set out to perform different analysis approaches to identify the method 

that most accurately represented the data, was able to be visualised in the tissue samples, and 

was able to address questions regarding clinical outcomes. However, these data alone are 

simply quantities of cells present, and without spatial understanding, we can only deduce part 

of the biology of metastatic melanoma. When we investigated the spatial data, we saw a much 

more comprehensive understanding of the TME of metastatic melanoma.  

 

Overall, we saw that the TME of metastatic melanoma is made up of a large proportion of T 

cells, NK cells, fibroblasts and tumour cells as well as B cells, macrophages, monocytes, 

neutrophils and endothelial cells. When we looked at what cells interacted most across all 

patients, we saw some interesting results. CD4 and CD8 T cells were located closely together, 

along with B cells, and these cells also interacted closely with macrophages (Figure 4.7A). This 

was not surprising as all samples were lymph-node metastasis, and human lymph nodes contain 

high proportions of T and B cells (Krishnamurty and Turley, 2020). Lymphatic endothelial 

cells were located closest with B cells and CD4 T cells. Granulocytes and endothelial cells 

interacted mostly with each other compared to any other cell. Tumour cells interact mostly with 

other tumour cells, and tumour cell #4 and #5, characterised by a lack of expression of 

checkpoint markers seen in tumour cells #1, #2 and #3 including PD-L1, PD-1, IDO, OX40 

(Figure 4.6F). Tumour cells #4 and #5 also interacted more with immune cells than tumour 

cells #1, #2 and #3 (Figure 4.7).  
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Although CD4 T cells are present in higher proportion in nodal melanoma samples, CD8 T 

cells are often attributed as the most important anti-tumour cell. Our analysis suggests that CD4 

T cells are more important than CD8 T cells in tumour control as revealed by the SHAP analysis 

where lower CD4 T cell numbers were associated with shorter time to death. Comparing CD4 

and CD8 T cell interactions across the whole cohort highlighted that CD4 T cells were more 

closely located with B cells, lymphatic endothelial cells and macrophages rather than direct 

contact with tumour cells. CD4 T cells provide help through soluble mediators such as 

cytokines that shape the local environment towards pro or anti-tumour immunity (Poncette et 

al., 2022, Xie et al., 2023, Speiser et al., 2023). Recently, multiple groups have demonstrated 

the important anti-tumour roles of CD4 T cells in melanoma (Kruse et al., 2023, Oliveira et al., 

2022, Bawden et al., 2024). We also saw that endothelial cells and granulocytes were closely 

located together in our samples. This makes sense as tumour tissue often undergoes fibrosis 

and vascular dysfunction via the interplay between endothelial cells, neutrophils and platelets 

(Dehghani and Panitch, 2020, Zhang et al., 2023).  

 

When we examined the impact of the TME on clinical outcomes, it was clear that ‘immune 

rich’ tumours were associated with survival. Patients that survived had a more activated, 

proliferating and functional immune compartment. This was shown by the higher number of 

both overall and proliferating lymphocytes as well as a higher tissue resident (CD103+), 

cytotoxic (granzyme B+) in patients that survived according to our targeted cell analysis 

(Figure 4.9). The CD8 T cell cluster identified by unbiased clustering also expressed Ki67, T-

bet and CD103, suggesting it was a proliferating tissue-resident effector CD8 T cell (Rovira et 

al., 2016, Li et al., 2013, Kao et al., 2011). Unsurprisingly, this CD8 T cell cluster was 

significantly higher in patients that were alive at follow-up compared to those that died 

(p=0.0056, Table 4.3). Similarly, patients that did not relapse had more CD4 and CD8 T cells, 

tissue-resident CD103+ CD8 T cells and proliferating CD4 and CD8 T cells (Figure 4.16 & 

Figure 4.17). Together our data clearly demonstrates the link between inflamed tumours and 

patient survival or relapse. One of the key findings from this study is the behavioural aspect of 

the spatial data. We found that CD8 T cell behaviour, when compared to other immune cells, 

was completely different and there were closer interactions with tumour cells. This suggests 

that the TME factors that determine cell location are likely to be different for CD8 T cells and 

other immune cells. Although chemokines such as CXCL-9, 10 and 11 play a key role in the 

recruitment of T cells to the tumours, the behaviour of CD8 T cells was different from that of 

CD4 T cells, suggesting potential differences even between the two T cell populations. Within 

146



melanoma tumours, CD4 T cells were found to largely interact with CD8 T cells, macrophages 

and B cells. 

 

In our data we saw CD16+ macrophages were present in higher numbers in patients in patients 

alive at clinical trial conclusion when compared to those who were deceased (Figure 4.11). In 

support of this, the macrophage population identified by clustering was higher in patients that 

did not relapse, suggesting an important anti-tumour function for this subset (Table 4.3). This 

macrophage population also expressed CD45, FXIIIA, CD16, T-bet, CD14 and CD8 (Figure 

4.5). The expression of CD16+ macrophages have been identified as an important biomarker 

of response to ICI in melanoma patients, as well as important for anti-tumour functionality of 

monocytes (Lee et al., 2023, van Ravenswaay Claasen et al., 1992, Yeap et al., 2016, Adegoke 

et al., 2023). This study adds important evidence of anti-tumour macrophage phenotypes to the 

field.  

 

Despite seeing no differences in proportions of granulocytes between patients that relapsed and 

those that did not (Figure 4.11 & Table 4.4), granulocytes were clustered together more closely 

in patients that did not relapse (Figure 4.26A). A higher neutrophil/lymphocyte ratio is 

associated with worse outcomes in melanoma, and both neutrophil infiltration and neutrophil 

extracellular traps (NETs) have been associated with necrosis in melanoma (Pinto-Paz et al., 

2021, Weide et al., 2023, Dabrosin et al., 2019). The capabilities of neutrophils to elicit anti-

tumoral responses is known to exist but are less clearly known at this time (Yan et al., 2023). 

One group investigated the impact of NETs in melanoma in vitro assays and saw that NETs 

inhibited tumour cell migration and contributed to melanoma cell death and necrosis. (Schedel 

et al., 2020).  

 

This work highlighted the complex roles of endothelial cells within the TME of metastatic 

melanoma. Lymphatic endothelial cells were significantly higher in patients that survived in 

both our targeted analysis (p=0.0096, Figure 4.12A) as well as our alternate unbiased analysis 

approach in (p=0.012, Table 4.3). Our targeted analysis also found endothelial cells were 

increased in patients that survived (Figure 4.12). Interestingly, we saw that a higher proportion 

of endothelial cells and a low proportion of lymphatic endothelial cells contributed to shorter 

survival time, while a lower proportion of endothelial cells contributed to a shorter time to 

patient relapse (Figures 4.27 & 4.28). We then looked at the way endothelial cells were 

interacting with other cells within the TME to try and contextualise these results. We saw that 
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lymphatic endothelial cells clustered together, and endothelial cells clustered together in 

patients that survived, mirroring our proportional results stated earlier (Figure 4.27). Perhaps 

more surprising, we found that macrophages and endothelial cells were avoiding each other 

significantly more in patients that survived, and lymphatic endothelial cells were avoiding 

endothelial cells significantly more in patients that survived (Figure 4.26A). We also saw that 

endothelial cells avoid CD8 T cells significantly more in patients that did not relapse compared 

to those that did (Figure 4.27A). This could suggest this endothelial cell cluster is suppressive 

and drives the tumour microenvironment towards this suppressive phenotype when it interacts 

with other cells such as macrophages and CD8 T cells. This is supported by the expression of 

inhibitory checkpoints such as PD-L1, as PD-L1-expressing tumour endothelial cells induce 

suppression of CD8 T cells via PD-L1/PD-1 interaction (Yu et al., 2023, Dieterich et al., 2017, 

Taguchi et al., 2020).  

 

Unsurprisingly, as our samples were high-tumour regions, tumour cells made up the largest 

proportion of cells within a sample across all our analytical approaches (Figure 4.4 - 4.5). When 

we compared tumour cell populations between patient outcomes using the manual 

identification of cell populations, we saw no differences in tumour cell proportion or density 

(Figure 4.13 & Figure 4.21). However, two of the five tumour cell clusters identified using the 

unbiased approach in this project were found to be significantly different between patients 

separated by relapse and survival outcome. This shows the importance of considering a 

multitude of approaches to investigating the tumour microenvironment to find predictors of 

outcome.   

 

Tumour cell #1 was characterised by high expression of checkpoint receptors e.g. ICOS, Lag3, 

OX40, VISTA, IDO and PD-L1 (Figure 4.5F). This tumour cell appears to be associated with 

better patient outcomes. This may be because tumour cell #1 avoids macrophages, CD4 and 

CD8 T cells more than any other tumour cell, thus limiting the ability of it to drive an exhausted 

phenotype in these CD8 T cells (Figure 4.7). Tumour cell #2 was found to be significantly 

higher in patients dead at follow-up compared to alive (p=0.03). Tumour cell #2 had a high 

expression of Ki67 and vimentin, a protein associated with mesenchymal cells and increased 

metastasis in melanoma (Kuburich et al., 2022, Paulin et al., 2022, Qendro et al., 2014). 

Tumour cell #3 was not associated with any clinical outcome.  
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Higher proportions of tumour cell #4 appears to result in a shorter time to relapse but a lower 

proportion of tumour cell #4 is associated with shorter time to death (Figure 4.26B & Figure 

2.7B). We know that across all patients, tumour cell #4 is located closest to endothelial cells, 

macrophages, fibroblasts and tumour cell #1 (Figure 4.7). The average distance between 

tumour cell #4 and fibroblasts was significantly higher in patients that relapsed compared to 

those that did not, despite no differences in proportions of these cells (Figure 4.28, Table 4.4). 

More interactions between tumour cells and fibroblasts are associated with tumour cell 

invasion and ECM remodelling in multiple cancers, including melanoma (Yamaguchi and 

Sakai, 2015, Ziani et al., 2017, Zhou et al., 2020, Liu and Mak, 2022). Additionally, lymphatic 

endothelial cell interactions with tumour cell #4 was identified as an interaction that had a 

complex interplay with extranodal spread status and survival (Figure 4.26C). In patients with 

extranodal spread more interactions between lymphatic endothelial cells and tumour cell #4 

was associated with better survival probability, while in patients with no extranodal spread this 

same interaction was associated with worse survival probability. CD56 expression on tumour 

cells, as seen on tumour cell #4, has been seen in melanoma and has also been shown to mediate 

tumour cell binding with endothelial cells (Zocchi et al., 1993, Steppert et al., 2020, Geertsen 

et al., 1999). Although these findings did not identify an association of CD56 expression on 

endothelial cells with survival, it suggests that this interaction may be assisting dissemination 

of tumour cells from the site of metastasis within the lymph node to other distant sites, leading 

to disease progression. It does not, however, explain why this interaction may be a good thing 

for patients that already have extranodal spread.  

