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Abstract 

Colorectal cancer (CRC) is one of the most common cancers worldwide, yet 

patients with the same TNM stage often have very different outcomes, indicating 

that staging does not capture all of the biology that drives prognosis. Much of this 

missing information is concentrated at the invasive front. Here, the tumour growth 

pattern (TGP), which describes whether a tumour advances as a cohesive pushing 

border or dissects into the stroma as an infiltrative front, can be read on routine 

haematoxylin and eosin (H&E) sections and predicts survival. Why the infiltrative 

pattern carries a poorer prognosis and how cells at this interface are arranged in 

space have remained unclear. 

The central hypothesis of this thesis is that the spatial arrangement of cells 

at the invasive front, rather than their abundance alone, distinguishes the growth 

patterns and carries independent prognostic information. This was tested across 

two cohorts, the Glasgow Royal Infirmary test cohort (n = 538) and the TransSCOT 

validation cohort (n = 1,037), using histological TGP scoring, bulk transcriptomics 

(TempO-Seq), multiplex immunofluorescence with density-corrected proximity 

analysis (the Nearest Distance Index, NDI), and compartment-resolved spatial 

transcriptomics (GeoMx) with cell-state and ligand-receptor inference. 

A three-tier TGP classification was reproducible (weighted κ = 0.78) and 

was an independent prognostic factor for colon cancer-specific survival (HR = 1.65, 

p < 0.001), validated in TransSCOT. Bulk transcriptomics revealed stromal, 

epithelial-mesenchymal transition, and inflammatory programmes in infiltrative 

tumours, and proliferative programmes in pushing tumours. Importantly, cellular 

composition and density did not differ between patterns. Instead, spatial analysis 

showed that FAP+ cancer-associated fibroblasts (CAFs) lay closer to tumour cells 

and further from T cells in infiltrative tumours, and closer proximity of αSMA+FAP+ 

CAFs to tumour cells was independently associated with worse survival (HR = 2.46, 

p = 0.05). Spatial transcriptomics further linked the separation of CAFs from T 

cells to candidate inhibitory axes involving TIGIT-PVR/NECTIN2 and hyaluronan 

(HAS2-CD44). 

These findings reframe the TGP from a morphological descriptor into a 

spatial phenotype in which prognosis is determined by where cells sit rather than 

how many are present. The TGP offers a practical, H&E-based entry point into the 
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spatial biology of the invasive front. As the spatial findings come from a single 

cohort and rely on inferred mechanisms, they are hypothesis-generating and 

require external validation. 
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Chapter 1 Introduction 

1.1 Incidence, demographics and risk factors 

Colorectal cancer (CRC) is the third most commonly diagnosed cancer and 

the second most common cause of cancer death worldwide, with approximately 

1.9 million new cases and 900,000 deaths recorded in 2022 (Bray et al., 2024). 

The risk of CRC increases with age. Men are affected more often than women. A 

notable recent trend is the rising incidence of early-onset CRC, diagnosed before 

the age of 50, which has continued to increase in many high-income countries 

even as overall incidence has fallen in older, screened populations, marking CRC 

as a growing global health burden (Cercek et al., 2026; Sung et al., 2025). 

Most CRC is sporadic. Around 5% of cases are attributable to well-defined 

hereditary syndromes. The two best characterised inherited syndromes are Lynch 

syndrome, caused by germline mutation of DNA mismatch repair genes (MLH1, 

MSH2, MSH6 and PMS2), and familial adenomatous polyposis, caused by germline 

mutation of the APC gene (Dekker et al., 2019). The majority of sporadic cases 

are associated with modifiable lifestyle and environmental factors, including 

obesity, physical inactivity, smoking, high alcohol intake, and diets high in red and 

processed meat; chronic inflammatory bowel disease also increases risk (Dekker 

et al., 2019). 

1.2 Development and pathogenesis 

CRC develops through the gradual accumulation of genetic and epigenetic 

alterations that allow normal epithelial cells to progress towards invasive 

carcinoma. These alterations are commonly described through several major 

molecular pathways. The best-established model is the adenoma-carcinoma 

sequence, in which normal mucosa progresses through a benign adenoma before 

becoming carcinoma. This process is associated with a characteristic order of 

molecular events, including early loss of the tumour suppressor gene APC, 

followed by activating mutation of KRAS, and later loss of TP53, which together 

promote malignant transformation (Fearon, 2011; Fearon & Vogelstein, 1990). 
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This classical sequence is most closely linked to the chromosomal instability 

(CIN) pathway, the most common molecular pathway in CRC. This pathway is 

characterised by large-scale gains and losses of chromosomal material and 

commonly involves the APC-KRAS-TP53 alterations described above. A second 

major pathway is the microsatellite instability pathway (MSI), which results from 

defective DNA mismatch repair. This may occur through inherited germline 

mutations, as seen in Lynch syndrome, or more commonly through epigenetic 

silencing of MLH1 in sporadic tumours. Loss of mismatch repair leads to the 

accumulation of multiple mutations and results in tumours with a high mutational 

burden (Muzny et al., 2012). 

A third pathway is the CpG island methylator phenotype (CIMP), 

characterised by widespread promoter hypermethylation. This pathway is 

associated with MLH1 silencing and BRAF mutation (Fearon, 2011). Tumours with 

these features often arise through the serrated pathway, which begins in serrated 

polyps rather than conventional adenomas and accounts for many sporadic 

microsatellite-unstable colorectal cancers (Leggett & Whitehall, 2010). 

Altogether, these molecular pathways explain much of the biological 

heterogeneity observed in CRC and provide the basis for the molecular 

classifications discussed in the following section. 

1.3 Pathology, staging and molecular subtyping 

CRC can be described at three complementary levels: its microscopic 

appearance, the anatomical extent of disease, and its molecular profile. Each of 

these provides prognostic information, and the most established features are 

summarised here. Most colorectal cancers are adenocarcinomas that arise from 

the glandular epithelium. Less common histological variants include mucinous and 

signet-ring cell carcinomas (Korphaisarn et al., 2019). Tumour location is also 

clinically relevant. Right-sided, or proximal, cancers differ from left-sided, or 

distal, cancers in both molecular features and clinical behaviour. Right-sided 

tumours more frequently show microsatellite instability and BRAF mutation and 

are often associated with a less favourable prognosis (Dekker et al., 2019). 

The anatomical extent of CRC is described using the tumour-node-metastasis 

(TNM) classification of the American Joint Committee on Cancer and the Union for 
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International Cancer Control. This system records the depth of tumour invasion 

through the bowel wall (T), the involvement of regional lymph nodes (N), and the 

presence or absence of distant metastasis (M) (Amin et al., 2017). TNM stage 

remains the main determinant of prognosis and treatment selection and provides 

the standard framework against which additional prognostic markers are assessed. 

In addition to TNM stage, several histopathological features are routinely 

reported because they provide additional prognostic information. Tumour grade 

is based on the degree of gland formation, with poorly differentiated tumours 

associated with a poorer prognosis. Resection margin status is also important, 

particularly the circumferential resection margin (CRM), as margin involvement is 

associated with an increased risk of local recurrence and poorer survival. Venous 

invasion, particularly extramural venous invasion, is a well-established adverse 

prognostic feature and reflects the ability of tumour cells to spread beyond the 

primary site through blood vessels. Peritoneal involvement occurs when tumour 

extends through the bowel wall to involve the serosal surface and is classified as 

pT4a disease. Tumour perforation at the site of the primary tumour is also 

associated with poorer prognosis and, when it communicates with peritoneal 

cavity, is classified as a pT4a. These features are assessed alongside TNM stage in 

routine pathological reporting of CRC (Loughrey, 2023). 

In addition to anatomical stage, transcriptomic profiling has identified four 

consensus molecular subtypes (CMS), which capture important aspects of the 

biological heterogeneity of CRC (Guinney et al., 2015). CMS1, the microsatellite 

instability-immune subtype, is characterised by microsatellite instability and 

strong immune activation. CMS2, the canonical subtype, shows epithelial features 

with activation of WNT and MYC signalling. CMS3, the metabolic subtype, is 

defined by metabolic dysregulation. CMS4, the mesenchymal subtype, is 

characterised by abundant stromal content, transforming growth factor-β (TGF-β) 

activation, and angiogenesis. Among these subtypes, CMS4 has the poorest 

prognosis, consistent with its stromal-rich and mesenchymal biology (Guinney et 

al., 2015). Although the CMS classification has improved understanding of CRC 

biology, it relies on bulk transcriptomic data and has not yet been incorporated 

into routine pathological reporting. 
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1.4 Treatment 

Treatment for CRC is guided by disease stage and, increasingly, by the 

molecular features of the tumour. The main treatment approaches and the factors 

used to select them are summarised here. For localized CRC, including stages I-

III, surgical removal of the primary tumour and regional lymph nodes remains the 

main treatment with curative intent (Dekker et al., 2019). Adjuvant 

chemotherapy, usually using a fluoropyrimidine together with oxaliplatin, is 

recommended for stage III disease because it improves survival. It may also be 

considered for stage II disease when high-risk features are present (André et al., 

2004). The duration of adjuvant chemotherapy has been refined to balance clinical 

benefit against treatment-related toxicity, and shorter courses are suitable for 

many patients (Grothey et al., 2018). In rectal cancer, radiotherapy or 

chemoradiotherapy is often given before surgery to reduce the risk of local 

recurrence (Dekker et al., 2019).  

In metastatic disease, systemic chemotherapy is combined with targeted 

agents selected according to the tumour’s molecular profile. Antibodies against 

vascular endothelial growth factor (VEGF), such as bevacizumab, inhibit tumour 

angiogenesis and are used across molecular subgroups. Antibodies against the 

epidermal growth factor receptor (EGFR), such as cetuximab and panitumumab, 

are effective only in tumours that are wild-type for RAS, because RAS mutation 

activates the pathway downstream of the receptor and confers resistance 

(Karapetis et al., 2008). Tumours carrying the BRAF V600E mutation have a 

particularly poor prognosis and are treated with combinations that target this 

mutation directly (Kopetz et al., 2019). These examples illustrate how molecular 

features increasingly guide treatment selection. 

Immunotherapy has emerged as an effective option for the subset of tumours 

with mismatch repair deficiency. Because these tumours carry a high mutational 

burden and are strongly immunogenic, they respond to immune checkpoint 

blockade (Le et al., 2015). In metastatic disease, the anti-PD-1 antibody 

pembrolizumab has become a first-line standard of care for mismatch repair-

deficient or microsatellite instability-high tumours, producing more durable 

responses than chemotherapy (André et al., 2020). The same principle has been 

extended to early rectal cancer, where checkpoint blockade in mismatch repair-
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deficient tumours has achieved high rates of complete clinical response and may 

allow surgery to be avoided in selected patients (Cercek et al., 2022). These 

benefits are, however, confined to the minority of tumours with mismatch repair 

deficiency, and most colorectal cancers remain unresponsive to current 

immunotherapies. 

This stage- and molecular-based framework determines treatment for the 

majority of patients. Nevertheless, patients with the same stage and molecular 

profile can follow different outcomes, which has motivated the search for 

additional prognostic features. 

1.5 Colorectal cancer and the limitations of TNM staging 
classification 

CRC is one of the most commonly diagnosed cancers worldwide and a leading 

cause of cancer-related death (Cercek et al., 2026). The TNM staging 

classification, developed by the American Joint Committee on Cancer (AJCC) and 

the Union for International Cancer Control (UICC), is still the main framework for 

assessing CRC (Amin et al., 2017). It is widely used to guide treatment and classify 

patients for clinical trials. In clinical practice, treatment decisions are influenced 

by disease stage. For stage I-III CRC, surgical resection is the main treatment. 

Adjuvant chemotherapy is commonly recommended for stage III disease and may 

be considered for selected stage II patients with high-risk pathological features. 

However, TNM stage alone does not fully predict clinical outcomes, as patients 

within the same stage can show different risks of recurrence and survival (Cuyle 

& Prenen, 2017; Dienstmann et al., 2017). This variation within the same stage 

suggests that additional features are needed to better identify patients with more 

aggressive behaviour, who may benefit from more intensive treatment. 

Molecular classifications such as the CMS have improved our understanding 

of CRC heterogeneity by identifying biologically distinct groups with prognostic 

relevance (Guinney et al., 2015; Thanki et al., 2017). However, these 

classifications do not replace TNM staging, and their use in routine reporting 

remains limited. This highlights the need for additional, accessible tumour 

features that can capture clinically meaningful biology beyond the conventional 

stage. One approach is to assess tumour morphology. Surgical resection specimens 
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are routinely examined on haematoxylin and eosin (H&E)-stained sections, and 

several histopathological features visible on the sections provide prognostic 

information beyond TNM stage (Lugli et al., 2012; Rajaganeshan et al., 2007), 

particularly at the invasive front, where the tumour interacts with the surrounding 

stroma and immune microenvironment. The histological appearance of this 

interface may provide a practical means to refine prognosis in CRC. For instance, 

the infiltrative growth pattern at the invasive front has been shown to be 

associated with poor cancer-specific survival independently of microsatellite 

instability, the CpG island methylator phenotype, LINE-1 methylation, KRAS, 

BRAF, and PIK3CA mutations (Morikawa et al., 2012). In addition, a large study 

supported the notion that high tumour budding, assessed at the invasive front, is 

a strong and independent predictor of disease recurrence and mortality in CRC 

(Mitrovic et al., 2021). 

1.6 The invasive front as a tumour-host interface 

The invasive front is the advancing edge of the tumour, where malignant 

cells meet the non-neoplastic tissues of the host: the stroma, blood and lymphatic 

vessels, and immune cells. It has long been seen as the key interface between 

tumour and host, the region where the factors driving tumour progression and 

spread are concentrated (Zlobec et al., 2009). This distinction from the tumour 

centre is not only conceptual. Within the same tumour, the protein phenotype of 

cancer cells at the invasive front can differ from that of the main tumour body. 

For example, the expression of the anti-apoptotic protein Bcl-2 is significantly 

lower at the invasive front compared to the tumour centre (Karamitopoulou et 

al., 2010). These findings suggest that cancer cells at the invasive front acquire a 

phenotype distinct from and more invasive than those within the main tumour 

body. 

The behaviour of tumour cells at the invasive front can explain this 

difference. At the advancing edge, cancer cells frequently lose part of their 

epithelial organisation and acquire a more migratory phenotype, a process 

associated with epithelial-mesenchymal transition (EMT), in which epithelial cells 

gain mesenchymal characteristics and increased motility (Goossens et al., 2017). 

Histologically, this process is most clearly seen as tumour budding, defined as 

single tumour cells or small clusters of dedifferentiated cells that detach from the 
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main tumour body. Tumour budding is widely considered to represent a partial 

EMT state (Grigore et al., 2016). It is also closely related to the infiltrative growth 

pattern and is mainly observed at the invasive front rather than in the tumour 

centre (Zlobec et al., 2009). Together, these features support the idea that the 

invasive front is the region where invasive and disseminating behaviour is actively 

established. 

The host tissue at the invasive front is not a passive boundary. Tumour 

invasion at the invasive front is accompanied by an activation of the surrounding 

stroma, remodelling of the extracellular matrix, recruitment of immune cells, and 

changes in the local vasculature. These vascular changes are clinically relevant, 

as they have been linked to prognosis and to the development of liver metastasis 

in CRC (Rajaganeshan et al., 2007). Other stromal and immune cells show spatial 

enrichment at the tumour invasive front. For example, activated cancer-

associated fibroblasts, marked by fibroblast activation protein (FAP), are enriched 

at the invasive front relative to the tumour centre (Sandberg et al., 2019), and 

these fibroblasts can actively promote cancer cell invasion from the earliest stage 

of CRC (Dang et al., 2023). 

In addition, the invasive front has been viewed as a dynamic balance 

between pro-tumour factors, such as tumour budding and the infiltrative growth 

pattern, and anti-tumour factors, including the local immune and inflammatory 

response (Zlobec et al., 2009). In keeping with this view, the infiltrative growth 

pattern and a high tumour budding tend to be inversely related to immune 

response at the invasive front (Dawson et al., 2020; Zlobec et al., 2009).  

 Because the invasive front is a combination of the invasive behaviour of the 

tumour and the host response to it, histopathological features assessed at this site 

can provide prognostic information beyond TNM stage (Graham et al., 2015; Keum 

et al., 2012; Rajaganeshan et al., 2007). Several features are assessed at the 

invasive margin, including tumour budding, the growth pattern, and measures of 

the local inflammatory and stromal reaction, such as the Klintrup-Mäkinen grade 

and tumour stroma percentage. The latter two are combined in the Glasgow 

Microenvironment Score, which captures inflammatory and stromal characteristics 

of the tumour microenvironment (Alexander et al., 2021). 
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Despite this recognised importance, the invasive front is often assessed in 

routine practice in relatively broad terms, either through the overall appearance 

of the tumour border or by measuring individual features at this site separately 

such as tumour budding, or stromal content. However, the invasive front 

represents a complex interaction between tumour cells and the host 

microenvironment; it is important to understand what these histological features 

actually reflect in terms of biological significance, especially if they are used for 

prognostication. The following section explains how the invasive front is assessed 

histologically, with particular focus on the tumour growth pattern (TGP). 

1.7 Histological assessment of the invasive front and the 
tumour growth pattern 

The invasive front can be examined histologically at two levels of resolution. 

At high magnification, the focus is on individual tumour cells and their dissociation 

from the main tumour mass at the advancing edge, seen histologically as tumour 

budding (Lugli et al., 2017). At low magnification, the same region is assessed 

more broadly by examining the configuration of the tumour border, which 

indicates how the tumour invades the surrounding tissue (Jass et al., 1996). These 

two levels of resolution are related but not interchangeable. Tumour budding 

captures the detachment of single tumour cells or small clusters from the main 

tumour mass, whereas TGP captures the overall shape of the advancing edge and 

whether the tumour infiltrates the surrounding host tissue. Both features have 

been studied as prognostic markers in CRC (Basile et al., 2022; Unal Kocabey & 

Cakir, 2024), and both can be assessed on routine H&E-stained sections. However, 

they have followed different paths towards clinical standardisation. 

Tumour budding refers to a single tumour cell or small clusters of up to four 

cells located ahead of the main tumour mass at the invasive front and is 

interpreted as a histological correlate of the partial epithelial-mesenchymal 

transition. Among histological features in primary CRC, tumour budding has one 

of the strongest evidence bases for prognostic relevance. Several independent 

cohorts have shown that a higher tumour bud count is consistently associated with 

poorer outcomes (Koelzer et al., 2016; Shah et al., 2022; van Wyk et al., 2016). 

This evidence led to efforts to standardise its assessment, as earlier studies had 

used different definitions and counting methods, making comparisons between 
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studies difficult. The International Tumour Budding Consensus Conference (ITBCC) 

therefore proposed a standardised approach for counting and reporting tumour 

budding, providing a common framework for the field (Lugli et al., 2017). As a 

result, tumour budding has been incorporated into routine pathological reporting. 

In contrast, the architectural TGP of the invasive front has been recognised for 

many years but has not achieved the same level of standardisation.  

The growth pattern at the invasive front was originally described by Jass and 

colleagues as a distinction between pushing and infiltrative margins, as part of a 

broader assessment of invasive growth and lymphocytic infiltration (Jass et al., 

1996). This binary category was later expanded by Morikawa and colleagues into 

a three-tier classification, comprising expansile, intermediate, and infiltrative 

patterns (Morikawa et al., 2012). In that study, the infiltrative growth pattern was 

associated with poorer survival outcomes in CRC. Importantly, this association 

remained significant after adjustment for tumour molecular features, suggesting 

that the growth pattern provides prognostic information beyond a simple 

surrogate for tumour genotype. More recent studies have also shown that the 

infiltrative growth pattern is an independent adverse prognostic factor in stage II 

and III CRC (Tokodai et al., 2016). Taken together, these findings support the view 

that the TGP is a histomorphological prognostic feature in its own right (Koelzer 

& Lugli, 2014). 

Morphologically, a pushing margin presented a broad and cohesive tumour 

front with a relatively well-defined boundary. In contrast, an infiltrative margin 

extends irregularly into the surrounding tissue as small glands or isolated tumour 

cells, producing a poorly defined margin. Both infiltrative growth pattern and high 

tumour budding are considered invasive behaviour characteristics at the tumour 

front and are often associated with one another (Unal Kocabey & Cakir, 2024; 

Wang et al., 2009). However, they are not the same feature. Tumour budding is 

assessed at high magnification by counting single cells or small clusters, while TGP 

is assessed at low magnification and describes the architecture of the invasive 

front. Whether tumour budding and the growth pattern provide overlapping or 

independent prognostic information cannot be determined from their definitions 

alone and is examined in the chapters that follow. 
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Despite its recognised prognostic value, the TGP approach has been 

incorporated into routine pathological reporting far less than tumour budding 

(Koelzer & Lugli, 2014). The main reason is that there is still no single agreed 

approach for assessing it. The original classification by Jass et al. was categorical 

and based on the overall appearance of the invasive margin, leaving room for 

variation between observers (Jass et al., 1996). To make the assessment more 

quantitative, Karamitopoulou et al. proposed estimating the proportion of the 

tumour margin showing infiltrative growth, rather than assigning the whole case 

to a single category (Karamitopoulou et al., 2015).  

These approaches differ in how detailed they are and how much they rely on 

observer interpretation. Because they have been applied in different cohorts using 

different definitions, it remains difficult to determine which method provides the 

most reproducible and prognostically informative assessment of the invasive front 

in CRC. Until this question is answered, the TGP is unlikely to be used widely in 

clinical practice. 

The idea of scoring at the interface between tumour and host tissue is not 

limited to primary CRC. The clearest example is in liver metastases, where the 

same principle has been developed into a formal scoring system. Liver metastases 

show three common histopathological growth patterns, and two rarer patterns, 

and these are assessed on routine H&E-stained sections at the tumour-liver 

interface in the same way as the growth pattern of a primary tumour (van Dam et 

al., 2017). In the same study, among 374 patients with colorectal liver metastases, 

a predominantly desmoplastic pattern was associated with longer overall survival 

than the replacement or pushing patterns, and the replacement pattern remained 

associated with shorter survival after adjustment. The distribution of these 

patterns, and their prognostic value, appear to depend on the tumour type. 

Almost all breast cancer liver metastases show a replacement pattern, while 

colorectal liver metastases can show any of the described patterns (van Dam et 

al., 2017). In liver metastases from neuroendocrine tumours, the pushing pattern 

was the most common, seen in about half of the patients, which is in clear contrast 

to the small proportion reported in colorectal and breast liver metastases, and no 

association was found between growth pattern and either overall or disease-free 

survival in that cohort (Meyer et al., 2023). Similar assessment has been applied 

outside the liver, where the microscopic appearance of the border of resected 
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lung metastases, described as smooth, blurred or irregular, was closely related to 

the presence of aggressive local growth and could be assessed on preoperative CT 

images (Issa et al., 2019). Two points follow from this literature. First, the tumour 

border configuration is a general property of the tumour-host interface rather 

than a feature specific to primary CRC, supporting the view that it reflects an 

underlying biological process rather than an incidental morphological appearance. 

Second, the liver metastases field presents what primary CRC currently lacks: an 

agreed definition, a published scoring guideline, and a formal test of agreement 

between observers. The variation in pattern distribution and prognostic value 

between tumour types indicates that a scoring method developed in one setting 

cannot be assumed to transfer directly to another. 

Interest in the morphology of the invasive front extends beyond the TGP and 

tumour budding. More recently, Stroma AReactive Invasion Front Areas (SARIFA), 

regions at the invasive front where tumour cells are in direct contact with 

adipocytes, have been identified on routine H&E-stained sections and associated 

with adverse outcomes in CRC (Offermans et al., 2024). This demonstrates the 

effort to identify simple and reproducible histological features at the invasive 

front that can provide prognostic information. The practical advantage of these 

features is that they can be assessed on routine H&E-stained sections, which are 

already prepared for every resection specimen, require no additional staining, and 

are readily scalable to routine practice. This accessibility is one reason why 

morphological assessment of the invasive front remains an attractive approach to 

prognostic refinement. 

However, histological assessment at the invasive front only describes the 

appearance but does not explain the biological processes that give rise to that 

phenotype. The TGP alone does not show which cell populations are present at 

the tumour front, how abundant they are, or how they are spatially organised. To 

understand why these morphological patterns are associated with different 

prognoses, it is necessary to look beyond their appearance on H&E sections and 

consider the cellular composition and spatial arrangement of the invasive front 

microenvironment. This is the focus of the following section. 
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1.8 Cellular components of the invasive front tumour 
microenvironment 

The invasive front contains many types of host cells, including fibroblasts, 

immune cells, and the cells lining blood and lymphatic vessels. This section 

focuses on the cell types most relevant to interpreting growth pattern biology and 

most extensively studied at the invasive front of CRC: cancer-associated 

fibroblasts (CAFs), immune cells, and also tumour cells themselves. For each 

component, the aim is to set out what is known about its role at the invasive front 

and where the open questions remain.  

CAFs are a major stromal cell population in the tumour microenvironment. 

They are not a uniform cell type, but a heterogeneous mixture of subtypes with 

different markers and functions (Nurmik et al., 2020; Sahai et al., 2020). Because 

the growth pattern reflects the border configuration between the tumour and the 

surrounding stroma, the cells that build and reshape that stroma are central to its 

biology. As the most abundant stromal cells and the principal remodellers of the 

extracellular matrix, CAFs have been a particular focus in studies of the invasive 

front (Belhabib et al., 2021).  

Identifying CAFs relies on a combination of markers rather than a single one, 

since no marker labels them all. The most commonly used are fibroblast activation 

protein (FAP), alpha-smooth muscle actin (αSMA), and podoplanin (PDPN), which 

mark overlapping but not identical subsets of fibroblasts (Nurmik et al., 2020). 

αSMA identifies contractile, myofibroblast-like CAFs (myCAFs), whereas FAP is a 

cell-surface enzyme involved in reshaping the tissue surrounding the tumour (Xin 

et al., 2021). In addition to remodelling the stroma, CAFs can influence the 

immune cells, and through these combined effects, they may suppress the local 

anti-tumour immune response (Monteran & Erez, 2019). 

The relationship between CAFs and clinical outcomes is complex. A high CAF 

component has been linked to poorer survival outcomes in several cancers (Liu et 

al., 2025; Min et al., 2021), but some CAF subtypes have been associated with 

favourable outcomes (Cords et al., 2024). PDPN positive CAFs have been reported 

as favourable in some studies and unfavourable in others (Pula et al., 2013; 

Yamanashi et al., 2009). This suggests that the prognostic effect of CAFs appears 
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to depend not only on the amount, but also on the subtype composition. FAP-

positive CAFs are of particular interest at the invasive front, as they are more 

abundant there than in the tumour centre and have been linked to a poorer 

prognosis in CRC (Sandberg et al., 2019). However, most of these studies measure 

the number of CAFs rather than their location relative to tumour or immune cells. 

Whether their prognostic effect is determined by abundance, phenotype, or 

spatial arrangement remains unclear, highlighting the importance of 

understanding their organisation at the invasive front. 

Immune cells are another major host component at the invasive front. The 

immune compartment contains many cell types, including macrophages, B cells, 

neutrophils, and lymphocytes, but T-cell infiltration has the most established 

association with CRC outcomes. A higher density of T cells, identified by markers 

such as CD3, is associated with longer survival outcomes (Williams et al., 2024). 

This immune response tends to be weaker where the growth pattern is infiltrative, 

and tumour budding is high, as noted in section 1.2.  

The spatial distribution of immune cells also varies between tumours. In 

some cases, immune cells infiltrate the tumour tissue extensively, while in others 

they remain confined to the tumour edge (Joyce & Fearon, 2015). Mismatch-

repair-deficient tumours, which more often display a pushing border pattern, are 

enriched for immune-cell infiltration (Koelzer & Lugli, 2014). However, immune 

abundance does not necessarily translate into an effective anti-tumour response. 

Why some immune-rich tumours continue to progress remains incompletely 

understood, suggesting that immune-cell function and spatial arrangement may 

be as important as cell number. Tertiary lymphoid structures (TLS) provide a 

further example of this principle, as they indicate that immune organisation, 

rather than immune abundance alone, may carry prognostic information near the 

invasive front, although their precise role in CRC remains under investigation 

(Sautès-Fridman et al., 2019). 

The tumour cells at the invasive front are also important. As described 

earlier, tumour cells at the invasive edge can acquire a more mobile, 

mesenchymal-like phenotype through EMT (Goossens et al., 2017; Grigore et al., 

2016). In the context of TGP, these tumour cell changes are important because 
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they may help explain why some tumour fronts remain broad and cohesive, while 

others break into irregular, infiltrative strands and clusters. 

Across all these cell types, most studies share the same limitation: they 

measure cell abundance but not spatial arrangement. This shows what the invasive 

front is made of, but not how it is put together. A pushing and an infiltrative front 

may contain similar cell types but arranged in different ways. The position of 

CAFs, immune cells, and tumour cells, which are located next to one another, may 

therefore matter as much as their abundance. The next section turns to this 

question of spatial organisation. 

1.9 From cellular density to spatial architecture 

To understand why the spatial organisation of the invasive front may be 

clinically relevant, it is first necessary to consider how its cellular composition has 

been evaluated. For many years, the prognostic significance of the tumour 

microenvironment has been evaluated by counting cells, through measuring the 

density or abundance of specific cell populations. The immune response 

demonstrates an example of this approach. The Immunoscore, which quantifies 

the densities of CD3+ and CD8+ T cells in the tumour centre and tumour invasive 

front, is prognostic in CRC and provides information beyond TNM stage (Galon et 

al., 2006; Pagès et al., 2018). As the first internationally recommended immune-

based prognostic measure for colon cancer, its success reflects a broader 

principle: that the host response carries prognostic value rather than the tumour 

alone (Pagès et al., 2018). Importantly, the Immunoscore recognises that location 

matters by separating the tumour centre and the tumour invasive front. However, 

it captures location at a coarse level rather than the spatial arrangement of cell 

populations inside those regions. 

This highlights a broader limitation of density-based measures. While density 

provides a summary of the overall number of cells within tissue, it does not 

capture how those cells are spatially distributed or positioned relative to one 

another. The same number of cells may be evenly dispersed, arranged in clusters, 

or restricted to the tumour margin, and these different patterns may reflect 

different underlying biology despite identical cell counts. This principle is 

illustrated in Figure 1-1: two fields containing identical numbers of the same two 
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cell types differ only in their spatial relationship, with the cell types occupying 

separate zones in one field and lying in close proximity in the other. This 

distinction is not merely descriptive, but functional. For example, a cytotoxic T 

cell can exert its anti-tumour effect only if it can reach and interact with tumour 

cells. Its position relative to the tumour cells, and not its number alone, helps 

determine whether it can contribute to tumour control. There is no single distance 

that defines a biologically relevant cell-cell interaction, as this depends on the 

cell types and mechanism involved. However, spatial studies within the tumour 

microenvironment can be examined over distances ranging from tens to a few 

hundred micrometres. For instance, in luminal breast cancer, immune-cell 

phenotypes were assessed from 10 to 100 um from the nearest tumour cell in 10-

um intervals, while in head and neck squamous cell carcinoma, a leading-edge 

ecosystem was defined within approximately 200 um of the histological tumour 

border (Hatse et al., 2024; Su et al., 2026). The same reasoning applies to stromal 

and tumour cells. For this reason, attention in the field has shifted from how many 

cells are present to where they are positioned, in other words, from density to 

geometry. In addition, the Immunoscore has been extended to include spatial 

information, incorporating the proximity between CD8+ and PD-L1+ cells, a 

concrete example of this shift (Antoniotti et al., 2022; Moretto et al., 2023). 
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Figure 1-1: Equal density, different spatial organisation.  

Two hypothetical tissue fields contain identical numbers of tumour cells and stromal/immune cells 
(equal composition and density) yet differ in spatial organisation: in the left field, the two cell types 
occupy separate zones, whereas in the right field, they are interspersed in close proximity. 
Abundance and density-based analyses return identical results for both fields. Quantifying this spatial 
dimension, while controlling cell density, is a central aim of this thesis (Chapter 5). 

 

Recent advances in multiplexed imaging technologies and computational 

methods have enabled detailed investigation of the spatial organisation of cells 

within intact tissue. These approaches can capture the positions of multiple cell 

types simultaneously, allowing spatial relationships to be described beyond cell 

abundance alone. Such an organisation can be quantified, for example, by 

measuring the proximity between specific cell populations or by identifying 

cellular neighbourhoods, defined as groups of cell types that are repeatedly found 

together within tissue. 

At the invasive front of CRC, Schürch et al. identified conserved cellular 

neighbourhoods and found that patient outcomes were related to how these 

cellular neighbourhoods were connected, separated, and coordinated across the 

tumour microenvironment, rather than simply to the presence or absence of 

particular cell types (Schürch et al., 2020). These neighbourhoods are defined at 

single-cell resolution and differ in scale from the TGP. They demonstrate the 

broader principle that, at the invasive front, cell arrangement carries prognostic 
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information. The TGP can be viewed as a low-magnification morphological reading 

of the same front. Its prognostic value may reflect differences in the spatial 

arrangement of cells that density-based measurements do not capture. 

The invasive front has been examined spatially in other cancer types. In 

luminal B-like breast cancer, Hatse et al. applied multiplex immunohistochemistry 

(mIHC) on tissue microarrays (TMA) in which tumour centre and the invasive front 

were sampled separately, with the invasive front defined as a band extending 500 

um on either side of the tumour border, and classified tumours as immune desert, 

immune excluded or immune inflamed according to where the cytotoxic T cells 

were located rather than how many cells were present (Hatse et al., 2024). The 

same study related marker expression to the distance from the nearest tumour 

cell, and found that, in older patients, the proportion of helper T cells expressing 

the activation marker OX-40 increased as this distance decreased, indicating a 

difference that would not have been detected by measuring cell density alone 

(Hatse et al., 2024). In head and neck squamous cell carcinoma, Su et al. applied 

spatial transcriptomics to define a leading-edge ecosystem approximately 200 um 

from the histological border, which showed higher expression of genes related to 

EMT, invasion and extracellular matrix remodelling than the tumour centre, and 

in which MMP1-positive fibroblasts were spatially associated with C1QC-positive 

macrophages, which were in turn spatially associated with cytotoxic T cells, while 

the fibroblast themselves were not (Su et al., 2026). These studies indicate that 

the invasive front is treated as a spatially distinct area across cancer types, and 

that fibroblasts are closely involved in how it is organised. However, none of them 

related the spatial organisation described to the low magnification growth pattern 

of the tumour border. 

Although spatial studies of the CRC invasive front have provided important 

insights, most have focused on the immune compartment (Nearchou et al., 2019; 

Schürch et al., 2020; Zwing et al., 2020). The stromal compartment, particularly 

CAFs, remains less well characterised spatially, despite its likely importance in 

shaping tumour-immune interactions and influencing immune exclusion. CAFs are 

also closely related to extracellular matrix remodelling, mesenchymal-like 

biology, and the infiltrative growth pattern. The overlap between the infiltrative 

pattern and stromal enrichment suggests that the spatial organisation of the 



35 

 

stromal compartment at the invasive front is an important but underexplored area 

of CRC biology. 

Altogether, these observations highlight several remaining gaps. First, most 

studies of the invasive front continue to focus on cellular abundance rather than 

spatial organisation, despite growing evidence that prognostic information may be 

encoded in the arrangement of cells within tissue. Second, although spatial 

analyses have increasingly been adopted, they have predominantly examined the 

immune cells, while the stromal compartment and the spatial relationship 

between stromal, immune, and tumour cells remain underexplored. A further gap 

is directly relevant to this thesis: although the prognostic importance of TGP is 

well established, it remains unknown whether the spatial architecture of the 

invasive front differs between pushing and infiltrative patterns. Therefore, it is 

unclear whether the prognostic differences between these patterns reflect 

differences in cellular composition, cellular organisation, or specific spatial 

relationships between tumour, stromal, and immune populations. 

