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Abstract

Cancer progression is shaped not only by malignant cells, but also by their interactions with the surrounding tumour
microenvironment. In colorectal cancer (CRC) and colorectal cancer liver metastases (CLM), these spatial interactions
influence tumour growth, metastatic colonization, and clinical behaviour. However, conventional bulk and single-cell
transcriptomic approaches either average complex tissues or disrupt tissue architecture. Spatial transcriptomics overcomes
these limitations by preserving cells and transcripts within intact tissue sections.

The aim of this thesis was to investigate the spatial organization and heterogeneity of the tumour microenvironment in
CRC and CLM using imaging-based spatial transcriptomics. In Paper I, in situ sequencing was used to map the fibrotic rim
surrounding desmoplastic colorectal liver metastases. This study showed that the rim is not uniform, but consists of two
spatially distinct zones: an outer liver-facing zone resembling a fibroinflammatory response, and an inner tumour-facing
zone enriched in cancer-associated fibroblast features and extracellular matrix remodelling. We also observed angiogenesis
within the rim.

Paper II compared the two main histopathological growth patterns in CLM: encapsulated/desmoplastic and replacement
growth patterns. Replacement lesions were characterized by damaged hepatocytes and bifunctional hepatocyte-
cholangiocytes populations at the tumour-liver interface, suggesting a microenvironment that may support tumour
integration into the liver parenchyma. In contrast, encapsulated lesions displayed interferon-y signalling in neoplastic and
stromal cells, together with a zonated fibrotic capsule enriched in the outer part with activated hepatic stellate cells, cytotoxic
T cells, angiogenesis signals; whereas in the inner part we observed cancer-associated fibroblasts, and extracellular matrix
remodelling.

Paper III investigated why circulating tumour DNA (ctDNA) is detectable in some patients with localized CRC but
low or absent in others. By integrating plasma sequencing, histopathology, immunohistochemistry, spatial transcriptomics,
and in situ mutation detection, this study showed that ctDNA shedding is influenced by tissue architecture and immune
niches, in addition to tumour size or stage. Tumours with detectable ctDNA were characterized by necrotic pseudoluminal
structures, loss of epithelial barrier integrity, myeloid infiltration, and degenerated epithelial cells.

Paper IV introduced an analytical neighbourhood enrichment score for spatial omics data. This method replaces Monte
Carlo label shuffling with an analytical formulation that estimates expected spatial neighbour interactions. Across multiple
spatial omics datasets, the analytical score showed strong agreement with permutation-based approaches while improving
computational speed, providing a scalable tool for studying spatial relationships in large datasets.

Together, this thesis demonstrates the value of spatial transcriptomics for dissecting tumour heterogeneity and tumour-
microenvironment interactions in CRC and CLM. By preserving tissue architecture, spatial transcriptomics provides insight
into metastatic growth patterns, ctDNA release, and cellular organization within tumours. Future studies will benefit
from integrating spatial transcriptomics with additional omics layers and functional validation models, supporting tumour
biology understanding and therapeutic and diagnostic strategies.

Keywords: In Situ Sequencing, Spatial Transcriptomics, Colorectal Cancer, Colorectal Cancer Liver Metastasis, Single-
Cell Analysis, ctDNA Shedding.
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Introduction

Karkinos, the ancient Greek word for ‘crab’, was later used in Greco-Roman
times to refer to cancer. The reason why this name was chosen was because
of the similarity between the cancer and the crab: both can be extremely
aggressive and obstinate (1).

Cancer is a leading cause of death worldwide, accounting for approximately
10 million deaths in 2020 (2) . Cancer is not a single disease but a broad group
of disorders characterized by the uncontrolled proliferation of transformed
cells. These cells acquire the ability to evade normal regulatory mechanisms,
allowing them to grow indefinitely, invade surrounding tissues, and, in many
cases, spread to distant organs through a process known as metastasis(3).

Although this general principle underlies all cancers, each tumour type ex-
hibits distinct biological and molecular features. Even within a single cancer
type, substantial heterogeneity exists; for example, lung cancer can be di-
vided into small cell and non-small cell subtypes, each with different molec-
ular characteristics and clinical behaviours(4).

Importantly, not all abnormal cell growth leads to cancer. Early alterations
such as hyperplasia involve an increased number of cells that still retain nor-
mal morphology, while dysplasia is characterized by more pronounced cellu-
lar abnormalities and disorganized tissue architecture. These changes repre-
sent intermediate stages in tissue transformation and may, but do not nec-
essarily, progress to malignant disease (5).

Cancer development is characterized by the acquisition of distinct biological
capabilities that enable tumour initiation, progression, and dissemination.

These capabilities are conceptualized in the ‘hallmarks of cancer’(6) frame-
work, which describe key functional traits shared across diverse cancer types
(Figure 1). Core hallmarks include sustained proliferative signalling, inactivat-
ing growth suppressors, resistance to cell death, replicative immortality, in-
duction of angiogenesis, and activation of invasion and metastasis. Addi-
tional traits such as the ability to avoid immune destruction and the deregu-
lation of cellular metabolism further support tumour growth and survival.
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These processes are often facilitated by genomic instability or tumour-pro-
moting inflammation, which promote the accumulation of genetic altera-
tions and shape tumour evolution.

Cancer progression is increasingly understood as a dynamic process that in-
volves not only intrinsic properties of malignant cells but also extensive in-
teractions with the surrounding tumour microenvironment (TME). Stromal
cells, immune populations, vascular networks, and extracellular matrix com-
ponents contribute to tumour growth, immune modulation, and metastatic
dissemination. These interactions create a complex ecosystem that supports
tumour adaptation and heterogeneity, particularly during metastatic pro-
gression. Understanding how these complex ecosystems emerge and are co-
ordinated within the spatial and cellular context of tumours is therefore cen-
tral to studying cancer biology and identifying therapeutic solutions(6).

Functional capabilities (hallmarks of cancer)

Sustaining
proliferative
signaling
Inactivating Resisting
growth programmed
suppressors cell death

Establishing
replicative
immortality

Inducing or
accessing
vasculature

Deregulating Unlocking
cellular phenotypic
metabolism plasticity

Evading Activating
immune invasion and
destruction metastasis

Figure 1. Hallmarks of cancer. Reproduced from Hanahan D, Hallmarks of cancer—
Then and now, and beyond. Cell (2026) https://doi.org/10.1016/j.cell.2025.12.049,
under a Creative Commons Attribution (CC-BY) license.
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Despite major advances in cancer genomics and transcriptomics, under-
standing how tumour cells interact with their microenvironment in space re-
mains a significant challenge. Conventional bulk sequencing approaches ob-
scure cellular heterogeneity, while single-cell RNA sequencing, although re-
solving cell types, disrupts tissue architecture and spatial relationships. As a
result, key processes such as metastatic colonization, immune cell organiza-
tion, and tumour-stroma interactions remain incompletely understood, par-
ticularly in complex systems such as colorectal cancer and its liver metasta-
ses(7).

Spatial transcriptomics has emerged as a powerful approach to overcome
these limitations by enabling the simultaneous characterization of gene ex-
pression and spatial organization within intact tissue sections. This allows the
investigation of how cellular neighbourhoods, tissue architecture, and gene
expression programs jointly contribute to tumour behaviour(8).

Spatial transcriptomics is fundamentally grounded in the central dogma of
molecular biology(9). In living organisms, the DNA, where the genetic infor-
mation is stored in the nucleus of the cell, gets transcribed into mRNA. Then
the mRNA leaves the nucleus of the cell and in the cytoplasm, it gets trans-
lated in the ribosomes into proteins. After translation, the protein will fold to
acquire its active form, developing a milliard of activities such as cell signal-
ling, structural support, enzymatic activity, transport of molecules etc (Figure
2).

Although all cells in the body share the same genome, they do not express
the same set of genes. Differences in gene expression define cellular identity
and function. This differential gene expression is regulated not only by intrin-
sic cellular programs but also by interactions with neighbouring cells and the
surrounding microenvironment (10).

The complete set of mMRNA molecules within a cell or tissue, referred to as
the transcriptome, therefore provides at least a partial snapshot of cellular
state and activity. Spatial transcriptomics builds on this principle by enabling
to obtain the information of the position of each cell, which genes they are
expressing and which are the neighbouring cells and anatomical structures.