 

Despite tumour cell #5 occupying a small proportion of total cells (mean = 0.98% of total cells, 

Figure 4.5H), it was present in significantly higher proportions in patients that died compared 

to those alive at follow-up (p=0.015), as well as in patients that relapsed compared to those that 

did not (p=0.0011). We also saw that a high proportion of tumour cell #5 was associated with 

a shorter time to both death and relapse (Figure 4.26B & Figure 2.7B). Tumour cell #5 in our 

data differs from the other tumour cell clusters by lack of expression of many of the proteins 

tested in IMC (Figure 4.5). This may be contributing to its association with bad outcomes, as 

expressing less checkpoint receptors or tumour cell associated markers may results in lower 

recognition by the immune system, resulting in tumour progression. These data clearly show 

that quantification alone is not enough to decipher underlying biology within tissues. We must 

look further to undercover relationships between cells to understand how tissue biology is 

linked with patient outcomes such as survival and relapse as discussed in this study.   
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There remain multiple limitations of this study. As this study was discovery work, we reported 

p values rather than adjusted p values when discussing proportional differences between 

patients. However, if these populations were investigated as possible clinical biomarkers, more 

stringent benchmarks would be required. Much of this study pursued immune and tumour cell 

phenotyping and subtyping. In this approach, we aimed to not simply identify cell populations, 

but to consider what this information provides us regarding functional roles and relationships 

in the TME. This approach attempts to avoid the common pitfalls of employing experiments 

that identify more and more markers without proper examination of the data produced. Further 

to this, identifying protein targets in FFPE tissue as performed in this chapter only depicts one 

‘snapshot in time’. It was for this reason that at the conclusion of this study we looked for 

complementary approaches to better appreciate the functional potential of individual cells. 

 

In conclusion, this study identified multiple cellular phenotypes and relationships in the TME 

of metastatic melanoma by employing multiple methods to analyse high-parameter data. This 

study then applied these findings to identify cellular features that were associated with relapse 

and survival of melanoma patients.  
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5 Combining spatial transcriptomics and spatial proteomics to map the 

immune landscape of tumours 

 

5.1 Introduction 

In the previous chapter we developed methodology for mapping cellular interactions within 

tumours. Interaction was defined based on the distance between cells (<20um). While this 

provides a useful way to determine the interactions, the nature of such interactions are 

unknown. If the molecular pathways could be identified within cells that are involved in 

interactions, we will then be able to determine the nature of the interactions and how likely 

they contribute to pro or anti-tumour activities.  

 

Understanding the cellular interactions that are within the TME therefore requires not only a 

single cell proteomics (e.g. IMC) approach, but also the mapping of molecular pathways at 

single cell resolution. As technology platforms become more and more available, pan-omics 

performed on a single slide could provide greater clarity on what each and individual cellular 

interactions could mean to tumour development, control and immune escape mechanisms. The 

use of spatial transcriptomics in the field of immunology has resulting in many exciting 

discoveries in the last few years (Janesick et al., 2023, Krausgruber et al., 2023, Grauel et al., 

2020, Chen et al., 2020). Unfortunately, current spatial technologies have limitations and do 

not have the capacity to enable multi-omics on a single slide. Each omics will have to be done 

separately on different slides and then combined for analysis. This is a major drawback as 

overlay of protein staining with transcriptomics performed on different tissues sections may 

not be accurate.  

 

The aim of this chapter was to develop methods to determine the molecular signatures of cells 

within the TME that could be combined with protein stains. Initial focus was on single mRNA 

stains combined with mIHC. We also develop methods for spatial transcriptomics using the 

10X Xenium platform. This technology is new (released in 2024) and full protocols for using 

FFPE sections have not been validated. The panel used in this study included 377 gene targets 

that were selected for identifying cells in human tumour tissue. Targets are identified by 

specific probes hybridised to the target mRNA followed by rolling circle amplification and 

detection of the product through multiple imaging cycles. We used the Xenium in situ platform 

to analyse the same TMA used in chapter 4 that contained biopsies from high-tumour regions 
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of tumours from 100 metastatic melanoma patients to identify cells within the TME that were 

associated with relapse and survival. In performing this experiment on samples previously 

acquired using IMC we also aimed to compare the data obtained by both approaches. Finally, 

in this chapter, we also develop a protocol to combine transcriptomics with single cell 

proteomics (IMC) to enable both cellular and molecular mapping on the same tissue section. 

 

5.2 Materials and Methods 

5.2.1 Experimental Design of Xenium in situ hybridisation study 

TMA used in this study was same as chapter 4. Ethics and cohort details are outlined in section 

4.2.1. TMA was split across two custom xenium analyzer slides (10X genomics) and in situ 

hybridisation was performed over 2 days and imaged for 2 days immediately after staining. 

10X Genomics published that the Xenium analysis protocol is non-destructive and as such, 

staining can be performed post-acquisition. Phenocycler fusion (PCF) antibody staining 

followed by H&E staining was performed on slide 1, and imaging mass cytometry was 

performed on slide 2. Slide 1 was stored for 24 hours before PCF staining was commenced. 

H&E staining was performed 6 days after PCF experiment. Slide 2 was stored at RT for 9 days 

before being stained for IMC. IMC staining was then performed as detailed in section 2.4.1. 12 

out of the total 26 cores that remained on slide were chosen to ablate due to cost-benefit 

analysis, as some cores looked too damaged to risk expensive hours of ablation.  

 

5.3 Results 

5.3.1 In situ analysis of treatment naïve metastatic melanoma using RNAscope 

After our robust characterisation of the immune milieu in metastatic melanoma (chapter 4), 

we wanted to develop protocols for identifying messenger RNA (mRNA) molecules within 

cells. One of the commonly used techniques for this purpose is RNAscope.  A major 

advantage of this method is its ability to combine with OPAL technology that could generate 

high resolution images for analysis. We therefore optimised RNAscope with combination of 

4-6 protein stains (OPAL mIHC).  

 

5.3.1.1 Establishing protocols for the detection of multiple cytokines within the TME. 

To delineate cell populations capable of pro- and anti-inflammatory cytokine production 

within the TME we altered RNAscope mRNA staining technique to be embedded in our 

OPAL multiplex staining protocol as detailed in section 2.5. IL-10 and IFN- were chosen as 
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pro- and anti-inflammatory cytokines due to their established roles in tumour progression 

(Figure 5.1, 5.2). We first optimised RNAscope within human tumour tissue by 

experimenting with pre-treatment protease conditions, probe hybridisation conditions, and 

TSA fluorophore dilutions, as well as performing relevant controls including RNAscope 

negative probe staining (Figure 5.3 A, B).   

 

IFNG was successfully stained in melanoma tissue, first with a single OPAL colour (CD8) and 

DAPI (Figure 5.1A, B), and then in multiplex stains with CD3, CD8, CD56, SOX10 (Figure 

5.1C). Cytokines such as IFN-g play a critical role in tumour control, however, are nearly 

impossible to stain for protein using IHC methods. Combining IFN-g RNAscope with immune 

markers therefore provides an opportunity to map cells that produce this cytokine. After 

multiple optimisations, we were able to clearly detect IFN-g within melanoma tumours. Co-

staining with T cells markers CD3 and CD8 showed co-localisation of IFN-g within cells that 

expressed CD3 and CD8. Interestingly, our data also showed large populations of cells that 

were positive for IFN-g were not T cells (Figure 5.1), suggesting that a major source of intra-

tumoral IFN-g is likely to be non-T cell immune populations such as NK cells.  

 

In contrast to IFN-g, IL-10 is a regulatory cytokine. Existing data suggested that IL-10 could 

be a key cytokine in squamous cell carcinomas (SCC). IL10 mRNA staining was therefore 

performed SCC specimen to determine if IL-10 production was linked to tumour progression. 

After multiple optimisation steps, we successfully detected IL-10 mRNA in cSCC specimen 

(Figure 5.2). Co-staining with CD3 and tumour cell marker CK5 showed that T cells were the 

major source of this cytokine within the TME (Figure 5.2A). 12 cutaneous SCC samples were 

stained with IL10, CD3, CK5 (tumour marker) and DAPI to determine whether presence of IL-

10 was associated with poor clinical outcome. We quantified IL10 using HALO RNAscope 

module and found no differences in the number or density of cells with IL10 production 

potential between patients that did not progress (NP) and those that had disease progression (P) 

(Figure 5.2B, C).  

 

5.3.2 Establishing analysis pipeline for spatial transcriptomics 

Although RNAscope is a reliable method for the detection of mRNA, the number of different 

mRNA molecules that can be detected in a single assay is very limited. Fortunately, the 

technological advances in the past year have enabled ultra-high plex transcriptomics. We 

therefore switched to a new technology platform by 10X called Xenium. Xenium in situ is a  
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Figure 5.1 Cellular location of IFNγ in metastatic melanoma. IFNγ RNAscope staining was 
optimised in metastatic melanoma FFPE tissue to determine suitability and quantifiability of 
experimental approach. Representative image of IFNγ staining on metastatic melanoma sample 
with DAPI (blue) CD8 (green) and IFNγ RNA (red) at A 20x magnification and B 40x magnification. 
C Representative 20x magnification image of metastatic melanoma multiplex, stained with DAPI 
(blue), CD3 (yellow) CD8 (green) CD56 (SOX10), SOX10 (magenta) and IFNγ (orange punctate 
dots). All images were taken on Mantra Imaging System at the Australian Centre for Microscopy 
and Analysis. Unmixing performed using Inform v2.4.2 (Akoya Biosciences) Scale Bar = 200μM.   
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Figure 5.2 IL-10 transcripts do not differ between cutaneous SCC patients with and without 
disease progression. RNAScope was used to detect IL-10 transcripts alongside detection of 
tumour and immune protein markers in 10 patients with squamous cell carcinoma (non-melanoma 
skin cancer) that had no progression (NP, n=6) or disease progression (P, n=6). Regions of 
interest within whole section stained were quantified using HALO (Indica Labs) with specialised 
RNAScope quantification module. (A) Representative image of IL-10 staining in SCC (progressor) 
patient sample. Images were acquired on Mantra Imaging system (Akoya Biosciences) and 
exported using Inform as DAPI (blue) CK5 (magenta) CD3 (yellow) and IL-10 RNA (green). 
Quantification of IL-10+ cells as (B) a proportion of total cells within sample and (C) density, 
cells/mm2. Mann-Whitney statistical test performed to determine significance. Images were taken 
on Mantra Imaging System at the Australian Centre for Microscopy and Analysis. Unmixing 
performed using Inform v2.4.2 (Akoya Biosciences) Scale Bar = 200μM.

155



A

B

-ve probe -ve probe

Figure 5.3 Representative staining of RNAscope negative control probe in metastatic 
melanoma samples. Images were acquired during experiments in (A) Two 20x images of 
negative probe control (PPIB) staining in 2020 on one melanoma patient FFPE tumour sample. 
(B) 20x Negative control probe staining performed in 2023 on metastatic melanoma tumour 
sample. All images were taken on Mantra Imaging System at the Australian Centre for 
Microscopy and Analysis. Unmixing performed using Inform v2.4.2 (Akoya Biosciences). Scale 
Bar = 200μM. 

DAPI
IFNγ

156



single cell spatial imaging platform that detects RNA transcripts in FFPE tissue and performs 

automated imaging and analysis using Xenium Analyzer instrument (Azevedo, 2024). The 

main aim was to establish a protocol and research pipeline for mapping both the cellular and 

molecular landscape of tumours. We employed this platform to characterise pre-treatment 

metastatic melanoma in the same cohort stained and characterised for tissue proteins in 

Chapter 4, we aimed to compare findings from both studies to enhance our understanding of 

the functional roles of immune and tumour cell subsets in melanoma. As our TMA was larger 

than the imageable area of the custom Xenium slide, the TMA was split across two slides. 

After tissue staining, the data was loaded into Xenium Analyzer and each slide was split into 

four regions resulting in a total of eight separate regions. Figure 5.4 and 5.5 display sample 

split across xenium slides with the DAPI stain taken before cyclic imaging was commenced.  