These questions cannot be addressed by a single approach alone. Histological 

assessment can define the TGP, but it does not explain the biological processes 

that underlie it. Bulk transcriptomic analysis can provide broader molecular 

information, but it loses spatial information needed to understand how cells are 

organised within tissue. Conversely, imaging approaches based on a limited 

number of markers can preserve spatial position but provide a more restricted 

view of single-cell protein context. Addressing the questions raised in this section 

requires a multimodal approach that can capture not only which cells are present, 

but also where they are located and how they may communicate across tumour, 

stromal, and immune compartments. The following section describes the 

strategies used in this thesis to integrate these approaches. 

1.10 A multimodal approach to the invasive front 

The question outlined above encompasses morphology, molecular biology, 

and tissue organisation, and cannot be addressed by a single technique. This thesis 

adopts a multimodal, data-driven strategy that links morphological growth pattern 

to its cellular and molecular basis. The analysis begins with the histological 

features itself, then examines its transcriptational, spatial organisation, and 
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potential intercellular communication. Two independent patient cohorts provide 

the framework for this work: the Glasgow Royal Infirmary (GRI) cohort (n = 538), 

used as the test cohort, and the TransSCOT cohort (n = 1,037), used to test the 

reproducibility and prognostic value of the histological findings. 

The first component is the histological assessment of the TGP. Because the 

prognostic question begins with a morphological observation, the growth pattern 

must first be defined in a reproducible way before its underlying biology can be 

examined. To this end, two published scoring approaches, proposed by 

Karamitopoulou et al. and adapted from Taskin et al., are evaluated alongside a 

three-category growth pattern classification, to identify which approach provides 

the most reproducible and prognostically informative reading of the invasive front 

(Karamitopoulou et al., 2015; Morikawa et al., 2012; Taskin et al., 2022). A 

reproducible classification is also required for the subsequent molecular and 

spatial analyses, which depend on consistent growth pattern assignment across 

tumours. This step, therefore, establishes the phenotype that the remainder of 

the thesis aims to explain. However, as a morphological measure, it describes the 

pattern of tumour growth without identifying the biological processes that 

underlie it. 

To investigate this biology, bulk transcriptomics is performed using TempO-

Seq, a targeted, ligation-based assay developed for the degraded RNA 

characteristic of archival formalin-fixed, paraffin-embedded tissue (Trejo et al., 

2019). This assay provides a transcriptome-wide view of genes and biological 

programmes that differ between growth patterns, and computational estimation 

of cell-type composition indicates which cellular compartments contribute to 

these differences. In this way, it identifies candidate populations and pathways 

that subsequent spatial analyses can be guided by, rather than relying on prior 

assumptions. Its principal limitation is that the signal is averaged across all cells, 

so the spatial information needed to understand how those cells are organised 

within the tissue is lost. 

The main question of this thesis, whether the spatial architecture of the 

invasive front differs between TGPs, is addressed using the multiplex 

immunofluorescence (mIF). In contrast to conventional single-marker 

immunohistochemistry, mIF detects several markers simultaneously on the same 
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section while preserving the position of every cell, so that the arrangement of 

tumour, stromal, and immune populations can be quantified rather than only their 

abundance (Hernandez et al., 2021). The markers are selected on the basis of the 

preceding transcriptomic findings, ensuring that the populations examined are 

highlighted by the data. Spatial arrangement is then quantified using the Nearest 

Distance Index (NDI), a measure of the distance between two cell populations 

relative to the distance that would be expected if the same cells were distributed 

at random, allowing two populations to be described as lying closer together or 

further apart than expected by chance. Because it is corrected for cell density, 

the NDI separates spatial arrangement from cell abundance, addressing the 

distinction between how many cells are present and where they are positioned. 

The mIF resolves individual cells but is restricted to a small number of 

markers, and so cannot identify the specific cell states or molecular signals 

associated with the spatial patterns. To extend the analysis towards mechanism, 

compartment-resolved spatial transcriptomics was performed using the GeoMx 

Digital Spatial Profiler, which measures whole-transcriptome expression within 

defined tissue compartments (the tumour epithelium, the αSMA-enriched stroma, 

and the remaining microenvironment) (Van & Blank, 2019). Because the platform 

profiles define regions rather than individual cells, each compartment still 

represents a mixture of cell types, and computational inference is required to 

interpret these measurements. Two complementary methods are applied for this 

purpose. EcoTyper is used to infer the transcriptionally defined cell states present 

within each compartment (Luca et al., 2021), and LIANA is used to infer candidate 

ligand–receptor interactions through which these populations may communicate 

(Dimitrov et al., 2022). Combining these inferences with the spatial measurements 

links the cellular arrangements observed by imaging to the cell states and 

signalling that may contribute to these patterns. 

Taken together, these approaches move from defining the growth pattern, 

to its transcriptional basis, to the single-cell spatial architecture of the invasive 

front, and finally towards the cell states and intercellular signalling that may 

underlie it. Each addresses a limitation of the one before, and together they 

intend to determine not only which cells are present at the invasive front, but 

where they are located and how they may interact. The specific aims and 

objectives that follow from this strategy are set out in the next section. 
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1.11 Hypothesis and aims 

The preceding sections described the TGP as a histological feature of the 

invasive front that has been associated with patient outcome and noted that most 

studies of the invasive front have characterised which cells are present and in 

what numbers rather than how those cells are arranged in space. It remains 

unclear whether any prognostic differences between growth patterns reflect 

differences in cellular composition, cellular organisation, or specific spatial 

relationships between tumour, stromal, and immune populations.  

The central hypothesis of this thesis is that the spatial arrangement of cells 

at the invasive front, rather than their abundance or composition alone, 

distinguishes pushing from infiltrative growth patterns and carries prognostic 

information beyond that captured by cell counts. A related proposition is that the 

growth pattern is unlikely to be a passive readout of the tumour’s underlying 

genetics alone, but may instead reflect how tumour, stromal, and immune cells 

are organised relative to one another at the advancing edge. These propositions 

cannot be examined by a single technique, and the thesis addresses them through 

the sequential, multimodal strategy described above, moving from the 

morphological definition of the growth pattern to its cellular composition, spatial 

organisation, and the cell states and signalling that may accompany it. 

To address this hypothesis, the thesis pursues four linked aims, addressed in 

turn across Chapters 3 to 6: 

1. To establish a reproducible and prognostically significant histological 

assessment of the TGP at the invasive front, by comparing three scoring 

approaches for their interobserver reproducibility and association with 

survival and validating the selected method in an independent cohort. 

2. To characterise the transcriptional differences between infiltrative and 

pushing growth patterns.  

3. To determine whether the spatial architecture of the invasive front differs 

between growth patterns, and whether the spatial relationships between 
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tumour, stromal, and immune populations are associated with survival 

independently of established clinicopathological features. 

4. To explore the cellular states and ligand-receptor signalling that may 

accompany the spatial organisation of the invasive front, by integrating 

spatial transcriptomics with the inference of cell states and ligand-receptor 

interactions. 

1.12 Thesis structure 

The overall analysis strategy of this thesis is summarised in Figure 1-2. 

Chapter 2 describes the materials and methods common to the work, including 

the two patient cohorts on which it is based: the Glasgow Royal Infirmary (GRI) 

test cohort and the independent TransSCOT validation cohort. Chapters 3 to 6 

present the empirical work in turn, progressing from the histological definition of 

the growth pattern to its transcriptional, spatial proteomic, and spatial 

transcriptomic characterisation, as set out in the aims above. Chapter 7 draws 

these findings together and considers their biological and clinical implications, 

limitations, and directions for future research. 
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Figure 1-2: The workflow of the overall analysis strategy of this thesis 
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Chapter 2 Materials and Methods 

2.1 Samples and cohorts 

2.1.1 Glasgow Royal Infirmary (GRI) test cohort 

The test cohort included patients with stage I-III primary CRC who underwent 

surgical resection at Glasgow Royal Infirmary between 1997 and 2013. A total of 

787 patients were identified. Patients who received neoadjuvant radiotherapy 

were excluded from this study because it can disrupt tissue architecture and may 

affect tumour border configuration at the invasive front (Hav et al., 2015). 

Patients who died within 30 days of surgery were excluded to minimise the impact 

of surgery-related deaths that may reflect operative complications rather than 

tumour-related prognosis. In total, 538 patients were included in this test cohort. 

This retrospective study was approved by the West of Scotland Research Ethics 

Committee (16/WS/0207). 

Tumour stage was assessed using a standard report, the 5th edition of the 

AJCC/UICC TNM staging system. During the long recruitment period, survival 

outcomes may have been influenced by temporal changes in clinical practice, such 

as advances in staging, surgical management, and adjuvant treatment. Therefore, 

the calendar period was assessed as a covariate in the survival analyses, with 

patients grouped into three predefined periods: 1997-2003, 2004-2008, and 2009-

2013. 

Clinicopathological features, including age, sex, tumour site, and use of 

adjuvant therapy, were collected from clinical records. Pathological variables 

were extracted in line with the RCPath colorectal cancer datasets used at the 

time of reporting, including tumour differentiation, resection margin 

involvement, venous invasion, perineural invasion, tumour perforation, and 

peritoneal involvement. 

Tumour budding had previously been scored by Dr Phimmada Hatthakarnkul 

using the recommendations of the International Tumour Budding Consensus 

Conference 2016. In brief, tumour budding was evaluated at the invasive front and 

grouped into low budding (0-9 buds) and high budding (≥10 buds). 
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Tumour microenvironment assessments in the GRI cohort, including Klintrup–

Mäkinen grade (KM), tumour stroma percentage (TSP), and the Glasgow 

Microenvironment Score (GMS), were scored by Peter G. Alexander and Kathryn A. 

F. Pennel, as previously described (Alexander et al., 2021).  

The KM score was applied to evaluate the inflammatory reaction at the 

invasive front and was classified as low (absent or weak inflammation) or high 

(moderate or prominent inflammation). 

TSP was assessed as the proportion of tumour-associated stroma within the 

tumour centre and grouped into low and high categories. Low TSP was defined as 

≤50% stroma, while high TSP was defined as >50% stroma. 

GMS was a combination of KM and TSP scores. High KM and any TSP scores 

were assigned to GMS 0. Low KM and low TSP scores were assigned to GMS 1. Low 

KM and high TSP scores were assigned to GMS 2. 

2.1.2 TransSCOT validation cohort 

The TransSCOT cohort consisted of patients with high-risk stage II or stage III 

CRC who received adjuvant chemotherapy as part of the SCOT trial between 2008 

and 2013 (ISRCTN No. 59757862). All the eligibility criteria have been described 

previously (Iveson et al., 2018). Briefly, patients aged 18 years or older who had 

undergone surgical resection were included. Patients who had received previous 

long-course chemoradiotherapy were excluded. For rectal cancer patients, total 

mesorectal excision (TME) surgery was required, with negative resection margins, 

defined as a clearance of greater than 1mm from tumour. All patients were 

treated with adjuvant chemotherapy (FOLFOX or CAPOX) for 3 or 6 months, 

assigned randomly. With 2,912 tissue samples available, whole-section H&E-

stained images were reviewed using a selected tumour border configuration 

method from the GRI test cohort. In total, 1,037 samples were successfully scored. 

Clinical data was collected as previously described (Iveson et al., 2018). 

Tumour stage was assessed according to the 7th edition of the TNM classification. 

Tumour microenvironment assessments in the TransSCOT cohort, including KM, 

TSP, and GMS, were assessed using the same approach as described in the GRI 
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cohort. The selected approach from the GRI cohort (TGP method) was applied to 

validate in the TransSCOT cohort. 

2.2 Histological assessment of tumour border 
configuration 

2.2.1 Haematoxylin and Eosin (H&E) staining 

Tumour sections of 5µm thickness were deparaffinised in Histoclear (Agar 

Scientific, Essex, UK) for three 3-minute washes and rehydrated through graded 

alcohols: two 3-minute washes in 100% ethanol, followed by 3 minutes each in 

95%, 90%, 80%, 70%, 50%, and 30% ethanol. Sections were then washed in deionised 

water for 5 minutes and stained with Harris haematoxylin for 3 minutes. After 

rinsing in water for 5 minutes, slides were differentiated in acid alcohol (3% HCl 

in 70% ethanol) for 3 seconds and rinsed again in water for 2 minutes. Sections 

were then counterstained with eosin for 30 seconds before dehydration through 

graded alcohols: 2 minutes each in 30%, 50%, 70%, 80%, 90%, and 95% ethanol, 

followed by two 2-minute washes in 100% ethanol. Slides were cleared in 

Histoclear for three 3-minute washes, mounted using DPX mounting medium 

(distyrene, plasticiser and xylene), and left to dry overnight. Stained sections 

were scanned at 20× magnification using a Hamamatsu NanoZoomer (Hamamatsu, 

Hertfordshire, UK), and images were viewed using NDP.view software. Staining 

was performed by Dr Jennifer Hay at the Glasgow Tissue Research Facility (GTRF). 

2.2.2 Assessment of tumour border configuration at the 
invasive front 

The whole H&E-stained section was reviewed to evaluate the tumour border 

configuration at the invasive front. Three scoring approaches were applied: the 

Karamitopoulou percentage-based method, the adapted Taskin infiltration scale 

method, and the TGP classification. The scoring approach for each method is 

described below. 

2.2.2.1 Karamitopoulou method 

The invasive front was scored by the infiltrating percentage (Karamitopoulou 

et al., 2015). A completely pushing border was scored as 0%. An infiltrative 



44 

 

component was estimated in 5% increments, and cases were then categorised into 

two groups: low (≤50% infiltrative score) and high (>50% infiltrative score). 

Representative images are shown in Figure 2-1. 

 

Figure 2-1: Representative H&E images of the Karamitopoulou scoring system at the invasive 
front of primary colorectal cancer.  

The percentage of infiltrative growth is scored in 5% increments from 0% to 100%. (A) 0; (B) 50%; 
(C) 100%  

 

A 

B 

C 
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2.2.2.2 Adapted Taskin method 

This method uses a five-point scale to assess the degree of tumour border 

irregularity, tumour-cell clustering, and spread into the peritumoural tissue 

(Taskin et al., 2022). Score 1 indicates a well-demarcated tumour border. Score 2 

indicates a mildly irregular tumour border, with tumour-cell clusters close to or 

connected to the main tumour. Score 3 represents larger tumour nodules or 

irregular tumour borders and small clusters extending near the peritumoural area. 

Score 4 represents small clusters spread more into the peritumoural area but these 

remained close to the main tumour. Score 5 represents loss of a clear tumour 

border, with multiple clusters located further away from the main tumour. 

Patients were finalised and grouped into two groups: low (score 1-3) and high 

(score 4-5). Representative images are shown in (Figure 2-2). 
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Figure 2-2: Representative H&E images of the invasive front scored using the Adapted Taskin 
method. (A) Score 1; (B) Score 2; (C) Score 3; (D) Score 4; (E) Score 5 

 

2.2.2.3 Tumour growth pattern method 

This method is generally classified into three categories: pushing, 

intermediate, and infiltrative (Morikawa et al., 2012). A pushing growth pattern 

was assigned when the invasive front was well circumscribed and clearly separated 

from the surrounding tissue. An intermediate growth pattern was assigned when 

the invasive front was irregular and showed invasion of medium- or large-sized 

glands. An infiltrative growth pattern was assigned when small glands or tumour 

clusters invaded the surrounding tissues diffusely, with no clear tumour border. 

Where more than one growth pattern was present along the invasive front, the 

predominant pattern, defined as that occupying the greatest proportion of the 

front, was recorded. Representative images are shown in (Figure 2-3). 

A B 
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Figure 2-3: Representative H&E images of the invasive front scored using the tumour growth 
pattern (TGP) method. (A) Pushing growth pattern; (B) Intermediate growth pattern; (C) Infiltrative 
growth pattern  

 

2.2.3 Interobserver assessment (IOA) 

To evaluate the reproducibility of the scoring, H&E-stained sections from 55 

patients (approximately 10% of the GRI test cohort) were randomly selected for 

interobserver assessment by three observers: Christopher Bigley (CB), Ashley 

McCulloch (AM), and Walaiphorn Woraharn (WW). The selection of a subset of 

approximately 10% for interobserver assessment was based on approaches used in 

previous studies, in which a proportion of cases was independently co-scored to 

A 

B 
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assess scoring reproducibility (Park et al., 2016; van Wyk et al., 2016). The 

selected cases were initially scored independently by each observer. Cases with 

discrepant scores were reviewed and discussed to clarify the interpretation of the 

scoring criteria. Following this discussion, the observers independently rescored 

the cases, and these final independent scores were used to calculate interobserver 

agreement. Interobserver agreement for the Karamitopoulou method was assessed 

using the intraclass correlation coefficient (ICC), as it yields a continuous 

percentage score (Koo & Li, 2016). Agreement for the adapted Taskin scale and 

TGP classification was assessed using weighted kappa, as both were considered 

ordered categorical assessments of increasing tumour-border disruption (Landis & 

Koch, 1977). 

2.3 Study endpoints and statistical analysis 

2.3.1 Study endpoints  

In the GRI test cohort, overall survival (OS) was measured from the date of 

surgery until the date of any cause of death or censoring. Cancer-specific survival 

(CSS) endpoint was measured from the date of surgery to colorectal cancer-

related death. 

In the TransSCOT validation cohort, disease-free survival (DFS) was used as 

the endpoint starting from the date of randomisation, or trial registration for 

patients who were randomised after the first 3 months of therapy, to relapse, 

development of a new colorectal cancer, or death from any cause. 

The endpoints available differed between the two cohorts. In the GRI test 

cohort, OS, CSS and DFS were available. CSS was selected as the principal outcome 

because the primary hypothesis concerned the association between tumour border 

morphology and CRC-related mortality. OS was analysed in parallel, whereas DFS 

was not prioritised because its composite definition includes death from any 

cause. In the TransSCOT validation cohort, CSS was not available, and DFS was  

therefore used as the disease-related outcome. As CSS and DFS capture different 

clinical events, the TransSCOT analysis was used to assess whether the prognostic 

association of TGP could be reproduced in an independent cohort rather than as 

a direct validation using an identical endpoint.  
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2.3.2 Statistical analysis 

Statistical analyses were performed using SPSS version 28.0. Associations 

between categorical clinicopathological variables and scoring groups were 

calculated using the Chi-square test. The Kaplan-Meier curves were compared 

using the log-rank test. Univariable Cox regression was performed to estimate 

hazard ratios (HRs) and 95% confidence intervals (CIs). The significant variables 

from univariable analysis were then entered into the multivariable Cox regression 

analysis using a backward conditional model.  

2.4 TempO-Seq transcriptomic profiling 

2.4.1 Selection of TGP groups for TempO-Seq transcriptomic 
analysis 

The intermediate cases were excluded from the transcriptomic comparison 

because they contained mixed tumour-border features. The analysis was 

restricted to pushing and infiltrative tumours to maximise the biological contrast 

between the two morphologically distinct ends of the TGP spectrum. 

2.4.2 TempO-Seq assay 

TempO-Seq library preparation and sequencing was performed using the 

Human Whole Transcriptome v2.0 panel (BioSpyder Technologies, Carlsbad, CA). 

The TempO-Seq design removes the need for RNA extraction or reverse 

transcription and tolerates the degraded RNA typical of FFPE specimens (Trejo et 

al., 2019). 

An FFPE full section was scraped from the slide, and lysis buffer was added. 

The sample was then overlaid in mineral oil and heated, prior to being lysed with 

a protease mix and combined with a mixture of detector oligonucleotides (DOs). 

DOs are designed as pairs that anneal in immediate juxtaposition to one another 

on the target RNAs, and ligated. Amplification of the ligated oligonucleotides was 

then performed by PCR using a unique primer set for each sample, which 

introduced a sample-specific barcode and Illumina sequencing adaptors. Barcoded 

samples were pooled into a single library and sequenced on an Illumina HiSeq 2500 

High Output v4 flow cell. Sequencing reads were demultiplexed using BCL2FASTQ 



50 

 

software (Illumina, USA). FASTQ files were then aligned to the Human Whole 

Transcriptome v2.0 panel, which consists of 22,537 probes, using STAR (Trejo et 

al., 2019), allowing up to two mismatches in the 50-nucleotide sequencing read 

and producing BAM files. Raw gene counts were subsequently generated from the 

BAM files using featureCounts. 

2.4.3 Pre-processing of TempO-Seq data and downstream 
analysis 

Samples with total counts lower than 0.25 standard deviations (SD) below 

the mean total count across all samples were excluded. At the gene level, probes 

with variance below the 25th percentile across samples were removed as non-

informative, while the more variable probes were retained for downstream 

analysis. Where multiple probes targeted the same gene, counts were summed 

prior to differential expression analysis. Batch effects were then addressed using 

the ComBat function from the SVA package in R version 4.4.2. Batch-corrected 

counts were then normalised using DESeq2.  

2.4.3.1 The principal component analysis (PCA) and differential gene 
expression analysis (DGE) 

The principal component analysis (PCA) plot was performed using 

normalised counts as input in the prcomp function. The differential gene 

expression (DGE) analysis was then performed between infiltrative and pushing 

growth patterns using raw counts as input in the edgeR package. The results were 

considered as differentially expressed based on the adjusted p-value (FDR) < 0.05, 

and an absolute log2 fold change ≥ 1 criteria. Finally, a Venn diagram was 

generated to visualise and identify the intersection between significantly up-

regulated genes in infiltrative compared to pushing growth patterns and the five 

common CAF markers. 

2.4.3.2 Gene Set Enrichment Analysis (GSEA) and Cell deconvolution by 
MCPcounter 

Gene Set Enrichment Analysis (GSEA) was conducted using clusterProfiler 

package for the Hallmark and Gene Ontology Biological Process (GO: BP) gene 

sets. Then, genes were ranked by log2 fold-change. Normalised enrichment scores 

(NES) were calculated, and a false discovery rate (FDR) <0.05 was considered 



51 

 

significantly enriched. The MCPcounter package was utilised using normalised 

counts to estimate cell type in the tumour microenvironment (TME). Differences 

in cell population scores between infiltrative and pushing growth patterns were 

evaluated using the non-parametric Wilcoxon test and p<0.05 was considered as 

statistically significant.  

2.4.3.3 Consensus molecular subtype classification 

CMS classification was performed using CMSclassifier. Samples assigned to one 

of the four CMS subtypes (CMS1-4) were included in the analysis, while samples 

reported as not classified were excluded. The proportion of CMS subtypes was 

then compared between TGPs using Pearson’s chi-squared test. 

2.4.3.4 Genes of interest comparison  

The log2 Counts Per Million (log2CPM) expression of common CAF markers 

(ACTA2, PDPN, PDGFRA, FAP, and S100A4) and EMT markers (CDH1, CTNNB1, 

SNAI1, ZEB2, FSCN1, TWIST2, and SOX9) were compared between infiltrative and 

pushing growth patterns using the Wilcoxon test and p<0.05 was defined as 

statistically significant. 

2.5 Immunohistochemistry of EMT markers 

Immunohistochemistry (IHC) for E-cadherin, β-catenin, SOX9, ZEB1, TWIST1 

and Snail had previously been performed and scored on the Glasgow Royal 

Infirmary (GRI) tissue microarrays (TMAs) as part of a separate study by Dr Amna 

Matly (AM) (Matly, 2024), and the resulting histoscores were used in the present 

work; the methods are summarised here, with full protocols reported in Matly 

(2024). 

Antibodies were validated by Western blot and optimised prior to staining, 

which was carried out by AM. Stained TMAs were digitised by Dr Hannah Morgan 

(GTRF, Queen Elizabeth University Hospital) on a Hamamatsu NanoZoomer scanner 

and assessed at 20× magnification, with cores included where tumour cellularity 

exceeded 20% of the core area. Tumour-cell expression was quantified using the 

weighted histoscore method, which sums the percentage of cells at each staining 
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intensity, weighted by intensity (0–3+), yielding a continuous score from 0 to 300 

weighted histoscore units (WHU). 

Scoring was performed digitally using QuPath (ZEB1, TWIST1 and Snail) and 

Visiopharm Oncotopix (E-cadherin, β-catenin and SOX9), by AM, Dr Christopher 

Bigley and Matthew McFarlane. To confirm reliability, 10% of cores were 

independently co-scored by a second, blinded observer (AM or Dr Jean Quinn), 

with inter-observer agreement assessed by intraclass correlation coefficient (ICC 

> 0.6) and visualised using Bland–Altman and scatter plots. For survival analysis, 

each marker was dichotomised into low and high expression using a cut-point 

derived from the maximally selected rank statistic for cancer-specific survival (R 

packages survminer and maxstat).  

For the present analysis, the pre-existing scoring data low or high 

expression categories (derived from the weighted histoscores described above) 

were re-analysed by TGP. The proportion of cases with high versus low expression 

was compared between infiltrative and pushing TGPs using the chi-squared test, 

with p < 0.05 considered statistically significant.  

2.6 Multiplex immunofluorescence 

2.6.1 Staining 

All multiplex staining steps were performed by Kara Luckett, a member of 

the John Le Quesne laboratory. Five different markers of a multiplex 

immunofluorescent assay were applied to six 4µm thick sections of human 

colorectal cancer tissue microarrays by Ventana Discovery Ultra autostainer 

(Roche Tissue Diagnostics, RUO Discovery Universal V21.00.0019). Heat-induced 

epitope retrieval was performed on sections using CC1 (Roche Tissue Diagnostics, 

06414575001) for 32 minutes at 95°C. Then, the antibodies were performed on 

the following sequential steps, as shown in Table 2-1 
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Table 2-1: All antibodies for multiplex staining  

 

Before SMA staining, goat Ig block (Roche Tissue Diagnostics, 07988214001) 

was applied for 12 minutes to prevent cross-reactivity between same mouse 

primary antibodies from a previous step. For Pan-CK staining, TSA-DIG (Akoya 

Bioscience, FP1502001KT) at 1:100 was stained for 12 minutes followed by Opal 

780 (Akoya Bioscience, FP1501001KT) at 1:10 for 1 hour. The last step was the 

DAPI nuclear staining. Before slides scanning, all sections were mounted using 

ProLong Diamond antifade mountant (Thermo Fisher Scientific, P36970).  

For the negative control, the same staining protocol was used on human 

CRC tissue sections and control CRC TMA sections with isotype-matched negative 

control antibodies: CONFIRM Negative Control Rabbit Ig (Roche Tissue Diagnostics, 

760-1029) and Negative Control Mouse Monoclonal Antibody MOPC-211 (Roche 

Tissue Diagnostics, 760-2014).  

The mIF panel was designed primarily to identify tumour cells, T cells and 

major CAF phenotypes. Although CD34 is commonly used as a vascular marker in 

conventional immunohistochemistry, it was not included in the present panel. 

Step Antibody Clone Species Supplier Dilution 
/ Time 

Secondary Detection 

1 Podoplanin 
(PDPN) 

D2-40 Mouse Roche RTU / 32 
min 

OmniMap 
Ms HRP  
(12 min) 

CY5 (12 min) 

2 FAP F1A4G Rabbit Cell 
Signaling 

1:25 / 60 
min 

OmniMap Rb 
HRP  
(12 min) 

Rhodamine 6G 
(20 min) 

3 SMA 1A4 Mouse Roche RTU / 32 
min 

OmniMap 
Ms HRP  
(12 min) 

FAM (8 min) 

4 CD3 2GV6 Rabbit Roche RTU / 32 
min 

OmniMap Rb 
HRP  
(16 min) 

Red 610  
(60 min) 

5 Pan-CK AE1/AE3 Mouse Leica 1:250 / 
28 min 

OmniMap 
Ms HRP  
(12 min) 

Opal 780  
(60 min) 
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2.6.2 Image acquisition 

Whole slide images were acquired at 20x magnification using the Akoya 

PhenoImager HT (Akoya Biosciences, software version HT 2.1.0). Images were 

spectrally unmixed using inForm software (Akoya Biosciences, version 3.1) to 

separate the fluorescent signals of each marker channel and remove tissue 

autofluorescence. Image quality was reviewed by Silvia Martinelli. Unmixed 

images were then imported into Visiopharm (Oncotopix Discovery, Visiopharm 

A/S, Hørsholm, Denmark; version 2021.02.5.10297) for downstream image 

analysis. 

2.6.3 Image analysis 

The image analysis pipeline consisted of 3 Application Protocol Packages 

(APPs), tissue segmentation, cell detection, and marker classification, 

respectively, using Visiopharm software (version 2021.02.5.10297). The six TMA 

slides comprised 262 TMA cores at the invasive margin of primary CRC from the 

GRI cohort. 

2.6.3.1 Tissue segmentation 

The APP was adapted from a previously established APP by Rachel L. Baird 

of the John Le Quesne laboratory. This APP applied the deep learning algorithm 

to classify tissue compartments into the following: tumour, stroma, necrosis, and 

background. 

Representative TMA cores were drawn for training. Then, the deep learning 

model was trained iteratively as follows: different areas were annotated, then the 

model was retrained. The APP was trained for approximately 1 million iterations. 

Post-processing steps were applied to remove miscellaneous tissue labels smaller 

than 3 μm and separate merged nuclei where two cells were detected as a single 

cell. The final APP was applied to all TMA cores, and approximately 20% were 

reviewed by a pathologist, Kai Rakovic. 
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2.6.3.2 Cell detection 

The cell detection APP established by Rachel L. Baird was applied. The APP 

was trained using U-Net deep learning. An iterative training process was 

performed: annotate, train APP, run on example cores, correct U-Net annotations, 

and retrain. Post-processing steps included removing objects smaller than 5 µm as 

they might be artefacts or debris. Then, 20% of all core images were reviewed by 

a pathologist Kai Rakovic, and the cells were correctly detected. 

2.6.3.3 Marker classification and data export 

Following cell detection, each cell was labelled based on the fluorescence 

intensity of each marker channel within the whole-cell label. Intensity thresholds 

were set for each marker to classify cells as positive or negative, determined by 

a pathologist, Kai Rakovic, across multiple TMA cores. Thresholds were applied 

consistently across all images. For each cell, the following data was exported: 

positivity status for each marker (CK, CD3, SMA, PDPN, FAP), XY coordinates, 

tissue compartment, and mean marker intensities. Cell phenotyping was then 

performed in R. 

2.6.4 Cell phenotyping 

Cells were phenotyped separately within each core using a combination of 

marker positivity and DBSCAN-based spatial clustering in R. CK-positive cells were 

classified as tumour cells, while CD3-positive cells were classified as T 

lymphocytes. These classifications were assigned first and were prioritised over 

all subsequent stromal categories. 

αSMA is expressed by both vascular smooth muscle and fibroblasts, while 

PDPN is expressed by both lymphatic endothelial cells and fibroblasts. Therefore, 

marker positivity alone was not sufficient to distinguish vessel-associated cells 

from fibroblasts. To separate these populations, αSMA-positive cells and PDPN-

positive cells were each classified as vessel-associated only if they fulfilled three 

criteria. 

First, the cell had to be located within a dense spatial cluster, identified 

separately within each core using DBSCAN and required to contain a minimum of 
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cells as shown in Table 2-2. This criterion reflected the close, contiguous 

arrangement of cells within vessel walls. 

Second, the cluster had to show a narrow, tubular morphology rather than 

a broad sheet-like arrangement, therefore, its minor-axis width had to fall below 

predefined threshold as shown in Table 2-2. This helped distinguish thin vessel-

wall structures from dense stromal regions. Third, the cell had to be negative for 

FAP and negative for the alternative vessel-associated marker: αSMA-defined 

vessel cells had to be PDPN-negative, and PDPN-defined vessel cells had to be 

αSMA-negative. This was because FAP was used to identify fibroblasts. Cells that 

did not meet all three criteria were retained within the CAF category. 

Table 2-2: Settings applied to identify vessels 

Step Setting αSMA 
Podoplanin 

(PDPN) 

Dense cluster (DBSCAN) Search radius 40 µm 50 µm 

Dense cluster (DBSCAN) minimum points (minPts) 5 5 

Cluster size smallest cluster kept Over 10 cells Over 5 cells 

Shape 
widest allowed (shorter 
direction) 

180 µm 180 µm 

 

Cluster width was measured along the shorter axis of each cluster using 

principal component analysis. The width threshold was then selected by 

comparing the identified clusters with the corresponding mIF images.  

The remaining cells positive for αSMA, FAP, or PDPN were assigned to CAF 

subtypes according to their marker expression profile: αSMA only, FAP only, PDPN 

only, αSMA+FAP+, αSMA+PDPN+, FAP+PDPN+, or αSMA+FAP+PDPN+. Cells 

negative for all three markers were classified as other. These phenotype labels 

were then used in the downstream spatial analyses. 

Lacking endothelial and smooth muscle-specific markers, CD31 and desmin, 

respectively, αSMA-positive vessels and smooth muscle cells could not be 

distinguished from αSMA-positive fibroblasts. Therefore, vessels within dense 
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stroma or captured in cross-section were often merged with surrounding 

fibroblasts and not identified as separate structures. The αSMA-positive, FAP-

negative populations (αSMA only CAFs) may therefore include non-fibroblast cells, 

particularly vascular smooth muscle cells and, where present, smooth muscle from 

the bowel wall. As these cells are FAP-negative, any misclassification would be 

limited to the αSMA-only CAF subtype and would not affect the prognostic 

endpoints based on FAP or combined αSMA+FAP+ expression. Therefore, the 

αSMA-only CAF subtype was interpreted with caution. One representative core is 

shown to illustrate the output of the phenotyping pipeline in Figure 2-4. 
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B 

A 

 

Figure 2-4: Representative example of the cell phenotyping output in a single core. (A) 
Multiplex immunofluorescence image (markers in the colour key). (B) The same core plotted in R, 
with its assigned phenotype following the rules in Section 2.6.4. 

 

CD3+ 
SMA+ 

FAP+ 
CK+ 
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2.6.5 Downstream analysis 

2.6.5.1 Cell composition 

Cell compositions were compared between pushing and infiltrative growth 

patterns. Each patient consisted of 2-3 TMA cores, and the phenotype of each core 

was calculated as the number of cells of that phenotype divided by the total 

number of cells within a core. A zero count was assigned when no cells of that 

phenotype were present.  

Cell compositions at the core level were then summarised at the patient 

level by calculating the median composition across all cores within each patient. 

The Wilcoxon rank-sum test was applied to test the differences between pushing 

and infiltrative growth patterns compositions. P-values were adjusted for multiple 

comparisons using the Benjamini-Hochberg (BH) method, and an adjusted p-value 

of less than 0.05 was considered statistically significant. 

2.6.5.2 Cell density 

Cell density was calculated as the total number of cells divided by the total 

tissue area. The tissue area of each core was estimated from the range of X and 

Y cell coordinates, calculated by multiplying the horizontal and vertical span, and 

converted to mm². Core-level cell counts and areas were then combined at the 

patient level by summing the total cell counts and total tissue areas across all 

cores for each phenotype. A zero count was assigned when no cells of that 

phenotype were present. 

The Wilcoxon rank-sum test was applied to test the differences between 

pushing and infiltrative growth pattern densities. P-values were adjusted for 

multiple comparisons using the Benjamini-Hochberg (BH) method, and an adjusted 

p-value of less than 0.05 was considered statistically significant. 

2.6.5.3 Nearest distance index (NDI) 

The NDI was calculated using the spatstat package in R. For each TMA core, 

the median nearest-neighbour distance from cell A to the nearest cell B was 

calculated (r_obs) and compared to the expected median distance under complete 

spatial randomness (r_exp), calculated as: 
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𝑟_𝑒𝑥𝑝 = √
𝑙𝑛2

𝜋 ×  𝜆_𝐵
 

where λ_B is the density of cell B within the observation window, defined 

as the number of B cells divided by the total area of the core. The NDI was then 

calculated per core as: 

𝑁𝐷𝐼 = log2(
𝑟_𝑜𝑏𝑠

𝑟_𝑒𝑥𝑝
) 

Core-level NDI values were subsequently summarised at the patient level 

by taking the median across all cores (2–3 per patient) for each NDI metric. 