Analysing the transcriptome offers several practical advantages over study-
ing the proteome. Unlike proteins, which exhibit complex three-dimensional
structures and diverse chemical properties, mMRNA molecules can be reverse-
transcribed into complementary DNA (cDNA) and amplified using techniques
such as polymerase chain reaction (PCR) or rolling circle amplification
(11).These features make transcriptome-based approaches particularly well
suited for high-throughput and spatially resolved analyses. However, despite
the many advantages of working with mRNA, protein-based analyses remain
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highly valuable. Proteins can be more stable than mRNA molecules, mRNA
degradation can limit transcriptomic analyses(12,13). Proteins also represent
the main functional effectors of cellular activity, as they directly mediate
most biological processes in the body, although some RNAs, such as miRNAs,
also have regulatory functions. Furthermore, because multiple protein mol-
ecules can be produced from a single mRNA transcript, rare cell populations
or low-abundance biological signals may, depending on the sensitivity of the
detection method, be easier to identify at the protein level than at the tran-
script level(14).

DNA
WQE)&P’I (genome)
i, MRNA
(transcriptome;
} FAP*/ACTAZ" PECAMT*/ cpg

Fibroblast CHD5*
T cell
ij unfolded Endothelial e
protein cell
active protein //\ ;"
(proteome) C ] / |

ALB* MOG*/0LIGZ cD19*/CD20¢
Hepatocye Oligodendrocyte B cell

Figure 2. Simplified Central Dogma of Molecular Biology. DNA is transcribed into
mRNA. Then mRNA is translated into proteins that later may undergo post-transla-
tional modifications and will be properly folded to become active and functional. All
MRNAs in a cell form the transcriptome. Each cell type in our organism has a specific
pool of transcripts, that is, it expresses a distinct set of genes that confers its unique
cellular identity. Created with BioRender.com

The overall aim of this thesis is to investigate the spatial organization and
heterogeneity of the tumour microenvironment in colorectal cancer and col-
orectal cancer liver metastases using targeted, imaging-based spatial tran-
scriptomics. Specifically, this work seeks to characterize tumour growth pat-
terns during liver colonization in CLM, to elucidate how the tumour microen-
vironment influences metastatic progression. Moreover, we try to identify
the spatial and cellular determinants underlying circulating tumour DNA
shedding in CRC. In addition, this thesis aims to develop and apply an analyt-
ical approach to quantify spatial relationships between cells or genes within
tissues. By integrating high-resolution spatial transcriptomics with advanced
computational methods, this work provides new insights into tumour biology
and contributes to a deeper understanding of cancer progression with po-
tential implications for improved therapeutic strategies.
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Colorectal Cancer (CRC)

Epidemiology

Colorectal cancer , which comprises the colon and/or rectum is the third
most common cancer type in the world (15). The American Cancer Society
predicts in 2026 108,860 new cases of colon cancer and 49,990 new cases of
rectal cancer. It presents a 5-0S of 64.9%, meaning that 64.9% of patients are
still alive 5 years after diagnosis or start of treatment, across all tumour
stages combined (16).

The main risk factor for CRC is age, being mainly diagnosed in patients over
50 years, even though early-onset CRC (EOCRC) has risen lately being diag-
nosed in younger patients and being more aggressive(17). Besides age, other
risk factors are alcohol and red meat consumption, smoking, type 2 diabetes
and family history (2). While 65% of CRC tumours are sporadic, 25% are re-
lated to family history and 10% are hereditary CRC syndromes, such as the
Lynch syndrome. The difference between familial and hereditary CRC is that
in the first case it is multifactorial, a mix of multifactorial genetic and envi-
ronmental risk factors, whereas the hereditary cases are due to specific in-
herited germline mutations(18,19).

In early stages of the disease there are no symptoms so it is crucial that the
risk population participate in screening programs. The most used screening
strategy is the faecal occult blood test (FOBT). FOBT screening is cheap and
non-invasive and if positive, colonoscopy can be done to confirm the results
or discover other malignancies(20).

96% of all CRCs arise from adenomatous polyps, following the adenoma-car-
cinoma sequence, thus we say the majority of CRC tumours are adenocarci-
nomas. The development of CRC can take up to 15 years so it is fundamental
to do regular screenings to detect and remove polyps to increase survival of
patients(2).
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Adenoma-carcinoma sequence

The adenoma-carcinoma sequence (Figure 3) describes the multistep pro-
gression from normal colorectal epithelium to invasive carcinoma through
the accumulation of genetic and epigenetic alterations. This process begins
with the transformation of normal mucosa into small adenomatous polyps,
which can progress to early adenoma, advanced adenoma and finally carci-
noma, which is the malignant final state of this sequence(2,21).

This sequence is typically initiated by loss-of-function mutations in APC, a tu-
mour suppressor gene, leading to constitutive activation of the WNT/B-
catenin signalling. At the same time this promotes abnormal cell proliferation
and formation of small dysplastic adenomas. As the adenoma grows, addi-
tional mutations accumulate. Activating mutations in KRAS, an oncogene,
promote further adenoma growth, while later alterations such as TP53, a tu-
mour suppressor gene, mutations and loss of chromosomal regions contrib-
ute to the transition from advanced adenoma to carcinoma(21,22).

The mechanisms underlying these mutations and the acquisition of genomic
and epigenomic instability are diverse. The most common pathway is chro-
mosomal instability (CIN), which is characterized by large-scale chromosomal
gains and losses that generate numerous copy number alterations. CIN tu-
mours frequently harbour mutations in genes such as APC, KRAS, and
TP53(21,22).

In addition to CIN, a subset of CRCs develops through the microsatellite in-
stability (MSI) mechanism, which arises from defects in the DNA mismatch
repair system (MMR). MSl accounts for 12-15% (23) of the CRC cases, leading
to the accumulation of replication errors in microsatellite regions of the ge-
nome. The failure of the mismatch repair can be due to inherited germline
mutations, as in the Lynch syndrome, or more commonly from epigenetic
silencing of the MLH1 gene due to promoter hypermethylation, often asso-
ciated with the CpG island methylator phenotype (CIMP). Sporadic MSI tu-
mours which are associated with CIMP and BRAF mutations, are characteris-
tic of the serrated pathway rather than the conventional adenoma-carci-
noma sequence. Copy number alterations are a hallmark of CIN, whereas tu-
mours with microsatellite instability typically show fewer chromosomal
alterations and instead accumulate small insertion-deletion mutations(23—
25).

14



Based on the microsatellite status, tumours are classified as MSI high when
they present a high degree of microsome instability or as microsatellite sta-
ble (MSS) if absent or minimal (23).

10 -20 year progression

-
9>
O

Healthy colon Colon cancer 1
Loss of tum

o Activation of Loss of tumor Loss of tumor
suppr « APC KRAS oncogene suppressor gene DCC suppressor gene p53 J Y

. ~ tatons — B
Normal epithelium Small benign growth Large benign growth Large benign growth Malignant tumor
(Polyp) (Early adenoma) (Late adenoma) (Carcinoma)
|

Initiation (30-60 years) Promotion (10-20 years) Progression (10-20 years) Metastasis (0-5 years)

Figure 3: The adenoma-carcinoma sequence in colorectal cancer, where malignant
tumours arise from previous benign adenomatous polyps. Reproduced from Hoss-
ain, M.S. et. al., Colorectal Cancer: A Review of Carcinogenesis, Global Epidemiology,
Cur-rent Challenges, Risk Factors, Preventive and Treatment Strategies. Cancers
(2022) https://doi.org/10.3390/cancers14071732, under a Creative Commons At-
tribution (CC-BY) license.

Classification and staging

One of the ways of classifying CRC is by the Consensus Molecular Subtypes
(CMS), which is based on bulk transcriptomic profiling(26,27). According to
this classification, there are four subtypes. CMS1 (14%), also named MSI im-
mune, where tumours are hypermutated, MSI, frequently CIMP-high and en-
riched for strong immune activation. CMS2 (37%), also named canonical,
these tumours show marked chromosomal instability with activation of WNT
and MYC signalling pathways and it is the most common subtype. CMS3
(13%), also named metabolic, are characterized by metabolic dysregulation
and frequent KRAS mutations, with a comparatively lower number of copy
number alterations. CMS4 (23%), also named mesenchymal, presents a mes-
enchymal phenotype compared to the other three that present an epithelial
phenotype. It exhibits prominent TFG-B activation, stromal infiltration, epi-
thelial-mesenchymal transition signatures and angiogenesis, being the sub-
type with worse overall and relapse-free survival.
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A second way to classify the patients is by stage, which describes the pro-
gression of the tumour and is the most widely used approach in the clinic.
The stage is determined by the TNM classification, originally developed by
the UICC (Union for International Cancer Control) (28) which defines the T as
the extent and size of the primary tumour, including whether it has grown
into adjacent tissues. The N category indicates whether regional lymph nodes
are affected. Finally, the M category denotes the presence or absence of dis-
tant metastases. The AJCC (American Joint Committee on Cancer) translates
these TNM values into stage groupings 0-1V (29) (Table 1, Figure 4).