 

5.3.2.1 Supervised clustering of single cell data 

In order to be able to analyse all samples stained across both slides together, cell identities and 

transcripts detected were extracted from Xenium Explorer and collated as one Xenium file 

using Seurat package in R (Hao et al., 2024) (Figure 5.6). Cells were then clustered into 20 

clusters using the top 8 expressed markers in clusters produced by xenium analyzer: S100A1, 

MET, MLPH, MTRNR2L11, EDNRB, MS4A1, PTPRC, CXCR4, TRAC, CD79A, ALDH1A3, 

TNC, MEST, SEMA3C, PTN, VCAN, MLANA, CTSK, CXCL9, CCL5, FGFBP2, MAMDC2, 

MDM2, SNCA, CXCL10, AIF1, FCGR3A, PMP22, FGL2, CD83, GNG11, SRPX, BAMBI, 

SLC26A2, TCL1A, BANK1, COL5A2, FBN1, CD3E, CCL19, CD3D, CD2, MYC, SLAMF7, 

MZB1, PECAM1, TENT5C, MYLK, CD8A, NKG7, MS4A6A, CD68, DST (Table 5.1). These 

markers were inputted into FuseSOM package (R studio), a correlation based self-organising 

map that allows characterisation of cell types in high plex imaging assays (Willie, 2024). 

Following cluster identification, differentially expressed transcripts were visualised as a 

heatmap (Figure 5.7). 

 

Cell cluster identities were then re-loaded into Xenium analyzer and each sample core was 

selected separately to generate .csv files of cell identities within each sample area to calculate 

proportion and cell density of each cluster (Figure 5.8). Samples were only used in this analysis 

if they were deemed suitable quality, indicated by green or orange sample ID in Figures 5.4  

and 5.5. We then used this data to compare cell clusters between patients grouped by survival 

(Figure 5.9) and relapse (Figure 5.10). 
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Table 5.1 Top-expressed markers across clusters  

Cluster No. 

1 2 3 4 5 6 7 8 9 10 

AIF1 CXCL9 AIF1 AIF1 AIF1 EDNRB AIF1 ALDH1

A3 

ALDH1

A3 

AIF1 

ALDH1A

3 

MLANA ALDH1A

3 

ALDH1

A3 

ALDH1A

3 

MLANA ALDH1A

3 

MLAN

A 

MLAN

A 

ALDH1A

3 

CD3E MS4A1 CD3E CXCL9 CXCL9 S100A1 CXCL9 TNC PTPRC CXCR4 

CXCR4 PTPRC CXCL9 CXCR4 FBN1 SNCA FBN1 AIF1 CXCL9 FBN1 

EDNRB TNC CXCR4 MLAN

A 

FGL2 ALDH1A

3 

FGL2 CXCL9 EDNR

B 

MDM2 

FBN1 ALDH1A

3 

FBN1 MS4A1 MDM2 MTRNR2

L11 

MLANA DST FGL2 MTRNR2

L11 

MDM2 MTRNR2

L11 

FGL2 MYLK MLANA MDM2 MS4A1 EDNR

B 

MEST MYLK 

MTRNR2

L11 

PECAM1 MDM2 PECA

M1 

MS4A1 MET MTRNR2

L11 

FBN1 MYLK PECAM1 

MYLK PMP22 MLANA SLAMF

7 

MTRNR2

L11 

MYLK MYLK FGL2 PECA

M1 

PTPRC 

PECAM1 S100A1 MTRNR2

L11 

SRPX MYLK SRPX PECAM1 MS4A1 PMP22 S100A1 

 

Cluster No. 

11 12 13 14 15 16 17 18 19 20 

AIF1 ALDH1

A3 

AIF1 AIF1 AIF1 AIF1 ALDH1

A3 

AIF1 ALDH1A3 ALDH1

A3 

ALDH1A3 CXCL9 ALDH1A3 ALDH1

A3 

ALDH1

A3 

ALDH1A3 CXCL1

0 

ALDH1

A3 

CCL5 CXCL9 

CXCL10 MLAN

A 

MTRNR2

L11 

CXCL9 CXCL9 FBN1 CXCL9 CCL5 CD3E MLAN

A 

CXCL9 MS4A1 PECAM1 EDNRB EDNRB FGL2 EDNRB CXCL9 CXCL10 MS4A1 

MS4A1 PECAM

1 

PTPRC MLAN

A 

MLAN

A 

MDM2 FGL2 MLAN

A 

CXCR4 PECAM

1 

MTRNR2

L11 

TNC S100A1 MS4A1 MS4A1 MS4A1 MLAN

A 

PTPRC FBN1 TNC 

MYLK AIF1 SLAMF7 PECAM

1 

MZB1 MTRNR2

L11 

MS4A1 TNC MDM2 TRAC 

PECAM1 CD3E SRPX PMP22 PECAM

1 

MYLK PECAM

1 

EDNRB MLANA AIF1 

S100A1 CXCR4 TNC TNC SLAMF

7 

PECAM1 PTPRC MS4A1 MS4A1 CCL5 

SLAMF7 FBN1 TRAC TRAC TNC S100A1 S100A1 MYLK MTRNR2

L11 

CD3E 
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Figure 5.4 Xenium slide 1 pre-acquisition. Image taken by Xenium analyzer before imaging 
commenced. Samples cores are identified according to their coordinates in original TMA that was 
scored and split across two slides to adhere to restricted sample area. Sample labels are coloured 
according to sample quality: unable to be analysed/used (red), parts lost or obscured but remains 
useful and analysable (orange) and sample quality well-preserved (green). 
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Figure 5.5 Xenium slide 2 pre-acquisition. Image taken by Xenium analyzer before imaging 
commenced. Samples cores are identified according to their coordinates in original TMA that was 
scored and split across two slides to adhere to restricted sample area. Sample labels are 
coloured according to sample quality: unable to be analysed/used (red), parts lost or obscured 
but remains useful and analysable (orange) and sample quality well-preserved (green). 
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Figure 5.6 Representative Xenium in situ mRNA staining in metastatic melanoma 
tissue. Samples acquired by Xenium platform were loaded into Xenium Explorer 2 for visual-
isation and analysis. (A) Section of Xenium slide 1 showing transcripts and cell segmentation 
performed by Xenium algorithms overlayed on DNA stain (whiute). Clusters depicted are 
those identified by R clustering that were imported into Xenium analyzer for visulisation and 
to quantify cells per patient. (B) Identical regions as in (A) with each tumour sample manually 
circled (white outline) to demonstrate how data was collected per sample. (C) Sample F3 
with cell clusters overlayed on nuclear stain (white). scale bar = 500μm. 
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Figure 5.7 Heatmap of transcript expression across 20 clusters identified using supervised 
clustering. Top markers identified by xenium analzyer were used to perform whole-cohort 
clustering in R. Normalised and log-transformed transcript counts were input into FuseSOM R 
package (bioconductor) to produce 20 cell clusters, with hierarchical classification. 
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Figure 5.8 Cell clusters identified using supervised clustering. (A) UMAP performed on 20 
cell clusters identified in R using FlowSOM (bioconductor). 61 out of 78 tumour cores stained 
and run through Xenium analyzer were determined appropriate for quantification (orange and 
green samples in Figures 5.4 and 5.5. Number of cells identified per cluster in each sample as 
(B) proportion of total cells and (C) density to calculate and visualise mean values.
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Figure 5.9 Cell clusters associated with survival in metastatic melanoma. Percentage and 
density of cells identified into clusters by supervised clustering were compared between patients 
that were alive (A, n=27) and those that died (D, n=22). 49 out of 78 tumour cores stained and 
run through Xenium analyzer were determined appropriate for quantification (orange and green 
samples in Figures 5.4 and 5.5. 4 of the 20 clusters tested differed significantly between survival 
outcomes and are shown here: (A) cluster 6, (B) cluster 19. Cluster phenotypes detailed in 
Figure 5.7. Mann-Whitney test performed to determine statistical significance. 
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Figure 5.10 Cell clusters associated with relapse in metastatic melanoma. Percentage and 
density of cells identified into clusters by supervised clustering were compared between patients 
that relapsed (R, n=35) and those that had no relapse (NR, n=14). 49 out of 78 tumour cores 
stained and run through Xenium analyzer were determined appropriate for quantification 
(orange and green samples in Figures 5.4 and 5.5. 3 of the 20 clusters tested differed 
significantly between relapse outcomes: (A) cluster 6 and (B) cluster 7. Cluster phenotypes 
detailed in Figure 5.7. Mann-Whitney test performed to determine statistical significance. 
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5.3.2.2 Cluster annotation 

Within these 20 clusters we were able to identify four tumour cell clusters, two T cell clusters, 

one macrophage cluster, one neutrophil cluster, 6 fibroblast clusters, two endothelial cell 

clusters. Three clusters were unable to be definitively identified and are labelled 'undefined’ 

(Figure 5.7). These clusters were consistent with the fact that tumour areas selected for spatial 

transcriptomics were all from ‘high’ tumour regions. It is important to note however that the 

cell segmentation module within the Xenium Analyzer uses only DAPI staining to segment 

cells which can result in inaccurate cell segmentation and impact validity of cluster analysis. 

This issue has since been addressed by 10X Genomics with their release of an optional cell 

segmentation module that uses CD45, Vimentin and 18S protein staining along with DAPI to 

define nuclear and cell boundaries to improve Xenium cell segmentation (Xiaoyan Qian, 2024). 

 

To delineate tumour cells, we assessed clusters for expression of S100A1 (encodes A100 

calcium binding protein-1) and MLANA (encodes Melan-A) as both are well established 

melanoma tumour cell markers (Karlsson et al., 2021). Clusters 8 and 9 expressed S100A1, and 

clusters 6 and 17 expressed both MLANA and S100A1 and were therefore denoted tumour cells 

(Figure 5.7). Cluster 6 and 17 additionally expressed tumour cell associated transcripts PMP22, 

MDM2, SCNA, EDNRB and DST (Figure 5.7). These markers are largely associated with 

immunosuppressive mechanisms in melanoma. The PMP22-family encodes proteins related to 

cell migration, growth and metastasis, and has been implicated in both pro and anti-tumour 

roles in melanoma. In a human melanoma cell line, PMP22-family protein EMP2 was shown 

to induce apoptosis of melanoma cells (Wang et al., 2019). Conversely, in uveal melanoma, 

PMP22 family proteins have been associated with more aggressive phenotypes (Kaochar et al., 

2018, Onken et al., 2006). MDM2 expression in melanoma was linked with a de MDM2 

expression was found to be associated with tumour thickness and invasion level in primary 

melanoma, and in metastatic melanoma is associated with a dedifferentiated phenotype 

(Yousef et al., 2022, Rajabi et al., 2012). SCNA codes for alpha-synuclein, a protein highly 

expressed in melanocytes and enriched in skin cancer. Alpha-synuclein expression in 

melanoma tumour cells is linked to increased cell motility, chemotherapy resistance, 

autophagy-mediated death resistance and immune suppression (Nandakumar et al., 2017, 

Niederberger et al., 2023, Shekoohi et al., 2021, Rodríguez-Losada et al., 2020, Singh et al., 

2023, Matsuo and Kamitani, 2010). Endothelin receptor B, the protein coded by EDNRB, is 
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linked with earlier metastasis, decreased survival and immunosuppression in melanoma 

(Kumasaka et al., 2015, Smith et al., 2002). DST expression in melanoma has been associated  

with a lack of TH1 immune signatures, CD8 expression, early patient mortality, enhanced 

tumour cell proliferation and greater tumour burden (Salerno et al., 2016, Leick et al., 2019).  