NDI was used in preference to the raw nearest-neighbour distance, which 

is strongly affected by the density of the target cell population and so cannot, on 

its own, distinguish a genuine difference in how closely the two cell types lie to 

one another from a simple difference in cell numbers (Figure 2-5). 

 

Figure 2-5: Schematic showing how the Nearest Distance Index (NDI) removes the effect of 
cell density. On the left, cell B is sparse, and the raw nearest-neighbour distances are long; on the 
right, cell B is dense, and the same distances are short. NDI reflects how closely cells lie to one 
another, not how many are present. Figure created by BioRender. 
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For the NDI interpretation, Table 2-3 summarises the meaning of NDI 

values. A positive NDI indicates that cells A and B are located further apart than 

expected, suggesting a spatial exclusion. A negative NDI indicates that cells A and 

B are located closer than expected, suggesting co-localisation. A zero NDI 

indicates that the spatial relationship between cell A and B does not differ from 

randomness. 

Table 2-3: The NDI interpretation 

NDI value Meaning Spatial pattern 

NDI < 0 Closer than 
expected 

Cell A and B are nearer to each other than 
random placement would predict 

NDI = 0 As expected by 
random 

No spatial preference: distance matches what 
random distribution predicts 

NDI > 0 Further than 
expected 

Cell A and B are further apart than random 
placement would predict 

 

In this thesis, the NDI is treated as a continuous measure. A higher NDI 

means greater separation between cells A and B. The TGPs are compared on this 

scale, so a higher NDI in one pattern means A and B lie further apart in that pattern 

than in another, even when both NDI values are positive. 

2.6.5.4 NDI comparison between tumour growth patterns 

NDI values were then compared between infiltrative and pushing growth 

patterns using linear regression, adjusting for log-transformed target cell density 

to account for differences in cell density across patients. P-values were adjusted 

for multiple comparisons using the Benjamini-Hochberg (BH) method, and an 

adjusted p-value of less than 0.05 was considered statistically significant. 

2.6.5.5 Survival analysis 

Each NDI metric was separated into two groups, high and low, using the 

maximally selected rank statistic method (MaxStat). This method identifies the 

optimal cutpoint that results in the most significant difference in cancer-specific 

survival between the two groups. A minimum proportion of 20% was required to 

prevent either group from containing too few patients. 
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Univariate Cox regression was performed for each NDI metric, including 

clinicopathological variables such as tumour budding, age, TGP, T stage, and N 

stage. Variables that were significant (p <0.05) in univariate analysis were then 

entered into a multivariate Cox regression. Backward stepwise selection was 

applied. All survival analyses used cancer-specific survival (CSS) as the endpoint. 

2.7 GeoMx spatial transcriptomics 

2.7.1 Sample selection 

GeoMx spatial transcriptomic profiling was performed on formalin-fixed 

paraffin-embedded (FFPE) CRC tissue microarray (TMA) sections derived from the 

invasive front of primary tumours. Each TMA block included internal control tissue 

cores, including a normal colon tissue. A total of 2 TMA slides were included in 

the analysis, comprising 51 cases, of which 31 were classified as infiltrative and 

20 as pushing growth patterns. 

2.7.2 GeoMx Whole Transcriptome Atlas (WTA) workflow 

The overall GeoMx workflow used in this study is summarised in Figure 2-6, 

including morphology-guided ROI selection, compartment-specific tissue 

segmentation, UV-mediated barcode cleavage, oligonucleotide collection, and 

sequencing-based transcriptomic readout. 

FFPE TMA sections were processed according to the manufacturer’s protocol 

for the GeoMx Whole Transcriptome Atlas (WTA) assay. Tissue sections were 

stained with fluorescent markers for morphology, including pan-cytokeratin (CK) 

and alpha-smooth muscle actin (αSMA), to visualise tissue architecture and guide 

spatial profiling. In parallel, barcoded RNA probes were hybridised to RNA targets 

in situ to enable transcriptomic profiling. 



63 

 

 

Figure 2-6: Overview of the GeoMx Whole Transcriptome Atlas (WTA) workflow.  

FFPE CRC tissue sections were stained with fluorescent morphology markers to guide ROI selection 
at the invasive front, while barcoded RNA probes were hybridised in situ for transcriptomic profiling. 
Following ROI selection, UV-mediated cleavage released oligonucleotide barcodes from the selected 
ROI or segment, which were then collected, prepared as sequencing libraries, and sequenced for 
downstream spatial transcriptomic analysis. The figure was reproduced from NanoString 
Technologies, Inc. 

 

2.7.3 Region of interest selection 

Regions of interest (ROIs) were selected from the fluorescence image based 

on tissue morphology at the invasive front. ROI selection was guided by the 

distribution of CK and αSMA staining to capture biologically relevant tumour–

stroma regions. 

2.7.4 Tissue segmentation 

Following ROI selection, tissue segmentation was performed using 

Visiopharm® (Visiopharm, Hørsholm, Denmark) to generate compartment-specific 

masks within each ROI. U-NET deep learning workflow developed by Dr Assya 

Legrini was trained using the Author™ module on representative CRC TMA images 

with variable staining intensity and tissue morphology. 

Manual annotations were generated to define three tissue compartments: 

CK-positive (CK+), αSMA-positive (αSMA+), and Rest (CK−SMA−). The CK+ 

compartment was used to identify tumour-rich epithelial regions, the αSMA+ 

compartment was used to identify αSMA-enriched stromal regions, and the Rest 

compartment was defined as tissue negative for both CK and αSMA (CK−SMA−). 
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Model training was performed iteratively using the following workflow: 

annotate → train application → apply to representative images → review 

segmentation output → correct annotations → re-train. Training continued until 

satisfactory segmentation quality was achieved across representative sections. 

Segmentation quality was assessed by visual comparison of predicted masks with 

the corresponding fluorescence images. Post-processing steps were applied to 

improve mask quality, including the removal of small artefactual objects below 3 

μm, filling of minor unlabelled gaps within masks, and refinement of compartment 

boundaries where required. 

The final segmentation masks were exported and used to define tumour, 

αSMA-enriched stromal, and Rest compartments for downstream spatial profiling. 

2.7.5 Oligonucleotide collection and sequencing 

Following ROI selection and tissue segmentation, ultraviolet (UV) 

illumination was applied within the GeoMx platform to specifically cleave 

photocleavable oligonucleotide barcodes from the selected ROI or segment. The 

released oligonucleotides were collected by microcapillary aspiration into 

individual wells, each corresponding to a specific ROI or segment. 

Collected oligonucleotides were then subjected to library preparation and 

sequencing according to the manufacturer’s protocol. Sequencing reads were 

subsequently assigned back to their original ROI or segment, thereby enabling 

spatially resolved transcriptomic profiling of compartment-specific tissue regions. 

2.7.6 GeoMx DSP platform quality control and normalisation 

Sequencing-level quality control was first reviewed in the GeoMx DSP 

platform using the built-in NGS QC metrics. The following thresholds were used to 

assess assay performance: raw read threshold of 1,000 reads, aligned reads >80%, 

sequence saturation 50%, negative probe count of 4, no-template control count of 

1,000, and minimum nuclei count of 100. Biological probe QC was also assessed 

within the DSP platform using a geometric mean probe threshold of 0.1, standard 

deviation from the geometric mean of 2, and a Grubb’s outlier test threshold of 

20%. Target-level filtering was then performed in the DSP platform using both 
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frequency filtering (10%) and limit of quantification (LOQ) filtering. Following 

platform-based quality control and filtering, the LOQ+Q3-normalised expression 

matrix was exported for downstream analysis. 

2.7.7 Principal component analysis (PCA) 

Principal component analysis (PCA) was conducted on the exported 

LOQ+Q3-normalised expression matrix to identify major sources of transcriptomic 

variation across AOIs. The 2,000 most variable genes, ranked by row variance, 

were selected for analysis. PCA was performed on the transposed, centred, and 

scaled expression data using R's prcomp function. The AOIs were plotted based on 

the first two principal components and labelled by spatial segment (Tumour, 

αSMA, Rest) and, if relevant, by TGP (Infiltrative and Pushing). Connecting lines 

between AOIs from the same patient were added to illustrate spatial variation 

within individuals across different compartments. 

2.7.8 Data-driven marker gene identification 

To identify genes enriched in each spatial compartment, a data-driven 

method was used. For each segment (Tumour, αSMA, Rest), the mean normalised 

expression of each gene was compared between AOIs assigned to that segment 

and all other AOIs. Genes were ranked by the difference between the mean in-

segment and out-of-segment expression, and the top 12 genes with the largest 

positive differences were chosen for each segment. To prevent redundancy, genes 

identified for one segment were not allowed in the marker list of another 

segment. The resulting gene set was visualised as a row-scaled (z-score) heatmap, 

with AOIs ordered by TGP and segment. 

2.7.9 Differential gene expression analysis 

Differential gene expression (DGE) analysis was conducted in R using the 

limma package on the exported LOQ+Q3-normalised expression matrix. For 

comparisons between spatial compartments, a linear model was fitted with mask 

(Tumour, αSMA, Rest) as the variable of interest and patient included as a 

covariate to account for inter-patient variability. All pairwise contrasts between 

the three compartments were tested. To evaluate transcriptomic differences 

between infiltrative and pushing TGPs, separate analyses were conducted within 
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each spatial compartment. Within each mask, a linear model was fitted with TGP 

as the variable of interest.  

To account for repeated measurements from the same patient, in-patient 

correlation was estimated using the duplicateCorrelation function in limma and 

incorporated into the model fitting. In both analyses, moderated statistics were 

calculated using the empirical Bayes method, and p-values were adjusted for 

multiple testing using the Benjamini–Hochberg (BH) procedure. For visualisation, 

volcano plots were generated by plotting log2 fold change against −log10(FDR). 

Genes with FDR < 0.05 and an absolute log2 fold change ≥ 1 were highlighted in 

the volcano plots. 

2.7.10 Pathway analysis 

Single-sample gene set enrichment analysis (ssGSEA) was performed in R 

using the GSVA package on the LOQ+Q3-normalised expression matrix imported 

from the data. The Hallmark gene set collection was obtained from the Molecular 

Signatures Database (MSigDB) via the msigdbr package. Only gene sets with at 

least five overlapping genes in the expression matrix were kept. ssGSEA scores 

were calculated for each AOI individually using the ssGSEA method with alpha set 

to 0.25 and score normalisation enabled. 

For comparisons between spatial compartments, ssGSEA scores were 

analysed using limma, with mask as the main variable and patient included as a 

covariate. All pairwise contrasts between Tumour, αSMA, and Rest were tested. 

To compare pathway activity between infiltrative and pushing TGPs, separate 

analyses were performed within each spatial compartment. Within each mask, a 

linear model was fitted with TGP as the variable of interest, and within-patient 

correlation was accounted for using duplicateCorrelation. Moderated statistics 

were calculated with the empirical Bayes method, and p-values were adjusted 

using the BH procedure. Significant pathway findings were visualised using 

horizontal bar plots showing the log-fold change in ssGSEA scores. 
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2.7.11 ssGSEA and Nearest Distance Index (NDI) correlation 
analysis  

Pre-ranked Gene Set Enrichment Analysis (GSEA) and Single Sample Gene 

Set Enrichment Analysis (ssGSEA), and NDI correlation were constructed by using 

GSEA as the first step with a pre-ranked gene list. Briefly, for each endpoint per 

mask, genes were ranked by Spearman's rank correlation between log2 gene 

expression and NDI values, and enrichment scores were then calculated to test 

whether genes in each pathway were enriched at the top or bottom of this ranked 

list. Subsequently, the top five positively enriched (NES >0) and top five negatively 

enriched (NES <0) pathways (ranked by adjusted p-values) were selected, and the 

selected pathways were combined (union) as the input pathways for ssGSEA in the 

next step. For each sample, log2 gene expression was ranked from high to low and 

scored to generate ssGSEA enrichment scores for each selected pathway. Finally, 

within each endpoint per mask, Spearman correlation was applied to analyse the 

association between NDI and ssGSEA scores, with multiple testing adjustment 

using the Benjamini–Hochberg (BH) procedure (FDR <0.05). 

2.7.12 EcoTyper cell-state inference and Nearest Distance Index 
correlation analysis 

To obtain deeper mechanistic insights beyond spatial metrics, cell-state 

abundances were inferred from GeoMx AOI-level expression profiles using 

EcoTyper (recovery mode) from carcinoma reference framework (Luca et al., 

2021). GeoMx expression values were used on the linear (non-log) scale. EcoTyper 

recovery mode was performed using the built-in Carcinoma discovery reference, 

and analyses were run separately for each mask (Rest, Tumour, αSMA). Cell state 

abundances are normalised to approximately sum to 1 within that cell type. 

Therefore, state abundances are comparable across samples within the same cell 

type but are not directly comparable across different cell types. 

For downstream analyses, Spearman correlations were computed between 

spatial metrics (per endpoint) and cell state abundance for each mask. Multiple 

testing was applied using the Benjamini–Hochberg procedure, and results were 

considered significant at FDR < 0.05. 
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2.7.13 Ligand-receptor, cell-state, and Nearest Distance Index 
correlation analysis 

Ligand-receptor pairs were obtained from the LIANA Consensus resource 

(Dimitrov et al., 2022) using the LIANA R package. Gene symbol columns were used 

to extract ligand and receptor identifiers. Duplicate pairs and entries with missing 

gene symbols were removed. Only ligand genes present in the GeoMx expression 

matrix of the source mask and receptor genes present in the target mask were 

retained for analysis. 

2.7.13.1 Endpoint mapping 

Each spatial endpoint was mapped to a source and target GeoMx mask based 

on the biological identities of the cell populations measured by the NDI. For 

example, the αSMA+FAP+ to CD3 endpoint was mapped with the αSMA mask as the 

source (representing SMA/FAP-positive stromal cells) and the Rest mask as the 

target (representing CD3-positive T cells and other immune populations). An 

additional mapping using the Rest mask as both source and target was included 

for this endpoint to capture signalling within the immune/stromal compartment.  

2.7.13.2 Ligand pre-screening 

For each candidate sender state, ligands whose expression in the source 

mask correlated with the state abundance were identified. Specifically, for each 

ligand gene in the LIANA Consensus resource that was also present in the source 

mask expression matrix, the Spearman correlation between ligand expression and 

state abundance was computed across specimens sharing data for both 

measurements. Ligands with a positive correlation (rho > 0) and a nominal p-value 

below 0.05 were retained, up to a maximum of 50 ligands per sender state. 

2.7.13.3 Weighted ligand-receptor scoring 

For each retained ligand-receptor pair, a weighted interaction score was 

computed for each specimen as follows: 

Score = (Ligand expression in source mask + Receptor expression in target 

mask) × √ (State abundance) 
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The square root of the sender state abundance served as a weight, such 

that the score is higher in specimens where the sender cell state is more abundant. 

This weighting approach assumes that ligand-receptor interactions are more 

biologically relevant when the sender cell state is present at higher levels. 

2.7.13.4 Statistical testing 

The association between each weighted LR score and the corresponding NDI 

value was assessed using two complementary approaches. First, Spearman's rank 

correlation was used to estimate the strength and direction of the association. 

Second, linear regression of the LR score on the standardised NDI value was 

performed to obtain a standardised beta coefficient and associated p-value. P-

values from the linear regression were adjusted across all tested LR pairs using 

the Benjamini-Hochberg method. LR pairs were considered significant if the 

adjusted p-value (FDR) was below 0.05 and the absolute Spearman rho exceeded 

0.30. Pairs where the ligand and receptor were the same gene were excluded. 

2.7.13.5 Functional annotation 

Significant LR pairs were manually annotated into functional themes based 

on the known biological roles of the ligand and receptor proteins, supported by 

current literature. Annotations included immune checkpoint signalling, 

extracellular matrix and barrier formation, growth factor signalling, and 

immunosuppressive stromal interactions. 
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Chapter 3 Evaluating the invasive front 
morphology in primary colorectal cancer: 
comparison of histological scoring methods and 
validation of the prognostic value of tumour 
growth pattern 

3.1 Introduction 

Colorectal cancer prognostication and therapeutic decisions are currently 

based on the AJCC/UICC TNM staging system. This classification requires 

assessment of the tumour, regional lymph nodes, and distant metastasis. Although 

the TNM system is the gold standard, patients within the same stage group have 

different clinical outcomes (O'Connell et al., 2004). Additional histopathological 

features are required to refine prognostic stratification, particularly to identify 

patients with a higher-risk tumour biology who need more intensive clinical 

management.  

Surgical resection specimens from patients with primary CRC are routinely 

assessed by using haematoxylin and eosin stained (H&E) tissue sections as part of 

standard histopathological reporting. The invasive front of the tumour has been 

recognised as an important tumour-host interface area, where the tumour 

interacts with the surrounding stroma. Previous studies have shown that histo-

morphological features in this area, including tumour budding and tumour border 

configuration, provide additional prognostic information beyond the conventional 

TNM staging (Graham et al., 2015; Keum et al., 2012; Lugli et al., 2012; 

Rajaganeshan et al., 2007). Tumour budding is a widely recognised feature at the 

invasive front of CRC. However, tumour budding reflects a microscopic  view of 

individual tumour cells or small clusters of up to 4 cells at the invasive front. In 

contrast, the tumour border configuration, or TGP, focuses on a broader 

architectural assessment of the invasive front, reflecting a macroscopic view of 

tumour growth or invasion. 

Several approaches have been proposed to assess the tumour border 

configuration. Jass et al. originally presented the invasive growth pattern in CRC 

stratified by pushing/expansile or infiltrative growth patterns (Jass et al., 1996). 

Morikawa et al. subsequently applied a three-category classification that adds an 
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intermediate group to Jass’s original two patterns, capturing tumours with mixed 

border configurations (Morikawa et al., 2012). The present study adopted this 

three-category TGP. Karamitopoulou et al. later proposed an alternative scoring 

method based on the percentage of the infiltrative front component, aiming to 

provide a more reliable and quantitative approach for assessing tumour border 

configuration (Karamitopoulou et al., 2015).  

 While the TGP method provides the three-category classification of 

pushing, intermediate, and infiltrative invasion, and the Karamitopoulou approach 

offers a more quantitative estimate of the infiltrative percentage, an alternative 

morphology-based framework may provide an additional way to grade the 

architecture of the invasive front.  

Although originally proposed in pancreatic neuroendocrine tumours, the 

Taskin method applies a structured five-point scale based on progressive changes 

in tumour border demarcation, edge irregularity, tumour cell clustering, and the 

extension into peri-tumoural area (Taskin et al., 2022). Therefore, in this study, 

the Taskin method was assessed as an exploratory external comparator, rather 

than as an established CRC scoring system. This was used to evaluate whether a 

graded infiltration-based framework could be reproducibly applied to the primary 

CRC. 

 Altogether, these approaches capture different levels of invasive front 

assessment: the three-category TGP, a colorectal cancer-specific percentage-

based estimation, and an infiltration grading scale adapted from pancreatic 

tumours. Therefore, this study aimed to compare these three methods in primary 

CRC to determine which method provides the most reproducible and 

prognostically meaningful assessment of the invasive front. Following the 

comparison, the selected method was further evaluated in an independent CRC 

cohort, the TransSCOT cohort, to assess whether its prognostic value could be 

reproduced in an external dataset. The objectives of this study were: 

1. To assess the tumour border configuration at the invasive front using three 

different approaches: the three-category TGP classification, the 

Karamitopoulou percentage-based method, and the adapted Taskin 

infiltration scale. 
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2. To evaluate and compare the interobserver reproducibility of these three 

scoring methods. 

3. To determine the association between each scoring method and survival 

outcomes. 

4. To compare the prognostic value of the three invasive front scoring 

methods in primary CRC. 

5. To validate the prognostic value of the selected scoring method in an 

external cohort, TransSCOT. 

3.2 Results 

3.2.1 GRI test cohort 

3.2.1.1 Interobserver assessment (IOA) agreement  

Interobserver assessment agreement was evaluated for three scoring 

methods. For the Karamitopoulou method, the intraclass correlation coefficients 

(ICC) were 0.63 between CB and WW and 0.79 between AM and WW, indicating 

moderate to good reproducibility between observers. For the adapted Taskin 

method, weighted kappa values were lower, with agreement of 0.31 between CB 

and WW, and 0.27 between AM and WW. These values indicate fair agreement. 

For TGP classification, the weighted kappa value between CB and WW was 0.78, 

indicating substantial agreement.  

Taken together, the interobserver agreement for the Karamitopoulou and 

TGP methods was higher than for the adapted Taskin method. 

3.2.1.2 Clinicopathological characteristics of the GRI test cohort 

After applying the inclusion and exclusion criteria, 538 patients with stage 

II-III primary CRC from the GRI cohort were included in the analysis. Most patients 

were aged 50-75 years (62.3%). Whereas 305 patients were male (56.7%) and 233 

were female (43.3%). Most tumours were in the colon area (69.5%), while 30.5% 

were in the rectal area. Most patients had stage II or III CRC, accounting for 47.2% 

and 42.6%, respectively (Table 3-1)
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Table 3-1: Associations between clinicopathological characteristics and the three invasive front scoring methods (Karamitopoulou, Taskin, and TGP) in the 
GRI cohort of 538 patients with stage I–III colorectal cancer. Bold p-values are statistically significant 

 

Features Total 
 

Karamitopoulou method 
 

Taskin method TGP method 

0-50% 
Infiltrative 
(n = 190) 

51-100% 
Infiltrative 
(n = 348) 

p-value Score 1-3 
(n = 176) 

Score 4-5 
(n = 362) 

p-value Expansile 
/pushing 
(n=168) 

Intermediate 
(n=134) 

Infiltrative 
(n = 236) 

p-value 

Age 
   <50 
   50-75 
   >75 

 
37 (6.9) 
335 (62.3) 
166 (30.9) 

 
13 (6.8) 
111 (58.4) 
66 (34.7) 

 
24 (6.9) 
224 (64.4) 
100 (28.7) 

0.344  
11 (6.3) 
105 (59.7) 
60 (34.1) 

 
26 (7.2) 
230 (63.5) 
106 (29.3) 

0.516  
11 (6.5) 
100 (59.5) 
57 (33.9) 

 
11 (8.2) 
82 (61.2) 
41 (30.6) 

 
15 (6.4) 
153 (64.8) 
68 (28.8) 

0.776 

Sex 
   Female 
   Male 

 
233 (43.3) 
305 (56.7) 

 
80 (42.1) 
110 (57.9) 

 
153 (44.0) 
195 (56.0) 

0.677  
76 (43.2) 
100 (56.8) 

 
157 (43.4) 
205 (56.6) 

0.967  
70 (41.7) 
98 (58.3) 

 
58 (43.3) 
76 (56.7) 

 
105 (44.5) 
131 (55.5) 

0.853 

T stage 
   pT1 
   pT2 
   pT3 
   pT4 

 
12 (2.2) 
52 (9.7) 
315 (58.6) 
159 (29.6) 

 
10 (5.3) 
33 (17.4) 
112 (58.9) 
35 (18.4) 

 
2 (0.6) 
19 (5.5) 
203 (58.3) 
124 (35.6) 

<0.001  
10 (5.7) 
29 (16.5) 
105 (59.7) 
32 (18.2) 

 
2 (0.6) 
23 (6.4) 
210 (58.0) 
127 (35.1) 

<0.001  
10 (6.0) 
28 (16.7) 
99 (58.9) 
31 (18.5) 

 
1 (0.7) 
13 (9.7) 
93 (69.4) 
27 (20.1) 

 
1 (0.4) 
11 (4.7) 
123 (52.1) 
101 (42.8) 

<0.001 

N stage 
   pN0 
   pN1 & pN2 

 
308 (57.2) 
230 (42.8) 

 
148 (77.9) 
42 (22.1) 

 
160 (46.0) 
188 (54.0) 

<0.001  
137 (77.8) 
39 (22.2) 

 
171 (47.2) 
191 (52.8) 

<0.001  
129 (76.8) 
39 (23.2) 

 
82 (61.2) 
52 (38.8) 

 
97 (41.1) 
139 (58.9) 

<0.001 

Stage 
   Stage I 
   Stage II 
   Stage III 

 
55 (10.2) 
254 (47.2) 
229 (42.6) 

 
37 (19.5) 
111 (58.4) 
42 (22.1) 

 
18 (5.2) 
143 (41.1) 
187 (53.7) 

<0.001  
33 (18.8) 
104 (59.1) 
39 (22.2) 

 
22 (6.1) 
150 (41.4) 
190 (52.5) 

<0.001  
33 (19.6) 
96 (57.1) 
39 (23.2) 

 
12 (9.0) 
70 (52.2) 
52 (38.8) 

 
10 (4.2) 
88 (37.3) 
138 (58.5) 

<0.001 

Site 
   Colon 
   Rectal 

 
374 (69.5) 
164 (30.5) 

 
132 (69.5) 
58 (30.5) 

 
242 (69.5) 
106 (30.5) 

0.987  
124 (70.5) 
52 (29.5) 

 
250 (69.1) 
112 (30.9) 

0.742  
116 (69.0) 
52 (31.0) 

 
99 (73.9) 
35 (26.1) 

 
159 (67.4) 
77 (32.6) 

0.420 

Differentiation 
   Moderate/Well 
   Poor 

 
500 (93.3) 
36 (6.7) 

 
178 (94.2) 
11 (5.8) 

 
322 (92.8) 
25 (7.2) 

0.541  
164 (93.2) 
12 (6.8) 

 
336 (93.3) 
24 (6.7) 

0.948  
157 (94.0) 
10 (6.0) 

 
129 (97.0) 
4 (3.0) 

 
214 (90.7) 
22 (9.3) 

0.060 

Adjuvant therapy 
   No 
   Received  

 
331 (70.1) 
141 (29.9) 

 
140 (80.0) 
35 (20.0) 

 
191 (64.3) 
106 (35.7) 

<0.001  
128 (80.5) 
31 (19.5) 

 
203 (64.9) 
110 (35.1) 

<0.001  
121 (78.6) 
33 (21.4) 

 
83 (71.6) 
33 (28.4) 

 
127 (62.9) 
75 (37.1) 

0.005 

Tumour budding 
   Absent 
   Present 

 
373 (70.8) 
154 (29.2) 

 
146 (79.3) 
38 (20.7) 

 
227 (66.2) 
116 (33.8) 

0.002  
135 (79.4) 
35 (20.6) 

 
238 (66.7) 
119 (33.3) 

0.003  
126 (77.3) 
37 (22.7) 

 
108 (81.8) 
24 (18.2) 

 
139 (59.9) 
93 (40.1) 

<0.001 
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Features Total Karamitopoulou method 
 

Taskin method TGP method 

0-50% 
Infiltrative 
(n = 190) 

51-100% 
Infiltrative 
(n = 348) 

p-value Score 1-3 
(n = 176) 

Score 4-5 
(n = 362) 

p-value Expansile 
/pushing 
(n=168) 

Intermediate 
(n=134) 

Infiltrative 
(n = 236) 

p-value 

Margin involvement 
   Absent 
   Involved 

 
502 (93.3) 
36 (6.7) 

 
179 (94.2) 
11 (5.8) 

 
323 (92.8) 
25 (7.2) 

0.536  
166 (94.3) 
10 (5.7) 

 
336 (92.8) 
26 (7.2) 

0.513  
158 (94.0) 
10 (6.0) 

 
127 (94.8) 
7 (5.2) 

 
217 (91.9) 
19 (8.1) 

0.520 

Venous invasion 
   Absent 
   Present 

 
215 (46.1) 
251 (53.9) 

 
94 (54.0) 
80 (46.0) 

 
121 (41.4) 
171 (58.6) 

0.008  
87 (55.1) 
71 (44.9) 

 
128 (41.6) 
180 (58.4) 

0.006  
80 (52.3) 
73 (47.7) 

 
58 (50.4) 
57 (49.6) 

 
77 (38.9) 
121 (61.1) 

0.025 

Peritoneal involvement 
   Absent 
   Involved 

 
396 (73.6) 
143 (26.4) 

 
161 (84.7) 
29 (15.3) 

 
235 (67.5) 
113 (32.5) 

<0.001  
150 (85.2) 
26 (14.8) 

 
246 (68.0) 
116 (32.0) 

<0.001  
143 (85.1) 
25 (14.9) 

 
111 (82.8) 
23 (17.2) 

 
142 (60.2) 
94 (39.8) 

<0.001 

Tumour perforation 
   0 
   1 
   2 

 
520 (96.7) 
12 (2.2) 
6 (1.1) 

 
184 (96.8) 
3 (1.6) 
3 (1.6) 

 
336 (96.6) 
9 (2.6) 
3 (0.9) 

0.569  
169 (96.0) 
3 (1.7) 
4 (2.3) 

 
351 (97.0) 
9 (2.5) 
2 (0.6) 

0.176  
163 (97.0) 
3 (1.8) 
2 (1.2) 

 
129 (96.3) 
3 (2.2) 
2 (1.5) 

 
228 (96.6) 
6 (2.5) 
2 (0.8) 

0.964 

GMS 
   0 
   1 
   2 

 
94 (17.9) 
301 (57.2) 
131 (24.9) 

 
39 (21.2) 
129 (70.1) 
16 (8.7) 

 
55 (16.1) 
172 (50.3) 
115 (33.6) 

<0.001  
34 (20.0) 
120 (70.6) 
16 (9.4) 

 
60 (16.9) 
181 (50.8) 
115 (32.3) 

<0.001  
33 (20.4) 
117 (72.2) 
12 (7.4) 

 
23 (17.3) 
80 (60.2) 
30 (22.6) 

 
38 (16.5) 
104 (45.0) 
89 (38.5) 

<0.001 

KM 
   Low grade 
   High grade 

 
432 (82.1) 
94 (17.9) 

 
145 (78.8) 
39 (21.2) 

 
287 (83.9) 
55 (16.1) 

0.144  
136 (80.0) 
34 (20.0) 

 
296 (83.1) 
60 (16.9) 

0.378  
129 (79.6) 
33 (20.4) 

 
110 (82.7) 
23 (17.3) 

 
193 (83.5) 
38 (16.5) 

0.595 

TSP 
   Low 
   High 

 
380 (72.2) 
146 (27.8) 

 
165 (89.7) 
19 (10.3) 

 
215 (62.9) 
127 (37.1) 

<0.001  
153 (90.0) 
17 (10.0) 

 
227 (63.8) 
129 (36.2) 

<0.001  
148 (91.4) 
14 (8.6) 

 
99 (74.4) 
34 (25.6) 

 
133 (57.6) 
98 (42.4) 

<0.001 

Time period  
   1997-2003 
   2004-2008 
   2009-2013 

 
138 (29.6) 
144 (30.9) 
184 (39.5) 

 
45 (25.9) 
51 (29.3) 
78 (44.8) 

 
93 (31.8) 
93 (31.8) 
106 (36.3) 

0.169  
43 (27.2) 
44 (27.8) 
71 (44.9) 

 
95 (30.8) 
100 (32.5) 
113 (36.7) 

0.225  
38 (24.8) 
45 (29.4) 
70 (45.8) 
 

 
35 (30.4) 
33 (28.7) 
47 (40.9) 

 
65 (32.8) 
66 (33.3) 
67 (33.8) 

0.219 

MMR status 
   dMMR 
   pMMR 

 
149 (32.5) 
310 (67.5) 

 
62 (36.9) 
106 (63.1) 

 
87 (29.9) 
204 (70.1) 

0.122  
59 (38.6) 
94 (61.4) 

 
90 (29.4) 
216 (70.6) 

0.048  
51 (34.7) 
96 (65.3) 

 
32 (27.8) 
83 (72.2) 

 
66 (33.5) 
131 (66.5) 

0.459 
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In the Karamitopoulou percentage-based method, 190 patients (35.3%) 

were grouped into the low group (0-50% infiltrative score), and 348 patients 

(64.7%) were grouped into the high group (51-100% infiltrative score). For the 

adapted Taskin method, 176 patients (32.7%) were classified as the low group 

(score 1-3), and 362 patients (67.3%) were classified as the high group (score 4-

5). For TGP approach, 168 patients (31.2%) were defined as pushing pattern, 134 

patients (24.9%) were defined as intermediate pattern, and 236 patients (43.9%) 

were defined as infiltrative pattern (Table 3-1). 

3.2.1.3 Association between three scoring methods and clinicopathological 
characteristics 

The association between each scoring method and clinicopathological 

features are shown in (Table 3-1). For the Karamitopoulou method, a high 

percentage group (51-100%) was significantly associated with higher T stage 

(p<0.001), higher N stage (p<0.001), stage III CRC (p<0.001), receipt of adjuvant 

therapy (p<0.001), high tumour budding (p = 0.002), venous invasion (p = 0.008), 

peritoneal involvement (p<0.001), higher GMS (p<0.001) and higher TSP (p<0.001). 

Similarly, for the adapted Taskin method, the high score group (score 4-5) 

was significantly associated with higher T stage (p<0.001), higher N stage 

(p<0.001), stage III CRC (p<0.001), receipt of adjuvant therapy (p<0.001), high 

tumour budding (p = 0.003), venous invasion (p = 0.006), peritoneal involvement 

(p<0.001), higher GMS (p<0.001) and higher TSP (p<0.001). 

The TGP method showed a similar correlation with adverse pathological 

features. The infiltrative growth pattern was significantly associated with higher 

T stage (p<0.001), higher N stage (p<0.001), receipt of adjuvant therapy (p = 

0.005), high tumour budding (p<0.001), venous invasion (p = 0.025), peritoneal 

involvement (p<0.001), higher GMS (p<0.001) and higher TSP (p<0.001). In 

contrast, age, sex, tumour site, margin involvement, tumour perforation and KM 

grade were not significantly associated with TGP.  

Altogether, these associations between three scoring methods and 

clinicopathological characteristics indicate that more infiltrative tumour borders 

were associated with adverse features. 
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3.2.1.4 Survival analysis 

Overall survival (OS) analysis 

In univariate Cox regression in all CRC (n=538), several clinicopathological 

features were significantly associated with OS, including age, T stage, N stage, 

margin involvement, venous invasion, peritoneal involvement, tumour budding, 

GMS, KM, TSP, and the time period (Table 3-2). None of the three scoring methods 

reached significance for OS (Karamitopoulou p = 0.155, Taskin p = 0.217, TGP p = 

0.088). Consistent with this, Kaplan–Meier analysis with log-rank testing showed 

no significant difference in overall survival curves across the three methods 

(Figure 3-1).  

Table 3-2: Univariate and multivariable Cox regression analyses of clinicopathological 
variables and the three invasive front scoring methods for overall survival in the GRI cohort 
of 538 patients. Bold p-values are statistically significant. * Not included in the multivariable 
analysis due to multicollinearity. 
 

 

 

Features  Univariate HR 
(95% CI)  

p value  Multivariable HR 
(95% CI)  

p 
value  

Age (<50/ 50-75/ >75)  2.40 (1.96 - 2.93) <0.001 2.76 (2.19 - 3.49) <0.001 

Sex (Female/ Male)  1.02 (0.82 - 1.27) 0.857        

T stage (pT1/ pT2/ pT3 /pT4)  1.43 (1.21 - 1.69) <0.001  1.41 (1.16 - 1.72) <0.001 

N stage (pN0/ pN1&pN2)  1.30 (1.05 - 1.62) 0.015  1.07 (0.83 - 1.38) 0.593 

Site (Colon/ Rectum)  0.96 (0.76 - 1.21) 0.711       

Differentiation (Moderate&Well/ 
Poor)  

1.04 (0.67 - 1.60) 0.873       

Margin involvement (Absent/ 
Involved)  

2.21 (1.52 - 3.22) <0.001  2.29 (1.44 - 3.64) <0.001 

Venous invasion (Absent/ Present)  1.41 (1.11 - 1.78) 0.004  1.21 (0.95 - 1.56) 0.128 

Peritoneal involvement (Absent/ 
Involved)  

1.49 (1.18 - 1.88) <0.001  1.04 (0.68 - 1.59) 0.861 

Tumour perforation (0/ 1/ 2)  1.32 (0.90 - 1.94) 0.162    

Tumour budding (Absent/ Present) 1.33 (1.06 - 1.67) 0.015 1.35 (1.05 - 1.72) 0.019 

GMS (0/ 1/ 2) *  1.45 (1.22 - 1.72) <0.001    

KM (Low/ High)  0.64 (0.48 - 0.87) 0.005  0.79 (0.55 - 1.14) 0.214 

TSP (Low/ High)  1.44 (1.14 - 1.82) 0.003  1.25 (0.94 - 1.66) 0.121 

Karamitopoulou method (0-50%/51-
100%) 

1.18 (0.94 - 1.48) 0.155   

Taskin method (0-3/4-5) 1.16 (0.92 - 1.45) 0.217   

TGP method (Pushing/ Intermediate/ 
Infiltrative)  

1.12 (0.98 - 1.26) 0.088    

MMR status (dMMR/ pMMR) 0.89 (0.70 - 1.14) 0.357   

Time period (1997-2003/ 2004-2008/ 
2009-2013) 

0.84 (0.72 - 0.97) 0.016 0.88 (0.75 - 1.03) 0.103 
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In multivariable Cox regression, only age (HR = 2.76 (2.19 - 3.49, p<0.001)), 

T stage (HR = 1.41 (1.16 – 1.72, p<0.001)), margin involvement (HR = 2.29 (1.44 – 

3.64, p <0.001)), and tumour budding (HR = 1.35 (1.05 – 1.72), p = 0.019) were 

independent prognostic factors for OS.    