AJCC Stage TNM Stage Definition

Stage 0 Tis, NO, MO Tumor confined to mucosa (carcinoma in situ). NO: no regional
lymph node involvement. MO: no distant metastasis.

Stage | T1-T2, NO, MO T1: tumour invades submucosa. T2: tumour invades
muscularis propria. NO: no regional lymph node involvement.
MO: no distant metastasis.

Stage Il (A-C) T3-T4, NO, MO T3: tumour invades through muscularis propria into subserosa.
T4: tumour invades adjacent organs or structures andfor
penetrates the visceral peritoneum. NO: no regional lymph
node involvement. MO: no distant metastasis.

Stage Il (A-C) Any T, N1-N2, MO Any tumour depth. N1: metastases to a few nearby lymph
nodes. N2: metastases to multiple nearby lymph nodes. MO:
no distant metastasis.

Stage IV (A-C) Any T, Any N, M1 (A—C) Any tumour or node status. M1: distant metastases present,
which may involve one or several distant organs (e.g., liver,
lung).

Table 1. Colorectal cancer stage, corresponding TNM stage, and stage definition
based on American Joint Committee on Cancer (AJCC) 8t Edition.

Regarding recurrence rates, recent population-based(30) data indicate that
the 5-year recurrence after curative surgery for colon cancer are 6.8%, 11.6%
and 24.6% for stages I-lll respectively. For rectal cancer, the corresponding
5-year recurrence rates for stages I-lll are 9.5%, 18.4% and 28.8% respec-
tively.
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Figure 4. lllustration of CRC stages and the different layers of the colorectal epithe-
lium. Created with BioRender.com with the assistance of ChatGPT (Open Al).

Treatment

Treatment of colorectal cancer depends mainly on the stage. In stage |, sur-
gery alone is usually sufficient; in stages Il and lll, surgery is commonly fol-
lowed by adjuvant chemotherapy to reduce the risk of recurrence; in some
locally advanced but still potentially resectable cases, neoadjuvant treatment
may be given before surgery to improve local control and surgical outcomes.
In stage IV disease, where there is metastasis to distant organs, treatment is
generally palliative, meaning it aims to control the cancer, relieve symptoms,
and prolong survival rather than cure the disease. For selected patients with
initially unresectable metastatic disease, conversion therapy may be used to
shrink the tumours enough to make surgery possible later(31-33).

The most used chemotherapies in CRC are FOLFOX which is a combination of
5-fluoropyrimidine, leucovorin and oxaliplatin, and FOLFIRI which is a combi-
nation of 5-fluoropyrimidine, leucovorin and irinotecan. These drugs inter-
fere with DNA replication affecting cell division(2).

Besides chemotherapy, there is targeted therapy, the most common ones
are cetuximab, an anti-EGFR therapy, and bevacizumab, an anti-VEGF thus
anti-angiogenic drug. In order to prescribe these drugs, the patients need to
be sequenced since if a patient has mutations in KRAS or BRAF an anti-EGFR
treatment won’t be successful, for example(2).
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Patients’ follow-up depends on the disease stage and treatment received.
The main strategies used are CT-scans and CEA (carcinoembryonic antigen)
blood tests, even though this last one is not very specific since it can be high
in non-tumoral conditions as well (34).

An alternative follow up strategy is liquid biopsy, a minimally invasive diag-
nostic approach focused on the detection of tumour-derived material circu-
lating in body fluids, most commonly blood. It mainly focuses on detecting
circulating tumour DNA (ctDNA), which is a small fraction of cell-free DNA
(cfDNA) released into the bloodstream from tumour cells during processes
such as apoptosis and necrosis. Because ctDNA originates from tumours, it
can be analysed to identify genomic alterations, including point mutations,
insertions or deletions, copy number alterations, chromosomal rearrange-
ments, and epigenetic changes such as DNA methylation. These molecular
features allow liquid biopsy to be used for several clinical purposes in cancer
management, including genomic profiling for targeted therapy selection,
monitoring treatment response, detecting emerging resistance mutations, or
identifying minimal residual disease (MRD) after treatment. However, the
technique has important limitations: ctDNA often represents less than 1% of
total cfDNA, making detection difficult and sometimes leading to low sensi-
tivity, particularly for early-stage cancers or tumours that release (shed) little
DNA into the bloodstream, this last issue we try to answer in this the-
sis(35,36).
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Colorectal Cancer Liver Metastasis (CLM)

Epidemiology

Stage IV CRC is characterized by the dissemination of tumour cells from the
primary tumour to distant organs, where they invade and form metastases.
25% of CRC patients will develop liver metastasis (37,38) ,other sites of me-
tastasis are lungs, bone, peritoneum and intestinal lymph nodes. European
epidemiological studies report that synchronous liver metastases, defined as
metastases diagnosed at the same time as the primary tumour or within 6
months of CRC diagnosis, occur in approximately 13.8-17.1% of all CRC pa-
tients. Metachronous liver metastases, defined as metastases diagnosed
more than 6 months after the primary CRC diagnosis, occur in approximately
7.6-15.1% of all CRC patients(37). In patients with CLM, surgical resection re-
mains the only potentially curative treatment. However, only about 25% of
patients are suitable for resection(37,39), and the recurrence rate after sur-
gery is between 50-70% (40).There is a 5-OS of 50% for resected patients and
of 5% for patients non-resected under palliative care(41).

From the colon to the liver: EMT-MET

Tumoral cells reach the liver through hematogenous spread via the portal
venous system, which directly drains blood from the colon and rectum to the
liver(42). During this process, tumour cells first undergo epithelial to mesen-
chymal transition (EMT), a dynamic and reversible cellular transformation in
which colorectal epithelial cells lose polarity and cell-cell adhesion while ac-
quiring mesenchymal characteristics such as increased motility and invasive-
ness. This transition enables cancer cells to detach from the primary tumour,
degrade the surrounding extracellular matrix, and invade the surrounding
stroma. Subsequently, tumour cells intravasate into nearby blood vessels,
entering the circulation as circulating tumour cells that are transported
through the portal vein to the liver. Once in the hepatic microvasculature,
these cells extravasate across the endothelial barrier and infiltrate the liver
parenchyma. After reaching the liver, metastatic cells often undergo the re-
verse process, mesenchymal to epithelial transition (MET), which restores
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epithelial characteristics and supports proliferation and colonization, ulti-
mately leading to the formation of liver metastases(43) (Figure 5).
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Figure 5. Schematic representation of how tumour cells in the colorectum migrate
and invade distant organs; specifically, the liver, which is the primary metastatic site

in CRC. It follows the EMT-MET transition. Created with BioRender.com

Histopathological growth patterns (HGPs)

The growth of liver metastasis can follow different histopathological growth
patterns (HGPs). There are two main HGPs in CLM: desmoplastic and replace-
ment. There’s a rare HGP where tumour cells ‘push’ perimetastatic hepato-
cytes, this is the pushing HGP(44). While being prominent in CRC, these HGPs
have been also observed in liver metastasis from breast, pancreas and mela-
noma primary tumours as well, suggesting they emerge driven by molecular
properties of the liver, rather than the tumour itself. The desmoplastic HGP
(DHGP), also referred to as the encapsulated HGP (EHGP), is characterized by
a fibrotic capsule separating tumour cells from the surrounding liver paren-
chyma. Recent studies(45) suggest that this capsule may not solely represent
tumour-induced desmoplasia but rather reflects a benign fibrotic response
associated with hepatic tissue repair. For this reason, the term EHGP will be
used throughout this thesis instead of DHGP.

The main difference between EHGP and replacement HGP (RHGP) lies in the

presence or absence of a fibrotic capsule (Figure 6). In EHGP, where the tu-
mour mass is encapsulated, tumour growth is associated with angiogenesis.
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Tumour cells do not follow the normal hepatic architecture and tend to dis-
play features typical of their epithelial origin. Immune infiltration has been
observed in the outer part of the capsule towards the liver parenchyma. In
contrast, RHGP is characterized by tumour cells growing in direct contact
with the liver parenchyma, where they replace hepatocytes along the exist-
ing liver plates while preserving the architecture of the hepatic lobule. In-
stead of inducing new blood vessel formation, RHGP tumours obtain their
blood supply mainly through vessel co-option. This growth pattern is also of-
ten described as immune desert due to the relative lack of immune cell infil-
tration at the tumour-liver interface. Despite these differences at the tu-
mour-liver interfaces, the tumour cores in both HGPs are often similar and
may display pseudo-crypts, reflecting their colorectal epithelial origin(39).