 

Immune cells were defined by expression of PTPRC (encoding CD45 protein), which included 

clusters 17, 14, 2 and 18 (Figure 5.7). As cluster 17 was already defined as a tumour cell and 

expression of S100A1 and MLANA was higher than PTPRC, this cluster is likely due to 

inaccurate cell segmentation that has encompassed neighbouring immune cells. Cluster 14 was 

identified as a macrophage due to expression of macrophage markers FGL2, AIF1 and as well 

as FCGR3A (encoding CD16) expression (Karlsson et al., 2021). Cluster 18 was identified as 

CD8 T cells due to expression of CD8A, CD2, CD3D, CD3D, and TRAC. This CD8 T cell 

cluster also expressed high levels of CCL5, CXCL9 and CXCL10. Cluster 2 is labelled as a 

general T cell population due to expression of CD3D, CD3E and TRAC. Cluster 13 was 

classified as a neutrophil despite undetectable expression of PTPRC (CD45) due to high 

expression of pseudogene MTRNR2L11 that has been reported in neutrophils (Karlsson et al., 

2021).  

 

Of the 12 non-immune, non-tumour cell clusters remaining, six were classified as fibroblasts 

(Figure 5.7). Cluster 5 expressed transcripts which have been reported on fibroblasts, 

macrophages, endothelial cells and granulocytes (Carthy et al., 2015, Künzli et al., 2016). 

However, MEST (mesoderm specific transcript) is only expressed on fibroblasts, and therefore 

cluster 5 was classified as a fibroblast population (Abbasi et al., 2020, Hasegawa et al., 2020). 

Cluster 7 was defined as a fibroblast due to THY-1 (CD90) expression which can be expressed 

on a variety of cell types including thymocytes, smooth muscle cells and fibroblasts, but 

fibroblasts are the only cells that would be located in nodal metastases (Karlsson et al., 2021). 

MYLK (myosin light chain kinase) is mostly expressed in smooth muscle cells, but fibroblasts 

have been reported as expressing MYLK (Katoh et al., 2001). As cluster 11 did not express 

PTPRC (CD45), it was defined as a fibroblast. Cluster 19, 20, 10 and 4 were classified as 

fibroblasts, despite being defined by a single transcript (Figure 5.7). PMP22 (peripheral myelin 

protein 22) is expressed in Schwann cells and fibroblasts and is essential for migration and 

adhesion of these cells (Lee et al., 2014). It is unlikely that melanocytes and Schwann cells 

would be present within metastatic tumours. As such, we classified cluster 19 as a fibroblast 

population. Although TRAC encodes T receptor alpha constant, it has been reported as 
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expressed on fibroblasts (Karlsson et al., 2021). Due to the lack of expression of any other 

markers, including T cell markers, we therefore classified cluster 20 as a fibroblast (Figure 

5.7). CXCR4 is widely expressed on immune cells as well as on structural cells including 

fibroblasts (Karlsson et al., 2021). Again, as cluster 10 did not express any other transcripts 

associated with immune cells, we classified it as a fibroblast population. SRPX has been shown 

to be upregulated in cancer-associated fibroblasts in ovarian cancer (Liu et al., 2019a, Feng et 

al., 2022) Again, as this cluster did not express endothelial cell markers and as this tissue does 

not typically contain melanocytes or smooth muscle cells, we denoted cluster 4 as a fibroblast 

cluster.  

 

Cluster 15 and cluster 12 expressed endothelial cell marker PECAM1 (CD31) and were thus 

classified as endothelial cells. Cluster 15 also expressed MS4A6A, TENT5C and SLAMF7 

(Figure 5.7). Cluster 12 also expressed endothelial cell marker CD34, as well as CAVIN1 and 

TRAC.  

 

The remaining clusters lacked detectable CD45 and tumour cell markers and expressed only a 

single marker, therefore unable to be defined due to this marker being non-exclusive to cell 

phenotypes (Figure 5.7). Cluster 16 expressed MDM2, a transcript encoding a protein ligase 

that mediates ubiquitination of p53, resulting in its degradation by the proteasome in the cell 

(Sparks et al., 2014, Marine and Lozano, 2010). Cluster 3 did not express any detectable 

transcripts. Cluster 1 expressed a high level of CD3D and CD3E, however this is unlikely to 

be a T cell cluster due to the lack of PTPRC (CD45) expression and more likely the result of 

inaccurate cell segmentation detecting adjacent T cells (Figure 5.7).  

 

5.3.3 Application of spatial transcriptomics data 

Due to time constrains, the spatial transcriptomic data could not be fully analysed during this 

candidature. However, we have developed some basic analysis pipeline to determine the 

applicability of this dataset.  

 

5.3.3.1 Tumour cells make up the majority of high-tumour regions. 

As expected, tumour cell clusters comprised the majority of cells detected in high-tumour 

regions of nodal melanoma tumours (Figure 5.8). We next quantified the proportion of each 

cluster to determine how similar the data was when compared to what was generated using 

168



IMC (Chapter 4). Cluster 17 made up largest component of cells detected, reporting mean 

proportions of 42.15% and mean density of 3129 cells per mm2 (Figure 5.8B, C). Cluster 9 

made up 5.13% of cells and average density of 482.6 cells/mm2, cluster 6 3.56% and 341.4 

cells/mm2 and cluster 8 0.37% and 29.52 cells/mm2 (Figure 5.8B, C).  

 

Endothelial cells made up a large proportion of tumour regions, with cluster 12 averaging 

14.67% of total cells and 2213 cells/mm2, and cluster 15 making up 0.3486% and 25.5 

cells/mm2 (Figure 5.8B, C). The six fibroblast clusters identified made up approximately 20% 

of high-tumour samples (Figure 5.8B, C). The largest fibroblast clusters were cluster 19 and 

20, making up 4.86% and 5.93% of all cells respectively (Figure 5.8B, C). Cluster 4 averaged 

0.69% of total cells, and cluster 5 averaged 0.69% (Figure 5.8B, C). Remaining fibroblasts 

clusters 10 and 11 made up 7.08% and 0.35% respectively (Figure 5.8B, C). 

 

Macrophages (cluster 14) averaged 3.08% of cells and recorded mean density of 186.4 

cells/mm2 (Figure 5.8B, C). CD8 T cells (cluster 18) averaged 1.43% of cells within a sample, 

with a density of 93.95 cells/mm2 (Figure 5.8B, C). All other T cells (cluster 2) made up 0.38% 

of cells and recorded cell density of 26.22 cells/mm2. Neutrophil cluster (#13) made up an 

average of 0.70% of cells and a density of 76.61 cells/mm2. Remaining proportion of cells 

recorded were made up of undefined cells, making up a total of less than 4% (clusters 1, 3, 16) 

(Figure 5.8B, C). Total cell density did not differ between patients when grouped by survival 

or relapse outcomes (data not shown).  

 

5.3.3.2 Tumour cells, endothelial cells and fibroblasts are associated with survival in 

melanoma patients with high risk of relapse  

We then wanted to examine if any of the cell phenotypes identified were associated with 

survival. To do this, we compared proportion and density of all 20 cell clusters between patients 

alive (n=27) or dead (n=22). We found two clusters that were significantly higher in patients 

that survived (Figure 5.9). Cluster 6, a tumour cell cluster recorded significantly higher 

proportions (mean values; A= 4.40%, D= 2.40%) in patients that survived (Figure 5.9A). 

Cluster 6 also had a trend to higher cell density in patients that survived; however, this was not 

significant (mean values; A= 424.1 cells/mm2, D= 239.9 cells/mm2) (Figure 5.9A). Cluster 19, 

a fibroblast population, was also significantly higher in patients that survived, shown by 

proportions (mean values; A= 6.23%, D= 4.99%) and densities (mean values; A= 508.8 
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cells/mm2, D= 399.6 cells/mm2) (Figure 5.9B). The remaining 18 clusters did not significantly 

differ in proportion or density in the TME of patients grouped by survival. 

 

5.3.3.3 Tumour cells, T cells and fibroblasts are associated with lack of relapse in 

melanoma patients with high risk of relapse  

We also wanted to determine if there were any cell clusters associated with patient relapse, so 

we compared the proportion and cell density of each cell cluster between patients that had no 

relapse (n=14) or relapse (n=35). We again found that tumour cell cluster (#6) proportions were 

significantly higher in patients that had no relapse (mean values; A= 5.36%, D= 2.76%) (Figure 

5.10A). Cluster 6 cell density was also higher in patients that did not relapse, but this was not 

significant (mean values; A= 568.9 cells/mm2, D= 250.4 cells/mm2) (Figure 5.10A). Another 

fibroblast population, cluster 7, was found to be higher in patients with no relapse (mean 

proportions: A= 5.36%, D= 2.76%; mean densities: A= 196.8 cells/mm2, D= 133 cells/mm2), 

but this difference was not significant (Figure 5.10B). The remaining clusters did not differ 

between patients grouped by relapse (data not shown). These data suggest that tumour cell 

cluster 6 is strongly associated with better patient outcomes.  

 

5.3.4 Establishing protocols for combined spatial transcriptomics and spatial proteomics 

5.3.4.1 Post-in situ hybridisation proteomics reveals validity of non-ablative 

transcriptomic imaging 

Both proteomics and transcriptomic data is required to accurately characterise cell phenotypes 

in human tissue (Zapalska-Sozoniuk et al., 2019). The advantage to being able to perform this 

on the same tissue section removes the inaccuracy and inefficiency of cross-experimental 

approaches such as registering images from serial sections. Current technology platforms such 

as Xenium do not enable the combination of both transcriptomics and protein staining on the 

same slides. We wanted to develop our own protocols where we could perform both omics on 

the same slide. At the time of experimental plan, there was no published data showing IMC or 

Phenocyler Fusion (PCF) performed on tissue previously stained and imaged using the xenium 

platform. After processing the samples through xenium, we tested both IMC and PCF platforms 

to determine whether ultra-high plex IHC could be performed. Finally, we also performed H&E 

staining on one of the slides stained for PCF to determine tissue integrity.  
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5.3.4.2 Imaging Mass Cytometry (IMC) 

The advantage of using IMC is that the tissue staining process is completed in one step therefore 

tissue integrity is likely to be maintained. Following transcriptomic staining, we wanted to test 

if we could successfully perform imaging mass cytometry staining and analysis. Xenium slide 

2 was stained using antibody panel identical to previous IMC experiment (Table 2.7). 12 

tumour cores (11 patients) were stained, ablated and analysed (Figure 5.11A). Images were 

viewed in mcd viewer and imported into cell profiler for cell segmentation and exported for 

analysis in FlowJo as described in 2.4.4.  

 

Employing the gating strategy previously outlined (Figure 4.3), we quantified lymphocytes, 

innate immune and non-immune cells to compare the validity of proportions to previously 

acquired IMC data and compared proportions with previous work (Figure 4.4). In this smaller  

cohort we calculated that B cells made up an average of 2.15% of all cells, CD8 T cells made 

up 0.48% and CD4 T cells made up 7.18% (Figure 5.11B). CD4 Tregs were measured at 6.95% 

of all cells and TH1 cells made up 1.41% (Figure 5.11B). When we looked at innate populations 

and found NK cells, neutrophils and monocytes made up 0.01%, 0.002% and 0.017% of total 

cells, respectively (Figure 5.11B). Macrophages made up 0.017% and CD16+ macrophages 

made up 0.009% of all cells (Figure 5.11B). Fibroblasts were calculated as 11.32% of total 

cells (Figure 5.11B). While no lymphatic endothelial cells were quantified in these samples, 

we found endothelial cells averaged 0.004% of cells (Figure 5.11B). Tumour cells made up an 

average of 22.25% with a standard deviation of 27.48 (Figure 5.11B). While not all these mean 

values match exactly those reported in previous work, it is unlikely that a smaller cohort of 13 

of samples randomly selected would fully represent a 100-patient cohort. (Chapter 4, Figure 

4.3). Additionally, these values are within the range reported for the larger cohort as displayed 

in Chapter 4 (Figure 4.3). 