  

 

 

Figure 3-1: Kaplan–Meier curves for overall survival in the GRI cohort (n = 538) stratified by 
the (A) Karamitopoulou, (B) Taskin, and (C) TGP scoring methods. P-values were calculated 
using the log-rank test. 

 

A 

B 

C 
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Cancer-specific survival (CSS) in all CRC 

 In contrast to OS, all three scoring methods were significantly associated 

with CSS in univariate Cox regression (Table 3-3). The Kaplan-Meier curves with 

the log-rank test showed that higher Karamitopoulou (51-100%) (p<0.001) and 

Taskin (score 4-5) (p = 0.003) scores were associated with CSS (Figure 3-2). 

Similarly, the TGP method presented that the infiltrative group had the worst 

survival outcomes compared to intermediate and pushing growth patterns 

(p<0.001). 

Table 3-3: Univariate and multivariable Cox regression analyses of clinicopathological 
variables and the three invasive front scoring methods for all colorectal cancer-specific 
survival in the GRI cohort of 538 patients. Bold p-values are statistically significant. *Not 
included in the multivariable analysis due to multicollinearity. 

 

 

In multivariable Cox regression, none of the three scoring methods 

remained as independent prognostic factors for CSS. While age (HR = 1.86(1.34-

2.58), p<0.001), T stage (HR = 1.48(1.09-2.01), p = 0.011), N stage (HR = 1.54(1.07-

2.21), p = 0.020), margin involvement (HR = 4.20 (2.50-7.04), p<0.001), and 

Features  Univariate HR 
(95% CI)  

p value  Multivariable HR 
(95% CI)  

p 
value  

Age (<50/ 50-75/ >75)  1.47 (1.12 - 1.94) 0.006 1.86 (1.34 - 2.58) <0.001 

Sex (Female/ Male)  1.19 (0.87 - 1.62) 0.277        

T stage (pT1/ pT2/ pT3 /pT4)  2.17 (1.68 - 2.80) <0.001  1.48 (1.09 - 2.01) 0.011 

N stage (pN0/ pN1&pN2)  1.92 (1.42 - 2.60) <0.001  1.54 (1.07 - 2.21) 0.020 

Site (Colon/ Rectum)  0.79 (0.57 - 1.11) 0.181        

Differentiation (Moderate&Well/ 
Poor)  

1.20 (0.67 - 2.16) 0.545       

Margin involvement (Absent/ 
Involved)  

4.32 (2.86 - 6.54) <0.001  4.20 (2.50 - 7.04) <0.001 

Venous invasion (Absent/ Present)  1.60 (1.14 - 2.24) 0.007 1.23 (0.84 - 1.82) 0.285 

Peritoneal involvement (Absent/ 
Involved)  

2.20 (1.61 - 2.99) <0.001  1.09 (0.59 - 2.02) 0.788 

Tumour perforation (0/ 1/ 2)  1.68 (1.06 - 2.67) 0.028  0.90 (0.31 - 2.60) 0.850 

Tumour budding (Absent/ Present)  1.87 (1.37 - 2.55) <0.001 1.82 (1.28 - 2.58) <0.001 

GMS (0/ 1/ 2) *  2.09 (1.63 - 2.67) <0.001        

KM (Low/ High)  0.31 (0.17 - 0.55) <0.001  0.57 (0.29 - 1.09) 0.090 

TSP (Low/ High)  1.89 (1.38 - 2.60) <0.001  1.15 (0.77 - 1.70) 0.495 

Karamitopoulou method (0-50%/51-
100%) 

1.85 (1.30 - 2.62) <0.001  0.94 (0.30 - 2.96) 0.913 

Taskin method (0-3/4-5) 1.69 (1.19 - 2.41) 0.004 0.85 (0.41 - 1.76) 0.667 

TGP method (Pushing/ Intermediate/ 
Infiltrative)  

1.42 (1.18 - 1.72) <0.001  1.23 (0.98 - 1.54) 0.079 

MMR status (dMMR/ pMMR) 0.93 (0.65 - 1.33) 0.692   

Time period (1997-2003/ 2004-2008/ 
2009-2013) 

0.76 (0.62 - 0.93) 0.008 0.89 (0.72 - 1.10) 0.266 
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tumour budding (HR = 1.82(1.28-2.58), p<0.001) were remained as independent 

prognostic factors. 

 

 

 

Figure 3-2: Kaplan–Meier curves for CRC-specific survival in the GRI cohort (n = 538) 
stratified by the (A) Karamitopoulou, (B) Taskin, and (C) TGP scoring methods. P-values 
were calculated using the log-rank test. 

 

 

A 

B 

C 
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Cancer-specific survival in colon cancer 

When the Cox regression analysis was performed in colon cancer only 

(n=374), all three scoring methods were again significantly associated with CSS on 

univariate Cox regression (Table 3-4). The Kaplan-Meier curves supported all three 

scoring methods, showing higher scores associated with shorter survival Figure 

3-3. The high Karamitopoulou group (51-100%) had shorter colon CSS than the low 

group (≤50%) (p<0.001); similarly, the high Taskin group (score 4-5) had shorter 

colon CSS than the low group (score 1-3) (p<0.001). The infiltrative TGP group had 

the shortest colon CSS compared to intermediate and pushing TGPs (p<0.001).  

Table 3-4: Univariate and multivariable Cox regression analyses of clinicopathological 
variables and the three invasive front scoring methods for colon cancer-specific survival in 
the GRI cohort of 374 patients. Bold p-values are statistically significant. *Not included in the 
multivariable analysis due to multicollinearity. 

 

 

Features  Univariate HR 
(95% CI)  

p value  Multivariable HR 
(95% CI)  

p 
value  

Age (<50/ 50-75/ >75)  1.83 (1.32 - 2.53) <0.001  2.83 (1.91 - 4.20) <0.001 

Sex (Female/ Male)  1.06 (0.74 - 1.52) 0.751        

T stage (pT1/ pT2/ pT3 /pT4)  2.64 (1.92 - 3.63) <0.001  2.11 (1.40 - 3.19) <0.001 

N stage (pN0/ pN1&pN2)  2.03 (1.42 - 2.90) <0.001  1.32 (0.86 - 2.04) 0.201 

Differentiation (Moderate&Well/ 
Poor)  

1.35 (0.73 - 2.52) 0.339       

Margin involvement (Absent/ 
Involved)  

4.99 (2.94 - 8.47) <0.001  4.60 (2.27 - 9.32) <0.001 

Venous invasion (Absent/ Present)  1.60 (1.06 - 2.40) 0.024  1.27 (0.79 - 2.03) 0.327 

Peritoneal involvement (Absent/ 
Involved)  

2.63 (1.85 - 3.75) <0.001  1.23 (0.56 - 2.71) 0.610 

Tumour perforation (0/ 1/ 2)  1.66 (1.05 - 2.63) 0.031  0.82 (0.25 - 2.66) 0.740 

Tumour budding (Absent/ Present)  1.59 (1.10 - 2.30) 0.013 1.32 (0.86 - 2.04) 0.204 

GMS (0/ 1/ 2) *  2.15 (1.60 - 2.87) <0.001        

KM (Low/ High)  0.32 (0.16 - 0.64) 0.001  0.52 (0.24 - 1.13) 0.099 

TSP (Low/ High)  2.11 (1.46 - 3.04) <0.001  0.93 (0.58 - 1.50) 0.772 

Karamitopoulou method (0-50%/51-
100%) 

2.41 (1.55 - 3.73) <0.001 1.18 (0.32 - 4.42) 0.801 

Taskin method (0-3/4-5) 2.19 (1.41 - 3.39) <0.001 0.72 (0.30 - 1.72) 0.456 

TGP method (Pushing/ Intermediate/ 
Infiltrative)  

1.68 (1.34 - 2.12) <0.001 1.65 (1.24 - 2.18) <0.001 

MMR status (dMMR/ pMMR) 1.00 (0.67 - 1.51) 0.985   

Time period (1997-2003/ 2004-2008/ 
2009-2013) 

0.68 (0.53 - 0.86) 0.002 0.78 (0.61 - 1.01) 0.056 
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Figure 3-3: Kaplan–Meier curves for colon cancer-specific survival in the GRI cohort (n = 374) 
stratified by the (A) Karamitopoulou, (B) Taskin, and (C) TGP scoring methods. P-values were calculated 
using the log-rank test 

 

B 

A 
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Cancer-specific survival in rectal cancer 

 Of 164 rectal cancer patients, none of the three scoring methods were 

significantly associated with rectal CSS on univariate Cox regression (Table 3-5). 

The Kaplan-Meier curves showed no differences between score categories 

(Karamitopoulou p = 0.963, Taskin p = 0.836, TGP p = 0.698) (Figure 3-4). On 

multivariable Cox regression, margin involvement (HR = 2.80 (1.29-6.07), p 

=0.009), tumour budding (HR = 2.22(1.19-4.15), p = 0.012), and GMS (HR = 

1.69(1.03-2.77), p = 0.038) were retained as independent prognostic factors for 

rectal CSS. However, with only 45 rectal cancer deaths in this analysis, it may be 

underpowered to detect a prognostic effect. Therefore, the validation in a larger 

and independent cohort was necessary to distinguish whether the absence of an 

independent prognostic effect of TGP in rectal cancer reflects a true biological 

difference between colon and rectal cancers, or insufficient statistical power in 

the GRI cohort. 

Table 3-5: Univariate and multivariable Cox regression analyses of clinicopathological 
variables and the three invasive front scoring methods for rectal cancer-specific survival in 
the GRI cohort of 164 patients. Bold p-values are statistically significant. *Not included in the 
multivariable analysis due to multicollinearity. 

Features  Univariate HR (95% 
CI)  

p value  Multivariable HR 
(95% CI)  

p 
value  

Age (<50/ 50-75/ >75)  0.78 (0.45 - 1.34) 0.368   

Sex (Female/ Male)  1.69 (0.90 - 3.16) 0.103       

T stage (pT1/ pT2/ pT3 /pT4)  1.34 (0.85 - 2.12) 0.214    

N stage (pN0/ pN1&pN2)  1.67 (0.94 - 2.99) 0.082    

Differentiation (Moderate&Well/ 
Poor)  

0.46 (0.06 - 3.37) 0.448       

Margin involvement (Absent/ 
Involved)  

4.34 (2.20 - 8.57) <0.001  2.80 (1.29 - 6.07) 0.009 

Venous invasion (Absent/ Present)  1.63 (0.87 - 3.05) 0.129   

Peritoneal involvement (Absent/ 
Involved)  

0.82 (0.32 - 2.07) 0.670    

Tumour budding (Absent/ Present)  2.86 (1.58 - 5.18) <0.001 2.22 (1.19 - 4.15) 0.012 

GMS (0/ 1/ 2)  1.94 (1.22 - 3.09) 0.005  1.69 (1.03 - 2.77) 0.038 

KM (Low/ High)  0.27 (0.08 - 0.88) 0.029  0.64 (0.15 - 2.79) 0.549 

TSP (Low/ High)  1.47 (0.79 - 2.72) 0.223    

Karamitopoulou method (0-50%/51-
100%) 

1.01 (0.55 - 1.86) 0.963   

Taskin method (0-3/4-5) 0.94 (0.51 - 1.74) 0.837   

TGP method (Pushing/ Intermediate/ 
Infiltrative)  

0.98 (0.70 - 1.36) 0.896   

MMR status (dMMR/ pMMR) 0.81 (0.39 – 1.65) 0.555   

Time period (1997-2003/ 2004-2008/ 
2009-2013) 

0.98 (0.68 – 1.40) 0.906   
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Figure 3-4: Kaplan–Meier curves for rectal cancer-specific survival in the GRI cohort (n = 
164) stratified by the (A) Karamitopoulou, (B) Taskin, and (C) TGP scoring methods. P-values 
were calculated using the log-rank test 

 

 

A 

B 
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3.2.1.5 TGP stratified by tumour budding 

The previous multivariable Cox regression analysis revealed an unexpected 

interplay between two invasive front characteristics. In all CRC and rectal cancer 

analyses, tumour budding remained an independent prognostic factor, whereas 

the TGP did not. In contrast, for colon cancer, the results reversed: TGP remained 

an independent prognostic factor, while tumour budding did not. These 

multivariable results established which invasive front features better predicted 

survival outcomes for specific sites, but they did not address a clinically relevant 

question: how two invasive front features can be interpreted together when 

assessed on the same H&E slide.  

To address this, a Kaplan-Meier analysis was performed for TGP, stratified 

by tumour budding category (low vs high). This stratification was applied in all 

CRC and colon cancer, but rectal cancer was not included because TGP did not 

reach a univariate significance in rectal cancer. 

In patients with low tumour budding, TGP showed significant prognostic 

discrimination. The infiltrative pattern was associated with the shortest survival, 

while the pushing pattern correlated with the most favourable outcomes (Figure 

3-5). Because this stratification divides the cohort into smaller subgroups, the 

survival estimates are less precise, and the comparison is more likely to be 

influenced by chance. These stratified results are therefore exploratory. The 

direction of the effect, with the infiltrative pattern associated with the shortest 

survival and the pushing pattern with the longest, is consistent with the primary 

analysis. However, the finding would benefit from confirmation in a larger cohort. 
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Figure 3-5: Kaplan–Meier curves for cancer-specific survival in the GRI cohort, stratified by 
the TGP scoring method within low tumour budding subset. (A) All-CRC, low tumour budding 
subset; (B) Colon cancer, low tumour budding subset 

 

B 
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In contrast, patients with high tumour budding, the TGP category, were no 

longer significantly different. These results were consistent in both CRC and colon 

cancer (Figure 3-6). 

 

 

Figure 3-6: Kaplan–Meier curves for cancer-specific survival in the GRI cohort, stratified by 
the TGP scoring method within high tumour budding subset. (A) All-CRC, high tumour 
budding subset; (B) Colon cancer, high tumour budding subset 

 

B 
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3.2.1.6 GRI cohort summary and rationale for validation in another cohort 

For the GRI cohort, the TGP and Karamitopoulou methods showed 

substantial interobserver agreement, while the Taskin method showed a fair 

agreement. Importantly, the TGP method was the only invasive front scoring 

method that remained as an independent prognostic factor, specifically in colon 

cancer, but not in rectal cancer. These findings required validation of the TGP 

method in an independent, larger cohort to determine whether the TGP could be 

reproduced in colon cancer and whether it would be an independent prognostic 

factor in a larger rectal cancer cohort. 

3.2.2 TransSCOT validation cohort 

3.2.2.1 Association between TGP method and clinicopathological 
characteristics 

The TransSCOT cohort is drawn from the SCOT adjuvant chemotherapy trial 

and comprises higher-risk CRC, in contrast to the GRI cohort of unselected curative 

resections. Its larger size and independent, multi-centre composition make it 

well-suited to validating the prognostic value of TGP in an external setting. Of 

2,912 tissue samples available, 1,037 were included in the analysis to validate the 

TGP invasive front scoring method. 

The TGP categories in the TransSCOT cohort was 444 pushing (42.8%), 210 

intermediate (20.3%), and 383 infiltrative (36.9%) (Table 3-6: Associations 

between clinicopathological characteristics and the TGP scoring method in the 

TransSCOT cohort of 1,037 patients with colorectal cancer. Bold p-values are 

statistically significant.  
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Table 3-6: Associations between clinicopathological characteristics and the TGP scoring 
method in the TransSCOT cohort of 1,037 patients with colorectal cancer. Bold p-values are 
statistically significant.  

3.2.2.2 Survival analysis 

Disease-free survival (DFS) in all CRC 

 In univariate Cox regression for all CRC DFS (n = 1,037), T stage, N stage, 

GMS, KM, TSP, and TGP were significantly associated with DFS (p<0.001) (Table 

3-7).  

 

 

 

 

Features Total 
 

    Tumour Growth Pattern p-value 

Expansile 
/pushing (n = 
444) 

Intermediate  
(n= 210) 

Infiltrative 
(n = 383) 

Age 
   <50 
   50-75 
   >75 

 
70 (6.8) 
894 (86.2) 
73 (7.0) 

 
30 (6.8) 
382 (86.0) 
32 (7.2) 

 
15 (7.1) 
181 (86.2) 
14 (6.7) 

 
25 (6.5) 
331 (86.4) 
27 (7.0) 

0.998 

Sex 
   Female 
   Male 

 
391 (37.7) 
646 (62.3) 

 
164 (36.9) 
280 (63.1) 

 
78 (37.1) 
132 (62.9) 

 
149 (38.9) 
234 (61.1) 

0.829 

T stage 
   pT1 
   pT2 
   pT3 
   pT4 

 
9 (0.9) 
74 (7.1) 
632 (60.9) 
322 (31.1) 

 
9 (2.0) 
61 (13.7) 
286 (64.4) 
88 (19.8) 

 
0 (0) 
8 (3.8) 
148 (70.5) 
54 (25.7) 

 
0 (0) 
5 (1.3) 
198 (51.7) 
180 (47.0) 

<0.001 

N stage 
   pN0 
   pN1 & pN2 

 
771 (74.3) 
266 (25.7) 

 
348 (78.4) 
96 (21.6) 

 
158 (75.2) 
52 (24.8) 

 
265 (69.2) 
118 (30.8) 

0.010 

Site 
   Colon 
   Rectal 

 
854 (82.4) 
183 (17.6) 

 
364 (82.0) 
80 (18.0) 

 
173 (82.4) 
37 (17.6) 

 
317 (82.8) 
66 (17.2) 

0.957 

GMS 
   0 
   1 
   2 

 
107 (10.3) 
729 (70.3) 
201 (19.4) 

 
74 (16.7) 
310 (69.8) 
60 (13.5) 

 
19 (9.0) 
159 (75.7) 
32 (15.2) 

 
14 (3.7) 
260 (67.9) 
109 (28.5) 

<0.001 

KM 
   Low grade 
   High grade 

 
924 (89.1) 
113 (10.9) 

 
365 (82.2) 
79 (17.8) 

 
190 (90.5) 
20 (9.5) 

 
369 (96.3) 
14 (3.7) 

<0.001 

TSP 
   Low 
   High 

 
828 (79.8) 
209 (20.2) 

 
382 (86.0) 
62 (14.0) 

 
177 (84.3) 
33 (15.7) 

 
269 (70.2) 
114 (29.8) 

<0.001 
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Table 3-7: Univariate and multivariable Cox regression analyses of clinicopathological 
variables and the TGP scoring method for disease-free survival in the TransSCOT cohort of 
1,037 patients with colorectal cancer. Bold p-values are statistically significant. *Not included in 
multivariable analysis because of multicollinearity. 

 

 

The Kaplan-Meier curve with the log-rank test supported worse survival 

outcomes in the infiltrative growth pattern when compared to intermediate and 

pushing growth patterns (p<0.001) (Figure 3-7).  

Features  Univariate HR 
(95% CI)  

p-
value  

Multivariable HR 
(95% CI)  

p-
value  

Age (<50, 50-75, >75) 
 

1.09 (0.79 - 1.52) 0.591   

Sex (Female/ Male)  
 

0.82 (0.63 - 1.06) 0.130       

T stage 
(pT1/pT2/pT3/pT4)  
 

2.00 (1.61 - 2.47) <0.001 1.58 (1.25 - 1.98) <0.001 

N stage (pN0/ pN1&pN2)  
 

2.30 (1.80 - 2.95) <0.001 2.06 (1.61 - 2.64) <0.001 

GMS (0/ 1/ 2) * 
 

1.80 (1.44 - 2.25) <0.001   

KM (Low/ High)  
 

0.46 (0.27 - 0.77) 0.003 0.60 (0.35 - 1.02) 0.057 

TSP (Low/ High)  
 

1.89 (1.45 - 2.46) <0.001 1.40 (1.06 - 1.83) 0.017 

Tumour growth pattern 
method (pushing/ 
intermediate/ 
infiltrative)  
 

1.58 (1.38 - 1.82) <0.001 1.33 (1.14 - 1.54) <0.001 
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Figure 3-7: Kaplan–Meier curves for disease-free survival of 1,037 patients with colorectal 
cancer in the TransSCOT cohort, stratified by the three TGP categories (pushing, 
intermediate, infiltrative). P-value calculated using the log-rank test. 

 

In multivariable Cox regression, T stage (HR = 1.58 (1.25-1.98), p<0.001), 

N stage (HR = 2.06 (1.61-2.64), p<0.001), TSP (HR = 1.40 (1.06-1.83), p = 0.017), 

and TGP (HR = 1.33 (1.14-1.54), p<0.001) were retained as independent prognostic 

factors for colorectal DFS (Table 3-7). Notably, TGP was retained as an 

independent prognostic feature in all CRCs in this TransSCOT cohort, while in the 

GRI cohort, TGP was not an independent feature. This finding suggests that the 

larger sample size and absence of tumour budding as a covariate feature in the 

TransSCOT cohort might affect the TransSCOT multivariable Cox analysis. 

Disease-free survival (DFS) in colon cancer 

 In univariate Cox regression with 854 colon cancer patients, T stage 

(p<0.001), N stage (p<0.001), GMS (p<0.001), KM grade (p = 0.011), TSP (p<0.001), 

and TGP (p<0.001) were significantly associated with colon cancer-free survival 

(Table 3-8).  
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Table 3-8: Univariate and multivariable Cox regression analyses of clinicopathological 
variables and the TGP scoring method for disease-free survival in the TransSCOT cohort of 
854 patients with colon cancer. Bold p-values are statistically significant. *Not included in 
multivariable analysis because of multicollinearity. 

 

Consistent with the log-rank test for Kaplan-Meier analysis, the infiltrative 

growth pattern had the shortest colon cancer-free survival (p<0.001) (Figure 3-8).  

 

Figure 3-8: Kaplan–Meier curves for disease-free survival of 854 patients with colon cancer 
in the TransSCOT cohort, stratified by the three TGP categories (pushing, intermediate, 
infiltrative). P-value calculated using the log-rank test. 

 

Features  Univariate HR 
(95% CI)  

p-
value  

Multivariable HR 
(95% CI)  

p-
value  

Age (<50, 50-75, >75) 
 

1.03 (0.73 - 1.45) 0.880   

Sex (Female/ Male)  
 

0.87 (0.67 - 1.15) 0.330       

T stage (pT1/ pT2/ pT3 /pT4)  
 

1.75 (1.39 - 2.21) <0.001 1.36 (1.06 - 1.75) 0.017 

N stage (pN0/ pN1&pN2)  
 

2.40 (1.84 - 3.13) <0.001 2.20 (1.68 - 2.87) <0.001 

GMS (0/ 1/ 2) * 
 

1.74 (1.37 - 2.20) <0.001   

KM (Low/ High)  
 

0.50 (0.29 - 0.85) 0.011 0.63 (0.36 - 1.09) 0.097 

TSP (Low/ High)  
 

1.85 (1.40 - 2.45) <0.001 1.44 (1.08 - 1.92) 0.013 

Tumour growth pattern method 
(pushing/ intermediate/ 
infiltrative)  
 

1.54 (1.33 - 1.79) <0.001 1.33 (1.14 - 1.57) <0.001 
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In multivariable Cox regression analysis, T stage (HR = 1.36 (1.06-1.75), p = 0.017), 

N stage (HR = 2.20 (1.68-2.87), p<0.001), TSP (HR = 1.44 (1.08-1.92), p = 0.013), 

and TGP (HR = 1.33 (1.14-1.57), p<0.001) were retained as independent prognostic 

factors for colon cancer-free survival (Table 3-8). These findings were similar to 

those for colon cancer in the GRI cohort.  

Disease-free survival (DFS) in locally advanced rectal cancer 

 With the 183 rectal cancer patients, the TransSCOT cohort had greater 

statistical power than the GRI cohort to detect a prognostic feature of the TGP. 

In univariate Cox regression, T stage (p<0.001), GMS (p = 0.037), and TGP (p = 

0.002) were significantly associated with locally advanced rectal cancer-free 

survival (Table 3-9).  

Table 3-9: Univariate and multivariable Cox regression analyses of clinicopathological 
variables and the TGP scoring method for disease-free survival in the TransSCOT cohort of 
183 patients with locally advanced rectal cancer. Bold p-values are statistically significant. *Not 
included in multivariable analysis because of multicollinearity. 

 

 

 

 

Features  Univariate HR 
(95% CI)  

p-
value  

Multivariable HR 
(95% CI)  

p-
value  

Age (<50, 50-75, >75) 
 

1.66 (0.58 - 4.69) 0.343   

Sex (Female/ Male)  
 

0.47 (0.20 - 1.08) 0.075       

T stage (pT1/ pT2/ pT3 
/pT4)  
 

4.11 (2.21 - 7.64) <0.001 3.56 (1.86 - 6.82) <0.001 

N stage (pN0/ pN1&pN2)  
 

1.90 (0.95 - 3.80) 0.069   

GMS (0/ 1/ 2) * 
 

2.05 (1.04 - 4.01) 0.037 1.33 (0.66 - 2.70) 0.431 

KM (Low/ High)  
 

0.22 (0.03 - 1.63) 0.139   

TSP (Low/ High)  
 

1.81 (0.79 - 4.15) 0.163   

Tumour growth pattern 
method (pushing/ 
intermediate/ 
infiltrative)  
 

1.91 (1.27 - 2.87) 0.002 1.54 (1.00 - 2.36) 0.049 
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The Kaplan-Meier curve with the log-rank test showed the infiltrative 

growth pattern had the worst survival outcomes when compared with 

intermediate and pushing growth patterns (p = 0.005) (Figure 3-9). In the rectal 

subgroup, the intermediate growth pattern curve lay closer to the infiltrative 

curve than in colon cancer. Because this subgroup is small, the curve is based on 

few events and its position is therefore unstable, so this most likely reflects 

sampling variation rather than a true biological difference. 

 

Figure 3-9: Kaplan–Meier curves for disease-free survival of 183 patients with rectal cancer 
in the TransSCOT cohort, stratified by the three TGP categories (pushing, intermediate, 
infiltrative). P-value calculated using the log-rank test. 

 

In multivariable Cox regression, T stage (HR = 3.56 (1.86–6.82), p<0.001) 

and TGP (HR = 1.54 (1.00–2.36), p = 0.049) were retained as independent 

prognostic features for rectal cancer (Table 3-9). However, the TGP just crossed 

the conventional threshold of statistical significance with a p-value of 0.049. This 

finding contrasts with the GRI cohort that the TGP did not retain independence in 

multivariable analysis. 

3.2.2.3 Summary of findings 

In this chapter, the three invasive front scoring methods were evaluated, 

which are the Karamitopoulou, Taskin, and TGP methods, in two independent CRC 
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cohorts with different time periods of recruitment. The Glasgow Royal Infirmary 

(GRI) cohort served as the exploratory cohort, and the TransSCOT cohort as the 

independent validation cohort. There are three main important findings across 

these two cohorts.  

First, all the three scoring methods were significantly associated with the 

cancer-specific survival in univariate Cox regression analysis in the all CRC and 

colon cancer subsets but were not significantly associated with overall survival or 

rectal cancer-specific survival. In multivariable analysis, the TGP retained 

independent prognostic value specifically for colon cancer, whereas the 

Karamitopoulou and Taskin methods did not. 

Second, an independent prognostic value of TGP in the GRI colon cancer 

subgroup was reproduced in the TransSCOT validation cohort, providing a robust 

external validation of TGP as an independent prognostic feature for colon cancer. 

In rectal cancer, the prognostic value differed between the two cohorts: TGP was 

not significant in the GRI rectal cancer subgroup, but it reached borderline 

significance in multivariable analysis in the TransSCOT rectal cancer subgroup. 

Therefore, the prognostic value of the TGP for rectal cancer remains unclear. 

Third, after stratifying for tumour budding, TGP can discriminate survival 

outcomes within the low tumour budding subgroup. Thus, the TGP and tumour 

budding can be applied as complementary assessments at the invasive front. Both 

features are evaluated on a single H&E-stained slide, the combination of TGP and 

tumour budding could identify a higher risk subgroup among the low tumour 

budding patients that would not be captured by using tumour budding alone. 

3.3 Discussion 

Comparison of the three invasive front scoring approaches 

Across the three different invasive front scoring approaches, the TGP method 

presented the greatest prognostic value in this study. In more detail, although the 

Karamitopoulou method showed substantial interobserver agreement, it lost 

prognostic value in multivariable analysis. The Taskin method, originally proposed 

for pancreatic cancer, demonstrated a fair interobserver agreement, suggesting 
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that the five-point scale lacks consistency between observers and lacks prognostic 

value in multivariable analysis. The TGP method, a three-category classification, 

reached substantial interobserver agreement, indicating high reproducibility,  and 

it was the only method to retain independent prognostic value in multivariable 

analysis. 

Validation of the TGP method as a prognostic feature 

The prognostic characteristic at the invasive front firstly proposed by Jass 

and colleagues that the infiltrative growth pattern was associated with worse 

survival outcomes in rectal cancer (Jass et al., 1987). Cianchi et al. supported this 

association in 238 stage IIA CRC patients, with a difference of more than 10% in 5-

year survival between infiltrative and pushing growth patterns (81.8% and 92.9%, 

respectively).  

The three-category classification adopted by Morikawa et al. was also 

evaluated with 1,139 colon and rectal cancer patients from two prospective 

cohorts, demonstrating that the infiltrative growth pattern was associated with 

worse prognosis independent of microsatellite instability, the CpG island 

methylation phenotype, LINE-1 methylation, and KRAS, BRAF, and PIK3CA 

mutations (Morikawa et al., 2012). More recent studies emphasised that the 

infiltrative growth pattern in stage II or III CRC was an independent prognostic 

factor (Tokodai et al., 2016). 

To our knowledge, this study is the first to compare all three scoring 

methods within the same cohort and validate them in an independent cohort. The 

TGP method retained an independent prognostic feature in colon cancer in both 

cohorts. These findings suggest that across two independent cohorts, one of which 

is a single-centre unselected surgical cohort and the other is a multi-centre 

international clinical trial cohort, providing robust external validation that has not 

been studied for this TGP feature. 

In addition to the Taskin method, this is the first adaptation of a method 

originally developed for pancreatic neuroendocrine tumours. Although it did not 

outperform existing methods, its evaluation extends the picture of available 

invasive front-scoring methods in primary CRC. The three methods compared in 
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this study were conducted by the same observers within the same cohort, 

removing the inter-study heterogeneity that previously made cross-method 

comparison difficult. Importantly, this study provides a more reliable basis for 

selecting between these scoring methods in future research and clinical routine 

pathology.  

As an adjuvant chemotherapy trial population, the TransSCOT cohort 

represents the clinical setting in which a TGP-based prognostic tool would be most 

useful, since these patients are facing systemic treatment decisions and would 

benefit most from refined risk stratification. In contrast, the GRI cohort provided 

the histological, transcriptomic and spatial depth required for the test analyses in 

this thesis. 

Site-specific findings between colon and rectal cancers 

In colon cancer, the prognostic value of the TGP was reproducible across 

two cohorts. The TGP was retained as an independent prognostic feature for colon 

cancer-specific survival in the GRI cohort and for _DFS in the TransSCOT colon 

cancer subgroup. Although CSS and DFS represent different clinical endpoints, the 

association of an infiltrative growth pattern with poorer outcomes in both 

measures supports its adverse prognostic significance. 

However, in rectal cancer, the prognostic value of the TGP method differed 

between cohorts. In the GRI rectal subgroup, TGP did not reach significance in 

both univariate and multivariable Cox regression analysis. In the TransSCOT rectal 

subgroup, TGP just reached the borderline of statistical significance (HR = 1.54 

(1.00–2.36), p = 0.049). The lower bound of the 95% confidence interval at 1.00 

indicates a fragile result. The absence of tumour budding as a covariate in this 

multivariable model means that whether TGP would retain independence after 

adjustment for tumour budding could not be assessed in the TransSCOT cohort. 

The discrepancy in TGP prognostic value in rectal cancer between the two 

cohorts may reflect differences in patient population (GRI: an unselected single-

centre surgical series between 1997-2013; TransSCOT: an international cohort 

recruited from 2008 onwards, selected for higher-risk pathological features) or 

the era of diagnosis. Therefore, the prognostic value of TGP in rectal cancer 
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remains uncertain and requires further validation in cohorts where tumour 

budding is available. 

Despite this uncertainty in rectal cancer, these site-specific differences 

may be better understood in the context of the growing recognition that colon 

and rectal cancers are biologically distinct diseases. This biological divergence 

may help explain why histology-based prognostic features can behave differently 

between the two sites. Several studies have supported the biological differences 

between colon and rectal tumours. Salem et al. profiled over 10,000 colorectal 

tumours and reported that rectal cancers had higher rates of TOPO1 expression 

and HER2/neu amplification compared with left and right-sided colon cancers 

(Salem et al., 2017). This molecular heterogeneity might explain the differences 

between these two anatomical sites of the large bowel. Furthermore, Riihimäki 

et al. demonstrated that the pattern of distant metastasis differs between two 

sites in 49,096 CRC patients. Rectal cancers more frequently metastasised to the 

lungs, whereas right-sided colon cancers showed higher peritoneal metastasis 

(Riihimäki et al., 2016). 

These molecular differences between colon and rectal cancers may provide 

a biological explanation for the effects of TGP, which may behave differently 

across the anatomical sites of the large bowel.  

Combination of TGP and tumour budding prognostic features 

Tumour budding is a high magnification feature that evaluates clusters of 

dedifferentiated tumour cells at the invasive front and is one of the most validated 

additional prognostic features in CRC (Lugli et al., 2017). Van Wyk et al. concluded 

in a systematic review that tumour budding is a robust prognostic feature in 

primary operable CRC across cohorts (van Wyk et al., 2015). More recently, tumour 

budding was confirmed as an independent prognostic factor in 1,048 stage III colon 

cancer patients in IDEA-France phase III randomised trial (Basile et al., 2022). In 

contrast to tumour budding, TGP is a low-magnification feature representing the 

overall invasive front architecture. Despite its long-recognised prognostic value, 

however, TGP has been less consistently included in routine reporting (Koelzer & 

Lugli, 2014). 
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In the GRI cohort, TGP and tumour budding showed a site-dependent 

dominance: tumour budding was an independent prognostic factor in all CRC and 

rectal cancers. While the TGP was an independent prognostic factor in colon 

cancer. These findings suggest that the two features provide complementary 

rather than redundant prognostic information at different anatomical sites. As 

tumour budding reflects focal tumour-cell dissociation, whereas infiltrative 

growth pattern reflects the broader architecture of tumour invasion, their 

differing prognostic effects in colon and rectal cancer may reflect site-specific 

differences in tumour biology and invasive behaviour. Notably, the absence of 

TGP's independent prognostic value in all CRC patients may reflect two factors: 

first, the dilution by rectal cancers, TGP did not reach statistical significance when 

both sites were analysed together as all CRC; second, the involvement of tumour 

budding as a covariate in multivariable analysis may absorb the TGP signal. 