Currently, HGPs are primarily used as a prognostic marker, with EHGP being
associated with a more favourable prognosis compared to RHGP. Only 20%
of the cases present a pure EHGP or a pure RHGP(46). In clinical practice,
HGPs are assessed on haematoxylin and eosin (H&E) stained sections, where
the tumour-liver interface is examined and the proportion of each growth
pattern is scored according to international guidelines(44,47).

While histological differences are observed between HGPs, the molecular
programs are not well understood, leaving room for exploratory work on
how different at molecular level EHGP and RHGP are, or which are the cell
types involved in the capsule formation. Questions addressed in this thesis.

Figure 6. Histopathological sections showing encapsulated/desmoplastic HGP and
replacement HGP. In the encapsulated/desmoplastic HGP (EHGP/DHGP), a desmo-
plastic rim clearly separates the liver parenchymal compartment from the tumour
compartment. This feature is absent in the replacement HGP (RHGP), where the liver
parenchyma is in direct contact with the tumour. Adapted from Fernandez Moro,C.
et. al, An idiosyncratic zonated stroma encapsulates desmoplastic liver metastases
and originates from injured liver. Nat Commun (2023)
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Treatment

The chemotherapy and targeted therapy largely mirror those applied in CRC,
most commonly including FOLFOX, FOLFIRI, and the targeted agents cetuxi-
mab and bevacizumab.

As mentioned previously, only 25% on CLM patients are eligible for surgical
resection which is currently the only potentially curative treatment. Adjuvant
therapy after resection can also be considered to decrease the risk of recur-
rence and improve prognosis(46,48,49).

For patients who are initially not suitable for surgical resection, conversion
therapy with chemotherapy and targeted agents may be used to shrink tu-
mours and increase the likelihood of achieving resectability. In patients with
unresectable disease where curative treatment is not possible, systemic
chemotherapy is mainly used for palliative purposes. Although liver trans-
plantation has been explored in recent years, it is not currently a standard
treatment due to high recurrence rates(2,50).

The main criteria for determining whether a patient is suitable for surgery or
not includes the possibility of achieving complete tumour removal while pre-
serving sufficient functional liver tissue, as well as the location and accessi-
bility of the tumour. A clear surgical margin (generally 21 mm) is typically
required to minimize the risk of residual tumour cells(37).

In some studies, it has been shown that chemotherapy can induce EHGP in
patients with RHGP, even though EHGP also exists in chemonaive pa-
tients(44). Moreover, some cases of EHGP transitioning towards RHGP have
been reported after anti-VEGF treatment(49).
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Spatially Resolved Transcriptomics

Different experimental approaches are available to analyse the transcrip-
tome of tissues and cells. One common method is bulk RNA sequencing,
which measures per-gene RNA abundance in a sample. However, this ap-
proach only provides an average gene expression profile and does not offer
single-cell resolution or spatial information(51).

Another approach involves single-cell transcriptomic techniques, such as sin-
gle-cell RNA sequencing (scRNA-seq)(52). These techniques enable the anal-
ysis of gene expression at the individual cell level, identifying cellular heter-
ogeneity within a sample. Nevertheless, the spatial organization of the cells
within the tissue is lost during sample processing, because cells need to be
dissociated from the tissue. Examples of scRNA-seq assays are 10x Chro-
mium, GEM-X Flex and Smart-seq. 10x Chromium captures individual cells in
droplets together with barcoded beads. Each mRNA molecule is tagged with
a cell barcode and a Unique Molecular Identifier (UMI). The cell barcode en-
ables tracing the transcript back to its cell of origin, while the UMI allows
accurate quantification of the number of molecules per gene in each cell af-
ter PCR amplification. It typically sequences only the 3’ or 5’ end of the tran-
scripts, so it does not provide full-length coverage. This method offers high
throughput but lower sensitivity and a higher risk of doublets, where two
cells are captured in the same droplet(53). GEM-X Flex from 10x Genomics is
a Chromium single-cell workflow designed for use with fixed cells or nuclei,
allowing samples to be preserved prior to processing. Cells are first fixed and
permeabilized, and mRNA is captured via probe hybridization rather than
poly(dT) priming. These probe-RNA complexes are then partitioned into
droplets with barcoded beads, where they are labelled with cell barcodes
and UMIs. The main advantage of this approach is its compatibility with fixed
samples, enabling flexible timing and easier sample handling. The main dis-
advantage is that it is probe-based, meaning transcript detection depends on
probe design and is limited to targeted genes(54). In contrast, Smart-seq iso-
lates cells individually, usually by FACS, into wells of a plate. It sequences full-
length transcripts, allowing better analysis of isoforms and mutations. Smart-
seq3 also incorporates UMls. This method has higher sensitivity but lower
throughput(53).
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Studying the tumour microenvironment benefits from approaches that pre-
serve the spatial relationships between cells within the tissue. Spatial tran-
scriptomics (ST) overcomes scRNA-seq limitations by combining gene expres-
sion profiling with spatial information(8). These techniques make it possible
to determine where cells are located within the tissue, which genes they ex-
press, and how they interact with neighbouring cells and anatomical struc-
tures. As a result, spatial transcriptomics enables a more comprehensive un-
derstanding of the tissue architecture, including the tumour microenviron-
ment(55). As in scRNA-seq, there is variability in sensitivity and throughput
between different ST methods, as described in the next sections.

Sequencing-based spatial transcriptomics

Spatial transcriptomics can be divided in two subgroups: sequencing and im-
aging-based ST. Sequencing-based spatial transcriptomics (Figure 7) maps
the whole transcriptome within intact tissues sections by capturing mRNA
onto spatially barcoded substrates (slides or beads), followed by Next-Gen-
eration Sequencing (NGS). During tissue permeabilization, mRNA molecules
diffuse out of the cells and bind to oligonucleotides carrying spatial barcodes,
enabling transcripts to be mapped back to their original spatial position after
sequencing. The samples used can be formalin-fixed paraffin-embedded
(FFPE) or fresh-frozen (FF), depending on the method used(55,56).

One example is the commercial platform Visium HD 3’ from 10xGenomics.
The tissue is placed on the Visium HD slides, with a capture area size of
6.5x6.5mm, and with a grid of 2x2um barcoded squares, enabling subcellular
resolution, much higher than in previous Visium versions. After permeabili-
zation, mRNA diffuses out of the cells and it will be captured by spatially bar-
coded oligos with a Poly(dT) tail and a UMI. Then reverse transcription will
generate a cDNA with the spatial barcode and UMI. cDNA is amplified by PCR.
Then these spatial barcoded oligos will be sequenced with a NGS tool such
as lllumina. Later on, we can trace back each mRNA to their spatial position
thanks to the spatial barcode(56). The main disadvantage of this technique
is its low sensitivity and the potential presence of artifacts due to mRNA dif-
fusion(55).
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Another sequencing-based technology is Stereo-seq, from STOmics. It uses a
chip covered in DNA nanoballs of size 220nm and 500nm from centre to cen-
tre, enabling subcellular resolution. It presents a considerable capture area
of up to 2cmx3cm. When a tissue section is placed on the chip, released
mRNA molecules bind to poly(dT) probes on these nanoballs, are reverse
transcribed into cDNA, and sequenced so that each transcript can be traced
back to its spatial position in the tissue. It also presents lower sensitivity com-
pared to imaging-based technologies(57).

FFPE samples may contain partially degraded transcripts, making poly-A cap-
ture difficult. Probe-based(58) sequencing approaches can help overcome
this limitation by targeting specific transcript regions. For example, the
probe-based Visium HD assay is convenient for FFPE samples.
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Figure 7. Sequencing-based spatial transcriptomics: comparison between Visium,
Visium HD and Stereoseq. Adapted from Lim,H.J. et. al., A practical guide for choos-
ing an optimal spatial transcriptomics technology from seven major commercially
available options. BMC Genomics(2025). https://doi.org/10.1186/s12864-025-
11235-3, under a Creative Commons Attribution 4.0 International (CC-BY 4.0) li-
cense.

Imaging-based spatial transcriptomics

Imaging-based spatial transcriptomics methods use fixed in situ mMRNA mol-
ecules labelled with fluorescent probes, keeping single-cell and subcellular
resolution. Moreover, they present higher sensitivity compared to sequenc-
ing-based methods because they detect mRNA molecules directly in the tis-
sue by fluorescent microscopy, whereas sequencing-based approaches rely
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on several biochemical steps and capture of mMRNA where transcripts can be
lost(55).