 

We also compared the proportions of selected immune populations between patients who were 

alive (n=6) and those who were diseased (n=5). Even within this small cohort, similar to the 

data we obtained in chapter 4, we saw total CD4 T cells significantly increased in patients that 

survived (Figure 5.12B). Tregs, making up a large portion of total CD4 T cells, were also 

significantly higher in patients that survived as seen in chapter 4 (Figure 5.12D). We saw no 

differences in innate or non-immune cell populations between patients who were alive and  
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Figure 5.11 Imaging mass cytometry performed on tumour tissue following tran-
scriptomic staining. Following mRNA staining of metastatic melanoma TMA, samples 
were stained with imaging mass cytometry antibodies and ablated to determine feasibilty 
of multiple stains. (A)  Representative staining of 4/12 samples ablated by imaging mass 
cytometry. Images produced using MCD viewer. (B) Proportions of immune, non-immune 
and tumour cell populations identified using gating strategy defined in Figure 4.3 in patients 
assessed using IMC and quantified using Cell Profiler for segmentation and FlowJo for 
population quantification (n=12).Uncorrected Dunn’s test to determine stastically signifi-
cant differences between mean ranks. p values <0.0001(****) only included on graph.  
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Figure 5.12 CD4 T cells are associated with survival in metastatic melanoma patients. A 
smaller patient cohort (11/100) were stained using imaging mass cytometry following 
transcriptomic (Xenium) staining and imaging. Percentage of (A) all immune cells, (B) CD4 T 
cells, (C) CD8 T cells, (D) B cells, (E) FOXP4+ CD4+ (regulatory) T cells and (F) Tbet+ CD4 
T-Helper Type-1 cells as a proportion of total cells in patients alive (n=6) or dead (n=5). 
Mann-Whitney statistical test performed to determine significance. 
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those who were diseased (Figure 5.13 & 5.14), an observation mirrored in our previous 

findings.  

 

5.3.4.3 PCF 

After acquisition on Xenium analyzer, we also tested another tissue imaging platform called 

Phenocyler fusion (PCF, Akoya Biosciences). A major difference between IMC and PCF is 

that PCF relies on cyclical staining process that also involves multiple antigen retrieval steps 

could affect the tissue integrity. However, the image quality acquired through PCF is 

significantly greater when compared to those from IMC. Slide 2 underwent protein antibody 

staining as outlined in 2.5.1. During imaging, the flow cell attached to the slide to allow transfer 

of reagents and fluorophores for cyclic imaging leaked. This leakage as well as deteriorating 

tissue due to antigen retrieval and cyclical two-day staining required led to variable success of 

PCF. Approximately 8 of the 41 protein markers tested produced positive staining: They 

include tumour marker SOX10, MHC class I marker HLA-A, endothelial cell marker CD31, 

macrophages marker CD68, transcription factor TBET, B cell marker CD20, co-stimulatory 

molecule CD27 and immune regulatory molecule IDO. Amongst these 8 markers, HLA-A, 

CD68, CD31 and SOX10 staining were most reliable across multiple samples tested (Figure 

5.15) and produced consistent staining on approximately 10 samples (representative images 

Figure 5.16). Although further testing is required, PCF may not be the ideal platform for post-

xenium tissue staining. 

 

5.3.4.4 Haematoxylin and Eosin staining 

In order to test the tissue integrity, following the PCF run, slide 2 also underwent H&E 

staining and imaging. Of the 25 cores that were successfully stained by PCF, 22 cores 

remained intact to be stained with H&E and imaged (Figure 5.17).  

 

5.4 Discussion 

Understanding mechanisms of tumour progression requires a deeper understanding of the TME 

including individual cell capabilities within tumours. Identifying RNA transcripts in FFPE 

tumour tissue can provide critical information on the functional state of the cells, helping 

researchers identify mechanisms of tumour progression and/or control (Yu et al., 2022, Valdes-

Mora et al., 2018). This project aimed to understand what cell populations drive immune 

activation or suppression and disease progression in the TME of melanoma. Initially my  
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Figure 5.14 No significant differences in proportion of non-immune cells in metastatic 
melanoma patients alive or dead at follow-up. A smaller patient cohort (11/100) were stained 
using imaging mass cytometry following transcriptomic (Xenium) staining and imaging. 
Percentage of (A) lymphatic endothelial cells, (B) endothelial cells, (C) fibroblasts and (D) tumour 
cells as a proportion of total cells in patients alive (n=6) or dead (n=5). Mann-Whitney statistical 
test performed to determine significance.  
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Figure 5.15 Phenocycler Fusion fluorescent image of metastatic melanoma cores after 
staining and acquisition with Xenium platform. After xenium hybridisation and imaging on 
Xenium Analyzer, slide 1 of 2 underwent antigen retrieval and PCF staining over two days, before 
automated cyclic imaging was performed on Phenocycler Fusion Imaging Platform microscope 
(Akoya Biosciences). Image with six antibody stains overlayed for visualisation: DAPI (blue), HLA-A 
(green), CD68 (yellow), CD20 (cyan), CD31 (red) and SOX10 (magenta). Scale bar = 2 mm.  

2 mm
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Figure 5.16 Representative images of PCF cores successfully stained after Xenium in situ 
analysis. After xenium hybridisation and imaging on Xenium Analyzer, slide 1 of 2 underwent 
antigen retrieval and PCF staining over two days, before automated cyclic imaging was 
performed. Image with six antibody stains overlayed for visualisation: DAPI (blue), HLA-A 
(green), CD68 (yellow), CD20 (cyan), CD31 (red) and SOX10 (magenta). Sample labels in top 
left corner correspond to labels in figure [whole Xenium image slide 1]. Scale Bar = 200μM. 
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Figure 5.17 H&E staining of samples after mRNA and protein staining. Samples from Xenium 
Experimental slide #1 (Figure 5.4) after mRNA staining underwent PCF staining and imaging before 
H&E staining was performed. 22 sample cores were imaged due to tissue loss. Images were taken 
on Zeiss Axio Scan Z1 at the Australian Centre for Microscopy and Analysis. Scale Bar = 1mm.  
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Figure 5.18 IMC, Xenium in situ hybridisation, PCF and H&E staining on one tumour 
sample. Sample C1 was derived from a male patient treated with adjuvant radiotherapy that 
relapsed and died by the conclusion of the clinical trial. Serial sections of sample C1 were included 
across 5 experiments: first section shown in (A) & (B), second section in (C) & (D) and third section 
in (E) & (F). (A) Reconstruction (mirrored) of cell clusters shown on sample C1 as outlined in 
section 2.4.5. Sample C1 tumour core was partially ablated due to the limits of the mass cytometer 
(Hyperion). Plot produced using plotly package in R. (B) IMC image used for (A) showing DNA-Ir 
(blue) SOX10 (red) αSMA (cyan) CD45 (green) and FXIIIa (yellow) channels. MCD viewer used to 
generate images, scale bar = 100 μm. (C) Transcripts identified by in situ hybridisation. Xenium 
Analyzer 2 used to generate images, scale bar = 500 μm. (D) IMC performed following in situ 
hybridisation, channels shown identical to (B). (E) PCF and (F) H&E staining performed after 
Xenium in situ hybridisation. Images produced using QuPath, scale bars = 100 μm. 
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research focused on using a novel methodology optimised as part of this research, RNAscope 

combined with OPAL mIHC to address this research question. Since performing these 

experiments, one group has published a method for combining RNAscope and OPAL similar 

to this study (Millar, 2020). After optimising this novel technique in melanoma tissue, we found 

the scalability of RNAscope was not able to keep up with the number of RNA targets needed 

to decipher the functional potential of enough cells in the TME. It was for this reason that we 

adopted newly available high-parameter spatial transcriptomic platforms to deepen our 

understanding of the melanoma TME. 

We developed protocols for single cell spatial transcriptomics on a selection of the same 

samples used in chapter 4. These samples were excellent candidates for molecular analysis as 

the protocol for fixation and storage of FFPE tissues is standardised across pathology labs and 

hospitals in NSW, Australia. Therefore, these samples provided us an opportunity to establish 

new protocols using this cutting-edge technology and validate our high-dimensional protein 

cell map data from these patients. One of the early challenges faced is the requirement by the 

xenium system that tissue be mounted on a custom slide provided within the kit. This slide has 

a small target area where tissue must be placed, and if not placed correctly within fiducials, 

image registration within xenium analyzer will not be performed accurately. As we were using 

previously prepared clinical trial TMAs, we had limited options to optimise the area of the 

slide. By collaborating with experienced histopathology researcher Dr Rachael Ireland and 

consulting available resources, we planned to score the tissue block before cutting to produce 

two thin sections to be mounted one on each Xenium slide. This initial step was extremely 

difficult and required a considerable technical skill. The limited area provided on these slides, 

the requirement to use custom slides and the risks and costs associated need to be weighed 

when considering performing xenium experiments. Similar technologies such as Visium (10X 

Genomics) and CosMx (NanoString) permit the use of standard charged slides, allowing 

researchers more freedom and less risk. We will address these issues in future work by 

constructing custom TMAs to accommodate for the limited experimental area in this platform, 

if feasible, and evaluating other transcriptomic methods such as Visum and CosMx.  

Due to the novelty of this technology, there is no single accepted analysis pipeline to accurately 

analyse spatial transcriptomic data, however, by engaging multiple methods, effective analysis 

pipelines can be constructed (Figure 5.18). The Xenium spatial transcriptomic platform was 

released in December 2022 and the experiments presented here were performed in early 2024. 
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While this is a rapidly expanding area of research and many other packages have since been 

released, at the time analysis was performed there were few (R) packages that incorporated 

xenium-specific data file format. Our analysis pipeline blended multiple previously used R 

packages to analyse data produced from xenium (Canete, 2024, Willie, 2024, Hao et al., 2024). 

Spatial biology and especially spatial transcriptomics are an exciting and rapidly developing 

research areas. The data produced from these studies are expanding of knowledge of tissue 

cellular landscapes and as more researchers access this technology, and the data sets produced 

the quality and accuracy of the available analytic tools will also improve.  

This project successfully identified multiple cell clusters that appear to largely mirror the cell 

clusters identified by in situ protein analysis (IMC) in chapter 4. Due to time constraints to 

fully validate cell segmentation and data extraction, we used the analysis platform provided by 

10x Genomics. When we calculated cell proportions and then compared these to see whether 

the data matched with what we had obtained in chapter 4, we did not see as many differences 

in the cell clusters identified by transcriptomics between patients grouped by survival or 

relapse. This may be due to cell cluster identification requires integration of transcriptomic 

spatial data with proteomic data to produce more accurate and meaningful cell cluster 

identities. It was for this reason that we aimed to test combining the spatial transcriptomic and 

protein detection technologies, IMC and PCF methodologies following xenium ISH and 

analysis, with the aim of registering the stains together to allow for more accurate classification 

of cells. In this project we were able to obtain analysable data from post-xenium IMC, but not 

from post-xenium PCF. The lack of analysable data produced from post-xenium PCF was due 

to two main reasons; firstly, a technical failing of the imaging machine due to leakage in the 

flow cell, an issue that has since been addressed and secondly, the cyclical nature of PCF 

staining and imaging results in tissue damage which while tolerated by most ‘naïve’ tissues, 

results in significant loss of tissue post-xenium ISH and imaging. Since performing these 

experiments, there have been similar attempts to combine these approaches by other groups 

(Huynh et al., 2024, Santhosh and Santhosh Sivajothi, 2024). Additionally, since performing 

these experiments, 10X genomics plan to release kits that contain up to 5000 transcript probes 

together with up to 30 protein markers, allowing for better cell annotation capabilities 

(Azevedo, 2024).  