In the Kaplan-Meier analysis stratified by tumour budding, within the low 

tumour budding subgroup, the TGP retained the ability to discriminate survival 

outcomes, with the infiltrative growth pattern showing the worst prognosis 

compared with pushing and intermediate growth patterns. However, within the 

high tumour budding subgroup, TGP no longer discriminated. This pattern suggests 

that these two features assessed on the same H&E slide can be complementary. 

In practical terms, TGP identifies higher-risk patients who would be classified as 

low tumour budding but who in fact have worse outcomes because of an 

infiltrative growth pattern. Because TGP and tumour budding can be assessed from 

a standard H&E section, this complementarity can be captured within existing 

routine workflows without additional staining, or specialised methods. 

Furthermore, this complement may enhance prognostic stratification in CRC and 

colon cancer patients by identifying infiltrative patterns within the low budding 

patient’s subgroup who would not be detected by the tumour budding feature 

alone. 

Limitations 

A limitation in this study is that the tumour budding was not available as a 

covariate in the TransSCOT cohort Cox regression analysis, which may explain the 

different findings between the two cohorts in the all CRC analysis, showing that 

TGP was an independent prognostic factor in the TransSCOT cohort, but was not 
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in the GRI cohort, where tumour budding was included and may have absorbed 

the TGP signal.  

Another limitation is that identical survival endpoints were not available 

across the two cohorts. CSS was the primary outcome in the GRI cohort, whereas 

DFS was the primary outcome in TransSCOT. Therefore, the TransSCOT findings 

should be interpreted as a reproduction of the prognostic association of TGP across 

different disease-related outcomes rather than direct validation using an identical 

endpoint. 

Importantly, this limitation affects how the rectal cancer TransSCOT cohort 

result should be interpreted. In the TransSCOT cohort, TGP just reached 

significance in the multivariable model for disease-free survival (HR = 1.54 (1.00–

2.36), p = 0.049), but the lower bound of the confidence interval at 1.00 indicates 

a fragile result. This result, therefore, should not be considered definitive 

evidence of TGP’s independence in rectal cancer and requires confirmation in 

additional cohorts where tumour budding data is available as a covariate factor in 

multivariable Cox regression analysis. 

On the basis of its reproducibility and prognostic performance in the GRI 

test cohort, together with external validation in TransSCOT, TGP was selected for 

molecular analyses. The GRI cohort had been classified into pushing, intermediate 

and infiltrative growth patterns. To investigate the biological differences 

associated with the most distinct tumour border morphologies, transcriptomic 

analyses focused on the two extreme groups, pushing and infiltrative, while 

intermediate cases were excluded. These analyses used existing bulk RNA-seq data 

generated from tumour centre tissue rather than the invasive front. As molecular 

profiles may differ between these regions, the next chapter analysis is framed as 

hypothesis-generating only.  
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Chapter 4 Transcriptomic characteristics of 
infiltrative and pushing growth patterns in 
primary CRC 

4.1 Introduction 

Previously, the infiltrative TGP was associated with a worse prognosis in two 

CRC cohorts (GRI and TransSCOT) compared with pushing and intermediate growth 

patterns. While histological identification of an infiltrative growth pattern 

provides prognostic information, deeper insight into the specific molecular biology 

at the invasive front is necessary to unravel the mechanisms driving this 

phenotype. A recent study investigated the tumour edge in CRC and found that 

CAFs and tumour-associated neutrophils (TANs) were enriched in this region, 

facilitating tumour progression. However, this study did not classify TGPs (TGPs) 

at the tumour edge (Tang et al., 2025). In addition, several studies utilised RNA-

seq analysis in CRC metastasis in different histopathological growth patterns, 

providing invaluable insights into molecular mechanisms (Hu et al., 2022; Latacz 

et al., 2024), but no studies have focused on growth patterns in primary CRC. 

Unlike previous studies that focused on clinical information and TGP correlations, 

this chapter further investigated the molecular biology underlying TGP in primary 

stage I-III CRC with 154 FFPE samples stratified by infiltrative and pushing growth 

patterns from GRI cohort using TempO-Seq (Templated Oligo assay 

with Sequencing readout), a targeted bulk transcriptomic assay designed for FFPE 

material.  

Bulk RNA sequencing (RNA-Seq) is widely used in cancer studies, uncovering 

gene expression profiles within tissue sections or biopsies. This technology offers 

average gene expression of pooled cell populations. However, conventional bulk 

RNA-Seq requires intact RNA and relies on reverse transcription, limiting its 

application to archival FFPE specimens, where RNA is often degraded. To 

overcome this limitation, we used TempO-Seq, an assay specifically designed for 

degraded and FFPE-derived RNA. It is a targeted ligation-based assay rather than 

an unbiased whole-transcriptome sequencing method: detector oligonucleotide 

pairs are designed against a pre-defined set of around 22,500 transcripts, so only 

those targets are quantified and novel transcripts or isoforms are not captured. 

This targeted, ligation-based design is what makes TempO-Seq tolerant of the 
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fragmented RNA typical of FFPE specimens and the reason it was selected for this 

archival cohort (Trejo et al., 2019).  

Although the infiltrative growth pattern is associated with a worse prognosis 

in CRC, as shown in the previous chapter, the transcriptomic basis of this 

difference in primary tumours has not been characterised. Given that the 

infiltrative pattern is defined by diffuse, irregular invasion into the surrounding 

stroma, it was hypothesised that infiltrative pattern would show transcriptomic 

enrichment of EMT, alongside an altered TME, particularly its immune and stromal 

contexture, relative to pushing pattern. However, TempO-Seq signals reflect 

averaged expression across mixed cell populations and do not necessarily translate 

into protein-level differences. The most promising transcriptomic findings were 

further validated at the protein level by immunohistochemistry (IHC) in the same 

cohort. The specific aims are set out below. 

This chapter aims to characterise the molecular signatures that distinguish 

infiltrative from pushing growth patterns in primary stage I–III CRC, and to validate 

the most promising findings at the protein level. The specific objectives were: 

1. To identify differentially expressed genes between infiltrative and pushing 

TGPs in 154 FFPE primary CRC samples using TempO-Seq. 

2. To identify the biological pathways enriched in each growth pattern using 

Gene Set Enrichment Analysis (GSEA) against the Hallmark and GO Biological 

Process (GO:BP) gene sets. 

3. To estimate the composition of the tumour microenvironment in each TGP 

using MCPcounter deconvolution. 

4. To compare the transcript-level expression of established markers for the 

pathways identified in objective 2 between TGPs. 

5. To validate transcriptomic findings at the protein level by 

immunohistochemistry. 
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4.2 Results 

4.2.1 Demographic characteristics of tumour growth patterns 

The demographic of this study cohort is summarised in Table 4-1. A total of 

154 primary CRC cases were included, comprising 80 infiltrative and 74 pushing 

tumours. T stage, N stage, age, and sex distributions were compared between the 

two TGP groups, with significant differences observed for T stage (p = 0.005), N 

stage (p = 0.001), and tumour budding (p = 0.011); age, sex, differentiation, and 

margin involvement did not differ significantly. Although tumour budding was 

more frequent in infiltrative tumours (46.3% versus 26.4%, p = 0.011), the two 

features were not coincident: over half of infiltrative tumours showed no budding, 

and budding was present in a subset of pushing tumours. This indicates that growth 

patterns and budding reflect related but distinct aspects of invasive front biology, 

consistent with the findings of Chapter 3. For the heatmap displaying the same 

demographic data as in Table 4-1, each column represents an individual patient, 

grouped by infiltrative and pushing growth patterns, while each row represents 

clinicopathological features (age, sex, tumour stage, differentiation, margin 

involvement, and tumour budding) (Figure 4-1).  
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Table 4-1: Demographic characteristics between infiltrative and pushing TGPs. 

 

 

 

 Tumour Growth Pattern   

Characteristic N 
Overall   
N = 154 

Infiltrative   
N = 80 

Pushing   
N = 74 

p-value 

Age 154    0.2 

<50  48 (31.2%) 29 (36.3%) 19 (25.7%)  

51-75  49 (31.8%) 27 (33.8%) 22 (29.7%)  

>75  57 (37.0%) 24 (30.0%) 33 (44.6%)  

Sex 154    0.7 

Female  68 (44.2%) 34 (42.5%) 34 (45.9%)  

Male  86 (55.8%) 46 (57.5%) 40 (54.1%)  

T stage 154    0.005 

pT1  3 (1.9%) 0 (0.0%) 3 (4.1%)  

pT2  18 (11.7%) 7 (8.8%) 11 (14.9%)  

pT3  83 (53.9%) 38 (47.5%) 45 (60.8%)  

pT4  50 (32.5%) 35 (43.8%) 15 (20.3%)  

Differentiation 153    0.5 

Well or Moderate  138 (90.2%) 71 (88.8%) 67 (91.8%)  

Poor  15 (9.8%) 9 (11.3%) 6 (8.2%)  

N stage 154    0.001 

pN0  89 (57.8%) 35 (43.8%) 54 (73.0%)  

pN1  43 (27.9%) 29 (36.3%) 14 (18.9%)  

pN2  22 (14.3%) 16 (20.0%) 6 (8.1%)  

Margin involvement 154    0.7 

Absent  144 (93.5%) 74 (92.5%) 70 (94.6%)  

Involved  10 (6.5%) 6 (7.5%) 4 (5.4%)  

Tumour budding 152    0.011 

Absent  96 (63.2%) 43 (53.8%) 53 (73.6%)  

Present  56 (36.8%) 37 (46.3%) 19 (26.4%)  
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Figure 4-1: Heatmap of demographics for 154 patients 
Infiltrative TGP patients are shown in orange and pushing TGP patients are shown in green at the 
top of the heatmap. Clinicopathological data are represented using different colours as shown in 
the legend. 

 

4.2.2 The principal component analysis and differential gene 
expression 

The principal component analysis of normalised gene expression data was 

applied and revealed that principal component 1 (PC1) explained 13.8 % variance 

and principal component 2 (PC2) explained 3.1 % variance across the whole 

dataset. The two TGP groups formed a single cluster, indicating a similar global 

expression profile (Figure 4-2).    
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Figure 4-2: Principal Component Analysis (PCA) of normalised RNA-seq data 
The first principal component (PC1) accounted for 13.8% and the second principal component 
(PC2) illustrated for 3.1%. Red dots represent infiltrative growth pattern patients, and blue dots 
represent pushing growth pattern patients. 
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To identify genes significantly associated with an infiltrative growth pattern 

compared to a pushing growth pattern, the differential gene expression analysis 

was performed. Overall, 400 genes were significantly differentially expressed 

between the infiltrative and pushing groups. The 323 up-regulated genes (orange 

dots as shown in Figure 4-3) were highly expressed in infiltrative growth pattern 

patients when compared to pushing growth pattern patients using log2FC > 1 and 

adjusted p-value < 0.05 as the cut-off. On the other hand, the 77 down-regulated 

genes (green dots as shown in Figure 4-3) were highly expressed in pushing growth 

pattern patients when compared to infiltrative growth pattern patients. The top 

ten up and down-regulated genes list were shown in Table 4-2 and Table 4-3, 

respectively.  

 

 

Figure 4-3: Volcano plot of differential gene expression between infiltrative and pushing 
growth patterns 
Up and down-regulated genes of infiltrative growth pattern were highlighted in orange and green 
colours dots, respectively. The criteria for different gene expression are Іlog2FCІ > 1 and adjusted 
p-value <0.05. Both top ten up- and down-regulated genes were pointed out and labelled in gene 
names. 
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Table 4-2: List of up-regulated genes in infiltrative growth pattern ranked by log2FC 

Up-regulated gene Log2FC adj.P.Val 

NPRL3 2.92 4.01x10-12 

LSM4 2.49 2.41x10-8 

PRRX1 2.49 9.78x10-8 

COL10A1 2.47 1.07x10-7 

THBS2 2.38 9.66x10-9 

SFRP2 2.31 3.03x10-7 

NTM 2.23 1.84x10-9 

ANTXR1 2.18 7.10x10-10 

GLMN 2.12 4.45x10-10 

COMP 2.06 2.96x10-5 

 

Table 4-3: List of down-regulated genes in infiltrative growth pattern (higher in pushing) 
ranked by log2FC 
 
 

Down-regulated gene Log2FC adj.P.Val 

SLC22A11 -1.90 8.78x10-5 

CLDN2 -1.77 6.98x10-3 

SFTPC -1.71 7.60x10-4 

ADH6 -1.70 1.66x10-3 

DEGS2 -1.66 3.35x10-6 

SSTR1 -1.52 2.75x10-3 

GZMB -1.50 1.54x10-3 

PRRT1B -1.50 9.68x10-4 

ABCB9 -1.45 1.38x10-3 

MFSD3 -1.39 1.64x10-3 

 

4.2.3 Pathway enrichment analysis between infiltrative and 
pushing growth patterns 

To investigate the biological pathways significantly associated with 

infiltrative compared to pushing growth patterns, Gene Set Enrichment Analysis 

(GSEA) was performed using Gene Ontology Biological Processes (GO:BP) and 

Hallmark gene sets. GSEA of GO:BP enrichment analyses revealed a clear 

biological contrast between TGPs (Figure 4-4). Infiltrative tumours were 

significantly enriched for multiple pathways. It showed biology programmes 

related to extracellular matrix organisation, stromal activation, cell migration, 

TGF-β signalling, and immune-regulatory activity. These included cell–substrate 
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junction assembly, positive regulation of cell migration, fibroblast activation, 

regulation of leukocyte activation, and regulation of cytokine production (Figure 

4-4.)  

In contrast, a pushing growth pattern was enriched in pathways associated 

with cellular metabolism and biosynthetic activity, including xenobiotic 

metabolism, amino acid metabolism, mitochondrial transport, cellular 

respiration, DNA repair, RNA processing, and ribosome biogenesis (Figure 4-4). 

Collectively, the pushing growth pattern correlates with energy metabolism, 

protein/RNA biosynthesis, and cellular maintenance programmes. 

These GO:BP GSEA analysis provides distinguishing biological programmes 

between TGPs. The infiltrative growth reflects a tumour-stromal remodelling 

activity, while pushing growth is associated with metabolic and biosynthetic 

cellular processes. 

 

Figure 4-4: GSEA of Gene Ontology (GO) Biological processes (BP) enriched in infiltrative 
TGP 
All GO:BP gene sets significantly enriched at FDR < 0.05 are shown, ranked by normalised 
enrichment score (NES). Pathways enriched in infiltrative tumours are shown on the right (positive 
NES, orange); pathways enriched in pushing tumours are shown on the left (negative NES, blue). 

Hallmark GSEA analysis showed that the infiltrative growth was enriched in 

epithelial–mesenchymal transition (EMT), which is the strongest positive 

enrichment (Figure 4-5). Additionally, TNF-α signalling via NF-κB, the 
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inflammatory response, TGF-β signalling, IL6–JAK–STAT3 signalling, and hypoxia 

were enriched in infiltrative growth. 

In contrast, pushing growth is associated with metabolic and proliferative 

cellular programmes (Figure 4-5), including fatty acid metabolism, MYC targets, 

G2M checkpoint, and E2F targets. This suggests that pushing growth presents 

intrinsic tumour proliferative and metabolic processes, while infiltrative shows 

tumour microenvironment remodelling and inflammatory responses. 

 

Figure 4-5: HALLMARK pathway enriched in infiltrative growth pattern 
GSEA of the MSigDB hallmark gene sets that enriched in infiltrative when compared to pushing 
growth pattern ranked by NES. 

4.2.4 Association between tumour growth pattern and consensus 
molecular subtype 

CMS classification was available for 92 samples, comprising 40 infiltrative 

and 52 pushing. The remaining samples were reported as not classified by 

CMSClassifier and were excluded from this analysis. Among infiltrative tumours, 

CMS4 was the predominant subtype, accounting for 67.5%, followed by CMS2 
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(20.0%), CMS1 (10.0%), and CMS3 (2.5%). In contrast, pushing tumours were 

predominantly CMS2 (67.3%), while CMS4 accounted for only 9.6% (Figure 4-6). 

These findings show a strong association between infiltrative growth pattern and 

CMS4, while pushing growth pattern was mainly associated with CMS2. 

 

Figure 4-6: CMS proportion according to TGPs 
Proportions of CMS1–4 among infiltrative (n = 40) and pushing (n = 52) growth patterns classified 
using CMSClassifier. Samples reported as not classified were excluded from the analysis. The 
distribution of CMS subtypes differed significantly between TGPs (p = 1.5 × 10⁻⁷) 
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4.2.5 The EMT-related genes comparison 

Since the Hallmark GSEA results presented EMT as the strongest enriched 

pathway in infiltrative tumours, this finding suggests that infiltrative growth is 

associated with a more invasive phenotype and loss of epithelial features.  To 

further explore the EMT pathway results by GSEA, individual EMT gene markers 

were compared between TGPs. The results of single EMT-associated gene 

comparison demonstrated that none of the selected EMT markers showed a 

statistically significant differential expression between TGPs (Figure 4-7).  This 

suggests that the EMT enrichment pathway observed in GSEA analysis was not 

driven by changes in single EMT genes but reflects coordinated changes across a 

broader EMT-related gene programme. Moreover, the absence of single-EMT gene 

differences did not indicate that it would not be expressed at the protein level. 
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Figure 4-7: The gene expression of EMT markers  
Box plots show TempO-Seq normalised expression (log2 counts per million). Orange boxes 
represent the infiltrative growth pattern; green boxes represent the pushing growth pattern. Group 
comparisons used the Wilcoxon rank-sum test with statistical significance defined as p < 0.05; ns 
indicates p ≥ 0.05. 

 

Therefore, the EMT-related protein level was then compared between TGPs 

using available IHC data at the tumour centre compartment as an additional 

analysis, rather than as direct validation of the invasive front. 
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4.2.6 EMT marker validation by IHC 

The TMA cores from this cohort had previously been scored for a panel of 

EMT-related markers in earlier work, providing an opportunity to relate existing 

protein-level data to TGP. As these scores were generated on tumour-core rather 

than the invasive front, this analysis was undertaken opportunistically rather than 

as a planned validation of invasive front biology. Interestingly, infiltrative tumours 

expressed significantly higher nuclear staining for Snail and Twist markers (p 

<0.05) as shown in Table 4-4. These results suggest that EMT transcription factors 

are linked to infiltrative tumour aggressiveness. In addition, cytoplasm staining of 

Fascin was significantly increased in infiltrative tumour (p<0.05) when compared 

to pushing tumour, indicating that Fascin might enhance cell motility of 

infiltrative tumour. 
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Table 4-4: EMT marker protein expression by tumour growth pattern 

The proportion of cases with high versus low expression of each EMT marker is compared 
between infiltrative and pushing TGPs. Statistical comparison used the chi-squared test p < 0.05 
was considered significant.  
 

EMT Markers Pushing growth 
pattern 

Infiltrative growth 
pattern 

p - value 

E-cadherin (membrane) 
Low expression 
High expression 

 
48 (66.7) 
24 (33.3) 

 
62 (76.5) 
19 (23.5) 

0.175 

E-cadherin (cytoplasmic) 
Low expression 
High expression 

 
7 (12.3) 
50 (87.7) 

 
15 (20.8) 
57 (79.2) 

0.200 

Beta catenin (cytoplasmic) 
Low expression 
High expression 

 
66 (50.4) 
65 (49.6) 

 
101 (58.7) 
71 (41.3) 

0.148 

Beta catenin (membrane) 
Low expression 
High expression 

 
11 (8.4) 

120 (91.6) 

 
26 (15.0) 
147 (85.0) 

0.080 

Beta catenin (nuclear) 
Low expression 
High expression 

 
111 (84.7) 
20 (15.3) 

 
146 (84.9) 
26 (15.1) 

0.971 

Fascin (cytoplasm) 
Low expression 
High expression 

 
41 (33.6) 
81 (66.4) 

 
27 (17.1) 
131 (82.9) 

0.001 

Snail (cytoplasm) 
Low expression 
High expression 

 
122 (88.4) 
16 (11.6) 

 
145 (84.3) 
27 (15.7) 

0.299 

Snail (nuclear) 
Low expression 
High expression 

 
35 (33.3) 
70 (66.7) 

 
31 (20.7) 
119 (79.3) 

0.023 

Twist (cytoplasm) 
Low expression 
High expression 

 
102 (77.9) 
29 (22.1) 

 
144 (83.2) 
29 (16.8) 

0.238 

Twist (nuclear) 
Low expression 
High expression 

 
110 (79.7) 
28 (20.3) 

 
120 (69.8) 
52 (30.2) 

0.047 

SOX9 (cytoplasmic) 
Low expression 
High expression 

 
21 (20.0) 
84 (80.0) 

 
17 (11.3) 
133 (88.7) 

0.056 

SOX9 (nuclear) 
Low expression 
High expression 

 
66 (62.9) 
39 (37.1) 

 
91 (61.1) 
58 (38.9) 

0.773 

Zeb1 (cytoplasmic) at IE 
Low expression 
High expression 

 
20 (71.4) 
8 (28.6) 

 
53 (75.7) 
17 (24.3) 

0.660 

Zeb1 (nuclear) at IE 
Low expression 
High expression 

 
3 (16.7) 
15 (83.3) 

 
1 (6.3) 

15 (93.8) 

0.347 
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4.2.7 Cell deconvolution using MCPcounter and CAF-related 
marker expression 

Following pathway enrichment results, the MCPcounter deconvolution was 

applied to estimate the relative abundance of immune and stromal cell 

populations and subsequently were compared between TGPs. The analysis 

revealed that infiltrative tumours expressed significantly higher proportions of 

fibroblasts, endothelial cells, and monocytic lineage compared to pushing tumours 

(p.adj < 0.01) (Figure 4-8). These findings pointed out the significance of tumour 

microenvironment contributing to infiltrative behaviour. Of these three cell 

populations, fibroblasts were the most relevant to the stromal remodelling and 

EMT-related pathways identified by GSEA in infiltrative tumours. Thus, the five 

common CAF markers in CRC (ACTA2, FAP, PDPN, PDGFRA, and S100A4) were 

further compared at the gene expression level to determine whether they differ 

between TGPs. 

 

Figure 4-8: Cell populations between infiltrative and pushing growth patterns 
The proportions of immune and stromal cell populations in TGPs were compared. An orange box 
plot represents an infiltrative growth pattern, while a blue box plot represents a pushing growth 
pattern. *** p adj <0.001, and ** p adj <0.01  

 

 All five common CAF marker gene expression comparisons showed clear 

results: infiltrative tumours expressed significantly higher levels of five common 

CAF markers than pushing tumours in CRC (p.adj < 0.001) (Figure 4-9). This 

supports the presence of CAF-related signals in infiltrative tumours.  



116 

  

 

Figure 4-9: Common CAF markers expression between infiltrative and pushing growth 
patterns 
Five common CAF marker expressions were compared between the two TGPs. An orange box plot 
represents the infiltrative growth pattern, and a green box plot represents the pushing growth 
pattern. *** p adj <0.001 

 

4.2.8 Identification of CAF-associated candidate markers for mIF 
validation 

After finding that common CAF markers in CRC demonstrated consistently 

higher expression in infiltrative tumours, the following step was to select 

candidate CAF markers to explore the spatial and the protein expression level 

between TGPs. Rather than referring to prior biological knowledge only, data-

driven approach was applied by intersecting genes up-regulated in infiltrative 

tumours with common CAF markers in CRC. This approach provides both 

recognised biological knowledge and transcription signals. The intersection 

identified three overlapping genes: FAP, PDPN, and S100A4 (Figure 4-10). These 

results supported the selection of CAF-associated markers for protein-level and 

spatial assessment in the subsequent mIF chapter. 
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Figure 4-10: Venn diagram between Upregulated genes and CAF markers 
Upregulated genes of infiltrative were intersected with five CAF markers. The arrow indicates the 
genes at the intersection area (3 genes).  

4.3 Discussion 

This chapter investigated the molecular features associated with TGPs in 

primary CRC. In the previous chapter, the infiltrative tumours were associated 

with poorer survival outcomes when compared with pushing growth. Thus, 

understanding the biological differences between TGPs can explain why 

infiltrative tumours are aggressive. 

By performing TempO-Seq profiling of 154 primary CRC FFPE samples, 400 

significantly differential gene expressions were identified between TGPs. 

Hallmark and GO:BP GSEA showed that infiltrative tumours were enriched in ECM, 

fibroblast activity, EMT, cell migration, inflammatory signaling, and immune-

related pathways. In contrast, pushing tumours were enriched in metabolism, 

biosynthesis, cell-cycle regulation, and DNA repair. These findings suggest that 

infiltrative tumours are characterised by stromal remodelling and an inflammatory 

environment, while pushing tumours associated with tumour-cell-intrinsic 

metabolic and proliferative programmes. 

The EMT-related pathways were the strongest finding from Hallmark GSEA 

analysis in infiltrative tumours and it is relevant to GO:BP pathways, including 

positive regulation of cell migration, cell-substrate junction assembly. EMT is a 

biological process which epithelial cells lose some epithelial features and acquire 
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more mesenchymal properties, leading to increased motility and invasive 

behaviours (Goossens et al., 2017). This is highly associated with histological 

growth pattern in infiltrative tumours which is defined by irregular borders and 

diffuse invasion into surrounding tissue (Karamitopoulou et al., 2010; Koelzer & 

Lugli, 2014). 

However, none of the selected EMT-related genes showed statistically 

significant differential between TGPs, suggesting that the EMT pathway observed 

in GSEA analysis was not driven by a single EMT gene. Instead, it reflects 

coordinated changes from multiple EMT-related genes. Although EMT marker 

genes were not significantly different between TGPs, IHC was performed because 

transcript abundance does not always translate directly into protein expression. 

Therefore, EMT-related proteins were assessed to determine the difference 

between TGPs. 

Nuclear Snail, nuclear Twist, and cytoplasmic Fascin were significantly 

higher in infiltrative tumours. Previous studies have shown that Snail and Twist 

can promote EMT-related phenotypes, including migration and invasion (Deng et 

al., 2016; Wang et al., 2023). Fascin is involved in cell motility (Tampakis et al., 

2021). A higher cytoplasmic Fascin observed in infiltrative tumours supports that 

infiltrative growth pattern associated with a more motile phenotype. However, 

these IHC analysis was performed on tumour centre tissue. Thus, these results 

should be interpreted as supportive evidence that EMT-related protein expression 

differs by TGPs within the same patient cohort.  

Following GSEA and MCPcounter results, infiltrative tumours are associated 

with CAF-associated biological processes, including ECM, fibroblast activation, and 

a higher abundance of fibroblasts compared to pushing tumours. These findings 

suggest that infiltrative tumours are associated with the tumour 

microenvironment, especially CAF. Common CAF markers in CRC were further 

determined to compare between TGPs, and the results were consistent with 

MCPcounter results that all common CAF markers gene expressions were higher in 

infiltrative tumours. For further CAF validation using mIF in the next chapter, CAF 

candidates were selected by intersections, which were FAP, PDPN, and S100A4. 

Although S100A4 was identified, αSMA was incorporated because it is an 

established marker of myofibroblastic CAFs and is closely linked to stromal 
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activation, extracellular matrix remodelling, collagen organisation, and tissue 

contractility (Nurmik et al., 2020). This was correlated to the transcriptomic 

findings in infiltrative tumours, which showed enrichment of fibroblast activation, 

collagen metabolic process, ECM remodelling, and TGF-β signalling. Therefore, 

combining FAP, PDPN, and αSMA allowed the mIF analysis to assess CAF 

expressions at the protein and spatial levels. 

The CMS classification was consistent with the pathway-level differences 

observed between the two growth patterns. Most infiltrative tumours were 

classified as CMS4, whereas pushing tumours were predominantly CMS2. The 

predominance of CMS4 among infiltrative tumours is consistent with the 

enrichment of EMT, TGF-β signalling, extracellular matrix remodelling and 

fibroblast-related pathways observed by GSEA, as CMS4 is characterised by a 

mesenchymal and stromal-rich phenotype. In contrast, the predominance of CMS2 

among pushing tumours is consistent with the enrichment of MYC-associated and 

proliferative programmes, including E2F targets and G2M checkpoint pathways. 

However, TGP and CMS describe different aspects of the tumour: TGP describes 

the low-magnification morphology of the invasive border, whereas CMS reflects 

the bulk transcriptional profile of the tumour. Relating TGP to CMS provides a link 

between histological growth pattern and an established molecular classification 

of CRC, allowing the biological characteristics associated with TGP to be 

interpreted within a broader molecular context.  

From the multiple biological pathways enrichment in infiltrative results, it 

suggests that the infiltrative tumours cannot be explained by one pathway alone. 

In this study, EMT, TGF-β signalling, TNF-α/NF-κB signalling, hypoxia, 

angiogenesis, inflammatory response, apical junction, coagulation, and several 

ECM- and fibroblast-related GO:BP pathways were enriched in infiltrative 

tumours. These pathways are connected in the TME. For example, TGF-β signalling 

can promote both EMT-related changes in tumour cells and fibroblast activation 

(Lee & Massagué, 2022), while activated fibroblasts can remodel the extracellular 

matrix and contribute to stromal stiffness (Belhabib et al., 2021). Inflammatory 

and hypoxia pathways enhance EMT, angiogenesis, and immune-stromal 

interactions (Wei et al., 2021; Yeh et al., 2018). Therefore, the infiltrative 

tumours can be caused by crosstalk between tumour cells, CAFs, ECM remodelling, 
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inflammatory signalling, and immune pathways, instead of a single pathway 

activation. 

The immune-related pathways were enriched in infiltrative tumours. For 

GO:BP terms, leukocyte activation, cytokine production, and adaptive immune 

response were enriched. Whereas Hallmark GSEA analysis showed enrichment for 

IL6/JAK/STAT3 signalling and TNF-α/NF-κB signalling. These findings suggest that 

infiltrative tumours have a more inflamed microenvironment. However, TempO-

Seq data identifies immune-related pathways but cannot determine whether these 

pathways are driven by increased immune cells, changes in activation state, or 

spatial localisation. In addition, it cannot identify the specific immune cell type. 

Therefore, the mIF approach was performed in the next chapter to assess CD3-T-

cell abundance and spatial organisation in relation to tumour and CAF cells. 

Taken together, this chapter suggests that infiltrative tumours are 

characterised by enrichment of EMT, ECM, CAF-associated, inflammatory, and 

immune-related pathways. While pushing shows different biological pathways, 

including metabolic, biosynthesis, DNA repair, and proliferative pathways. These 

findings indicate that infiltrative tumours are associated with tumour-stroma 

interactions, while pushing tumours are correlated with tumour-intrinsic 

metabolic processes. 

One limitation is that the infiltrative and pushing growth patterns were not 

matched for clinicopathological characteristics, with differences observed in T 

stage, N stage and tumour budding. Therefore, some transcriptomic differences 

between TGPs may reflect the associated clinicopathological features. A stage-

matched analysis, adjusted for other variables, would help better define the 

biological differences associated with TGP independently of other 

clinicopathological features. Another limitation of this chapter is that TempO-Seq 

was performed on bulk tumour tissue, so the gene expression represents an 

average across mixed cell populations. In addition, it cannot provide spatial 

information; thus, it cannot determine how CAFs, immune cells, or tumours are 

organised at the invasive front. Therefore, the following mIF chapter was designed 

to address this limitation. The exclusion of intermediate growth pattern cases also 

limits the molecular findings across the full spectrum of TGPs. This extreme-group 

approach was used to maximise biological contrast and was not intended to 
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redefine TGP as a two-group prognostic classification.  Another limitation is that 

IHC was performed in the tumour centre compartment. These IHC findings should 

be interpreted as complementary evidence rather than direct validation of the 

invasive margin biology. In addition, they may not capture the association 

between marker expression and growth pattern at the invasive front itself, where 

the growth pattern is defined. However, an invasive edge TMA for this cohort is 

now available and staining it in the future would allow these markers to be 

assessed directly at the invasive front, where this association may differ from that 

observed in the tumour centre. 

 

 

 



122 

  

Chapter 5 Spatial proteomics at the invasive front 
of primary colorectal cancer 

5.1 Introduction 

In the previous chapter, bulk RNA-seq analysis revealed that fibroblast 

populations were significantly more abundant in infiltrative compared to pushing 

TGPs. However, bulk RNA-seq provides an average gene expression profile across 

all cells, lacking both single-cell resolution and spatial or architectural 

information. This limitation means that while fibroblast enrichment could be 

detected, it was not possible to determine which fibroblast subtypes were 

responsible, where they were located relative to tumour and immune cells, or 

how their spatial arrangement might differ between growth patterns. 

To address these questions, mIF was selected as the next investigative 

approach. Unlike conventional immunohistochemistry (IHC), which is limited to 

the assessment of a single protein per tissue section, mIF allows simultaneous 

detection of multiple biomarkers on the same section, enabling co-expression 

analysis and spatial mapping of multiple cell populations within the tumour 

microenvironment (TME) (Hernandez et al., 2021). Importantly, mIF preserves the 

spatial coordinates of every cell, it enables quantification of how cells are 

arranged relative to one another, not only how many are present. 

The TME plays a crucial role in tumour progression. CAFs are the most 

abundant stromal component in the TME, and several studies have shown that they 

correlate with poor prognosis (Liu et al., 2025; Min et al., 2021), although some 

CAF subtypes are associated with favourable outcomes in CRC (Cords et al., 2024). 

Given these discrepancies, spatial analysis is essential for understanding how the 

TME is organised across different TGPs (TGPs) and how this organisation may 

influence disease progression. 

In the previous chapter, five commonly used CRC CAF markers were 

compared between growth patterns; all were expressed more highly in infiltrative 

tumours, and a data-driven intersection of the significantly up-regulated genes 

with these markers returned FAP, PDPN, and S100A4. FAP and PDPN were 

supported by both the literature and the transcriptomic data. S100A4 also 



123 

  

emerged from the intersection but was not carried forward, as it is not restricted 

to fibroblasts, being expressed by endothelial and epithelial cells (Zhao et al., 

2023), which would confound its interpretation at the single-cell level; αSMA was 

used instead to represent the myofibroblastic CAF subset. Among the markers not 

taken forward, PDGFRA was elevated in infiltrative tumours but did not emerge 

from the data-driven intersection. Other commonly used markers, although also 

expressed by CAFs, were not included because they are not specific to fibroblasts 

and would be difficult to interpret at the single-cell level: vimentin is expressed 

by endothelial cells and by tumour cells undergoing EMT, whereas PDGFRB is also 

present on pericytes and perivascular cells (Zhao et al., 2023). 

FAP expression has been shown to be enriched at the CRC invasive front 

and associated with poor prognosis (Sandberg et al., 2019; Wikberg et al., 2013). 

αSMA was included as a marker of myofibroblastic CAFs, which represent a 

functionally distinct subtype associated with contractile properties and wound 

healing responses (Sahai et al., 2020). PDPN was selected because, although 

widely used as a lymphatic vessel marker, it is also expressed by CAF 

subpopulations and has been associated with both favourable and unfavourable 

outcomes depending on cancer type (Pula et al., 2013; Yamanashi et al., 2009). 

The combination of FAP, αSMA, and PDPN enables the identification of multiple 

CAF subtypes based on marker co-expression patterns, including single-positive, 

double-positive, and triple-positive populations. Pan-cytokeratin (Pan-CK) was 

included to identify tumour epithelial cells. CD3 was included as a marker of T 

lymphocytes, given the well-established prognostic significance of T cell 

infiltration in CRC (Williams et al., 2024), though previous studies have largely 

focused on cell density without spatial context. In this exploratory study, CD3 was 

prioritised to capture the broader spatial context of T cells in relation to tumour 

and CAF populations rather than to resolve specific T-cell subsets. CD8 was 

therefore not included because of the limited number of fluorescence channels 

available in the multiplex panel, and more detailed T-cell phenotyping was beyond 

the scope of this analysis. 