Imaging-based spatial transcriptomics methods (Figure 8) can be subdivided
into Fluorescence In Situ Hybridization (FISH) and In Situ Sequencing (ISS) ap-
proaches(55). Most of these methods are targeted, although some are un-
targeted (e.g., FISSEQ(55)). For targeted approaches, gene panels (or probe
panels) must be designed in advance, meaning that the success of the assay
strongly depends on effective probe design. Even though it is a targeted ap-
proach, some commercial platforms, such as Xenium Prime from 10x Ge-
nomics offer pre-designed gene panels of 5000 genes with the possibility of
adding custom genes. The main difference between FISH and ISS methods is
how mRNA molecules are labelled and how their identity is decoded across
imaging cycles(55).

FISH methods are based on single molecule FISH (smFISH) where sequence
specific fluorescent probes are hybridized into target mRNAs. The multiplex-
ing depends on how many fluorescent probes are added per cycle and how
many hybridization cycles are performed. Gene identity is defined by the
fluorophore sequence. MERFISH, commercialized by Vizgen as MERSCOPE,
enables highly multiplexed mRNA detection. Instead of assigning a single
fluorophore to each gene, MERFISH uses combinatorial barcoding and multi-
ple imaging rounds. Each mRNA molecule is hybridized with encoding probes
containing readout sequences that are read across sequential imaging cycles.
As each mRNA is targeted by tens of encoding probes, the sensitivity of the
assay is very high. MERSCOPE Ultra pre-designed panels can target 815 genes
at the same time, with the possibility of adding custom genes to reach a total
of 1000 targeted genes. Moreover, up to 6 proteins can be co-detected with
the transcriptomics assay, enabling transcriptomics and proteomics on the
same slide(55,57,59).
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Figure 8. Commercial platforms on Imaging-based Spatial transcriptomics chemis-
tries. Reproduced from Lim,H.J, et.al, A practical guide for choosing an optimal spa-
tial transcriptomics technology from seven major commercially available options.
BMC Genomics (2026). https://doi.org/10.1186/s12864-025-11235-3. Under a Crea-
tive Commons Attribution 4.0 International (CC-BY 4.0) license.

ISS-based methods employ padlock probes. These probes hybridize to the
MRNA or cDNA and are locally amplified by rolling circle amplification (RCA)
(Figure 9), then the rolling circle products (RCPs) are subsequently sequenced
in situ and visualized by fluorescent microscopy.

The first implementation of ISS was developed by Ke et.al.(11) where mRNAs
were reverse transcribed to cDNAs and targeted by padlock probes (PLPs)
hybridized to them. PLPs are linear oligonucleotides approximately 70 nucle-
otides long, consisting of a customizable backbone of around 40 nucleotides
and two 15 nucleotides long arms that will hybridize to the target cDNA.
There is a nick between the two arms that hybridize the target cDNA, if the
PLP has hybridized to the correct cDNA, the nick will be ligated. After correct
hybridization and ligation, the PLP is amplified by rolling circle amplification,
generating a long linear molecule (RCPs) of approximately 1um(60) com-
posed by concatemers of hundreds of copies of the original probes. This am-
plification step typically results in a higher signal-to-noise ratio compared to
FISH-based methods, where the amplification is achieved by hybridizing mul-
tiple (often more than 100) probes to a single mRNA without RCA step. How-
ever, ISS methods generally exhibit lower sensitivity than FISH methods be-
cause they rely on typically only 1-5 PLPs per target cDNA, and often only one
successfully hybridizes(60,61).
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The decoding of the spots was originally done by targeted in-situ sequencing
by ligation of the RCPs. The decoding was done by repeatedly ligating fluo-
rescently labelled oligonucleotides to primers on RCPs, where each ligation
step reads a specific base of the barcode sequence on the backbone of the
PLPs and the fluorescence signal identifies the nucleotide at that position,
allowing transcript identity to be reconstructed through sequential imaging
cycles. Each base was assigned a fluorophore and each gene would have a
specific sequence of detected fluorophores(11). The number of genes de-
tected depended on how long the sequenced barcode was. So, in theory the
whole transcriptome could be targeted. However, there were several tech-
nical limitations. One major issue was the accumulation of background signal
as the number of imaging cycles increased, which made it difficult to scale it
to whole-transcriptome analysis(11). This background build-up was caused
by the random ligation of the labelled oligonucleotides to molecules other
than the intended anchor oligonucleotides. Due to prior fixation, these off-
target molecules could be bound to proteins or oligonucleotides within the
sample. As a result, the fluorescent oligonucleotides ligated to them could
not be efficiently removed during the stripping step after each cycle. As a
result, background signal progressively accumulated over successive cycles.
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Figure 9. Imaging-based methods which amplify the signal by RCA: detection and se-
guencing strategies. A. Represents types of RCA imaging-based ST methods: ISS, Hy-
bISS and dRNA HyblISS use PLPs and are targeted approaches whereas FISSEQ doesn’t
use PLPs and is not a targeted approach. B. ROepresents the different sequencing
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methods that can be used to decode the RCPs. In the first publication of ISS, se-
quenced by ligation was used. In the cases of HybISS, dRNA HyblISS sequenced by
hybridization was used. And FISSEQ was decoded using SOLiD. Even though, any
combination of detection and sequencing method is possible. Panel A adapted from
Zhang,X. et.al., Dissecting mammalian reproduction with spatial transcriptomics. Hu-
man Reproduction Update (2023) https://doi.org/10.1093/humupd/dmad017, un-
der a Creative Commons (CC BY) license. Created with BioRender.com.

In 2020 a second iteration of ISS, also targeting cDNA, named HybISS was
introduced. In here the decoding step was rethought to work using sequenc-
ing by hybridization(62). In this case amplified RCPs were hybridized to a
bridge/L-probe. Next, that L-probe was detected by the hybridization of a
detection oligo paired with a fluorophore. The key innovation in HybISS was
that each L-probe consisted of two arms, one arm which had a specific se-
guence hybridizing to the RCP, and another arm with four possibilities corre-
sponding to the oligos paired with four fluorophores used to decode the
whole gene panel. Sequencing by hybridization avoids the problem of back-
ground build up enabling a theoretical detection of the entire transcriptome.
The background build up is avoided since the detection oligos will hybridize
and not ligate to L-probes, so if hybridized to an off-target fixed molecule in
the sample they will be washed off during the stripping process. However,
the optical crowding makes difficult to target the whole transcriptome.

ISS was also developed in the form of commercial products. In 2019 the start-
up CARTANA launched their kits, where the cDNA step needed in ISS and Hy-
bISS was omitted and the padlock probes were directly hybridizing to mRNA,
which increased the sensitivity. | used this technology in the CLM projects in
my thesis. The decoding of the transcripts was also modified, and it followed
the sequencing by hybridization. Some years after, in 2022, a home-made
version of CARTANA kits was made available(63), the dRNA HyblSS, without
the need to purchase commercial kits, where we were targeting directly the
mRNA and decoding it by sequencing by hybridization (Figure 10).
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Figure 10. Workflow of dRNA HybISS. Created with BioRender.com.

In 2020 CARTANA was acquired by 10xGenomics and in 2022 the platform
Xenium was released to the market. Xenium performs dRNA HyblSS, it avoids
the reverse transcription step and follows the sequencing by hybridization
scheme as well, but uses more PLPs per transcript and more decoding cycles
improving the sensitivity and reducing the optical crowding. Nowadays, the
latest Xenium version allows users to target 5000 genes at the same time and
also, we can perform proteomics by targeting a reduced number of pro-
teins(64).

Tetralemma

The selection of a spatial transcriptomics method can be guided by four key
parameters: multiplexing, sensitivity, specificity, and throughput. However,
no single technology simultaneously maximizes all four, resulting in an inher-
ent trade-off: a “tetralemma”, that must be considered when designing ex-
periments (Figure 11).
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Multiplexing refers to the number of genes that can be simultaneously de-
tected in a single experiment. For exploratory studies, sequencing-based ap-
proaches such as Visium are advantageous, as they enable whole-transcrip-
tome profiling. In contrast, when addressing a specific biological question,
such as the presence of particular signalling pathways, expression signatures,
cell types, or testing specific hypothesis, imaging-based methods with tar-
geted gene panels might be more appropriate. Commercial platforms offer
customizable panels with a limited number of genes, although recent devel-
opments such as CosMx SMI now enable near whole-transcriptome targeting
(18,000 genes)(56). Recently, in 2026, a new iteration of Xenium named
Atera from 10x Genomics enables to detect the whole transcriptome.

Sensitivity describes the proportion of transcripts for a given gene that are
successfully detected over the total present in the cell. High sensitivity is crit-
ical for downstream analysis, as low transcript detection can result in the loss
of cells during filtering steps. Imaging-based technologies generally exhibit
higher sensitivity than sequencing-based methods, particularly for low-abun-
dance genes, as detection is performed in situ using targeted probes. Among
current platforms, Xenium and MERSCOPE are considered highly sensitive,
with Xenium performing well in FFPE samples and MERSCOPE in higher-qual-
ity tissues(56).