We also found that cell segmentation performed by the xenium analyzer is performed without 

the ability to alter parameters or was not as accurate at cell segmentation as our methods 
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employed in chapter 4 for our tissue. Again, since performing these experiments, xenium cell 

segmentation has improved, however as it is all performed within the experiment, and we were 

unable to re-segment our samples. This was disappointing, as the extremely high cost of this 

experiment was rationalised as a ‘all in one’ experiment for the researcher. To address this, we 

plan to perform our own cell segmentation on both xenium and IMC data, to then analyse with 

collaborators through packages incorporating multiple spatial cell omics platforms (Ghazanfar 

et al., 2024, Peters Couto et al., 2023). Performing further analysis will increase the 

applicability and usefulness of the high-parameter transcriptomic data acquired in this study. 

 

We know that melanoma consists of tumour cells in multiple different transcriptional states 

(Smalley et al., 2019). Cell cluster #6 was identified as a distinct melanoma tumour cell 

population and was found to be present in higher proportions in patients that did not relapse 

and were alive at trial conclusion (Figure 5.9 & 5.10). Interestingly, cluster #6 density did not 

differ between these patients (Figure 5.9A & 5.10A). Cluster #6 differs from other tumour cell 

clusters identified by the expression of CTSK, SCNA, and MET (Figure 5.7). Surprisingly, these 

three genes are largely associated with melanoma tumorigenesis. Upon investigating the role 

of these genes further and comparing this data with the tumour cell clusters identified in chapter 

4, we found some similarities between cluster #6 in this study and tumour cell #1 identified in 

chapter 4, also associated with better outcomes. As such we considered the possibility that IMC 

and Xenium identified a similar cluster of cells. CTSK encodes a lysosomal cysteine protease 

cathepsin-K that has been associated with melanoma cell invasion, extracellular matrix 

degradation and metastasis (Petricevic et al., 2017, Quintanilla-Dieck et al., 2008). As outlined 

above, SCNA is associated with worse outcomes in melanoma. In other cancers, alpha-

synuclein has been associated with increased immune infiltration, inhibition of both EMT and 

tumorigenesis and better patient outcomes (Zhang et al., 2022, Yang et al., 2023, Zhou et al., 

2022a). These conflicting accounts may be explained by the degree of alpha-synuclein 

overexpression. One study performed in human neuroblastoma cells found that a high 

overexpression of alpha-synuclein stimulation cell proliferation and delayed senescence, while 

low overexpression caused cell toxicity, oxidative stress and increased senescence (Rodríguez-

Losada et al., 2020). As the melanoma tumour cell, cluster #6, was found to be associated with 

better outcomes in this study, it is possible that SCNA was expressed at a level that led to cell 

death as in the study above, leading to increased tumour cell death and better patient prognosis. 

Further studies would be required to investigate this further. The third transcript that 

differentiates cluster #6 from other tumour cell cells is MET. MET encodes the MET proto-
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oncogene receptor tyrosine kinase, referred to as c-MET or hepatocyte growth factor receptor 

(HGFR), and its expression in cancer is associated with tumour progression (Zhang et al., 2018, 

Lee et al., 2011). Interestingly, c-MET expression is strongly correlated with PD-L1 expression 

in melanoma and lung cancer (Song et al., 2020, Ahn et al., 2019). This provides further 

evidence of the possible overlap of cell cluster #6 in this study and tumour cell 1 in chapter 4 

as tumour cell 1 had high expression of PD-L1 (Figure 4.5). The expression of PD-L1 in tumour 

cell cluster 1 identified by proteomics and MET expression in cluster #6 identified by 

transcriptomics further supports the possibility that these clusters are comprised of the same 

cells. To fully elucidate this however, identification of these cells based on both protein and 

mRNA staining on the same slide would be required.  

 

To progress this work, we will continue to collaborate with bioinformaticians and clinicians on 

this project to perform improved cell segmentation, quantify spatial interactions between cells, 

and integrate data produced from IMC for a multimodal analysis approach. We also plan to 

perform multi-omics experiments on high-TIL regions of patients in this study to compare with 

the high-tumour data obtained in this study. By profiling immune cell infiltrates in detail and 

understanding the differences between regions within the tumour, we will add another layer to 

this detailed profile of the metastatic melanoma TME.  

 

This study has successfully employed novel techniques to identify cell populations associated 

with relapse and survival in metastatic melanoma. It has also performed successful transcript 

and protein staining on a single slide allowing acquisition of true multi-omics data. Further 

analysis and data integration will produce high-quality robust data to understand the functional 

potential of cells in the metastatic melanoma TME.  
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6 Discussion  

6.1 Introduction 

The work presented in this thesis provides a detailed picture of the cellular landscape of the 

metastatic melanoma TME. It also provides detailed features of the TME associated with better 

patient outcomes and demonstrates the possibility of a true high-resolution spatial multi-omic 

experimental approach. The use of multiple different experimental approaches as well as 

different metastatic melanoma patient cohorts in this study has allowed a robust and detailed 

understanding of the TME of metastatic melanoma. Here, the experimental and analytical 

approaches used in this thesis are discussed, as well as the immunopathological and cellular 

differences we observed across patients.  

 

6.2 Experimental tools in the field of cancer immunology 

6.2.1 Flow Cytometry & CyTOF 

Suspension cytometry methods, including CyTOF and flow cytometry, allow detailed 

phenotyping of single cell suspensions, critical in understanding the phenotype of cells present 

within tumour tissue. In order to obtain accurate data from tumour dissociates, proper handling 

and timely optimised processing of fresh tumour samples is crucial (Drescher et al., 2021). The 

process of tissue dissociation can modulate expression of proteins on cells (Lischetti et al., 

2023, Guldner et al., 2021, van den Brink et al., 2017) and is a major limitation. We have 

addressed this by optimising the protocol for tumour dissociation in our tissue and consulting 

published literature and composition of tissue dissociation kits available (Biotech, 2017, Okolo 

et al., 2023). Additionally, cytometry panel design requires prior selection of protein targets, 

limiting the possibility of discovering novel markers or cell subsets (Lischetti et al., 2023). The 

most significant limitation of cytometry methods remains the absence of spatial context of 

immune cells owing to samples required to be single cell suspensions. It is for this reason that 

we combined flow cytometry with spatial experimental approaches in our analysis of tumour 

tissue in this study. The field of flow cytometry has moved from polychromatic fluorescence 

detection able to measure up to 30 parameters, to spectral fluorescence which is predicted to 

detect up to 100 parameters simultaneously in the near future (Robinson et al., 2023).  

 

As with the spatial biology field, a multitude of AI-informed analysis methods are being 

developed and produced to more accurately and efficiently identify cell populations and 

visualise flow cytometry data (Robinson et al., 2023). This will assist researchers due to the 
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considerable time and expertise currently required for analysis of often highly variable data 

obtained from human samples (Drescher et al., 2021). It is important to note, however, that 

these methods are only valuable when combined with a strong understanding of immunology 

and cell biology. Approaches that utilise single-cell suspensions remain critical in tumour 

immunology as well as biology due to the high-throughput capacity and the ability to sort and 

collect specific cell populations that can be utilised for functional studies and drug sensitivity 

testing. 

An increasing level of granularity in cancer immunology has enabled us to distinguish rare cell 

phenotypes associated with outcomes (de Souza et al., 2024). Spatial multiplex imaging 

platforms such as IMC employ 10-50 protein markers at single cell resolution while preserving 

tissue architecture. These techniques allow identification of specific cell phenotypes that can 

help us understand mechanisms within the TME that contribute to tumour progression. As 

shown in this study, these high-parameter proteomic approaches also allow investigation of 

interactions between cells, allowing a deeper understanding of mechanisms associated with 

outcomes (Toki et al., 2019). Samples from clinical trials, such as those used in the studies 

presented here, are ideal for high-parameter analysis due to the high level of standardisation, 

detailed annotation of clinical data collected and balanced patient cohorts for factors such as 

treatment, age and disease stage (de Souza et al., 2024).  

6.2.2 Imaging Mass Cytometry 

The first reported use of IMC was in breast cancer in a study published 10 years ago (Giesen 

et al., 2014). Since then, there have been multiple published studies employing IMC to uncover 

TME characteristics associated with patient outcomes, including work from our group in 

HNSCC and HCC (Ferguson et al., 2022, Marsh-Wakefield et al., 2024, Hoch et al., 2022). 

Key disadvantages of IMC are the slower rate at which IMC image data is acquired by laser 

ablation compared to other imaging techniques (de Souza et al., 2024). Acquisition speed was 

a particularly challenging and a major disadvantage as this project was conducted during the 

onset of the COVID pandemic in 2020. This led to sample acquisition being split across 

multiple sessions. Many studies employing high-plex proteomics have found differences in 

spatial organisation within tumour tissue with no differences in the quantification of cell 

populations, demonstrating the importance of not only identifying and quantifying cells but 

identifying how these cells interact and form specific regions or cellular neighbourhoods within 
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their environment (Phillips et al., 2021, Sorin et al., 2023). Another study using a separate 

proteomic analysis method, CODEX (Akoya Biosciences), analysed 51-markers in cutaneous 

T cell lymphoma patients that responded to PD-1 therapy and compared with patients who did 

not respond (Phillips et al., 2021). They found no differences in cell densities between 

responders and non-responders, however, they did see that CD4 T cells were more closely 

located with tumour cells in PD-1 responders while CD4 T cells were closer to Tregs in non-

responders (Phillips et al., 2021). Similarly, in our study, we found that although cell tumour 

cell cluster 4 and fibroblasts were present in the same proportions across patients, the average 

distance between these cells was significantly different between patients that relapsed and those 

that did not (Table 4.4, Figure 4.27A). While further studies are required to fully understand 

the relevance of this interaction, it is likely that immune regulatory mechanisms are involved. 

6.2.3 In situ Hybridisation 

Detection of individual mRNA molecules in tissue by fluorescent in situ hybridisation (FISH) 

methods was first used in human tissue more than 15 years ago (Itzkovitz et al., 2011, Raj et 

al., 2008). In 2012, FISH was commercialised by Advanced Cell Diagnostics (ACDBio) with 

the release of RNAscope (Wang et al., 2012). The availability of FISH as a kit that contained 

all reagents required for experimental use as well as the claim that RNAscope was more 

sensitive than other assays due to the Z-stack probe method meant that this was a great option 

for specific mRNA detection in human FFPE tissues (Wang et al., 2012). Another reason we 

adopted this technology was the theoretical feasibility of incorporating it with established 

techniques in our lab (mIHC, IMC). We successfully incorporated RNAscope and OPAL 

techniques, allowing quantification of cell infiltrates in multiple tumour tissues (Figure 5.1-

5.3.). In this way, commercialisation increased the accessibility of in situ mRNA hybridisation 

for our research group. However, the small number of probes that can be detected 

simultaneously, the reliability of the protocols, reagent performance over time as well as the 

high cost for individual probes led us to look for better alternatives.  