To facilitate spatial analysis at the invasive margin, tissue microarrays 

(TMAs) were constructed with cores targeted to the invasive margin of primary 

CRC specimens. Each patient was represented by 2–3 cores, enabling assessment 

of spatial relationships between CAF subtypes, tumour cells, and immune cells. 
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Two hypotheses were tested. First, the spatial organisation of CAF subtypes 

relative to tumour cells and immune cells differs between infiltrative and pushing 

TGPs. Second, these spatial relationships carry independent prognostic 

significance for cancer-specific survival beyond conventional clinicopathological 

features. To address these hypotheses, this chapter has three specific aims:  

1. To characterise CAF subtype composition at the invasive margin across the 

two growth patterns  

2. To quantify the spatial relationships between CAF subtypes, tumour cells, 

and T cells using the NDI 

3. To determine whether these spatial metrics are independently associated 

with cancer-specific survival. 

5.2 Results 

5.2.1 Cohort characteristics 

A total of 101 patients with primary CRC were included in this study. Tissue 

microarrays were constructed with cores targeted to the invasive margin, with 

each patient consisting of 2–3 cores.  

To determine whether the cellular composition at the invasive margin 

differed between TGPs, the relative abundance and density of each cell phenotype 

were compared. 

5.2.2 Cell composition and density analysis 

Investigating the cellular composition and density of cell phenotypes, the 

infiltrative and pushing growth patterns were compared. Full methods are 

described in Chapter 2 (Methods). 

For the proportion of cell phenotypes, as shown in Figure 5-1, there were 

no statistically significant differences in the proportional abundance of any cell 

phenotype between the infiltrative and pushing margins (all BH-adjusted p-values 

> 0.05).  
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Figure 5-1: Cell proportion between tumour growth patterns. Boxplots comparing cell 
proportion (%) between TGPs at the invasive margin. The infiltrative margin is represented in 
orange, and the pushing margin in blue. Each dot represents an individual sample.  
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Consistent with the abundance results, no significant differences in cell 

density across all cell phenotypes were observed between TGP groups (Figure 

5-2; all p.adj > 0.05). 

 

Figure 5-2: Cell densities between tumour growth patterns 

Boxplots displaying the absolute cell density (cells per mm²) of cell phenotypes. The infiltrative 
margin is represented in orange, and the pushing margin in blue. Each dot represents an individual 
sample.  
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Collectively, these findings provide a crucial biological insight that the 

difference between infiltrative and pushing growth patterns cannot be explained 

by the proportion or density of cells. Therefore, employing spatial analysis was 

required to investigate the actual factors associated with the two different TGP. 

5.2.3 Spatial proximity analysis: Nearest Distance Index (NDI) 

To examine whether the spatial organisation of cells at the invasive front 

differ between TGP, the NDI was applied to quantify the spatial proximity between 

cells. 

The NDI is the log₂-transformed ratio of the observed median nearest-

neighbour distance to the expected distance under complete spatial randomness 

(CSR), providing a density-normalized measure of spatial proximity. Full methods 

are described in Chapter 2 (Methods). 

Figure 5-3 presents the NDI comparison between infiltrative (orange) and 

pushing (blue) for nine NDI pairwise cell-type proximities (NDI metrics). 

calculated. A minimum of five patients per group was required for an NDI metric 

to be calculated. As a result, some NDI metrics did not reach this threshold, and 

therefore, NDI metrics were not calculated. Five endpoints showed statistically 

significant differences (BH-adjusted p < 0.05). The pushing group had significantly 

higher NDI than the infiltrative group for three endpoints: CD3 to tumour, FAP+ 

to tumour, and αSMA+FAP+ to tumour, indicating greater spatial exclusion 

between these cell populations in pushing tumours and equivalently, lower NDI 

(closer proximity) in infiltrative tumours. Conversely, FAP+ to CD3 and αSMA+FAP+ 

to CD3 NDI values were significantly higher in the infiltrative group, indicating 

that FAP-expressing CAFs were further from T cells in infiltrative tumours (closer 

in pushing tumours).  
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Representative cores are shown in Figure 5-4 and Figure 5-5, which 

display the mIF staining and the corresponding single-cell maps from a pushing 

and an infiltrative tumour. 

 

 

 

 

  

Figure 5-3: Nearest Distance Index comparison between tumour growth patterns 

The infiltrative margin is represented in orange, and the pushing margin in blue. Each dot 
represents an individual sample.  
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Figure 5-4: Representative cores from a pushing tumour. The mIF stained, shown in 200 µm 
scale bar (Top). Single-cell phenotype maps of the same core and coloured by phenotype 
(Bottom). As the NDI is density-corrected, these proximity relationships cannot be read directly from 
the images. 
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Figure 5-5: Representative cores from an infiltrative tumour. The mIF stained, shown in 200 
µm scale bar (Top). Single-cell phenotype maps of the same core and coloured by phenotype 
(Bottom). As the NDI is density-corrected, these proximity relationships cannot be read directly from 
the images. 
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These spatial differences raised the question of whether the observed 

proximity patterns carried prognostic significance. To address this, survival 

analysis was performed to evaluate the relationship between NDI and cancer-

specific survival. 

 The univariable and multivariable Cox regression analyses were performed 

to assess whether NDI metrics were independent predictors of CRC-specific 

survival. To categorise NDI data into low and high groups, the Maximally Selected 

Rank Statistics (MaxStat) was utilised to get the optimal cutoff. This provided the 

most significant separation between groups.  

Table 5-1 showed that tumour budding, N stage, NDI FAP+ to tumour, and 

NDI αSMA+FAP+ to tumour were significantly associated with cancer-specific 

survival (p < 0.05) in univariable analysis. To determine whether the significant 

NDI metrics remained prognostic after adjusting for clinicopathological factors, 

multivariable Cox regression was performed. 
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Table 5-1: Univariable Cox regression analysis of spatial proximity indices (NDI) and 
clinicopathological characteristics for cancer-specific survival in CRC. Bold p-values are 
statistically significant. Each NDI metric was dichotomised with the high-NDI group as the 
reference category; a hazard ratio above one, therefore, denotes higher cancer-specific mortality in 
the low-NDI group. Values in parentheses denote the growth pattern to which the low-NDI group 
corresponds. 

 
 

For the multivariable Cox regression analysis, backward selection was 

performed separately for each NDI metric to avoid collinearity, and only variables 

significant in the univariable analysis were retained (Table 5-2). 

 

 

 

 

 

Variable HR 95CI P-Value 

Tumour_budding (present vs absent) 2.08 (1.01-4.28) 0.047 

Age (>75 yr vs ≤75 yr) 3.48 (0.42-28.76) 0.247 

Tstage (T3-T4 vs T1-T2) 2.01 (0.48-8.43) 0.341 

Nstage (N1-N2 vs N0) 3.04 (1.36-6.82) 0.007 

TGP (pushing vs infiltrative) 0.55 (0.27-1.13) 0.105 

NDI FAP+ to Tumour (low vs high) 2.45 (1.16-5.15) 0.019 

NDI αSMA+FAP+ to Tumour (low vs high) 2.72 (1.14-6.48) 0.024 

NDI FAP+ to CD3 (low vs high) 0.50 (0.24-1.04) 0.064 

NDI αSMA+FAP+ to CD3 (low vs high) 0.47 (0.16-1.38) 0.169 

NDI CD3 to Tumour (low vs high) 1.68 (0.77-3.64) 0.193 
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Table 5-2: Multivariable Cox regression analysis of FAP+ to tumour NDI and 
clinicopathological characteristics for cancer-specific survival in CRC. Bold p-values are 
statistically significant. Each NDI metric was dichotomised with the high-NDI group as the 
reference category; a hazard ratio above one, therefore, denotes higher cancer-specific mortality in 
the low-NDI group. Values in parentheses denote the growth pattern to which the low-NDI group 
corresponds. 

 

 

Variable HR (95% CI) P-value 

Tumour budding (present vs absent) 1.78 (0.83-3.82) 0.136 

Nstage (N1-N2 vs N0) 2.76 (1.16-6.55) 0.022 

NDI FAP+ to Tumour (low vs high) 2.19 (0.99-4.86) 0.053 

 

As shown in Table 5-2, N stage remained an independent predictor of 

cancer-specific mortality. A lower FAP+ to tumour NDI (indicating closer spatial 

proximity between FAP+ CAFs and tumour cells) showed a strong trend towards a 

2.19-fold increased risk of cancer-specific mortality compared to those with high 

NDI (HR = 2.19, 95% CI 0.99–4.86, p = 0.053). 

A low αSMA+FAP+ to tumour NDI was significantly associated with cancer-

specific survival in multivariable analysis after adjusting for tumour budding and 

N stage (HR = 2.46, 95% CI 1.00–6.05, p = 0.05), indicating that closer spatial 

proximity between αSMA+FAP+ CAFs and tumour cells was independently 

associated with a 2.46-fold higher risk of cancer-specific mortality in patients with 

a low NDI than in those with a high NDI (Table 5-3). 

Table 5-3: Multivariable Cox regression analysis of αSMA+FAP+ to tumour NDI and 
clinicopathological characteristics for cancer-specific survival in CRC. Bold p-values are 
statistically significant. Each NDI metric was dichotomised with the high-NDI group as the reference 
category; a hazard ratio above one, therefore, denotes higher cancer-specific mortality in the low-
NDI group. Values in parentheses denote the growth pattern to which the low-NDI group 
corresponds. 

Variable HR (95% CI) P-value 

Tumour_budding (present vs absent) 2.00 (0.88-4.54) 0.097 

nstage (N1-N2 vs N0) 3.15 (1.21-8.23) 0.019 

NDI αSMA+FAP+ to Tumour (low vs high) 2.46 (1.00-6.05) 0.050 
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5.3 Discussion 

This chapter presents four important findings. First, the cellular composition 

at the invasive margin, measured by both relative abundance and density, did not 

differ significantly between infiltrative and pushing TGPs. Second, NDI analysis 

revealed that FAP-expressing CAFs were closer to tumour cells in infiltrative 

tumours than in pushing tumours and were also further from T cells. Third, T cells 

were spatially excluded from tumour cells in pushing tumours. Fourth, the spatial 

proximity of αSMA+FAP+ CAFs to tumour cells was independently associated with 

cancer-specific survival after adjustment for tumour budding and N stage, with 

the FAP+ single-positive endpoint showing a borderline result. Together, these 

findings support the view that cell arrangement, rather than cell abundance, 

distinguishes the two growth patterns and carries prognostic information.  

Cell composition does not classify TGPs 

The cell proportion and density comparison between TGPs was not 

different, demonstrating that the distinction between the two growth patterns 

cannot be explained by the quantity or density of immune cells, or CAF subtypes 

at the invasive margin. These findings provided the rationale for employing spatial 

analysis using the NDI to investigate whether the arrangement, rather than the 

abundance, of cells distinguishes TGPs. 

Spatial organisation of FAP-expressing CAFs differs between TGPs 

The NDI analysis revealed significantly lower FAP+ to tumour and 

αSMA+FAP+ to tumour NDI values in the infiltrative group compared to the pushing 

group, indicating that FAP-expressing CAFs lie relatively closer to tumour cells in 

infiltrative tumours than in pushing tumours. The close spatial association 

between FAP+ CAFs and tumour cells in infiltrative tumours is consistent with the 

known biology of this CAF population. FAP is a type II transmembrane serine 

protease highly expressed in tumour stroma that promotes extracellular matrix 

remodelling, invasion, and epithelial-to-mesenchymal transition (Xin et al., 2021). 

The juxtatumoural positioning of FAP+ CAFs observed here places them in contact 

with tumour cells, providing a spatial substrate for direct tumour–stroma crosstalk 
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through localised ECM remodelling and paracrine signalling that may facilitate 

local invasion (Qi et al., 2022).  

Notably, SMA+ and PDPN+ CAFs without FAP co-expression did not show 

significant differences in NDI between the two growth patterns. This suggests that 

the spatial distinction between TGPs is specific to FAP-expressing CAF 

populations. 

FAP-expressing CAFs are spatially further from T cells in infiltrative tumours 

The finding that FAP+ to CD3 and αSMA+FAP+ to CD3 NDI values were 

significantly higher in the infiltrative group indicates that, in infiltrative tumours, 

FAP-expressing CAFs are located further from CD3+ T cells than in pushing 

tumours. A higher FAP+ to CD3 NDI together with a lower FAP+ to tumour NDI in 

infiltrative tumours explains the spatial configuration that FAP+ CAFs lie close to 

tumour cells, while T cells remain distant. This configuration is biologically 

significant because FAP+ CAF are known to exclude T cells through CXCL12-CXCR4 

signaling (Feig et al., 2013). 

A key finding in this study is that the spatial proximity of αSMA+FAP+ CAFs 

to tumour cells was an independent factor of cancer-specific survival in 

multivariable analysis, after adjusting for tumour budding and N stage (HR = 2.46, 

p = 0.05). Similarly, a low FAP+ to tumour NDI showed a closely parallel result (HR 

= 2.19, p = 0.053). In both models, a lower NDI indicating closer proximity between 

FAP+ / αSMA+FAP+ CAFs and tumour cells was associated with worse survival. 

These results suggest that the NDI captures biologically relevant information about 

the tumour-stroma interaction that conventional staging does not. 

This study suggests that it is not simply the presence of FAP+/ αSMA+FAP+ 

CAFs, but specifically their spatial proximity to tumour cells, that carries 

prognostic information. This distinction is important because cell density and 

spatial proximity need not align: two patients may have similar FAP+ / αSMA+FAP+  

CAFs densities but different spatial arrangements, with the patient whose CAFs 

are in closer proximity to tumour cells having worse outcomes. 

CD3 T cells are spatially excluded from tumour cells in pushing tumours 
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The pushing group showed significantly higher NDI for CD3 to tumour, 

indicating that T cells are further from tumour cells in pushing tumours. This likely 

reflects the distinct tissue architecture of pushing tumours, which have a well-

defined, smooth tumour border that creates a clearer physical separation between 

the tumour epithelium and the surrounding stroma where immune cells reside 

(Koelzer & Lugli, 2014). In contrast, infiltrative tumours have irregular, finger-like 

projections that interdigitate with the stroma, placing tumour cells closer to 

stromal cells. However, a closer proximity of CD3 T-cells to tumour cells in 

infiltrative tumours should not necessarily be interpreted as a more effective anti-

tumour immune response. T cells within the tumour microenvironment may 

become dysfunctional or exhausted, and spatial proximity to tumour cells may 

coexist with impaired anti-tumour activity. As this exploratory mIF panel used CD3 

to capture the broader T-cell population and did not include markers of T-cell 

subsets, the functional state of these T cells could not be determined. Further 

immune phenotyping would be required to distinguish active from exhausted T-

cell populations. 

Comparison with existing spatial studies in CRC 

Several studies have shown the prognostic value of immune cells in CRC, 

but few studies have focused on the spatial arrangement of CAF subtypes. The 

Immunoscore, CD3 and CD8 densities were found to be prognostic parameters at 

the tumour centre and invasive margin (Galon et al., 2006; Pagès et al., 2018). 

However, it is a density-based metric and does not capture the spatial proximity 

between immune cells and tumour or CAF population.  

Nearchou et al. demonstrated that a low number of CD3+CD8+ T cells within 

50 μm of tumour buds was associated with reduced disease-specific survival in 

stage II CRC (HR = 8.91, 95% CI 2.83–28.0) (Nearchou et al., 2019). The present 

study extends this spatial analysis in two directions. First, rather than density 

analysis, the similar spatial proximity logic was applied. Second, Nearchou et al. 

reported that closer lymphocyte–tumour bud proximity predicted better outcome; 

the present data showed that closer CAF–tumour proximity predicts worse 

outcome. These results are not in conflict because lymphocyte proximity reflects 

active antitumour response, whereas CAF proximity could reflect stromal support 
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of invasion. Together, they support the broader view that the prognostic meaning 

of spatial proximity depends on the identities of the cell types involved. 

To our knowledge, this is the first study to use the NDI to quantify the 

spatial relationships between CAF subtypes and tumour cells in CRC stratified by 

TGP. While the NDI has been applied in other contexts, its application to the 

specific question of CAF–tumour spatial proximity in TGP is novel. This approach 

reveals a layer of spatial information that is missed by both density-based analyses 

and immune-cell-focused spatial metrics. 

Limitations 

Several limitations should be acknowledged. First, the less common CAF 

subtypes did not meet the minimum cell threshold, so that the NDI calculation 

could not be performed. Second, the mIF panel included five markers and 

therefore could not capture several other cell subtypes. Finally, the cross-

sectional design cannot distinguish whether close CAF–tumour proximity is a cause 

of aggressive disease behaviour or a downstream marker of it; this limits causal 

inference and should be addressed in future functional and longitudinal studies.  

While mIF has resolved how CAFs and T cells are spatially arranged relative to 

tumour cells, it cannot identify the molecular signals within these spatial 

arrangements. To begin to address this, the following chapter applies a spatial 

transcriptomics approach (GeoMx) at the invasive front, with the aim of resolving 

the signalling pathways that may underlie the CAF-tumour and CAF-T cell spatial 

relationships identified here. 
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Chapter 6 Spatial biology of the tumour growth 
patterns in primary CRC 

6.1 Introduction 

In the previous chapter, mIF analysis at the invasive front of primary CRC 

identified five NDI endpoints that differed significantly between infiltrative and 

pushing growth patterns: FAP+ to Tumour, αSMA+FAP+ to Tumour, CD3 to Tumour, 

FAP+ to CD3, and αSMA+FAP+ to CD3. Critically, a greater αSMA+FAP+ to Tumour 

distance emerged as an independent favourable prognostic factor for CRC-specific 

survival, while a greater FAP+ to Tumour distance showed a strong favourable 

prognostic trend (p = 0.053). These findings established that the spatial 

arrangement of CAF subtypes and T cells relative to the tumour is different 

between the two growth patterns and carries clinical significance. However, 

identifying these spatial distances alone could not answer the questions of which 

specific cell populations correlate with these spatial arrangements and what 

molecular mechanisms underlie them. While mIF provides single-cell phenotypic 

resolution and spatial coordinates, it is inherently limited in the number of 

markers that can be assessed simultaneously. To bridge this gap, an integrative 

approach combining comprehensive spatial transcriptomic profiling with 

computational inference of cell states and ligand-receptor interactions was 

required. 

The aim of this chapter was to investigate the cellular and molecular biology 

underlying the five spatial endpoints identified in the previous chapter. The 

objectives of this study were: 

1. To identify the transcriptional programmes whose activity correlates with 

each spatial distance, using single-sample gene set enrichment analysis 

(ssGSEA) of Hallmark pathways. 

 

2. To identify the specific cell subpopulations whose abundance correlates 

with each spatial endpoint within each tissue compartment, using EcoTyper 

cell-state deconvolution. 
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3. To identify candidate ligand-receptor signalling axes that may underlie the 

observed spatial relationships, using LIANA ligand-receptor inference. 

6.1.1 GeoMx cohort selection 

The GeoMx cohort was derived from the existing invasive margin TMA of GRI 

cohort. Owing to the cost of GeoMx WTA profiling, the analysis was limited to two 

TMA slides. The two slides containing the greatest number of infiltrative and 

pushing growth patterns cases were selected to maximise the number of 

informative cases available for comparison. Individual patients were not selected 

on the basis of clinicopathological characteristics or clinical outcome. 

Intermediate growth pattern cases were excluded from the comparison. The final 

cohort comprised 51 patients, including 31 infiltrative and 20 pushing tumours. 

6.1.2 GeoMx digital spatial profiling: whole-transcriptome 
interrogation of the invasive front in primary CRC 

To capture the comprehensive molecular landscape of the tumour 

microenvironment (TME) at the invasive front, GeoMx Whole Transcriptome Atlas 

(WTA) spatial transcriptomic profiling was performed. The GeoMx Digital Spatial 

Profiler (DSP) enables simultaneous and guided detection of thousands of RNA 

targets from user-defined regions of interest (ROIs) on FFPE tissue, using barcoded 

in situ hybridisation probes conjugated to UV-photocleavable oligonucleotides 

(Van & Blank, 2019). The GeoMx WTA covers over 18,000 protein-coding genes with 

high sensitivity and specificity, demonstrating strong concordance with RNA-seq 

and RNAscope even in small ROI sizes. Previous studies have demonstrated that 

the integration of multiplex imaging with spatial transcriptomic profiling provides 

a synergistic strategy: mIF delivers single-cell spatial resolution and phenotypic 

characterization, while GeoMx delivers comprehensive whole-transcriptome 

profiling within defined tissue compartments, effectively linking cellular 

phenotypes with molecular signatures (Bungaro et al., 2025). 

6.1.3 Three-mask segmentation selection: CK+, αSMA+, and Rest 

A critical step in the GeoMx workflow is the selection and segmentation of 

ROIs using fluorescently labelled visualisation markers, which enable the 

demarcation of distinct tissue compartments based on morphology (Van & Blank, 

2019). The DSP platform supports three fluorescent visualisation markers plus a 
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nuclear stain, and previous studies have demonstrated that Pan-CK-based 

segmentation into tumour and TME segments effectively distinguishes epithelial 

from stromal biology. In this study, three tissue compartments were defined at 

the invasive front: the CK-positive (CK+) compartment to identify tumour-rich 

epithelial regions, the αSMA-positive (αSMA+) compartment to identify αSMA-

expressing stromal cells, which include myofibroblast-like cancer-associated 

fibroblasts (myCAFs), vascular smooth muscle cells, and pericytes, and the Rest 

compartment (CK−αSMA−) to capture the remaining tissue microenvironment, 

including immune infiltrates and other unclassified stromal populations. This 

three-mask approach reflects the cellular compartments most relevant to the 

biology of TGPs: the tumour epithelium that defines the growth front, the αSMA-

enriched stroma where myofibroblastic remodelling, vascular regulation, and 

potential immune exclusion are expected to occur, and the broader TME where 

immune and other non-epithelial populations reside.  

6.1.4 EcoTyper: Cell-state and ecosystem inference from bulk-like 
spatial data 

Since GeoMx data are acquired at the ROI level rather than at single-cell 

resolution, each mask captures a mixture of cell types within a defined tissue 

region. To identify which specific cell populations within each compartment are 

associated with TGP-specific spatial distances, computational deconvolution of 

cell states from these bulk-like expression profiles was required. For this purpose, 

EcoTyper was used, a machine learning framework designed for large-scale 

identification of transcriptionally defined cell states and multicellular 

communities from bulk, single-cell, and spatially resolved gene expression data 

(Luca et al., 2021). EcoTyper differs from related approaches in several key ways: 

it imputes cellular heterogeneity directly from RNA profiles of intact tissue, avoids 

distortions caused by physical cell isolation, does not require antibodies or 

preselection of phenotypic markers, and can be applied to fresh, frozen, and fixed 

samples (Luca et al., 2021). Additionally, EcoTyper goes beyond simple cell-type 

abundance estimation by identifying transcriptional states within each cell type 

and discovering co-occurrence patterns that define multicellular communities 

called “ecotypes”. 

The choice of EcoTyper over alternative approaches is driven by the nature 

of GeoMx data. Spatial domain identification tools such as BayesSpace or SpaGCN 
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are designed for spot-level spatial transcriptomics platforms with regular spatial 

grids and are not directly applicable to GeoMx’s irregularly shaped, user-defined 

ROIs (Liu et al., 2026). Similarly, single-cell deconvolution methods such as 

CIBERSORTx or MuSiC estimate cell-type proportions but do not resolve 

transcriptional states within each cell type, whereas EcoTyper identifies distinct 

cell states and their co-occurrence patterns, providing a finer-grained view of the 

cellular composition within each mask. In the original EcoTyper framework, 69 

transcriptionally defined cell states were identified across 12 major cell lineages 

in 16 types of human carcinoma, and these cell states were shown to be 

recoverable across independent datasets and platforms (Luca et al., 2021). By 

applying EcoTyper in recovery mode to GeoMx WTA data from the three tissue 

compartments, this study aimed to estimate cell-state abundances within each 

mask and correlate them with the mIF-derived spatial distance metrics, thereby 

linking TGP-specific spatial arrangements to specific cell populations at the 

invasive front. 

6.1.5 LIANA: Cell-Cell communication inference 

In addition to identifying cell states, understanding the ligand-receptor (LR) 

communication that mediates crosstalk between tissue compartments is essential 

for decoding the molecular mechanisms underlying TGP-associated spatial 

differences. To obtain a curated set of LR interaction pairs, the LIANA Consensus 

resource was used (Dimitrov et al., 2022). LIANA systematically compared 16 cell-

cell communication resources and demonstrated that individual resources vary 

considerably in their coverage of specific pathways and tissue-enriched proteins, 

with limited overlap between them (Dimitrov et al., 2022). The LIANA Consensus 

resource addresses this by integrating interactions from multiple curated 

databases, including CellPhoneDB, CellChatDB, and OmniPath, thereby providing 

a more comprehensive and less biased catalogue of known LR pairs than any single 

resource alone. In this study, LR pairs extracted from the LIANA Consensus 

resource were combined with EcoTyper-inferred cell-state abundances and GeoMx 

mask-level expression data to compute weighted interaction scores, which were 

then correlated with the mIF-derived spatial distance metrics. This approach 

provided a molecular signalling layer to the spatial associations, linking specific 

LR interactions from defined sender cell states to the TGP-specific spatial 

arrangements observed at the invasive front in primary CRC. 
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6.2 Results 

6.2.1 Cohort characteristics 

Table 6-1 Clinicopathological characteristics of the 51 patients stratified by TGP 

Characteristic N 
Overall   
N = 511 

Infiltrative   
N = 311 

Pushing   
N = 201 

p-value2 

Age 51    0.617 

<50  1 (2.0%) 0 (0%) 1 (5.0%)  

51-75  32 (63%) 20 (65%) 12 (60%)  

>75  18 (35%) 11 (35%) 7 (35%)  

Sex 51    0.778 

Female  22 (43%) 14 (45%) 8 (40%)  

Male  29 (57%) 17 (55%) 12 (60%)  

T stage 51    0.003 

pT1  2 (3.9%) 0 (0%) 2 (10%)  

pT2  4 (7.8%) 0 (0%) 4 (20%)  

pT3  28 (55%) 17 (55%) 11 (55%)  

pT4  17 (33%) 14 (45%) 3 (15%)  

Differentiation 50    0.123 

Well or Moderate  42 (84%) 23 (77%) 19 (95%)  

Poor  8 (16%) 7 (23%) 1 (5.0%)  

N stage 51    0.005 

pN0  28 (55%) 12 (39%) 16 (80%)  

pN1  16 (31%) 12 (39%) 4 (20%)  

pN2  7 (14%) 7 (23%) 0 (0%)  

Margin involvement 51    - 

Absent  51 (100%) 31 (100%) 20 (100%)  

Present  0 (0%) 0 (0%) 0 (0%)  

Tumour budding 50    0.079 

Absent  29 (58%) 14 (47%) 15 (75%)  

Present  21 (42%) 16 (53%) 5 (25%)  

1n (%) 

2Fisher's exact test 

Note: Fisher’s exact test was used for comparisons. Margin involvement was not tested 
because all 51 patients had absent margin involvement. 
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The GeoMx analysis comprised 51 patients, including 31 infiltrative and 20 

pushing tumours. The clinicopathological characteristics are summarised in Table 

6-1. T stage and N stage distributions differed significantly between the TGPs (p 

= 0.003 and p = 0.005, respectively). Infiltrative tumours had a higher proportion 

of pT4 than pushing tumours (45% and 15%, respectively) and were more 

frequently node-positive. In contrast, age, sex, tumour differentiation and tumour 

budding did not differ significantly between the two TGPs. All patients had absent 

margin involvement, therefore, margin status was not statistically compared. 

6.2.2 GeoMx mask-based segmentation and quality control 

GeoMx Digital Spatial Profiling was performed on tissue sections from the 

invasive margin of colorectal cancer specimens, using three fluorescence-guided 

masks to capture distinct tissue compartments: Tumour (Pan-CK-positive) 

identifies epithelial tumour cells, αSMA (αSMA-positive) identifies stromal cells, 

and Rest (remaining tissue which is Pan-CK-negative and αSMA-negative). 

Representative fluorescence images of a sample with pushing and infiltrative 

growth patterns showing the three GeoMx segmentation masks at the invasive 

margin. Tumour mask (Pan-CK-positive, green), αSMA mask (αSMA-positive, red), 

and Rest mask (Pan-CK-negative and αSMA-negative, blue) captures the remaining 

tissue, including immune cell populations (Figure 6-1 and Figure 6-2) 

 

Figure 6-1: Representative infiltrative growth pattern image of a GeoMx region of interest 
(ROI) at the invasive margin of colorectal cancer. Three masks were applied: Tumour (Pan-CK+, 
green), αSMA (αSMA+, red), and Rest (double-negative, blue). Scale bar = 100 µm. 
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Figure 6-2 Representative pushing growth pattern image of a GeoMx region of interest (ROI) 
at the invasive margin of colorectal cancer. Three masks were applied: Tumour (Pan-CK+, 
green), αSMA (αSMA+, red), and Rest (double-negative, blue). Scale bar = 100 µm. 
 
 

 Following data acquisition, quality control was performed as described in 

method section. Nuclei counts and raw sequencing reads were evaluated across 

all three masks (Figure 6-3). Tumour mask showed the highest in both nuclei 

counts and raw reads, while Rest mask showed the lowest. Grey lines connecting 

matched AOIs from the same specimen across masks. Following quality control, 

the LOQ+Q3-normalised expression matrix was further processed for downstream 

analysis. 
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Figure 6-3 Quality control metrics separated by masks. Nuclei counts (left) and raw sequencing 
reads (right) for each AOI, grouped by mask: Tumour (red), αSMA (green), and Rest (blue). Triangles 
indicate AOIs passing QC; circles indicate excluded AOIs. Grey lines connect matched AOIs from 
the same specimen across masks. Dashed red lines indicate minimum QC thresholds. 

 

6.2.3 Transcriptomic separation of tissue compartments 

A principal component analysis was performed on the retained AOIs to gain 

an overview of the transcriptomics variation across compartments and TGPs 

(Figure 6-4). The top 2,000 most variable genes, ranked by row variance, were 

selected and PCA was computed. AOIs were plotted by the first two principal 

components and annotated by compartments and TGPs. PC1 showed 36.2% of the 

total variance and clearly separated tumour mask from αSMA and Rest masks, 

supporting fluorescence-guided captured different biological tissue areas. PC2 

explained 9.1% of the variance but did not clearly separate the αSMA and Rest 

masks. No clear separation between infiltrative and pushing growth patterns was 

observed, suggesting that growth pattern-associated differences are not driven by 

large-scale transcriptomic shifts. 
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Figure 6-4 Principal compartment analysis of GeoMx AOIs. AOIs are coloured by mask: Tumour 
(red), αSMA (green), and Rest (blue). Shapes indicate tumour growth pattern: circles = infiltrative, 
triangles = pushing. Grey lines connect AOIs from the same specimen. 

  

To confirm that each mask captured biologically distinct tissue 

compartments, the top enriched genes per mask were identified by comparing in-

segment versus out-of-segment mean expression and visualised as a row-scaled z-

score heatmap (Figure 6-5). 

Genes enriched in the Tumour mask included canonical epithelial markers 

such as KRT8, EPCAM, CDH1, CEACAM5, and CEACAM1, as well as claudin family 

members CLDN4 and CLDN7. The presence of intestinal differentiation markers 

TFF3, KLF5, and PHGR1 further supported that the Tumour mask specifically 

captured colorectal epithelial cells rather than epithelial contamination from 

other tissue types. Genes enriched in the αSMA mask included smooth muscle and 

myofibroblast markers ACTA2, MYL9, and TAGLN, alongside extracellular matrix 

components COL1A1, COL1A2, COL3A1, COL6A2, BGN, POSTN, and SPARC. This 

expression profile is consistent with a myofibroblast-like cancer-associated 

fibroblast (myCAF) identity. Genes enriched in the Rest mask were dominated by 

immunoglobulin genes, including IGHG1–4, IGHA1, IGKC, IGLL5, and JCHAIN, 

indicating a strong B cell and plasma cell presence, alongside leukocyte-associated 

genes LCP1, RGS1, IFI30, and APOE. This heterogeneous profile reflects the 

broader tumour microenvironment beyond the epithelial and stromal 

compartments, including both adaptive and innate immune populations not 
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captured by either the Tumour or αSMA masks. Notably, no clear expression 

differences between infiltrative and pushing growth patterns were observed 

within any mask, consistent with the PCA findings. 

 

 

Figure 6-5 Heatmap of top enriched genes separated by masks and tumour growth patterns. 
Rows (genes) are grouped by the mask in which they are enriched: Tumour (cyan), αSMA (pink), 
and Rest (purple), as indicated by the colour bar on the left. Columns (AOIs) are ordered first by 
segment (Tumour, αSMA, Rest; top colour bar) and then by tumour growth pattern (infiltrative, green; 
pushing, orange; second colour bar). Red indicating higher and blue indicating lower expression.  

 
 

6.2.4  Differential gene expression between spatial 
compartments 

Differential gene expression analysis was performed to assess the 

transcriptomic differences. All pairwise comparisons between three 

compartments were assessed. Infiltrative and pushing growth patterns were 

compared. Results were visualised in volcano plots (Figure 6-6, Figure 6-7, and 

Figure 6-8) 

 The comparison between Tumour and αSMA masks revealed the largest 

number of differentially expressed genes (Figure 6-6). Genes upregulated in the 

Tumour mask included epithelial markers KRT8, EPCAM, CEACAM5, CLDN7, 

SLC12A2, and ELF3, while genes upregulated in the αSMA mask included stromal 

and myofibroblast markers TAGLN, ACTA2, IGFBP7, COL1A1, VIM, CALD1, and 

AEBP1. This strong separation confirms that the Tumour and αSMA masks captured 

different tissue biology.  
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Figure 6-6 Differential gene expression between Tumour and αSMA masks. The X-axis shows 
log2fold-change and the Y-axis shows -log10FDR. Yellow points show genes significantly 
upregulated in Tumour mask, and purple points show genes significantly upregulated in αSMA mask. 
Dash lines indicate significant thresholds (FDR < 0.05 and |log2fold-change| ≥ 1). The top significant 
genes are labelled.  

 
The comparison between Tumour and Rest masks showed a similar pattern, 

with the same epithelial markers upregulated in the Tumour mask (KRT8, CLDN7, 

SLC12A2, SOX9) (Figure 6-7). Genes upregulated in the Rest mask included VIM, 

RGS1, IGFBP7, COL3A1, COL6A2, LAPTM5, and A2M, reflecting a mixture of stromal 

and immune-related gene expression consistent with the heterogeneous 

composition of the Rest compartment. 
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Figure 6-7 Differential gene expression between Tumour and Rest masks. The X-axis shows 
log2fold-change, and the Y-axis shows -log10FDR. Yellow points show genes significantly 
upregulated in Tumour mask, and purple points show genes significantly upregulated in Rest mask. 
Dash lines indicate significant thresholds (FDR < 0.05 and |log2fold-change| ≥ 1). The top significant 
genes are labeled.  

 

Finally, the comparison between αSMA and Rest masks showed that all 

significant hits were upregulated in the αSMA mask (Figure 6-8). These included 

smooth muscle contractile genes ACTA2, TAGLN, MYL9, ACTG2, TPM2, MYLK, and 

CALD1. No genes were significantly upregulated in the Rest mask. This is 

consistent with the PCA results, where the αSMA and Rest masks were not clearly 

separated along PC2, and reflects the expected transcriptomic overlap between 

stromal and immune compartments relative to the more distinct epithelial tumour 

compartment. 
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Figure 6-8 Differential gene expression between αSMA and Rest masks. The X-axis shows 
log2fold-change, and the Y-axis shows -log10FDR. Yellow points show genes significantly 
upregulated in αSMA mask. Dash lines indicate significant thresholds (FDR < 0.05 and |log2fold-
change| ≥ 1). The top significant genes are labelled.  

 

 To assess differential gene expressions between infiltrative and pushing 

growth patterns, analyses were performed within each mask. The results revealed 

that no genes reached significance in any of the three masks, indicating that TGP 

differences are not detectable from the gene expression level within individual 

compartments. This finding is consistent with PCA and heatmap results. 