Specificity in spatial transcriptomics refers to several aspects. Primarily, it in-
volves the accurate assignment of gene identity to each detected spot. It also
encompasses the ability to avoid false positives, meaning the detection of
transcripts that are not actually present in the tissue. Additionally, specificity
includes the capacity to resolve single-nucleotide differences, which is essen-
tial for applications such as SNP detection. Both sequencing- and imaging-
based approaches generally achieve high specificity, although different
sources of error exist. In imaging-based methods, probe design is critical, as
highly similar sequences (e.g., isoforms or paralogs) may be difficult to dis-
tinguish. While commercial platforms aim to mitigate this through optimized
probe design, errors have still been reported(65). In sequencing-based ap-
proaches, specificity may be affected by sequencing errors or misalignments.

Throughput relates to the number of samples that can be processed within a
given time. Sequencing-based methods typically offer higher throughput. In
contrast, imaging-based approaches require multiple rounds of imaging to
achieve high multiplexing, increasing acquisition time and relying on long im-
aging sessions. Although commercial platforms have reduced imaging times,
throughput remains a limiting factor, particularly for large panels(55).
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In practical scenarios, such as selecting a method for spatial transcriptomics
analysis of patient biopsies, these trade-offs become particularly relevant.
When a high-quality single-cell reference atlas is available and the biological
qguestion is well defined, imaging-based approaches are often preferred, as
the single-cell of reference can help design relevant gene panels and they
enable targeted and efficient analysis. For example, when using Xenium,
smaller gene panels are typically sufficient and advantageous, as larger pan-
els (e.g., Xenium 5k) may increase acquisition time, complicate data interpre-
tation, and reduce sensitivity, potentially limiting the detection of rare cell
populations.

Conversely, in exploratory studies where no specific hypothesis is defined,
sequencing-based approaches such as Visium may be more suitable, partic-
ularly when single-cell sequencing infrastructure is available. Even though,
nowadays it is possible to detect whole transcriptome with imaging-based ST
technologies such as Atera. But, in tissues with high autofluorescence that
cannot be adequately quenched, imaging-based methods may suffer from
poor signal decoding, making sequencing-based approaches more robust.

Finally, when the objective is to detect specific point mutations, certain im-
aging-based methods such as HyblISS offer advantages, as probes can be de-
signed to target precise mutations. However, these approaches may exhibit
lower sensitivity due to limitations in hybridization efficiency and reverse
transcription, in expense of high specificity. With sequencing-based meth-
ods, it would also be possible to detect SNPs by combining a capture-based
approach, such as Visium HD, with long-read sequencing technologies like
PacBio HiFi. This strategy would enable full-length transcript profiling while
allowing the identification of single nucleotide polymorphisms.

32



Multiplexing Sensitivity

Spatial
transcriptomics

Specificity Throughput

Figure 11. Tetralemma present in Spatial Transcriptomics. Created with BioRen-
der.com.

Downstream analysis

After performing the experiment, we need to decode the data to resolve the
identities of each spot or read. Decoding strategies differ fundamentally be-
tween imaging-based and sequencing-based spatial transcriptomics because
of how the molecular information is acquired. In imaging-based methods
(such as ISS, MERFISH, or HyblSS), decoding relies on interpreting fluores-
cence signals collected across multiple imaging cycles. Each detected spot is
tracked over cycles, and its sequence identity is reconstructed from the pat-
tern of channel-specific signals, effectively reading out a barcode in situ. This
process involves spot detection, signal normalization, base calling per cycle,
and matching the resulting barcode to a predefined codebook, often with
error tolerance and quality filtering to account for noise and optical variabil-
ity. In contrast, sequencing-based spatial transcriptomics (such as Visium or
Slide-seq) decodes information through next-generation sequencing of cap-
tured RNA molecules that carry spatial barcodes. Here, decoding is largely
computational and occurs after sequencing: reads are aligned to a reference
genome or transcriptome, and the spatial origin of each transcript is deter-
mined by the bead- or spot-specific barcode that was sequenced alongside
it. Thus, while imaging-based methods decode optical signal patterns directly
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into sequences within the tissue, sequencing-based methods decode nucle-
otide sequences first and then map them back to spatial coordinates using
known barcode identities(55).

After decoding an ISS dataset, a spatial map of transcripts is obtained. This
map can already be used for several types of biological interpretation, such
as analysing tissue regions or spatial gene-expression patterns, for this visual
exploration of the data we can use tools such as TissUUmaps(66) (Figure
13A). However, when the aim is to analyse the data at single-cell resolution,
transcripts are typically assigned to individual cells present in the tissue, in a
process called cell segmentation (Figure 13B). This enables the use of single-
cell analysis tools on ST data(57). In imaging-based spatial transcriptomics,
nuclei staining enables nuclei-based segmentation when tissue and data
quality allow, potentially achieving single-cell resolution. In contrast, in se-
guencing-based approaches, segmentation is limited by the resolution of the
method. While commercial platforms provide the segmentation mask and a
preliminary assignment of the transcripts, home-made methods such as
dRNA HyblSS require the user to take care of this task. For this, several seg-
mentation strategies can be used, as described below.

The first segmentation strategy we can use is nucleus-based cell segmenta-
tion. We assume that the majority of mRNAs in a cell are located in the peri-
nuclear region. In this case, we will use the stained nucleus of our cells, for
example DAPI, followed by an expansion to delineate the cells boundaries. In
this group, several strategies exist, but deep learning methods are the cur-
rent state-of-the art. Two examples described here are Cellpose and Stardist,
both being deep learning methods(67,68).

Cellpose, on one hand, offers some pretrained models such as the Cyto3 or
the nuclei model which are trained in heterogenous datasets of imaged cells
(nucleus plus cytoplasm) or nuclei (such as DAPI staining), respectively. And
based on these learned image features such as intensity patterns and shape,
it predicts pixel-wise flow vectors that allow pixels belonging to the same nu-
cleus to be grouped into individual segmentation masks(67).

Stardist, on the other hand, represents objects as star-convex shapes. For
each pixel, the model predicts the distance to the object boundary in several
directions, allowing it to reconstruct polygonal shapes corresponding to indi-
vidual nuclei. It also provides pretrained models such as the 2D versa-
tile_fluo, which is trained on fluorescence microscopy images of nuclei and
can be directly applied to DAPI-stained images for nuclear segmentation(68).
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That said, not all mRNAs are localized in the perinuclear region, many tran-
scripts are distributed throughout the cytoplasm and may be missed when
using nucleus-based segmentation, such as transcripts localized in neuronal
axons. To address this limitation, commercial platforms such as Xenium use
multimodal segmentation approaches (Figure 12) that combine nuclear
staining, such as DAPI, probes targeting abundant cytoplasmic RNA such as
18S rRNA, and cell-surface marker antibodies to more accurately delineate
whole-cell boundaries(64).

Cell membrane (e.g. E-cadherin,
Vimentin, AlphaSMA)

Nucleus (e.g.DAPI)

Cytoplasmic components (e.g. 18S)

Figure 12. Multimodal cell segmentation using nuclei, cell membrane and cytoplas-
mic components information. Created with BioRender.com.

However, nuclei-based segmentation is not always possible or optimal. For
instance, in some tissues, the nuclei of the cells can be very packed or de-
graded. In those cases, methods such as Baysor can help us segment the
data(69). Baysor uses the spatial distribution of the transcripts to infer cell
boundaries. By clustering nearby transcripts with similar spatial patterns,
Baysor reconstructs cell shapes and generates a segmentation mask repre-
senting individual cells. Baysor can either use only the transcript coordinates,
or it can incorporate a prior segmentation mask, such as the one from Cell-
pose or Stardist, to guide the reconstruction of cell boundaries. Nevertheless,
Baysor is mainly based on the spatial distribution of transcripts, which makes
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it highly dependent on transcript density and distribution. As a result, it can
struggle in sparse datasets, where cells may be missed, merged or incorrectly
split, and it may produce inaccurate boundaries in tissues with uneven ex-
pression patterns.

An alternative to these approaches is llastik(70), which is a machine learning
tool for cell segmentation. We input our nuclei staining image (DAPI) and
manually label what is and what is not a cell, then the software will be trained
on our dataset with our labels. This can be a more tissue-tailored way of do-
ing cell segmentation.