Identifying transcripts in tissue using in situ sequencing (ISS) allow the detection of hundreds 

of mRNA targets simultaneously. However, compared to single molecule FISH methods 

discussed, ISS methods have low sensitivity. ISS-based methods had issues with specificity of 

probes identified, stabilisation of padlock probes and tissue damage during technique (Conrad 

and Altmüller, 2022). The xenium in situ hybridisation platform, the first commercially 
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available ISS instrument released in December 2022, aimed to address these issues to provide 

improved scalable detection of hundreds of transcripts with subcellular resolution (~30nm) 

(Conrad and Altmüller, 2022, Azevedo, 2024). The xenium platform currently allows the 

addition of 100 custom genes to pre-designed panels, as well as fully custom panels of up to 

480 genes (Azevedo, 2024). Xenium in situ hybridisation has the additional benefit for 

researchers to be able to re-stain and re-image the tissue section and produce additional data 

on the same tissue (Rademacher et al., 2024, Azevedo, 2024).  

There remains a significant financial barrier to adopting these technologies as not only do the 

kits cost >$20,000AUD, they require a Xenium Analyzer to acquire data (Conrad and 

Altmüller, 2022). Despite this, many groups have used the Xenium platform in the 18 months 

since its release. A recent preprint comparing the performance of spatial transcriptomics 

platforms capable of single-cell resolution, Xenium, MERSCOPE and CoxMx using a TMA 

comprised of tumour tissue and normal tissue across multiple sites found Xenium had the 

shortest and most ‘hands off’ experimental acquisition of the three, the highest sensitivity, most 

consistence performance, and was the least sensitive to low quality tissue (Wang et al., 2023b). 

These findings highlight the importance of tissue and RNA quality in spatial transcriptomic 

studies, particularly in projects such as ours in which samples were acquired between 2001 and 

2007 (Wang et al., 2023b, Conrad and Altmüller, 2022, Henderson et al., 2015). RNA quality 

is known to be depleted by storage conditions, fixation methods and specimen size (Lin et al., 

2024c, von Ahlfen et al., 2007, Zhao et al., 2019). High-quality mRNA can still be found in 

FFPE tissue stored for decades before stained as long as it is appropriately fixed and stored, as 

observed in our study and by others (Zhao et al., 2019). Interestingly, one group found xenium 

detected lowly expressed transcripts compared to other techniques including MERSCOPE, 

while a different group found MERSCOPE more sensitive than Xenium (Hartman and Satija, 

2024, Wang et al., 2023b). The latter study found that although Xenium detected the highest 

number of transcripts per cell, some of these were determined to be false positive counts 

(Hartman and Satija, 2024). Overall, projects employing Xenium report strong technical 

performance. At this stage, data employing these technologies is mostly in preprint form and 

thus not peer reviewed. As such, it is too early to evaluate fully these technologies.  

Early adoption of cutting-edge techniques allows researchers to be at the forefront of exciting 

technological developments and new biological discoveries. One downside of this is the lack 

of peer-reviewed studies that evaluate the performance of such technologies to provide 
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guidance on best practice for experimental acquisition and analysis. Similarly to our study 

(Chapter 5), one group found Xenium inbuilt cell clustering algorithm performed poorly, but 

despite this they were able to successfully identify cells from different lineages (Wang et al., 

2023b). Multiple other groups have also cited the inaccuracy of xenium cell segmentation in 

recent pre-prints, favouring the use of alternate cell segmentation took and open-source 

algorithms to make the best use of this technology (Salas et al., 2023, Cook et al., 2023, 

Rademacher et al., 2024, Hartman and Satija, 2024, Proietto et al., 2023). Segmentation tools 

such as Baysor, developed specifically to segment spatial transcriptomic data without protein 

stains, may be more appropriate for performing cell segmentation of this dataset (Petukhov et 

al., 2022). Current evidence therefore supports xenium as a highly specific and well performing 

spatial transcriptomic approach but cite inaccuracies in the in-built segmentation software, in 

line with the results produced in our work. Available literature further supports our plan to 

perform external cell segmentation on xenium data presented in this thesis, with the aim of 

producing more accurate data.  

6.3 Combining multiple experimental methods 

There is an increased need for the integration of multiple datasets in order to construct the most 

comprehensive overview of the biological environment examined (de Anda-Jáuregui and 

Hernández-Lemus, 2020). Multi-omics is simply the integration of more than one single cell 

or spatial approach by both experimental and computational methods. The ‘-omics’ in question 

include genomics, transcriptomics, proteomics, lipidomic, metabolomics and microbiomics (de 

Anda-Jáuregui and Hernández-Lemus, 2020). Most incorporations are of proteomic and 

transcriptomic data in tumour tissue (de Souza et al., 2024). This discussion primarily focuses 

on transcriptomics and proteomics due to the scope of this study.  

Experimental multi-omics is the acquisition of more than one approach on the same tissue. 

Currently there are few studies that perform multiple omics experiments on the same slide (de 

Souza et al., 2024). Attempts to perform multi-omics experiments include staining RNA and 

protein staining of tumour tissue on sequential slides, however subsequent conclusions formed 

are based on inference (He et al., 2022). Work shown in this thesis establishes successful 

staining and data acquisition of subcellular transcriptomics (xenium) with proteomics (IMC & 

PCF), as well as H&E staining. Combined proteomic and transcriptomic kits have very recently 

become available, with others in development (Azevedo, 2024, Garrido-Trigo et al., 2023). As 
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our proteomic and transcriptomic profiling detailed in this work is likely to be repeated on a 

separate TMA, we will need to decide which approach is best, between the cheaper but perhaps 

more time-consuming choice of further optimisation of methods used in chapter 5 or purchase 

of commercially available multi-omic kits, such as the thousand xenium panel with protein 

markers in development that is under development, said to be released this year (Azevedo, 

2024). 

6.3.1 Practical realities of multi-omic datasets 

As spatial experiment data is very large, researchers are required to procure adequate data 

storage and working memory in order to perform data analysis. This issue was faced in our 

study, there was a significant delay in accessing the full dataset produced from Xenium due to 

the core facility not being equipped to transfer data of this size to users. Additionally, the 

processing power required for unsupervised clustering of spatial transcriptomic (xenium) data 

was beyond the capabilities of computers available, leading to supervised classification of this 

data (Figure 5.7, 5.8) Packages such as SpatialData have addressed this by employing lazy 

loading of larger-than-memory data (Marconato et al., 2024). This is one of the many packages 

available in Bioconductor, a project developed to ensure that the tools required for analysis are 

able to be accessed by the scientific community (Huber et al., 2015, Gentleman et al., 2004). 

This clearly demonstrates the high memory and processing power required for analysis of this 

data that is not accessible for all researchers. Future re-analysis of this data will employ a shared 

high-processing computer that will allow for unsupervised clustering to be performed.  

6.3.2 Projects with many methods require many experts 

Projects involving spatial multi-omics of human tissue require a multidisciplinary team to 

properly evaluate data (Conrad and Altmüller, 2022). The technical expertise of computational 

methods provided by bioinformaticians, the tissue-specific expertise provided by pathologists 

and wet-lab researchers as well as guidance on relevant and important clinical questions by 

specialist clinicians is crucial for the valid and robust use of data science in human biological 

fields such as immunology (de Anda-Jáuregui and Hernández-Lemus, 2020). The studies 

presented in chapters 4 and 5 have relied on strong collaboration between our research team 

(Ruth Allen, Dr Angela Ferguson, A/Prof. Mainthan Palendira) with bioinformaticians (Farhan 

Ameen and A/Prof. Ellis Patrick) and clinician scientists, Radiation Oncologist (Prof Angela 
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Hong), Medical Oncologist (Prof. Georgina Long), and anatomical Pathologist (Prof. Richard 

Scolyer).  

Another challenge faced by researchers aiming to integrate transcriptomic and proteomic data 

is the variable correlation of RNA and protein expression (Lischetti et al., 2023). Work using 

melanoma biopsies found that multiple targets were detected by RNA but not protein, while 

other markers were detected by protein staining but not RNA (Lischetti et al., 2023, Raufaste-

Cazavieille et al., 2022). This highlights the importance of performing protein and mRNA 

approaches together to produce data that does not rely on inference. Although the most accurate 

way to achieve this is to perform RNA and protein stains on the same section as shown in this 

thesis, performing these stains on sequential sections in the next-best option. Performing image 

registration and alignment of Xenium data and IMC data from the same samples (chapter 5) 

will reveal the correlations between mRNA transcripts and protein expression within the cell. 

This analysis will map the cellular landscape to a level of detail not produced to date. This 

supports the need for experimental approaches that combine both transcriptomic and proteomic 

stains in order to more accurately understand individual cell function.  

6.3.3 Analysing data efficiently and judiciously 

Developments in deep learning (type of machine learning) have also increased in recent years, 

utilising both high-parameter spatial imaging data and ‘simple’ image types such as H&E as 

well as ‘prior knowledge’ from public datasets or literature to improve clinical diagnosis and 

prediction power (Zidane et al., 2023, Anderson et al., 2021). Deep learning frameworks such 

as NaroNet have been developed as both research and clinical diagnostic tools. NaroNet is a 

model trained on multiplex images of tumour tissue with clinical information attached to 

produce a predictive model that can be used on IHC or IMC-stained tumour tissue (Jiménez-

Sánchez et al., 2022). Another deep learning approach developed to determine chemotherapy 

response of breast cancer patients found the model was most predictive of response when 

images from multiple tumour regions were imported (Taleghamar et al., 2022). This study also 

supports the importance of representing the heterogeneity of tissue in datasets that are fed into 

machine learning algorithms. If spatial techniques are to be adapted for clinical use, they need 

to be simple and reliable enough for pathology labs to perform. Additionally, possible 

biomarkers would need to be consistently expressed across patients, and machine-learning 
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analysis of large cohort studies are great tools to identify such biomarkers. The high cost of 

these experiments remains a significant barrier for clinical use (Lewis et al., 2021).  

 

One of the principle aims in this study as well as tumour immunology in general, is to detect 

specific molecular pathways, cell populations, interactions or tissue regions associated with 

patient prognosis, treatment response and survival (Raufaste-Cazavieille et al., 2022). Studies 

in recent years employing multi-omics to elucidate biomarkers in melanoma have successfully 

discovered novel predictors of response to immunotherapy and patient outcomes in melanoma 

and various other cancers (Jin et al., 2023, Leek et al., 2024, He and Wang, 2023, Martin-

Hernandez et al., 2023, Demir Karaman and Işık, 2023). Recent work employing spatial 

proteomics led to the discovery of new treatment strategies for toxic epidermal necrolysis 

(Nordmann et al., 2024). However, these biomarkers still need to be validated before they can 

be implemented clinically (Medori et al., 2023, Robert and Gautheret, 2022). Identifying 

methods to analyse and understand multi-omics datasets, such as those proposed in this study, 

are essential in moving multi-omics from the bench to the clinic.      

 

6.4 Linking tumour composition with patient outcomes in metastatic melanoma 

6.4.1 Investigating the myeloid compartment 

It is well understood that CD8 T cells are important for the anti-tumour response. However, 

less is known about the role of the myeloid compartment in metastatic melanoma. In chapter 

3, we profiled the myeloid compartment in metastatic melanoma in detail and quantified 11 

populations across 30 patients (Figure 3.2, 3.4 & 3.5). As assessed by CyTOF, we found that 

two of these myeloid cell populations were found to be elevated in the tumours of responders 

to anti-PD-1 therapy when compared to non-responders (Figure 3.5). We also saw that 

macrophages expressed some of the highest proportions of novel immunotherapy target VISTA 

across the 19 cell populations quantified (Figure 3.3). Our data highlight the role of myeloid 

cells in response to immunotherapy and adds to our growing understanding of the importance 

of myeloid cells in the TME. Building on this, our detailed examination of metastatic 

melanoma through IMC (chapter 4) found that proportions of macrophages were higher in 

patients that did not relapse, compared to those that did (Table 4.4). We also found that 

macrophages were located significantly closer to PD-1-expressing endothelial cells in the 

tumour regions of metastatic melanoma patients that did not survive, suggesting a modulatory 

role of macrophages in shaping the TME (Figure 4.27). This is in line with current 
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understanding on the polarising nature of macrophages, both pro- and anti-tumour in the TME 

(Rannikko and Hollmén, 2024, Yan et al., 2021, Qian and Pollard, 2010, Hume et al., 2023, 

Biswas and Mantovani, 2010, Zhou et al., 2022b, Mantovani and Sica, 2010). Although we did 

not see any differences in the proportions of the macrophage cluster identified in our 

transcriptomic experiment between patients, there may be differences elucidated by spatial 

analysis of these data. Potentially, this will be elucidated by further spatial analysis we are 

currently performing on the transcriptomic data shown in chapter 5.  