6.2.5 HALLMARK Pathway-level characterisation of spatial 
compartments 

 To characterise the biological programs distinguishing each spatial 

compartment at the pathway level, single-sample gene set enrichment analysis 

(ssGSEA) was performed using the GSVA package with MSigDB Hallmark gene sets. 

Only pathways with FDR < 0.05 are shown (Figure 6-9, Figure 6-10, and Figure 

6-11). 

 The Tumour mask was consistently enriched for proliferation and metabolic 

pathways across both comparisons. MYC targets (V1 and V2), E2F targets, G2M 

checkpoint, oxidative phosphorylation, and cholesterol homeostasis were among 
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the top upregulated pathways in the Tumour mask relative to both αSMA and Rest, 

reflecting the high proliferative activity and metabolic demand of tumour 

epithelial cells (Figure 6-9 and Figure 6-10). 

 

Figure 6-9 ssGSEA HALLMARK pathway between Tumour and αSMA masks. Bar plots showing 
log2 fold-change of ssGSEA enrichment scores for Tumour vs αSMA. Yellow bars indicate pathways 
enriched in the Tumour mask; purple bars indicate pathways enriched in the αSMA mask. Only 
pathways with FDR < 0.05 are shown. 

 

The αSMA mask showed strong enrichment for stromal remodelling 

programs (Figure 6-9 and Figure 6-10). Epithelial-mesenchymal transition was the 

most enriched pathway in the αSMA mask in both comparisons, consistent with the 

myofibroblast-like identity observed in the DGE and heatmap analyses. 

Myogenesis, coagulation, angiogenesis, and TGF-β signalling were also 

upregulated, reflecting active stromal remodelling and fibrotic signalling within 

the αSMA-positive compartment. 
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Figure 6-10 ssGSEA HALLMARK pathway between Tumour and Rest masks. Bar plots showing 
log2 fold-change of ssGSEA enrichment scores for Tumour vs Rest. Yellow bars indicate pathways 
enriched in the Tumour mask; purple bars indicate pathways enriched in the Rest mask. Only 
pathways with FDR < 0.05 are shown. 

 

The Rest mask showed enrichment for immune and inflammatory pathways 

relative to the Tumour mask, including interferon gamma response, IL6-JAK-STAT3 

signalling, inflammatory response, complement, allograft rejection, and TNF-α 

signalling via NF-κB, consistent with the immune signatures identified in the mask-

enriched gene analysis (Figure 6-10). Relative to the αSMA mask, the Rest 

compartment showed higher enrichment for proliferation-related pathways (MYC 

targets, E2F targets) and metabolic programs, likely reflecting the proliferative 

activity of immune cell populations within this compartment (Figure 6-11). 

The comparison between αSMA and Rest revealed that the αSMA mask was 

distinguished by EMT, myogenesis, angiogenesis, hedgehog signalling, and WNT-

beta-catenin signalling, whereas the Rest mask was characterised by cell cycle 

and immune-related pathways (Figure 6-11). This supports the biological rationale 

for separating these two non-epithelial compartments into distinct masks. 
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Figure 6-11 ssGSEA HALLMARK pathway between αSMA and Rest masks. Bar plots showing 
log2 fold-change of ssGSEA enrichment scores for αSMA vs Rest. Yellow bars indicate pathways 
enriched in the αSMA mask; purple bars indicate pathways enriched in the Rest mask. Only 
pathways with FDR < 0.05 are shown. 

 

For the ssGSEA scores comparing TGPs, similar to the differential gene 

expression results, no pathways reached significance (FDR < 0.05) in any of the 

three masks, emphasising that TGP differences are not detectable at the pathway 

level.  

6.2.6 Association between HALLMARK pathway enrichment and 
spatial distance metrics 

In the previous chapter, multiplex immunofluorescence analysis identified 

five NDI endpoints that differed significantly between infiltrative and pushing 

growth patterns: αSMA+FAP+ to CD3, αSMA+FAP+ to Tumour, CD3 to Tumour, FAP+ 

to Tumour, and FAP+ to CD3. To explore whether these spatial differences are 

associated with specific biological programs captured by spatial transcriptomics, 

a pathway-NDI correlation analysis was performed using Hallmark gene sets. 

For all spatial metrics NDI, associations between HALLMARK ssGSEA 

pathway scores and NDI were assessed across Tumour, Rest, and αSMA masks. 
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Higher NDI values indicate greater distance, whereas lower NDI values indicate 

closer proximity. 

Figure 6-12 presents pathways associated with CD3 to Tumour NDI. The 

strongest association was in the tumour mask, where several pathways correlated 

with low NDI (FDR < 0.05), whereas the αSMA and Rest masks showed no significant 

correlations between CD3 to tumour NDI and HALLMARK ssGSEA pathway scores, 

suggesting that the molecular mechanisms correlating with the short NDI are 

primarily localised within the tumour nest itself, rather than the surrounding 

stroma (αSMA or Rest masks). Notably, the immune and stromal-related pathways, 

TNFA SIGNALING VIA NFKB, KRAS SIGNALING UP, INFLAMMATORY RESPONSE, 

ALLOGRAFT REJECTION, HYPOXIA, and EPITHELIAL MESENCHYMAL TRANSITION 

(EMT) were significantly negatively correlated with NDI (Spearman R < 0, FDR < 

0.05), indicating higher pathway activity in samples with shorter CD3 to tumour 

distances. Conversely, the proliferation-related pathway, MYC TARGETS V1, 

showed a significant positive correlation with NDI (Spearman R > 0, FDR < 0.05), 

suggesting that high NDI is associated with cellular proliferation and tumour bulk 

expansion. 

 

 

 

 

Figure 6-12 HALLMARK pathway correlations with CD3 to Tumour spatial proximity across 
masks. Dot plots showing Spearman correlation between ssGSEA Hallmark pathway scores and CD3 to 
Tumour NDI, separated by mask (aSMA, Rest, Tumour). Colour indicates direction and strength of 
correlation (red = positive, blue = negative). Dot size represents −log10 FDR. Filled dots indicate FDR < 
0.05; open dots indicate non-significant associations. Top 10 pathways per mask are shown, ranked by 
FDR. 
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As illustrated in Figure 6-13, the analysis of the HALLMARK pathway and 

FAP+ to tumour NDI correlation demonstrated that a higher NDI was associated 

with the proliferative pathways, including E2F TARGETS, MYC TARGETS V2, and 

G2M CHECKPOINT, in the tumour compartment (Spearman R > 0, FDR < 0.05). This 

evidence is consistent with the pushing growth pattern, in which the tumour 

primarily grows locally. Interestingly, the shorter NDI was associated with EMT and 

MYOGENESIS pathways related to cellular plasticity and cell motility (Spearman R 

< 0, FDR < 0.05), supporting the infiltrative growth pattern in which FAP fibroblasts 

close to cancer cells are associated with EMT activation, thereby enhancing cancer 

cell invasion. 

 

 
Similar to FAP+ to tumour NDI, the correlation between closer αSMA+FAP+ 

to tumour NDI and HALLMARK pathways demonstrated statistically  significant 

pathways in the tumour compartment, which are HEDGEHOG SIGNALING, and 

APICAL JUNCTION (Figure 6-14) (Spearman R < 0, FDR < 0.05). Given that a shorter 

NDI is characteristic of an infiltrative phenotype, these findings suggest a link 

between these molecular signatures and tumour invasion. Notably, no statistically 

significant Hallmark pathways were identified in the αSMA and Rest 

compartments. This indicates that the molecular activities associated with this 

Figure 6-13 HALLMARK pathway correlations with FAP to Tumour spatial proximity across masks. 
Dot plots showing Spearman correlation between ssGSEA Hallmark pathway scores and FAP to Tumour 
NDI, separated by mask (aSMA, Rest, Tumour).  Colour indicates direction and strength of correlation 
(red = positive, blue = negative). Dot size represents −log10 FDR. Filled dots indicate FDR < 0.05; open 
dots indicate non-significant associations. Top 10 pathways per mask are shown, ranked by FDR. 
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spatial organisation are likely intrinsic to cancer cells rather than to the stromal 

microenvironment. 

 

 

Figure 6-14 HALLMARK pathway correlations with αSMA+FAP+ to Tumour spatial proximity 
across masks. Dot plots showing Spearman correlation between ssGSEA Hallmark pathway scores 
and αSMA+FAP+ to Tumour NDI, separated by mask (αSMA, Rest, Tumour). Colour indicates 
direction and strength of correlation (red = positive, blue = negative). Dot size represents −log10 
FDR. Filled dots indicate FDR < 0.05; open dots indicate non-significant associations. Top 10 
pathways per mask are shown, ranked by FDR. 

 

Regarding the correlation between FAP+ to CD3 NDI and Hallmark pathways, 

there were no statistically significant correlations in stromal compartments (αSMA 

and Rest), while the tumour compartment exhibited the correlation enrichment 

of immune and stress-related pathways with spatial NDI (Figure 6-15). Specifically, 

positive statistically significant correlations were found in inflammatory signalling 

pathways, including TNFA SIGNALING VIA NFKB, INFLAMMATORY RESPONSE, IL6 

JAK STAT3 SIGNALING, and COMPLEMENT (Spearman R > 0, FDR < 0.05), indicating 

these pathways were associated with a higher NDI. Moreover, a higher FAP+ to 

CD3 NDI is associated with HYPOXIA, COAGULATION, and EPITHELIAL 

MESENCHYMAL TRANSITION (EMT). However, SPERMATOGENESIS was the only 

pathway showing a significant negative correlation (Spearman R < 0, FDR < 0.05). 
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Figure 6-15 HALLMARK pathway correlations with FAP+ to CD3 spatial proximity across 
masks. Dot plots showing Spearman correlation between ssGSEA Hallmark pathway scores and 
αSMA+FAP+ to Tumour NDI, separated by mask (αSMA, Rest, Tumour). Colour indicates direction 
and strength of correlation (red = positive, blue = negative). Dot size represents −log10 FDR. Filled 
dots indicate FDR < 0.05; open dots indicate non-significant associations. Top 10 pathways per mask 
are shown, ranked by FDR. 

 

Further analysis was performed to determine the correlation of Hallmark 

pathway and αSMA+FAP+ to CD3 NDI (Figure 6-16). In contrast to FAP+ to CD3 NDI, 

αSMA+FAP+ CAF subtype did not exhibit any statistically significant correlations 

with Hallmark pathways across the αSMA, rest, or tumour compartments (FDR > 

0.05). However, a higher NDI of this endpoint, the tumour compartment displayed 

similar positive trends to those of FAP+ to CD3 NDI towards inflammatory 

signatures (COMPLEMENT, INFLAMMATORY RESPONSE, TNFA SIGNALING). 
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The pathway and NDI correlation analysis revealed biological programs 

associated with spatial distance but did not identify which specific cell 

populations within each mask correlate with spatial distance. Since each GeoMx 

mask captures a mixture of cell types, the observed pathway and NDI correlations 

might arise from different cell subpopulations. To address this, EcoTyper cell-

state deconvolution was applied to estimate specific cell-state abundances within 

each mask, and the correlation between cell-state abundances and NDI was 

assessed using Spearman's rank correlation. 

6.2.7 EcoTyper cell-state associations with spatial distance 
metrics 

 The results were shown using volcano plots, defined by two axes: X-axis 

(Spearman's Rho), which represents the direction and strength of the correlation. 

A positive value indicates that as the NDI increases (reflecting a greater distance), 

the proportional abundance of the cell state concurrently increases. Y-axis (-log10 

FDR): Represents statistical significance, adjusted via the BH procedure to control 

the False Discovery Rate (FDR). Two significance thresholds were established: a 

blue dashed line indicating FDR < 0.05 and a blue dotted line indicating FDR < 

0.10.  

Figure 6-16 HALLMARK pathway correlations with SMA+FAP+ to CD3 spatial proximity across 
masks. Dot plots showing Spearman correlation between ssGSEA Hallmark pathway scores and 
SMA+FAP+ to Tumour NDI, separated by mask (aSMA, Rest, Tumour). Colour indicates direction and 
strength of correlation (red = positive, blue = negative). Dot size represents −log10 FDR. Filled dots 
indicate FDR < 0.05; open dots indicate non-significant associations. Top 10 pathways per mask are 
shown, ranked by FDR. 
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 The results were stratified into three compartments: Tumour mask 

(representing cancer epithelial cells), αSMA mask (representing the stromal area 

characterised by high αSMA expression), and Rest mask (representing the 

remaining microenvironment, including diverse elements such as immune 

infiltrates, adjacent normal tissue, and unclassified stromal components). 

 To interpret the EcoTyper-inferred analysis that showed significant cell 

states results, the key gene markers and clinical implications were referred to 

Table 6-2 from the EcoTyper framework (Luca et al., 2021). 

Table 6-2: Cell states annotation from EcoTyper framework 

Cell Type State Annotation 

B cells S04 Activated 

CD4 T cells S03 Unknown/ Dysfunctional 

CD8 T cells S02 Late-stage differentiated effector 

Endothelial cells S01 Normal-enriched/ Angiogenic 

Fibroblasts S02 CAF2 (normal-enriched) 

Monocytes/ Macrophages S09 Unknown/ Regulatory 

 

Firstly, the correlation between NDI metrics and enriched cell states in 

αSMA compartment was shown in Figure 6-17. Interestingly, the longer αSMA+FAP+ 

to CD3 NDI is significantly positively correlated with the abundance of Fibroblast 

S02 (annotated by EcoTyper as CAF2/ normal-enriched) and Endothelial cells S01 

(Normal-enriched/ Angiogenic). Additionally, a significant positive correlation was 

observed in FAP+ to CD3 NDI with CD4 T cells S03 (Unknown/ Dysfunctional). 

Conversely, the wider distance between CD3 to Tumour NDI is significantly positive 

correlated with the abundance of CD8 T cells S02 (Late-stage differentiated 

effector). 
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Within the Rest mask (Figure 6-18), different immune cell states 

demonstrated a significant association with specific spatial NDI. An increase of 

FAP+ to Tumour NDI showed a significantly positive correlation (Spearman > 0, 

FDR < 0.05) with the abundance of B cells S04 (Activated B cell). An increase in 

the αSMA+FAP+ to CD3 NDI presented a positive correlation (Spearman > 0, FDR < 

0.10) with the abundance of Monocytes and Macrophages S09 (Unknown/ 

Regulatory). 
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Figure 6-17 Cell state and spatial NDI correlation in aSMA compartment. Volcano plots showing 
the Spearman correlation between EcoTyper-inferred cell state abundance and NDI and statistical 
values, -log10(FDR), within the aSMA mask. Statistical thresholds are marked by horizontal lines: the 
dotted line indicates an FDR of 0.10, and the dashed line indicates a significance cutoff of FDR < 
0.05 
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Within the cancer epithelial compartment (Figure 6-19), the Spearman 

correlation analysis showed no statistically significant associations. Across all NDI 

metrics, no EcoTyper-inferred cell states were significant at the FDR < 0.10 

threshold. This suggests that the spatial pathobiology at the invasive front of 

primary CRC is predominantly associated with the extrinsic microenvironmental 

(aMSA and Rest compartments) 
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Figure 6-18 Cell state and spatial NDI correlation in the Rest compartment. Volcano plots 
showing the Spearman correlation between EcoTyper-inferred cell state abundance and NDI and 
statistical values, -log10(FDR), within the Rest mask. Statistical thresholds are marked by 
horizontal lines: the dotted line indicates an FDR of 0.10, and the dashed line indicates a 
significance cutoff of FDR < 0.05 
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6.2.8  Ligand-receptor interactions linking cell states to 
spatial organisation 

To investigate which molecular signals from cell state abundances may be 

involved, a ligand-receptor association analysis was performed using the LR pairs 

resource from the LIANA Consensus resource (Dimitrov et al., 2022). This approach 

links the cell states from EcoTyper with the specific ligand-receptor interactions, 

providing a molecular layer to the spatial associations observed in the previous 

analysis.  

For each spatial endpoint, sender cell states were identified from the 

EcoTyper analysis as those with significant positive correlations between state 

abundance and NDI (adjusted p < 0.10). The GeoMx mask, which identified each 

significant cell state, served as the source mask for ligand expression. The target 

mask was assigned based on the biological identity of the target cell population 

represented by the NDI. For example, for the αSMA+FAP+ to CD3 endpoint, 

Fibroblasts (S02) and Endothelial cells (S01) were significant in the αSMA mask, so 

the αSMA mask served as the source and the Rest mask as the target. Monocytes 
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Figure 6-19 Cell state and spatial NDI correlation in the Tumour compartment. Volcano plots 
showing the Spearman correlation between EcoTyper-inferred cell state abundance and NDI and 
statistical values, -log10(FDR), within the Tumour mask. Statistical thresholds are marked by 
horizontal lines: the dotted line indicates an FDR of 0.10, and the dashed line indicates a 
significance cutoff of FDR < 0.05 

 



163 

  

and Macrophages (S09) were significant in the Rest mask for the same endpoint, 

so an additional mapping using the Rest mask as both source and target was 

included to capture signalling within the immune compartment. It should be noted 

that receptor expression was measured at the mask level, not at single-cell 

resolution, so that the specific cell type expressing each receptor within a given 

mask cannot be determined from these analyses. 

 Figure 6-20 illustrates the direction of signalling flow from the sender cell 

states to spatial NDI, and a detailed summary of all 20 LR pairs, including source 

and target masks, sender cell states, correlation coefficients, and FDR value, is 

provided in Table 6-3. Due to the filter threshold, not all significant EcoTyper cell 

states or NDI metrics are presented in the final LIANA network results 
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Figure 6-20: Ligand-Receptor signalling network between cell states and spatial metrics  

Sankey diagram illustrating the communication between sender cells (significant cell states from EcoTyper) and their corresponding receptors 
associated with spatial endpoints. 
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Table 6-3: All 20 ligand-receptor significant pairs results 

 

   

Endpoint 
Source 
mask 

Target 
mask 

Sender cell 
type 

Sende
r state 

Ligand Receptor 
Spear 
man ρ 

Linear 
FDR 

αSMA+FAP+ 
to CD3 

Rest Rest 
Monocytes and 
Macrophages 

S09 TIGIT PVR 0.60 0.048 

αSMA+FAP+ 
to CD3 

αSMA Rest Fibroblasts S02 MRC1 PTPRC 0.60 0.048 

αSMA+FAP+ 
to CD3 

Rest Rest 
Monocytes and 
Macrophages 

S09 
HLA-
DQA1 

CD4 0.59 0.048 

αSMA+FAP+ 
to CD3 

Rest Rest 
Monocytes and 
Macrophages 

S09 TIGIT NECTIN2 0.59 0.048 

αSMA+FAP+ 
to CD3 

αSMA Rest 
Endothelial 
cells 

S01 HBEGF CD44 0.58 0.047 

αSMA+FAP+ 
to CD3 

αSMA Rest 
Endothelial 
cells 

S01 HAS2 CD44 0.58 0.048 

αSMA+FAP+ 
to CD3 

αSMA Rest 
Endothelial 
cells 

S01 AGTRAP RACK1 0.56 0.048 

αSMA+FAP+ 
to CD3 

αSMA Rest 
Endothelial 
cells 

S01 HBEGF CD82 0.51 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 NID1 PTPRF 0.47 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 RTN4 TNFRSF19 0.46 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 THBS1 LRP5 0.45 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 THBS1 PTPRJ 0.45 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 FSTL1 DIP2A 0.45 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 THBS1 ITGA4 0.45 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 NID1 ITGAV 0.44 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 RTN4 LINGO1 0.44 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 THBS1 SCARB1 0.44 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 THBS1 ITGA6 0.43 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 THBS1 LRP1 0.43 0.048 

CD3   to 
Tumour 

αSMA Tumour CD8 T cells S02 ICOSLG CTLA4 0.43 0.039 
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For CD3 to Tumour NDI, which was higher in pushing growth pattern, 12 LR 

pairs were identified, all from CD8 T cells (S02). The most frequently occurring 

ligand was THBS1, engaging six receptors: LRP5 (ρ = 0.45), PTPRJ (ρ = 0.45), ITGA4 

(ρ = 0.45), SCARB1 (ρ = 0.44), ITGA6 (ρ = 0.43), and LRP1 (ρ = 0.43). Additional 

pairs included NID1–PTPRF (ρ = 0.47), RTN4–TNFRSF19 (ρ = 0.46), NID1–ITGAV (ρ = 

0.44), RTN4–LINGO1 (ρ = 0.44), FSTL1–DIP2A (ρ = 0.45), and ICOSLG–CTLA4 (ρ = 

0.43). All correlations were positive, indicating that higher LR expression scores 

were associated with greater CD3 to Tumour spatial distance. 

 For αSMA+FAP+ to CD3 NDI, which was higher in infiltrative growth patterns, 

Eight LR pairs were identified from three sender cell states. Monocytes and 

Macrophages (S09) contributed TIGIT–PVR (ρ = 0.60), HLA-DQA1–CD4 (ρ = 0.59), 

and TIGIT–NECTIN2 (ρ = 0.59). Fibroblasts (S02) contributed MRC1–PTPRC (ρ = 

0.60). Endothelial cells (S01) contributed HBEGF–CD44 (ρ = 0.58), HAS2–CD44 (ρ = 

0.58), AGTRAP–RACK1 (ρ = 0.56), and HBEGF–CD82 (ρ = 0.51). All correlations were 

positive. 

The remaining three endpoints, FAP+ to Tumour, FAP+ to CD3, and 

αSMA+FAP+ to Tumour, did not show significant LR pairs after filtering, despite 

showing significant cell state associations in the EcoTyper analysis. Importantly, 

it should be noted that these associations between LR expression scores and 

spatial distances are not direct evidence of causal signalling. 
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6.3 Discussion 

This chapter addresses the questions left open by the previous chapter. The 

mIF method identified five spatial endpoints, measured as NDI values, that 

significantly differed between infiltrative and pushing growth patterns at the 

invasive front of primary CRC: FAP+ to Tumour, αSMA+FAP+ to Tumour, CD3 to 

Tumour, FAP+ to CD3, and αSMA+FAP+ to CD3. A greater αSMA+FAP+ to Tumour 

NDI emerged as an independent prognostic factor for CRC-specific survival, and a 

greater FAP+ to Tumour NDI showed a strong prognostic trend (p = 0.053). 

However, the mIF approach alone could not identify which cell populations were 

associated with these spatial endpoints or which molecular signals supported 

them. To address these, a combination of whole-transcriptome GeoMx spatial 

profiling, EcoTyper cell-state deconvolution, and LIANA ligand-receptor inference 

was performed. 

6.3.1  Overview  

To our knowledge, this is among the first studies to integrate the spatial 

architecture of the invasive front with its underlying transcriptomic programmes, 

characterising how CAFs, immune cells and tumour cells are spatially organised 

and communicate according to their configuration rather than composition alone. 

These findings develop our understanding of how stromal and immune populations 

engage tumour cells at the invasive front and carry implications for the wider 

field. 

The three masks GeoMx segmentation approach were validated by 

exploratory analyses. PCA analysis showed clear separation of the Tumour mask 

from the αSMA and Rest masks, with 36.2% of the variance explained by PC1. 

Moreover, the differential gene expression confirmed mask identity, canonical 

epithelial markers (KRT8, EPCAM, CDH1) enriched in the Tumour mask, 

myofibroblast and matrix genes (ACTA2, TAGLN, COL1A1) enriched in the αSMA 

mask, and immunoglobulin and immune genes (IGHG1-4, JCHAIN) enriched in the 

Rest mask. Pathway analysis further supported the mask characteristics: the 

Tumour mask enriched for proliferative and metabolic pathways, the αSMA mask 

for stromal remodelling programmes such as EMT and myogenesis, and the Rest 

mask for immune and inflammatory pathways. Altogether, these findings 
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supported that the three masks captured biologically distinct characteristics in 

these three compartments. 

A consistent finding across all bulk-level analyses (PCA, differential 

expression, and ssGSEA) was the absence of significant differences in results 

between infiltrative and pushing growth patterns within all three different masks. 

Therefore, the two growth patterns did not arise from large-scale transcriptomics 

differences. However, ssGSEA scores correlated with all spatial endpoints, in 

different pathways, particularly in the Tumour mask. This indicates that tumour 

cells' transcriptional programmes were revealed along the spatial gradient rather 

than through growth pattern comparisons. Because bulk-level analysis cannot 

determine which cell states or ligand-receptor signals within each mask correlate 

with spatial endpoints, EcoTyper cell-state deconvolution and LIANA ligand-

receptor inference were applied to reveal them. 

Interestingly, across all endpoints, a clear mask-specific division was 

apparent. Significant pathway correlations were almost exclusively detected 

within the tumour mask, while significant cell-state correlations were detected 

within the αSMA and Rest masks. These observations indicate that cancer cells at 

the invasive front expressed their biology through transcriptational programmes, 

whereas stromal and immune masks respond through cell-state composition. 

These patterns support the rationale for combining the three analytic approaches, 

pathway-NDI correlation (ssGSEA), cell-state deconvolution (EcoTyper), and 

ligand-receptor inference (LIANA). 

6.3.2 Spatial endpoint findings 

Each spatial endpoint is discussed by integrating the pathway-level 

(ssGSEA), cell-state (EcoTyper), and ligand-receptor (LIANA) analysis findings in 

this section. Table 6-4 summarises the significant findings across the three 

analytical layers (ssGSEA, EcoTyper, and LIANA) for all five endpoints, together 

with their prognostic status from the previous chapter. This serves as a reference 

for the endpoint-by-endpoint discussion. 
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Table 6-4: Summary of significant findings across the five spatial endpoints from integrated 
ssGSEA, EcoTyper, and LIANA analyses. 

 

 

6.3.2.1 CD3 to Tumour 

The CD3 to Tumour spatial arrangement showed all pathway associations 

only in the Tumour mask. At the pathway level, a longer CD3 to Tumour distance 

correlated with MYC TARGETS V1, a proliferation pathway, consistent with the 

architecture of the pushing growth pattern in which tumour expands as a coherent 

mass rather than as infiltrated cells. In contrast, shorter CD3 to Tumour distances 

were associated with inflammatory programmes (TNFA SIGNALING VIA NFKB, 

Endpoint 

NDI 

Shorter NDI 

associated 

with 

Pathway (ssGSEA) Cell state 

(EcoTyper) 

LR pairs (LIANA) Prognostic 

CD3 to 

Tumour 

Infiltrative shorter NDI: 

Inflammatory   

Hypoxia  

EMT  

 

longer NDI: 

MYC TARGETS V1  

CD8 T cells 

S02 

(αSMA mask) 

12 pairs from CD8 T 

S02  

(THBS1, NID1, RTN4, 

FSTL1) targeting 

integrins and LRPs in 

Tumour mask 

No 

FAP+ to 

Tumour 

Infiltrative shorter NDI: 

EMT  

MYOGENESIS  

 

longer NDI: 

E2F TARGETS  

MYC TARGETS V2 G2M 

CHECKPOINT  

Activated B 

cells S04 

(Rest mask) 

Not significant Trend 

(p = 0.053) 

αSMA+FAP+ 

to Tumour 

Infiltrative shorter NDI: 

HEDGEHOG SIGNALING 

APICAL JUNCTION  

Not 

significant 

Not significant Independent 

prognostic 

factor 

FAP+ to 

CD3 

Pushing longer NDI: 

Inflammatory  

Hypoxia  

EMT  

COAGULATION  

CD4 T cells 

S03 

(αSMA mask) 

Not significant No 

αSMA+FAP+ 

to CD3 

Pushing Not significant Fibroblast S02 

(αSMA mask) 

 

Endothelial 

S01 

(αSMA mask) 

 

Mono/Mac S09 

(Rest mask) 

8 pairs (TIGIT–PVR, 

TIGIT–NECTIN2, HLA-

DQA1–CD4, MRC1–

PTPRC, HAS2–CD44, 

HBEGF–CD44, HBEGF–

CD82, AGTRAP–RACK1) 

No 
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INFLAMMATORY RESPONSE, COMPLEMENT, ALLOGRAFT REJECTION) and stress 

responses (HYPOXIA, KRAS SIGNALING UP, EMT) in the Tumour mask.  

The co-occurrence of the inflammatory, hypoxic, and EMT pathway is 

associated with shorter distances, suggesting that T cells simultaneously produce 

inflammatory cytokines and occur under hypoxic conditions. Hypoxia is known to 

suppress T cell function through several mechanisms, which explains why tumours 

appear inflamed but are not functionally effective. This is consistent with the 

prognostic value of CD3 to Tumour not being an independent factor: closeness 

between T cells and tumour cells alone does not mean the T cells are functionally 

active. 

At the cell-state level, wider CD3 to Tumour distances correlated with 

enrichment of CD8 T cells in the late-stage differentiated effector state (S02) 

within the αSMA mask. This indicates that a wider CD3-tumour separation found 

in pushing tumours coincides with a more differentiated CD8 T cell phenotype at 

the stromal interface. Ligand-receptor from LIANA inference identified 12 

significant ligand-receptor pairs at this endpoint. The most frequent ligand was 

THBS1, a matricellular glycoprotein linked to stromal remodelling and immune 

modulation (Omatsu et al., 2023). Its corresponding receptors included the 

integrins ITGA4 and ITGA6, which mediate cell adhesion to extracellular matrix, 

and LRP family receptors (LRP1, LRP5) involved in matrix-related signalling. The 

expression of integrins and LRP receptors on tumour cells indicates that the cancer 

cells of the pushing growth pattern are biologically related to the cohesive, non-

invasive nature of the pushing growth pattern. In this configuration, the tumour 

cells remain attached to their matrix environment rather than reorganising their 

adhesion for migration as occurs during the EMT pathway observed at shorter CD3 

to Tumour distances within this same endpoint.  

In multivariable Cox regression, the CD3 to Tumour endpoint was not an 

independent prognostic factor for CRC-specific survival analysis. These findings 

should be interpreted as reflecting a tumour-immune architecture in pushing 

tumours rather than a primary driver of CRC clinical outcomes. 
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6.3.2.2 FAP+ to Tumour 

An infiltrative tumour showed a shorter distance of FAP+ to Tumour and 

presented a strong prognostic trend towards poorer CRC-specific survival (p = 

0.053). At the pathway level, shorter FAP+ to Tumour distances correlated with 

the EMT and MYOGENESIS pathways in the tumour mask, suggesting that shorter 

distances are linked to the epithelial plasticity pathway, consistent with the 

infiltrative phenotype. Longer FAP+ to Tumour distances correlated with 

proliferative programmes, including E2F TARGETS, MYC TARGETS, G2M 

CHECKPOINT, consistent with the locally expanding tumour bulk characteristic of 

the pushing tumours. 

At the cell-state level, longer FAP+ to Tumour distances were associated with 

enrichment of activated B cells (S04) in the rest mask. The accumulation of 

activated B cells raises the possibility of tertiary lymphoid structure (TLS) 

formation, though this interpretation remains tentative. TLS are organised 

lymphoid aggregates that, when present and functional, can support effector T 

cell priming and humoral responses (Sautès-Fridman et al., 2019). If TLS formation 

underlies this association, it could contribute to better survival outcomes in 

patients with a pushing growth pattern, despite T cells not infiltrating the tumour 

mass. However, this analysis did not include a direct histological confirmation of 

TLS and did not assess the spatial arrangement of these B cells. So, whether they 

form organised structures or accumulate diffusely remains undetermined. 

Ligand-receptor LIANA analysis did not identify significant correlations for 

this endpoint, despite the cell-state significance correlation. It is important to 

explain why this endpoint showed significant cell-state associations in the 

EcoTyper deconvolution analysis but did not yield significant LR pairs in the LIANA 

inference. Rather than being a limitation, this divergence provides important 

biological insights. 

First, FAP functions primarily as a cell-surface serine protease that remodels 

the extracellular matrix through enzymatic cleavage rather than through classical 

ligand-receptor signalling (Puré & Blomberg, 2018). Because enzymatic cleavage 

products and structural matrix alterations lack mRNA transcripts, the significant 
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spatial influence of FAP-positive fibroblasts is inherently difficult for 

transcriptomic-based LR inference to detect. 

Second, the accumulation of activated B cells (S04) at greater FAP to Tumour 

distances is consistent with TLS formation, where B cell recruitment is primarily 

driven by long-range chemokines such as CXCL13 rather than direct cell-cell 

contact (Sautès-Fridman et al., 2019). Static snapshot transcriptomics may fail to 

capture these early diffusible signals once the TLS is fully formed. Consequently, 

while the EcoTyper can detect the B cells that remain in the tissue, LIANA misses 

the initial signals that recruited them. 

Taken together, the FAP+ to Tumour spatial arrangement captures the two 

distinct biological correlates at the opposite ends of its spatial gradient: stromal-

associated epithelial plasticity when FAP+ fibroblasts are in closer proximity to 

tumour cells, and peripheral activated B cell accumulation at greater distance.  

6.3.2.3 αSMA+FAP+ to Tumour 

The αSMA+FAP+ to Tumour spatial endpoint was the only spatial NDI that 

served as an independent prognostic factor for CRC-specific survival from the 

previous chapter, with a wider distance correlated with better outcomes. 

However, it showed limited pathway-level associations in ssGSEA and no 

significant cell state or ligand-receptor associations in the EcoTyper and LIANA 

analyses. This apparent disconnect between prognostic significance and molecular 

signal provides important insight. 

First, this finding highlights the key difference between physical tissue 

displacement and active molecular reprogramming. As solid tumours grow, they 

generate mechanical pressure known as solid stress that physically displaces the 

surrounding stroma outward (Nia et al., 2020). The widened gap between CAFs 

and tumour cells is likely maintained by acellular extracellular matrix 

components, particularly dense fibrillar collagens, which represent a well-

recognised stromal response to cancer (Pearce et al., 2018). Because EcoTyper 

measures relative proportions of active cell states based on RNA expression, an 

expansion of the stroma driven mainly by acellular ECM deposition and physical 
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compression would alter the spatial distance without necessarily changing the 

transcriptomic cell state composition. 

Second, this observation reflects the temporal dynamics of tissue 

remodelling. Current spatial transcriptomic technologies capture a single snapshot 

at the time of surgical resection. The signalling required to initially activate 

fibroblasts and establish the stromal barrier most likely occurred during earlier 

stages of tumour development. Once this barrier reached a stable state, the 

transcriptomic signals that drove its formation would have subsided, leaving 

behind a structurally expanded but transcriptionally quiescent stromal zone. 

Importantly, this spatial endpoint demonstrated two significant pathway 

associations within the tumour mask, with shorter distances correlated with 

increased HEDGEHOG SIGNALING and APICAL JUNCTION pathway activities. These 

signals indicate tumour-intrinsic activity because there were no significant 

enrichment pathways in the rest or αSMA masks. The shorter αSMA+FAP+ to 

Tumour distances, characteristic of the infiltrative growth pattern, are consistent 

with tumour cells engaged in paracrine signalling and junctional remodelling.  

Hedgehog signalling acts as short-range paracrine signal from tumour cells, 

driving the differentiation of nearby fibroblasts into myCAFs (αSMA+FAP+ CAF) and 

leading to a plausible mechanism for their close position to tumour cells (Gerling 

et al., 2016). The apical junction activity reflects junctional remodelling and is 

associated with partial EMT states underlying tumour budding (Grigore et al., 

2016). Tumour budding, defined as small clusters of fewer than five cancer cells 

dissociating at the invasive front, is a histological hallmark of the infiltrative 

growth pattern and a recognised independent prognostic marker in CRC (Lugli et 

al., 2017). Together, these molecular signatures align with the aggressive, 

invasive phenotype that characterises infiltrative tumours at the histological 

level.  

At wider distances, characteristic of pushing tumours, no signalling was 

detected, and the molecular profile is consistent with the physical-displacement 

framing described above. Therefore, these findings explain two contrasting 

biological states of different distances of the αSMA+FAP+ to the tumour endpoint: 
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an actively signalling, invasion-permissive interface in infiltrative tumours and a 

stable, physically displaced interface in pushing tumours. 