Finally, in the cases of low-quality datasets containing a low number of tran-
scripts per cell or unsegmentable data (e.g., very dense cells, irregular
shapes) an alternative approach is to do binning. In these cases, the core idea
is that, instead of identifying individual cells, we will group transcripts based
on spatial position using a grid of bins, where we choose the size of the bins,
usually larger than cell size. Binning can also help with sparse data pooling
transcripts from multiple cells and obtaining higher transcript density per
space unit (bin), compromising on spatial resolution, but facilitating down-
stream analysis. In cases of dense or irregularly shaped cells, the goal is to
segment the data as accurately as possible, even if single-cell resolution can-
not be achieved(64).

As we have seen, all segmentation strategies have their pros and cons and
are far from being 100% accurate, including the segmentation masks pro-
vided by commercial platforms. This is partly due to sample preparation: de-
pending on how the tissue is sectioned, a nucleus image may capture only a
portion of a cell. In addition, segmentation is typically performed in two di-
mensions, which can introduce artefacts. For example, transcripts assigned
to one cell may actually belong to a cell located above or below it. Further-
more, segmentation is often limited to nuclear and perinuclear regions, po-
tentially excluding relevant cellular content. Although efforts are being made
to obtain a more complete representation of the cell, for example through
membrane staining, these limitations still persist(64).

After segmentation, we need to assign the transcript to the cells. While some
approaches like Baysor already provide this output, in most of the cases this
step is done after segmentation. For this we need to overlay the transcripts
coordinates with the segmentation mask (Cellpose or Stardist for example).
For each spot, the cell label at the corresponding pixel location is retrieved
using functions such as the ones from the SciPy ndimage module(71) ,assign-
ing the transcript to the corresponding segmented cell.
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After, gene counts per cell, this is the gene count matrix, can be aggregated
and stored in an AnnData object using Scanpy for downstream analysis.

One of the first aspects we can explore in our spatial dataset is their cellular
diversity and organization which can be achieved through unsupervised clus-
tering of gene expression profiles (Figure 13C). Commonly used graph-based
clustering algorithms include Leiden and Louvain, both of which operate on
k-nearest neighbour graphs constructed from reduced-dimensional repre-
sentation of the data. We can use the different tools available in Scanpy(72),
from the Scverse ecosystem, in Python.

Prior to clustering, standard preprocessing steps are applied to mitigate tech-
nical variability. These typically include(73) filtering out cells with low num-
bers of transcripts and genes to reduce noise. This is followed by normaliza-
tion procedures, being library size normalization the most used in this type
of data, it is used to adjust gene counts in each cell so that differences in total
transcript counts per cell do not bias our analysis. It scales the counts in each
cell by the total number of transcripts detected in that cell, usually to a com-
mon target value; 10.000 is the common target value in Scanpy(72) .Then the
values will represent relative expression levels within each cell. In this way
the differences in gene expression profiles between cells will represent more
the biology rather the total number of transcripts detected.

Logarithmic transformation is then applied on gene counts to reduce the ef-
fect of highly expressed genes and make expression values more comparable
across genes before clustering.

To reduce data complexity, dimensionality reduction techniques such princi-
pal component analysis (PCA) are commonly employed, which summarizes
the main patterns of variation across cells into a smaller number of compo-
nents. After PCA analysis we perform neighbourhood graph were cells with
similar gene expression profiles in the PCA space are connected, each cell is
a node, and each edge connects one cell with a similar one in gene expres-
sion. Clustering algorithms, including Leiden and Louvain, are then applied to
this graph, with parameters such as resolution controlling the level of granu-
larity in the identified clusters. For visualization, we can plot cell clusters in
UMAP space adjusting the minimum distance parameter, where low values
will show more local detail whereas higher values will show more spread cells
and smoother global structure. There are other approaches such as t-SNE
where the local structure is well preserved but the distances between the
clusters are often not meaningful.
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Following clustering, differential gene expression analysis is performed to
identify marker genes that define each cluster. These markers are subse-
qguently used for cell type annotation. Annotation can be conducted manu-
ally, based on prior biological knowledge and published literature, or through
automated approaches that leverage reference single-cell datasets. A variety
of computational tools have been developed for this purpose, including
methods based on probabilistic modelling, spatial mapping, or supervised
classification like: pciSeq, Tangram, cell2location, and CellTypist. Nowadays
there is a rise on Al based tools to annotate cell clusters such as scGPT or
CyteType(74-79).

We can also want to answer the question of which niches are formed from
the different cell types in our dataset. A niche refers to a local cellular envi-
ronment where groups of neighbouring cells interact and influence each
other. A niche is defined not only by the identity of a single cell, but also by
the composition and spatial arrangement of surrounding cells. This can be
very useful if we study the tumour microenvironment. A tool for doing niche
analysis is Banksy. We can also test if whether pairs of cell types or genes are
enriched in space more or less frequently than expected by chance, for this
we can use the spatial neighbourhood analysis embedded in Squidpy, from
the Scverse ecosystem(80,81).

Finally, another very common type of analysis is gene program analysis. Here
we can extract which gene programs are present in our dataset. We can use
tools such as cNMF(82), where each cell will get a score for each gene pro-
gram. Examples of gene programs can be apoptosis, angiogenesis, glycolysis
etc.
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Figure 13. Downstream analysis of Spatial Transcriptomics. A) Output of an imaging-
based method, each spot represents a transcript corresponding to a gene. In this
case it is a CLM section run by dRNA HyblISS where we can observe CTNNB in pink on
the tumour and POSTN in blue in the adjacent stroma. B) Representation of cell seg-
mentation based on nuclear staining, with assignment of transcripts (spots) to indi-
vidual cells. C) Downstream analysis may include studying tissue cell composition,
identifying cellular niches, and characterizing gene expression programs within a tis-
sue sample. Created with BioRender.com.
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Present Investigations

| Spatial Transcriptome Mapping of the Desmoplastic
Growth Pattern of Colorectal Liver Metastases by In Situ
Sequencing Reveals a Biologically Relevant Zonation of
the Desmoplastic Rim

This study uses an imaging-based spatial transcriptomic technique, ISS which
is a targeted highly-multiplexed, spatially resolved technique to map the fi-
brotic rim surrounding colorectal cancer liver metastases with a desmo-
plastic growth pattern (DHGP), which is associated with better prognosis.

Analysing 10 chemo-naive patient samples, we show that the fibrotic rim is
not uniform but organized into two zones. The outer rim, adjacent to the
healthy liver, resembles a nonspecific fibroinflammatory response, marked
by genes linked to hepatic stellate cell activation. The inner rim, close to tu-
mour cells, shows gene expression consistent with cancer-associated fibro-
blasts (CAFs), extracellular matrix remodelling, and a tumour supportive mi-
croenvironment. Importantly, we also identify active angiogenesis within the
rim.

Together, these findings suggest that cancer cells modify liver microenviron-
ment, creating the inner part of the rim; and this is received as an insult by
liver parenchyma, starting the nonspecific liver injury response (outer part of
the rim).

This study provides new biological insight and potential therapeutical targets
for colorectal liver metastases.
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Il Spatial Transcriptomics Differences of
Histopathological Growth Patterns in Colorectal Cancer
Liver Metastases

This work is a follow-up study from Paper | were we try to uncover, by the
use of ISS, the molecular and cellular differences between the two main his-
topathological growth patterns in colorectal cancer liver metastasis, the en-
capsulated growth pattern (EHGP), also known as DHGP, and the replace-
ment growth pattern (RHGP).

By analysing 26 chemo-naive patient samples, we show that the RHGP is
characterized by the presence of damaged hepatocytes at the liver and liver
front, together with bifunctional hepatocyte-cholangiocytes populations at
the tumour-liver interface, suggesting a microenvironment that may support
tumour integration. In contrast, the EHGP lesions present interferon-y-sig-
nalling in neoplastic and CAF cells, as well as a zonated fibrotic capsule. The
liver-facing side of the capsule is enriched in activated hepatic stellate cells,
cytotoxic T cells and angiogenesis-associated signals, whereas the tumour-
facing side is enriched in CAFs and ECM remodelling.

This study gives insight on the mechanism underlying the development of the

histopathological growth patterns in CLM, providing knowledge to poten-
tially promote EHGP, which has better prognosis.
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[Il Tissue architecture and immune niches govern ctDNA
release in colorectal cancer

This study investigates why circulating tumour DNA is detectable in some pa-
tients with localized colorectal cancer but not or in lower proportions in oth-
ers. By integrating tumour-informed plasma sequencing (59 patients) with
detailed histopathology, immunohistochemistry (49 patients), spatial tran-
scriptomics (4 patients) and in situ mutation detection in stage I-lll patients,
we show that ctDNA shedding is governed not only by tumour size and stage
but also by specific tissue architectures and immune niches.

Tumours that shed ctDNA are characterized by large necrotic pseudoluminal
structures, loss of epithelial barrier integrity, and dense infiltration of mye-
loid cells (macrophages and neutrophils).