 

6.4.2 CD4 T cells as important drivers of anti-tumour response 

This project has also highlighted the contribution of distinct populations of CD4 T cells to 

patient response and outcome. Work shown in chapter 3 found that CD4 T cells, not CD8 T 

cells, comprise the largest proportion of immune cells in metastatic melanoma tumours, with 

TH1 cells, the most dominant subset (Figure 3.1). When we looked at novel immunotherapy 

target VISTA expression across immune cells, we saw that non-TH1 CD4 subsets (TH2, TH17 

and TH17.1 cells) also expressed a high proportion of VISTA compared to other cells identified 

(Figure 3.3). This again supports an important role for CD4 T cells in response to 

immunotherapy. When we then looked at whether the presence of CD4 T cells is important for 

anti-tumour response (chapter 4), we saw that not only were CD4 T cells significantly higher 

in patients that did not relapse and were alive at clinical trial conclusion, a low proportion of 

CD4 T cells predicted a shorter time to relapse and time to death for patients (Figure 4.9, 4.17, 

4.26, 4.27). Although we did report higher proportions and densities of CD8 T cells in patients 

that did not relapse and survived, we did not see a similar contribution of CD8 T cells to the 

time to relapse or death as was observed for CD4 T cells. This work therefore highlights the 

importance of CD4 T cell in anti-tumour responses, as well as the need for multiple analysis 

strategies to elucidate TME features associated with better patient outcomes.   

 

6.4.3 Approaching tumour heterogeneity  

A high degree of tumour cell heterogeneity is observed across many cancers, particularly 

melanoma, complicating the identification of biomarkers and development of effective 

treatment strategies (Raufaste-Cazavieille et al., 2022, Cyll et al., 2017, Crucitta et al., 2022, 

Sztiller-Sikorska et al., 2015, Dagogo-Jack and Shaw, 2018). Our understanding of tumour 

cells and their underlying phenotypes or capacity for progression is underdeveloped compared 

to current understanding of immune cell subsets and functional properties (de Souza et al., 
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2024, Marusyk et al., 2020). We need to better understand of the relationship between tumour 

cell heterogeneity and response to treatment as well as outcome if we are to advance treatment 

strategies that result in a robust, long lasting patient responses (Ng et al., 2022). Due to the 

spatial context lost by single-cell approaches, as well as the finding that long-term culture of 

melanoma cells results in the loss of genetic and phenotypic heterogeneity, high-parameter 

spatially resolved experimental techniques are uniquely suited to investigating tumour cell 

heterogeneity in situ (Gregg, 2021, Proietto et al., 2023). Previously discussed issues of signal-

to-noise ratio and different pre-processing and analysis methods used will make the inference 

of tumour cell populations between different experimental and analysis techniques challenging 

(Proietto et al., 2023). Again, this can be addressed by employing multimodal analysis tools, 

standardising approaches to data preprocessing and unsupervised clustering.  

 

In chapter 4 and 5 we identified multiple tumour cell phenotypes in proteomic and 

transcriptomic datasets using supervised clustering methods (Figures 4.6 & 5.7). Both 

approaches found the majority of cells in high-tumour regions of the TME were tumour cells. 

Analysis of IMC data revealed 5 distinct tumour cell clusters, while transcriptomic analysis 

identified 4 distinct tumour cell clusters. Proteomic experiments revealed that a higher 

proportion of tumour cell cluster #5 recorded in the metastatic melanoma TME was associated 

with worse patient outcomes (Figure 4.26 & 4.27). Our analysis also found that tumour cell 

cluster #4 was significantly closer to, or interacting with, fibroblasts in patients that relapsed, 

suggesting this tumour cell population may be modulating fibroblasts in order to shape a pro-

tumour environment and favour EMT (Figure 4.5). Interestingly, we also report tumour cell 

cluster (#1), characterised by high checkpoint marker expression, was associated with better 

patient outcomes (Figure 4.27 & 4.28). Although the proportion of tumour cell #1 in the TME 

was not different between patients grouped by relapse or survival, having a low proportion of 

this cell phenotype present in the TME did predict a shorter time to relapse and death (Figure 

4.26 & 4.27). These findings further demonstrate the importance of multi-pronged approaches 

in analysing high-parameter spatial data with well-annotated clinical data. When we performed 

similar analysis in our spatial transcriptomic (xenium) data, we also saw a unique tumour cell 

cluster that was significantly higher in patients that were alive and did not relapse at the end 

point of the clinical trial (Figure 5.9 & 5.10). Our research successfully identified 

phenotypically distinct tumour cell subsets that were not only present at different proportions, 

but also have distinct cellular interactions within the TME in patients that had good outcomes 

(did not relapse and survived) compared to those that relapsed and died by trial conclusion. As 
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there was limited overlap between the targets (panels) used for proteomics and transcriptomics 

in this thesis, particularly regarding tumour cell markers, it is difficult to compare tumour cell 

clusters between experiments. Whether or not these tumour cell clusters have significant 

overlap will be uncovered with the integration of proteomic and transcriptomic data obtained 

in chapter 5 which was beyond the scope of this thesis. This work highlights the value of high-

parameter spatial analysis in uncovering how TME features relate to tumour progression.  

 

6.5 Comparing cohorts and methods 

Interestingly, when we found that the proportions of immune cells were much higher in data 

acquired by CyTOF and flow cytometry (chapter 3) compared to data produced from IMC and 

Xenium. This was likely because both experimental technique and tissue regions used were 

different. Data acquired by CyTOF and flow cytometry (chapter 3) used single cell suspensions 

of fresh metastatic melanoma tumour biopsies or resections, while IMC, Xenium, post-Xenium 

IMC, PCF and H&E used resections from high-tumour regions of metastatic melanoma 

tumours. As such, the suspension studies quantified all cells within tumour samples, of which 

many were not lymph-node associates. This contrasted with the fixed tissue studies that used 

high-tumour regions only, defined by a pathologist, in small 1mm2 sections. We also saw 

differences in the proportion of cells detected between IMC and Xenium data as well as of IMC 

data processed by different cell segmentation methods CellProfiler and simpleseg and analysis 

pipelines (FlowJo manual analysis vs supervised clustering and annotation). These differences 

between analysis approaches were what assisted us in optimising and adopting the most 

suitable pipeline for our data. The number of cell clusters identified as well as the cell 

phenotypes observed did vary between proteomic (IMC, chapter 4) and transcriptomic 

(xenium, chapter 5) analysis. This is likely due to different analysis methods employed, 

different cell segmentation methods, lack of image registration, as well as the lack of 

correlation between protein and transcript expression discussed previously. This difference 

could also be attributed to fact that transcriptomic analysis used a separate section of the TMA 

used in Xenium staining due to slide requirements, likely resulting in some different cells being 

sampled (within 20um).  

 

6.6 Future directions 

The next steps in advancing this project are firstly, to perform more accurate cell segmentation 

of xenium in situ data using open-source algorithms developed by our collaborators (Fu et al., 
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2024). Once this is performed, analysis including image ‘registering’ between IMC and xenium 

will be performed, prior unbiased clustering with our bioinformatics collaborators. Once this 

is performed, we will be able to embark on the complex task of integrating proteomic and 

transcriptomic data together with the aim to better understand the biology behind the 

differences we have reported here. We also plan to perform both spatial proteomics and 

transcriptomics on a TMA from the same cohort of patients consisting of high-TIL regions 

from the tumours assessed previously using IMC and xenium (chapters 4 and 5), adding region-

specific understanding of the TME in metastatic melanoma.  

 

6.7 Conclusion 

This thesis has shown the diversity of both immune and tumour cell phenotypes in metastatic 

melanoma and linked some of these phenotypes to clinical outcomes (Figure 6.1). In chapter 

3, we investigated the TME using suspension cytometry to not only quantify both tumour and 

immune cells, but to also interrogate established understandings of the myeloid compartment 

in melanoma (Figure 6.1A and D). We found that myeloid cells are highly heterogenous within 

tumours and between patients, however we were able to identify both established and novel 

phenotypes across all samples. Linking these phenotypes to clinical outcomes, we showed that 

two myeloid population established in this study, M2 and TIM2 cells, were associated with 

response to anti-PD-1 immunotherapy (Figure 6.1A). We next employed IMC to profile in 

detail both the cellular composition of high-tumour regions of metastatic melanoma as well as 

the interactions between these populations in chapter 4 (Figure 6.1A-E). This study 

successfully employed a 42-paramter proteomic panel to investigate cellular phenotypes, and 

also developed and compared novel methodologies for accurately performing experimental 

high-parameter spatial techniques and analysis. The final study in this thesis built upon this and 

demonstrated successful transcriptomic and proteomic staining on a single slide, an approach 

not published at the time the experiment was performed. This chapter also discussed various 

analytical approaches to analysing multi-omic data, highlighting contemporary issues in this 

field. As the studies presented in this thesis was the product of a large and diverse team of basic 

scientists, bioinformaticians and clinicians, this work also provides novel perspectives on the 

importance of collaborative approaches in the field of spatial biology and immunology. In 

conclusion, the work presented in this thesis will add to our understanding of mechanisms of 

melanoma progression, response to therapy and basic tissue and tumour immunology.  
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Figure 6.1 Graphical summary of the findings of this study investigating the cellular 
composition of metastatic melanoma. (a-d) The immune infiltrate of metastatic melanoma 
tumours is comprised of tumour cells, lymphocytes, including B and T cells, as well as the 
diverse innate cell compartment. (a) Two tumour-specific myeloid cell phenotypes were 
found to differ between anti-PD-1 responders and non-responders. TIM2 myeloid cells, char-
acterised by CD1c expression, were present at higher levels in and expressed more PD-L2 
compared to the TIM2 cells present in non-responders. Conversely, a tumour-associated 
macrophage subset characterised by CD13 expression was found to be present at higher 
levels in patients that did not respond to PD-1 therapy. (b) Lymphocytes identified in this work 
include CD4 T cells, CD8 T cells, gamma delta T cells and B cells. This study highlighted the 
important anti-tumour role of CD4 T cells by showing the strong correlation of CD4 T cell den-
sities in high tumour regions with better outcomes as well as the number of interactions CD4 
T cells had with macrophages in high-tumour regions.(c) Proteomic and transcriptomic 
approaches in chapters 4 and 5 highlight the high level of tumour cell heterogeneity in meta-
static melanoma while also being able to identify phenotypically distinct clusters within 
high-tumour regions. (d) Chapter 3 also identifies both established and novel myeloid cell 
phenotypes in metastaic melanoma, including macrophage and dendritic cell subpopula-
tions. (e) The diverse techniques used in this thesis include; flow cytometry and suspension 
CyTOF, IHC, IMC, and in situ hybridisation. We also show data acquired by PCF, however 
this was not quantified. Importantly, we establish experimental and analytic methods for com-
bining these approaches. 
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