6.3.2.4 FAP+ to CD3  

The longer FAP+ to CD3 distances, correlated with the infiltrative tumours, 

were positively correlated with inflammatory pathways (TNFA SIGNALING VIA 

NFKB, INFLAMMATORY RESPONSE, IL6 JAK STAT3 SIGNALING, COMPLEMENT), 

HYPOXIA, COAGULATION, and EMT within the tumour mask. One possible 

explanation for these findings is that when FAP+ is located near T cells, it normally 

produces immunoregulatory signals that suppress T cell activity. In contrast, when 

FAP+ cells are far from T cells, this suppressive effect is reduced, allowing T cells 

to release more inflammatory cytokines. 

At the cell-level state, longer FAP+ to CD3 distances correlated with 

enrichment of an Unknown/Dysfunctional CD4 T cell state (S03) in the αSMA mask. 

This annotation does not specify which type of dysfunctional T cells is involved. 

Future immunophenotyping will be needed to determine which type of 

dysfunctional CD4 T cell state (regulatory T cells, exhausted T cells, anergic 

effector cells, or dysfunctional follicular helper T cells).  

It is important to explain why FAP+ to CD3 distances showed significant cell 

state associations in EcoTyper analysis but did not yield significant LR pairs in the 

LIANA analysis. Rather than being a limitation, this divergence provides important 

biological insight. One plausible mechanism is metabolic competition: fibroblasts 

in dense fibrotic environments consume essential nutrients such as glucose and 

release suppressive byproducts such as lactate (Monteran & Erez, 2019). Because 

LIANA relies on protein-coding RNA, it cannot detect these non-protein metabolic 

factors. 

6.3.2.5 αSMA+FAP+ to CD3 

The αSMA+FAP+ to CD3 spatial endpoint showed several significant cell-state 

and ligand-receptor associations yet yielded no significant pathway correlations 

across the three masks. These dissociations support the interpretation that the 

molecular activity underlying myCAF subtype-driven immune exclusion, observed 

at longer distances, is characteristic of infiltrative tumours, operates at the level 
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of cell-state composition (EcoTyper) and ligand-receptor signalling (LIANA) rather 

than at the transcriptional programme level (ssGSEA). This pattern reinforces the 

methodological argument that ssGSEA, EcoTyper, and LIANA capture 

complementary rather than redundant aspects of the spatial biology. 

At the cell-state level, longer αSMA+FAP+ to CD3 distances were associated 

with enrichment of Fibroblast S02 and Endothelial cells S01 (normal-

enriched/angiogenic) in the αSMA mask, and Monocytes/Macrophages S09 

(regulatory) in the Rest mask. The convergence of multiple stromal and immune 

cell states on this single endpoint is consistent with a coordinated multicellular 

programme leading to the spatial immune exclusion. 

LIANA identified eight ligand-receptor pairs associated with this endpoint, 

which suggest a dual-barrier mechanism: a biochemical layer that suppresses T 

cell function through signalling, and a physical layer that blocks T cell movement 

through extracellular matrix accumulation. 

The biochemical layer was supported by two cell types located in different 

compartments. From the immune compartment (Rest mask), 

Monocytes/Macrophages (S09) contributed TIGIT–PVR (ρ = 0.60), TIGIT–NECTIN2 (ρ 

= 0.59), and HLA-DQA1–CD4 (ρ = 0.59). TIGIT is a well-established co-inhibitory 

receptor that suppresses T cell and NK cell cytotoxicity when engaged by PVR or 

NECTIN2 (Chauvin & Zarour, 2020). The HLA-DQA1–CD4 pair reflects retained MHC 

class II expression on these macrophages but, in the context of a regulatory 

phenotype, may support tolerogenic rather than activating engagement of CD4 T 

cells. Although the EcoTyper annotation for the S09 state is Unknown/Regulatory, 

the combined ligand profile observed in this analysis (TIGIT, NECTIN2, MRC1, HLA-

DQA1) is consistent with an M2-like, immunosuppressive tumour-associated 

macrophage phenotype, providing an evidence-based interpretation of this 

otherwise unannotated state.  

From the stromal zone (αSMA mask), Fibroblasts (S02) contributed MRC1–

PTPRC (ρ = 0.60). MRC1 (CD206) is recognised as a marker of immunosuppressive, 

M2-like macrophage polarisation (Murray et al., 2014), though its expression has 

also been reported in stromal cells; its interaction with PTPRC (CD45) on 
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leukocytes suggests an immunomodulatory axis at the stromal–immune interface 

that may reduce TCR signalling through phosphatase activity. 

On the other hand, the physical layer was supported by Endothelial cells 

(S01) in the stromal zone, which contributed HAS2–CD44 (ρ = 0.58). HAS2 is the 

enzyme responsible for producing hyaluronan, a large extracellular matrix 

polysaccharide (McCarthy et al., 2018). Accumulation of hyaluronan in the tumour 

stroma has been shown to create physical barriers that exclude CD8+ T cells in 

mesenchymal CRC, and its degradation by hyaluronidase restores T cell infiltration 

and sensitivity to immune checkpoint blockade (Martinez-Ordoñez et al., 2023). 

Taken together, these signals indicate that mature myCAFs (αSMA+FAP+ CAF) 

at the infiltrative front coordinate a multicellular programme of T cell exclusion 

that operates at two complementary levels: M2-like macrophages and Fibroblast 

S02 cells reduce T cell signalling biochemically, while Endothelial S01 cells 

contribute a physical hyaluronan barrier. 

6.3.3 Distinct biology of pushing and infiltrative growth patterns 

The five spatial endpoint findings reveal two distinct cellular and molecular 

mechanisms underlying the two TGPs at the invasive front of the primary CRC, 

with the αSMA+FAP+ to Tumour endpoint representing an independent prognostic 

factor.  

The pushing growth pattern showed proliferative activity and peripheral 

immune accumulation, including activated B cells, consistent with TLS-like 

organisation. This combination of structural containment and proximal immune 

surveillance may contribute to the better survival observed in pushing margins, 

even when T cells do not deeply infiltrate the tumour mass, although direct 

functional validation was not performed. 

The infiltrative growth pattern demonstrated that the two different 

fibroblast subtypes play complementary but distinct roles, together driving an 

aggressive phenotype. FAP+ fibroblasts close to the tumour are linked to the EMT 

activity. While the αSMA+FAP+ fibroblast subtype is located farther from T cells, 

it orchestrates a dual barrier of immune exclusion through biochemical (TIGIT, 
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MRC1) and physical (HAS2–hyaluronan) mechanisms, while the few CD4 T cells that 

reach the stromal zone are dysfunctional. 

Although the two fibroblast subtypes occupy different positions and perform 

different functions, they act together to make the infiltrative phenotype 

aggressive. FAP-only fibroblasts at close range push the cancer cells towards a 

motile, invasive phenotype, while αSMA+FAP+ myCAFs at greater distance from T 

cells shield the resulting invasive cells from immune attack. These may explain 

the aggressive nature of the infiltrative phenotype arising from this combination: 

cancer cells become motile and invade the stroma (via FAP-only signalling), and 

once they invade, they are protected from immune clearance by the dual barrier 

formed by αSMA+FAP+ myCAFs. Therefore, the infiltrative phenotype is associated 

with poor prognosis because both mechanisms operate simultaneously through 

complementary fibroblast subsets at different spatial scales. 

6.3.4 Therapeutic implications 

These findings suggest that immune exclusion in infiltrative CRC is 

associated with a coordinated spatial architecture and cellular communication 

network that may explain why standard immunotherapies such as anti-PD-1 

monotherapy are often insufficient in these patients. The associations identified 

here suggest that T cells in infiltrative tumours are not simply inactive but are 

simultaneously physically obstructed by a hyaluronan-rich matrix barrier and 

biochemically suppressed by alternative checkpoint signalling through TIGIT 

before they can reach the tumour. In parallel, the FAP-only fibroblast subset 

appears to drive cancer cell plasticity and invasion in close apposition to the 

tumour, a process that operates independently of T cell exclusion. 

These observations support the rational design of combination therapies for 

patients with infiltrative growth patterns. Stromal-depleting agents targeting 

HAS2 to break down the physical barrier could be combined with alternative 

immune checkpoint inhibitors, such as anti-TIGIT, to overcome the biochemical 

suppression. Agents targeting FAP-positive fibroblasts or their downstream effects 

on cancer cell EMT could be considered in parallel to limit the invasive component 

driven by the less mature fibroblast subset. Growth pattern, which is assessable 
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in routine H&E sections, could serve as a simple biomarker to identify patients 

who may benefit from such combination strategies. 

6.3.5 Strengths and limitations 

This study has several strengths. The analyses were performed on a 

comparatively large cohort for spatial transcriptomic profiling, comprising 51 

cases (31 infiltrative and 20 pushing growth patterns), which _improves the 

statistical power to the detect associations against the substantial inter-patient 

and spatial variability inherent to expression measurements at the invasive front. 

Sampling was directed specifically at the invasive front, material that is not widely 

accessible and that is essential for interrogating growth pattern biology at its 

functional interface. The study also integrates spatial single-cell proteomics (mIF) 

with whole-transcriptome spatial profiling (GeoMx WTA), coupled with EcoTyper 

cell-state deconvolution and LIANA ligand-receptor inference, providing a 

multimodal framework well suited to dissecting the cellular and molecular basis 

of growth pattern architecture. Such an integrated dissection of growth pattern 

biology, combining spatial proteomics and spatial transcriptomics at the invasive 

front, has few _comparable studies that exist in the CRC literature. 

Several limitations should be acknowledged. First, GeoMx spatial 

transcriptomics provides expression from mask-defined areas, not single-cell 

resolution. EcoTyper deconvolution provides estimates of cell state abundance but 

does not confirm the spatial positioning of individual cells relative to each other; 

the relative ordering of cell types cannot be determined from NDI measurements 

alone. Second, all findings represent statistical associations between 

independently measured modalities (GeoMx expression and mIF-derived NDI), not 

causal evidence. Third, the LIANA Consensus resource represents a curated subset 

of known LR interactions and may miss tissue-specific or non-canonical 

interactions. Fourth, the tertiary lymphoid structure interpretation at the FAP+ to 

Tumour endpoint is based on activated B cell abundance and was not confirmed 

by histological identification of organised lymphoid aggregates; diffuse, non-

organised B cell accumulation cannot be excluded. Finally, receptor expression 

was measured at the mask level; the specific cell type expressing each receptor 

within a given mask cannot be determined. 
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Chapter 7 General Discussion 

7.1 Overview 

CRC remains one of the most common malignancies worldwide and a leading 

cause of cancer-related mortality. Although the TNM staging classification guides 

clinical decision-making, patients with the same stage exhibit different survival 

outcomes (Compton, 2003). At the invasive front, tumours meet the stroma and 

immune cells, and actively reshape that environment as they spread (Brabletz et 

al., 2005). This may be the reason why several of the strongest prognostic features 

in CRC are examined at the invasive front rather than at the tumour centre, such 

as tumour budding (Lugli et al., 2017) and growth patterns (Morikawa et al., 2012) 

which are both assessed on routine H&E-stained sections. Their established 

prognostic value reveals important biological processes concentrated at this 

interface. However, how the stromal and immune cells at the invasive front are 

organised in space remains poorly understood. 

This thesis focused on the invasive front of primary CRC using an integrated 

multimodal strategy to reveal both cellular organisation and underlying molecular 

biology. The TGP was established as a reproducible prognostic feature on routine 

H&E sections across the two independent cohorts: the Glasgow Royal Infirmary 

(GRI) and the TransSCOT cohorts. The molecular biology and cellular spatial 

arrangement underpinning the TGP were then characterised by the multi-omics 

technologies: the transcriptomic profiling (TempO-Seq), the mIF with spatial 

proximity analysis using the NDI, and the compartment-resolved spatial 

transcriptomic profiling (GeoMx Whole Transcriptome Atlas), complemented by 

cell-state inference (EcoTyper) and ligand-receptor analysis (LIANA).  

This thesis proposes that the TGP is the morphological projection of the two 

biologically distinct stromal-immune ecosystems at the invasive front. Across 

multiple modalities, the biological basis of this distinction emerged as 

architectural rather than transcriptional. Cells within tissue compartments 

expressed similar gene programmes across TGP, but their proportions, spatial 

proximity, and inter-cell communication networks differed in clinically 

meaningful ways. Importantly, the spatial proximity of αSMA+FAP+ CAF to the 

tumour endpoint, captured by the NDI metric, emerged as an independent 
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prognostic factor beyond the conventional TNM staging system, repositioning the 

existing prognostic dimension from cell abundance to cell geometry.   

7.2 Tumour growth pattern is more than morphology 

Chapter 3 established the three-tier TGP classification as a reproducible 

histological feature and an independent prognostic factor, after adjusting for 

TNM staging, across two large cohorts. Therefore, TGP captures prognostic 

information that conventional TNM staging cannot, raising the question of what 

biology underlies it. The remainder of this discussion chapter sets out to address 

this question, focusing on the molecular and spatial findings from Chapters 4, 5, 

and 6. 

7.3 Compositional versus architectural biology of TGPs 

Across the histological, transcriptomic, and spatial analyses examined in this 

thesis, the differences between growth patterns concentrate in the stromal 

compartment: tumour stroma percentage (TSP) was higher in the infiltrative 

growth pattern (Chapter 3), bulk transcriptomics showed stromal and EMT 

programmes enriched in infiltrative growth pattern (Chapter 4), and 

compartment-resolved spatial transcriptomics further confirmed that αSMA 

compartment expressed the expected stromal programmes (Chapter 6). The 

character of this stromal involvement, however, is more complicated than bulk 

transcriptomics findings alone might suggest. 

Bulk RNA-seq (Chapter 4) identified several hundred genes differentially 

expressed between infiltrative and pushing growth patterns, with stromal and 

EMT-related programmes in the infiltrative pattern and proliferative-metabolic 

programmes in the pushing. However, when compartment-resolved spatial 

transcriptomics were performed (Chapter 6), a paradoxical finding emerged. 

Between compartments (CK+, αSMA+, Rest), as expected, there was strong 

transcriptomic separation. But when the same compartment was compared 

between TGPs, αSMA+ in infiltrative vs αSMA+ in pushing, no differential genes 

reached significance. This suggests that cells within each compartment expressed 

similar programmes regardless of TGP. 
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These findings reconcile the two observations. If cells within each 

compartment do not differ transcriptionally between TGPs, then the bulk signal 

cannot be interpreted as cell-intrinsic reprogramming. Instead, the observed 

differences may not reflect altered biological activity, but rather differences in 

the relative abundance of cellular compartments: the infiltrative pattern contains 

a greater proportion of αSMA+ stromal compartments, resulting in a bulk 

transcriptomic signal enriched for stromal genes even though the underlying 

transcriptional programmes of αSMA+ regions remain similar across TGPs. 

 

The mIF findings (Chapter 5) show that the density of αSMA+FAP+ CAFs does 

not distinguish infiltrative from pushing patterns. But when αSMA+FAP+ CAF were 

assessed for spatial proximity to Tumour cells using the density-corrected distance 

metric, the NDI, a prognostic signal emerged as an independent factor for CRC-

specific survival outcomes after adjustment for conventional TNM staging. This 

indicates that NDI captures information beyond cell abundance and density, 

highlighting the prognostic importance of spatial organisation and supporting the 

idea that TGP may reflect not only how tumours invade but also how stromal cells 

are positioned at the invasive front. 

 

7.4  Immune presence versus immune function in the 
infiltrative growth pattern 

 
Bulk RNA-seq analysis showed enrichment of immune-related programmes in 

infiltrative pattern, including IL6-JAK-STAT3 signalling, TNF-α signalling via NF-

κB, and inflammatory response (Chapter 4). At the protein and spatial levels, CD3+ 

T cell density did not differ between TGPs, but spatial analysis showed that T cells 

were closer to tumour cells in infiltrative tumours than in pushing tumours (lower 

CD3 to Tumour NDI in infiltrative tumours; Chapter 5). With the T cell abundance, 

transcriptomic inflammation, and closer T cell proximity to tumour cells, these 

characteristics are used to classify a tumour as an immune-inflamed phenotype 

based on Hedge et al. criteria (Gerling et al., 2016). 

However, the infiltrative tumours are associated with worse survival 

outcomes (Chapter 3), and they meet the criteria of an immune-inflamed 

phenotype but do not deliver favourable survival outcomes. That T cell-inflamed 
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tumours that are dysfunctional are well established (Trujillo et al., 2018). What 

the present findings add is a specific spatial and signalling pattern in primary CRC 

that corresponds to this dysfunctional T cell in the TGPs context. 

The GeoMx-LIANA inference approach (Chapter 6) links this CAF-T cell 

separation to several ligand-receptor signalling axes inferred from ligand-receptor 

correlation analysis: TIGIT-PVR and TIGIT-NECTIN2 pairs associated with 

regulatory monocyte/macrophage cell states (S09) in the Rest compartment,  

HAS2-CD44 axis associated with endothelial cell states (S01), and an MRC1-PTPRC 

axis associated with fibroblast cell states (S02). The individual components of this 

picture are not new: TIGIT-mediated immunosuppression is a recognised immune 

evasion mechanism currently being targeted in clinical trials (Chauvin & Zarour, 

2020), and hyaluronic acid-mediated stromal organisation has been studied as a 

barrier to immune access (Provenzano et al., 2012). What is specific to study is 

the integration of these spatial arrangements (CAF-T cell separation) and 

signalling elements (inhibitory signalling/ stromal organisation) in the context of 

TGPs in primary CRC.  

Taken together, the infiltrative growth pattern can therefore be considered 

a dysfunctional subset of the T cell-inflamed category, in which T cells reach the 

tumour interface but are functionally held back by the structural and signalling 

niches they occupy. The bulk inflammation signal reflects T cells having access to 

tumour cells but appearing unable to function. This may explain the mismatch 

between the inflammation signal from bulk RNA-seq and the poor clinical 

outcomes. The therapeutic implications of this positioning are discussed in Section 

7.7. 

7.5 An integrated model of the invasive front 

Drawing the histological, transcriptomics, and spatial arrangement findings, 

the contrasting biology of the two TGPs can be summarised schematically in Figure 

7-1, with the pushing pattern on the left and the infiltrative pattern on the right. 

The figure is offered only as a visual aid to make the two configurations easier to 

picture. It is drawn from the conclusions of Chapters 3 to 6. Because the elements 

rest on inference and cell-state deconvolution, the molecular axes it depicts are 

candidate associations generated as hypotheses, not causal relationships, and they 
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remain to be confirmed. The spatial arrangement is also schematic, as the 

underlying measurements are pairwise distances and do not fix the precise 

ordering of the cell populations. The figure should therefore be read as an aid to 

picturing the integrated findings. 

 

Figure 7-1: Schematic of the two growth patterns at the CRC invasive front.  

Conceptual summary drawn from Chapters 3–6. Pushing (left): cohesive tumour, with CAFs and 
CD3+ T cells in stromal regions separated from tumour cells, and abundant activated B cells 
shown as a putative TLS (not histologically confirmed). Infiltrative (right): CAFs and T cells closer to 
and intermixed with dissociating tumour cells, associated with two candidate inhibitory 
mechanisms; a TIGIT–PVR/NECTIN2 axis from regulatory myeloid cells and hyaluronan (HAS2–
CD44) from angiogenic endothelial cells (inset). The signalling axes were inferred, not functionally 
validated. As the NDI measures pairwise distances and cannot fix the position of three or more cell 
types, the figure is an aid to interpretation, not a literal map of tissue architecture. The figure was 
created by BioRender. 

 

In the pushing growth pattern, αSMA+FAP+ CAFs, and FAP+ CAFs are located 

at a greater distance from tumour cells, and the T cells lie more peripherally 

relative to tumour cells (Chapter 5).  At a greater distance from the FAP+ to 

Tumour relationship in pushing tumours, the deconvolution analysis showed a 

higher abundance of activated B cells (Chapter 6). This is an abundance-level 

association only, and it does not establish where these cells sit or whether they 

form organised structures, but it raises the possibility of tertiary lymphoid 
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structures. For the tumour itself, the bulk transcriptomic programme of the 

pushing tumours was proliferative and enriched for MYC, E2F, and G2M pathways 

(Chapter 4), and the proliferative signatures reappeared at the wider distance of 

the spatial endpoint in Chapter 6, fitting a tumour that expands as a coherent 

mass rather than dissociating into stroma. 

In the infiltrative growth pattern, αSMA+FAP+ CAFs and FAP+ CAFs lie close 

to tumour cells, but both CAF subtypes lie far from T cells. In the spatial 

transcriptomic analysis, shorter FAP+ to Tumour distances were associated with 

EMT and tumour cell motility and showed a strong adverse prognostic trend (p = 

0.053). The αSMA+FAP+ to Tumour NDI, an independent prognostic endpoint, 

carried no candidate signalling, behaving as physical stromal displacement rather 

than active signalling. By contrast, the αSMA+FAP+ CAFs to T cells showed a 

candidate dual signal, a biochemical arm, TIGIT-PVR / TIGIT-NECTIN2 from 

regulatory macrophages, and a physical arm, hyaluronan (HAS2-CD44) from 

endothelial cells. This configuration, a dispersed tumour front in which the T-cell 

presence does not translate into tumour control, is the one associated with an 

aggressive phenotype. 

One thing that this study cannot answer is what makes a tumour become one 

type rather than the other type of TGPs. This could be set by the cell of origin, 

particular driver mutations, the physical forces at the interface area, or some 

combination of these.  

7.6 Prognostic is geometric, and a predictive marker is not 
the therapeutic target 

Across spatial chapters, the findings point to two main things that no single 

chapter alone can explain. The first is that what predicts survival outcome here is 

where cells sit, not how many there are. Second, the relationship which predicts 

survival outcomes is not the one a drug would target. 

The first point is that, among all NDI proximities measured in Chapter 5, the 

distance between αSMA+FAP+CAF and tumour cells predicted cancer-specific 

survival after adjustment for tumour budding and nodal stage, with the FAP+ to 
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Tumour distance showing borderline significance; no other proximity or density 

did.  

On the second point, although the αSMA+FAP+ to Tumour distance predicted 

survival outcomes, no candidate ligand-receptor signalling was detected on it. As 

discussed in Chapter 6, this distance reflects physical stromal displacement rather 

than active signalling and therefore cannot itself be a drug target. It carries no 

molecular signal to act on, reflecting a barrier that has already formed and 

become quiescent. By the time that the tumour is resected, the signalling that 

formed it has likely subsided, leaving nothing active for a drug to engage. 

Moreover, the direction of αSMA+FAP+ to Tumour NDI endpoint runs the reversed 

way, since the wider distance is a favourable survival outcome and acting on it 

would mean pushing the stroma further from the tumour, which is not a 

straightforward therapeutic aim.  

 The signalling that could be targeted lay instead on a different, non-

prognostic spatial NDI, the separation of αSMA+FAP+ CAFs from CD3 T-cells. The 

mechanistic basis was set out in Chapter 6. What matters here is the dissociation: 

the prognostic marker and the point of intervention are not on the same axis. This 

is helpful rather than a contradiction, but it means the marker and the therapy 

must be developed as two distinct things. The therapeutic consequences are taken 

up in Section 7.8. 

7.7 Clinical translation and therapeutic implications 

7.7.1 Translational potential of the integrated findings 

The translational pipeline in this thesis is unusually accessible for precision 

medicine. The present work applies high-cost multi-modal research to validate a 

low-cost, first-line clinical readout obtained from standard histology, requiring no 

new technology for initial stratification. The TGP scoring method can be assessed 

on an H&E-stained section and requires no additional staining beyond routine 

reporting. The findings from this study position TGP not as a standalone marker 

but as one component of an integrated risk-stratification framework with 

selectively applied molecular and spatial confirmation. 
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A practical way suggested by these findings begins with TGP scoring at 

histopathological reporting. Patients with an infiltrative growth pattern could 

undergo a confirmatory spatial-biomarker assessment using multiplex panels 

appropriate to clinical pathology infrastructure. The αSMA+FAP+CAF to Tumour 

NDI, an independent prognostic factor introduced here, is feasible and requires a 

panel encompassing αSMA, FAP, and panCK, together with automated cell 

segmentation and proximity computation.  

Notably, the αSMA+FAP+ to Tumour NDI identifies risk, but it does not 

establish that an individual tumour carries the signalling to be targeted, as set out 

in Section 7.6, the prognostic distance and actionable signalling lie on different 

axes. Selecting patients for TIGIT-axis or hyaluronan-targeted therapy would 

require direct measurement of those targets. Both TGP and the NDI metric are, in 

this sense, prognostic rather than predictive features that stratify risk but were 

not tested against treatment response, and neither identifies which tumours 

would respond to a given therapy. 

The TGP scoring and the αSMA+FAP+ to Tumour NDI are both read from the 

resected specimen; their role is in post-operative prognostication, refining 

decisions about adjuvant treatment and the intensity of follow-up in patients who 

have undergone surgery. A separate question is how biology might inform 

treatment beyond the resection setting. As set out in Section 7.6, the prognostic 

geometry and the actionable signalling lie on different axes: selecting patients for 

TIGIT-axis or hyaluronan-targeted therapy would require direct measurement of 

those molecular targets, not the spatial distance.  

Because these targets are molecular rather than architectural, they could 

be assessed on a diagnostic biopsy. For example, TIGIT, PVR, and NECTIN2 could 

be assessed by immunohistochemistry, while hyaluronan could be evaluated by 

tissue histochemistry, as mismatch-repair deficiency, identified by 

immunohistochemistry, is already used to select CRC patients for checkpoint 

inhibition (André et al., 2020). In contrast to the resection-based prognostic 

metric, this biopsy-level approach would not be limited to patients undergoing 

surgery and could therefore support treatment selection in patients with 

unresectable or metastatic disease. 
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7.7.2 Tumour growth pattern and tumour budding as 
complementary features of assessment 

Tumour budding is routinely reported in many departments, including 

Glasgow, in line with the recommendations of the International Tumour Budding 

Consensus Conference (Lugli et al., 2017). As discussed in Chapter 3, TGP and 

tumour budding act as complementary features, with TGP discriminating survival 

outcomes when tumour budding is low. The translational implication is that the 

two features could be combined into an H&E scoring framework, which is read 

from the same section, requires no additional reagents, and together, may 

capture the biology of the invasive front more completely than either alone.  

The clinical viability of spatial metrics in CRC is not hypothetical. The 

Immunoscore, which quantifies CD3+ and CD8+ T-cell densities in the tumour 

centre and invasive margin, is the first immune-based biomarker recommended 

by international guidelines for prognostication beyond TNM staging in colon cancer 

(Pagès et al., 2018). It was further developed to Immunoscore-IC, incorporating 

the spatial proximity between CD8+ and PD-L1+ cells, reflecting a field-level shift 

from cell density to cell geometry and has shown candidate predictive value for 

checkpoint inhibition in pMMR metastatic disease (Hsu & Leung, 2026).  

The CAF-tumour NDI introduced in this thesis follows the same trajectory 

but extends it to the stromal compartment, which current Immunoscore 

implementations omit. As in the CRC invasive front, where cells are non-uniformly 

distributed, a density value averages over their spatial arrangement. For instance, 

two tumours can have the same density yet differ in how those cells are organised, 

and it is that organisation, not density, that carries the prognostic signal. 

However, the computational obstacle of this NDI approach is that proximity cannot 

be scored by eye, requiring imaging, automated segmentation, and NDI 

calculation. Even the guideline-backed assay, Immunoscore, has seen limited 

uptake owing to cost and training requirements. Fortunately, AI-based digital 

pathology is diminishing this barrier. Paired with TGP as a low-cost first-line 

stratifier, the NDI offers a pragmatic, if still prospective, route toward clinical use 

in primary CRC. 
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7.8 Strengths and Limitations 

The limitations of the individual analyses have been discussed in the 

relevant chapters and are not repeated here. This section instead focuses on 

broader limitations of the thesis and those that emerge from considering the 

findings together. 

First, the NDI was modelled as a continuous variable, and it lacks an 

established cut-off as a prognostic feature; a validated threshold would be 

required and validated in an independent cohort. Furthermore, the NDI measures 

distances between pairs of cell populations and does not capture the full spatial 

arrangement of multiple cell types. For this reason, the TGP model presented in 

Figure 7-1 should be viewed as a conceptual framework rather than a direct 

representation of tumour architecture. 

In addition, tumours may display combinations of spatial features that are 

not represented by this model since the spatial endpoints were analysed 

independently. For instance, a tumour could show a short αSMA+FAP+ to Tumour 

distance together with a short αSMA+FAP+ to T cell distance, whereas the model 

would predict a longer αSMA+FAP+ to T cell distance. The biological significance 

of such patterns remains unclear. Further work is therefore required to determine 

how these spatial endpoints interact before the model can be used for tumour 

classification. 

Second, the prognostic and therapeutic implications of these findings 

should be considered separately. The TGP and CAF-tumour NDI were associated 

with clinical outcomes and represent prognostic, not predictive, markers, as they 

were not evaluated in relation to treatment response. Similarly, the proposed 

combination of the TIGIT axis and a hyaluronan-targeted intervention remains a 

hypothesis derived from the integrated analyses rather than a validated 

therapeutic strategy. Because the prognostic distance and the actionable 

signalling lie on different axes, the NDI identifies risk but cannot indicate which 

tumours carry the target; selecting patients for therapy would require direct 

measurement of the targets themselves. 
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Third, both the GRI and TransSCOT cohorts comprised patients with 

resectable, non-metastatic disease (stage I-III). The prognostic value of the TGP 

and the spatial findings therefore applies to this group, and it is not known how 

they would behave in locally advanced unresectable or metastatic CRC, where the 

biology of the invasive front and treatment context differ. Extending these 

findings to later-stage disease would require a separate study.  

Despite these limitations, the work has notable strengths. The findings 

were derived from two large, well-annotated clinical cohorts with mature survival 

follow-up and matched multimodal data, spanning histopathology, bulk 

transcriptomics, and spatial profiling. Few spatial biomarkers in the published 

literature have shown prognostic value independent of TNM stage, as the 

αSMA+FAP+CAF to Tumour NDI does here. Taken together, integrating these 

modalities with cell-state deconvolution and ligand-receptor inference provides a 

powerful model for studying the biology of the invasive front in CRC. 

7.9 Future directions 

The findings of this thesis suggest several directions for future research. 

Some arise from the limitations discussed above, while others are new 

opportunities generated by the findings themselves. Together, they point to four 

broad areas for future work: external validation, mechanistic confirmation, 

investigation of the factors that drive TGPs, and clinical translation. 

The highest priority is external validation of the spatial findings. While the 

prognostic value of the TGP was confirmed in the independent TransSCOT cohort, 

the αSMA+FAP+ CAFs to Tumour NDI and the associated cell states and signalling 

pathways were identified in a single cohort and required validation in independent 

datasets. These datasets should include matched H&E assessment, multiplex 

imaging, and spatial transcriptomic profiling of the invasive front in primary CRC. 

In addition, the prognostic significance of TGP in rectal cancer remains uncertain 

and should be investigated in a larger rectal cancer cohort with tumour budding 

data available for multivariable Cox regression analysis. 

As the mIF approach is not routinely available in diagnostic pathology, 

conventional IHC could provide a practical initial approach for validating selected 
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cell populations identified in the spatial analyses. For instance, CD8 IHC could be 

used to assess the presence and distribution of CD8 T cells associated with the 

spatial findings. However, this would validate the broader cell population rather 

than the specific transcriptional cell state by EcoTyper, and it would not 

reproduce the mIF-derived NDI spatial metric. 

A second area for future research is the validation of the immune-barrier 

mechanisms proposed in this thesis. The candidate signalling pathways were 

identified from compartment-level ligand–receptor analyses, and it was not 

possible to determine which specific cells within each compartment expressed the 

relevant receptors. For example, TIGIT–PVR and TIGIT–NECTIN2 signalling was 

associated with the regulatory monocyte/macrophage state (S09), while HAS2–

CD44 signalling was linked to the endothelial state (S01). However, confirmation 

of these cellular interactions will require higher-resolution approaches, such as 

single-cell spatial technologies.  

Functional studies are also needed to determine whether these signalling 

pathways contribute directly to immune exclusion. Co-culture or organoid models 

incorporating tumour cells, myeloid cells, endothelial cells, and T cells could be 

used to test the effects of disrupting PVR/NECTIN2 signalling or hyaluronan 

production on T-cell access to tumour cells. 

Furthermore, the present study was based on tissue collected at a single 

time point. Longitudinal sampling would help determine whether the spatial 

arrangements observed at the invasive front contribute to tumour progression or 

arise as a consequence of tumour evolution. 

A third area for future research is understanding what determines TGP itself. 

While this thesis characterises the biological and spatial features associated with 

pushing and infiltrative tumours, it does not explain why a tumour adopts one 

pattern rather than the other. The factors that drive TGPs remain unclear and 

may include the cell origin, specific genomic alterations, or interactions between 

these factors.  

In addition, the NDI quantifies pairwise distance between cell populations in 

two-dimensional tissue sections, whereas the invasive front is inherently a three-
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dimensional structure. Therefore, the full spatial relationships among multiple 

cell populations cannot be captured using the current approach. Reconstructing 

the invasive front in three dimensions may reveal organisational features that are 

not apparent in two-dimensional sections. 

A fourth area for future research is clinical translation. The candidate 

combination of TIGIT and hyaluronan-targeted therapy remains hypothetical and 

requires further validation before clinical application. Importantly, the spatial 

features associated with prognosis are distinct from the signalling pathways that 

may represent therapeutic targets. As a result, the distance-based metrics 

developed in this study could not be used to select patients for these therapies. 

Instead, patient selection would require direct assessment of the relevant 

molecular targets, followed by prospective clinical evaluation. 

More broadly, the integrative framework developed in this thesis, combining 

spatial proteomics, spatial transcriptomics, cell-state deconvolution, and ligand–

receptor analysis, may provide a useful approach for studying the invasive front 

of other solid tumours. Applying similar strategies across tumour types may help 

identify common and tumour-specific principles of spatial organisation within the 

tumour microenvironment. This applies to the analytical framework rather than 

to the scoring system, since pattern distribution and prognostic value vary 

between tumour types (Chapter 1) and would require tumour-type-specific 

validation. 

7.10 Concluding remarks 

This thesis investigated whether TGPs at the invasive front of primary CRC 

represent a clinically meaningful and biologically interpretable phenotype and 

explored what may underlie the poorer prognosis associated with the infiltrative 

growth pattern. Across histopathology, bulk transcriptomics, multiplex 

immunofluorescence, and spatial transcriptomics, these analyses suggest that the 

adverse biology of the infiltrative pattern cannot be explained by a single cell 

population, marker, or pathway alone, but is better understood through the 

spatial organisation of tumour, stromal, and immune compartments at the 

tumour-stromal interface. 
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This work reframes TGPs not simply as a descriptive histopathological 

category, but as a spatial phenotype with prognostic value. Across two cohorts, 

the infiltrative growth pattern remained an independent prognostic factor in colon 

cancer, while spatial analyses indicated that infiltrative and pushing tumours 

differed in the arrangement of cell populations at the invasive front, rather than 

in their abundance. This led to the identification of a spatial feature with 

independent prognostic value: the distance between αSMA+FAP+ CAFs and tumour 

cells. It also showed that this prognostic geometry is not the same as the inhibitory 

signalling axes that may be therapeutically actionable.  

Given that these findings were derived from a single cohort and are based 

on inferred rather than experimentally validated mechanisms, they should be 

viewed as hypothesis-generating and require further validation. 

This thesis offers a framework for understanding the invasive front as a 

spatially organised ecosystem, in which tissue architecture carries prognostic and 

therapeutic information that may be missed by abundance-based measurements 

alone. TGPs, assessable on routine H&E sections, provide a practical entry point 

into this architecture, while the integrative strategy developed here offers a route 

to interrogate it in greater biological detail in CRC and may be adapted to the 

invasive front of other tumour types, although pattern definitions and their 

prognostic value would need to be established separately in each setting. 
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