Spatial transcriptomics identifies stress and inflammation associated malig-
nant programs lining the pseudoluminal structures and degenerating cells,
and myeloid cells within these sites. In situ sequencing directly localized
plasma-detected mutations within pseudoluminal debris.

Together, the findings suggest that ctDNA shedding is associated with pseu-
doluminal structures characterized by cell death and localized immune activ-
ity. They provide a mechanistic framework for understanding inter-patient
heterogeneity in ctDNA detectability and may help inform on how to inter-
pret liquid biopsy results in colorectal cancer.
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IV An Analytical Neighbourhood Enrichment Score for
Spatial Omics

This paper introduces an analytical alternative to the widely used permuta-
tion-based neighbourhood enrichment test for spatial omics data. The pro-
posed method replaces computationally expensive Monte Carlo label shuf-
fling with an analytical formulation that directly estimates the expected value
and variance of neighbour interactions between labelled spatial points.

Across eight spatial omics datasets (including MERFISH, osmFISH, IMC, and
Visium), the analytical enrichment score shows strong agreement with the
traditional Monte Carlo approach (Pearson correlation > 0.95) while achiev-
ing substantial speed-ups, especially for large datasets. The method scales
efficiently to very large spatial transcriptomics datasets, demonstrated on
Xenium data with millions of transcripts, and preserves biologically meaning-
ful spatial enrichments and depletions.

Overall, this test provides a fast, scalable, and interpretable tool for quanti-
fying spatial associations in large-scale spatial omics experiments.
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Conclusions and Perspectives

This thesis aimed to show, once again, the possibility to apply spatial tran-
scriptomics to the oncology field, in specific, imaging-based spatial tran-
scriptomics.

In Papers | and Il we explore the two main HGPs in CLM and we observed
that the fibrotic capsule is more than just a fibrotic mass, but is zonated, with
the outer part resembling healthy liver injury response, and hypothesizing
the key activity of hepatic stellate cells in the origin of the fibrotic capsule.
And the inner part being tumour-educated stroma. Moreover, we also ob-
served interferon-y-signalling in EHGP lesions compared to RHGP whereas in
RHGP we detected in the liver-tumour interface a bifunctional hepatocyte-
cholangiocyte population and a damaged hepatocyte population, also pre-
sent in DHGP but enriched in RHGP.

In Paper lll we used IHC, H&E and a commercial imaging-based ST platform,
Xenium, to explore the reason behind why some CRC patients shed more
ctDNA in the blood stream than others. This couldn’t be fully explained by
stage or tumour burden. We detected open pseudoluminal areas filled with
necrotic detritus, macrophages, neutrophils, and degenerating epithelial
cells. The pseudoluminal structures where lined by tumour epithelial cells
characterized by stress and inflammation gene programs. This study suggests
that pseudoluminal architecture in colorectal cancer tissue may help predict
the likelihood of ctDNA shedding. Tumours with limited pseudoluminal struc-
tures may have lower ctDNA detectability, so negative liquid-biopsy results
in these patients may require cautious interpretation.

Studying which interactions happen between cells or genes is very relevant
when studying the tumour microenvironment. In Paper IV we developed an
analytical way to compute neighbourhood enrichment test compared to the
Monte Carlo approach embedded in the widely used neighbourhood enrich-
ment test in Squidpy. This analytical approach has a Pearson correlation of >
0.95 with Monte Carlo approach, it is faster in big ST datasets and outputted
known enrichments and depletions, being robust.
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In summary, with my thesis work | tried to show the benefits and importance
of applying spatial transcriptomics to disentangle the tumour microenviron-
ment. Being the tumour microenvironment a key component of tumours,
which influences tumour dynamics and prognosis of patients.

This thesis was based on spatial transcriptomics. However, in the current
times, these types of studies could benefit from multiomics approaches. In
my opinion, the future will likely involve the integration of multiple omics
approaches, such as proteomics, metabolomics, and epigenomics, to obtain
a comprehensive view of tumours and support the development of more ef-
fective treatments. | believe that by integrating different omics and viewing
the tumours from different angles we will be able to improve personalized
medicine. For this, commercial platforms should keep making the effort to
offer different omics in the same slide, as this will be particularly valuable for
research and for understanding tumour complexity.

However, bringing spatial technologies to the clinics may require a different
focus. In routine hospital settings, large panels may not be necessary or prac-
tical. Instead, companies should prioritise the development of robust, repro-
ducible, and clinically feasible protocols that can be implemented in daily di-
agnostic workflows. This would help make spatial omics more accessible in
the clinic and support better, more personalised treatment decisions for pa-
tients.

As mentioned in the Introduction, a single cancer type, such as lung cancer,
can be divided into multiple subtypes, reflecting its biological heterogeneity.
Multiomics approaches are therefore key for research, where they can help
to understand all of this heterogeneity. In the clinical setting, however,
smaller targeted panels combined with highly reproducible tools may be
more appropriate. Thus, while multiomics integration remains crucial, the
translation of spatial omics into the clinic will depend on balancing biological
depth with robustness, reproducibility and practical applicability.

Regarding spatial omics in research, more samples per run need to be possi-
ble. At the moment this is limited in commercial platforms due to the small
capture area in some technologies and due to the cost per slide, which can
be very high. To overcome this limitation, a home-made ST method can be
performed, we can run more samples but this is at cost of throughput as well
since for example in imaging-based ST will mean long imaging sessions.

Another implementation of ST could be time-course ST, since at the moment
we have a snapshot of the tumour or some sequential snapshots. Finally, |
think the field would also benefit from 3D ST to have a bigger perspective of
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the tissue and to improve key downstream steps such as segmentation and
by consequence cell identity.

One important point to consider is that most spatial omics technologies de-
scribe molecular and cellular patterns within a sample, but they do not usu-
ally provide direct functional evidence. Therefore, findings from these exper-
iments often need to be validated using functional models, such as mouse
models or organoids. Without this additional validation, it is difficult to de-
termine whether the presence or altered expression of a given transcript is a
cause of a disease, a consequence of a disease process, or simply associated
with it.

However, at the moment, there are some experimental approaches that
combine perturbation-based methods with ST(83), for example Perturb-seq
and ST sequentially. Such strategies can help link molecular changes to func-
tional consequences while preserving spatial context.

To conclude, | think this thesis is a piece of work more to reaffirm that ST is
a valuable tool to disentangle the heterogeneity in tumours and to help de-
sign better treatments.
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Populadrvetenskaplig ssmmanfattning pa
Svenska

Cancer ar en av de vanligaste sjukdomarna i varlden idag och orsakar manga
dodsfall varje ar. Tumorer bestar dock inte enbart av cancerceller. De inne-
haller ocksa manga andra typer av celler, till exempel fibroblaster, immun-
celler och celler fran blodkarlssystemet. Tillsammans bildar dessa celler det
som kallas tumorens mikromiljo.

Cellerna i tumoérens mikromiljo kan paverka hur tumoren utvecklas och
sprids, vilket bidrar till att tumorer ofta ar mycket heterogena. Darfor ar det
viktigt att studera denna mikromiljé mer ingdende. Vilka celltyper finns dar?
Hur samverkar de med varandra? Att forsta dessa fragor kan ge viktig kun-
skap om hur cancer utvecklas och hur sjukdomen kan behandlas.

| denna avhandling har jag undersékt tumorens mikromiljo vid kolorektalcan-
cer (CRC) och dess metastaser i levern (CLM). For att géra detta har vi anvant
en teknik som kallas bildbaserad spatial transcriptomics. Den gor det mojligt
att analysera vavnadsprover fran patienter och samtidigt se var varje cell be-
finner sig i vdvnaden, vilka gener varje cell uttrycker och vilka celler och struk-
turer som finns i dess narhet. Pa sa satt kan vi fa en mer detaljerad bild av
hur tumorer ar organiserade och hur celler i tumorens mikromiljé samspelar.

Med hjalp av denna metod har jag studerat varfor vissa patienter med kolo-
rektalcancer frisatter mer cirkulerande tumoér-DNA (ctDNA) i blodet &n
andra. Jag har ocksa analyserat skillnader mellan de viktigaste histologiska
tillvaxtmonstren (HGPs) i levermetastaser fran kolorektalcancer. Dessutom
har vi utvecklat en snabbare metod for att analysera sa kallade “neighbor-
hood enrichment”-interaktioner, vilket gor det mojligt att studera hur olika
celltyper organiserar sig och samverkar i vavnaden.
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Al usage

During the preparation of this thesis, ChatGPT (Open Al) was used to support
language editing, including improvements to grammar, style, readability, and
clarity.
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