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Abstract
Cancer Cartography: Mapping Cancer Evolution in Tissue Space
Artem Lomakin

While somatic evolution is widely accepted as fundamental to cancer develop-
ment, significant gaps in understanding persist. These gaps concern the role of
cellular interactions within the tumour microenvironment (TME) and the impact
of spatial constraints on cancer evolution. Emerging spatial omics technologies
offer the potential to address these gaps, although their application in spatial ge-
nomics remains limited. This is particularly crucial because genetic alterations
not only drive cancer evolution but also serve as an archive of its history.
To address this research gap, this thesis aims to develop computational meth-

ods for analysing spatial genomics data, specifically on data generated by base-
specific in situ sequencing (BaSISS), a method that enables high-resolution map-
ping of diverse somatic mutations across large tumour tissue sections. Bayesian
algorithms designed in the study generate quantitative clonal maps, effectively
tracing cancer evolution in tissue space while accommodating multiple forms of
biological and technical variability. Despite inherent assumptions, the algorithm
demonstrates robustness and quantitative accuracy.
Complementary data types contribute to the findings by applying the Bayesian

model to two multifocal breast cancers at different stages of progression. In-
tegration of histology, immunohistochemistry (IHC), and targeted in situ gene
expression allows for the phenotypic characterisation of clones in distinct mi-
croanatomical niches. Subsequent analyses across various stages of breast cancer,
including carcinoma in situ, invasive cancer, and lymph node metastasis reveal
clone-specific variations in proliferation, morphology, stroma, hypoxia, and im-
mune microenvironments. In one instance involving ductal carcinoma in situ,
polyclonal neoplastic expansions manifest on a macroscopic scale but remain se-
gregated within microanatomical structures.
In summary, this thesis establishes a robust computational framework for ex-

tracting clonal architecture from spatial genomics data. It provides a proof-of-
concept that such maps, when integrated with tissue morphology and spatial
phenotype data, can offer vital insights into the mechanisms driving both can-
cer evolution and tissue ecology.
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mutation Changes in the
DNA sequence that are
inherited across cell
generations. Sources of
mutation are erroneous
replication, biochemical
alterations of DNA and failed
DNA repair. To date, all cells
within the human body are
found to accumulate
mutations over their lifetime.

selection In evolution,
natural selection denotes the
process of survival and
reproduction of the fittest
organism within a given
environment.

Spatial Biology of Cancer
Evolution: A review 1
Contributions

This chapter draws upon the work, for which I am the co-first author contributing
equally with Zaira Seferbekova, detailed in:

Zaira Seferbekova, Artem Lomakin, Lucy R Yates and Moritz Gerstung
[May 2023]. ‘Spatial biology of cancer evolution’. en. In: Nat. Rev. Genet. 24.5,
pp. 295–313.

I conducted literature research in collaboration with Z.S., and we both wrote the
manuscript under the supervision of L.R.Y. and M.Ger.. Based on a discussion
among all authors, Z.S. created the initial figures, which a professional illustrator
later redrew.
The content of this chapter has been adapted from the original review manu-

script, with only minor stylistic and structural alterations. The concluding Sec-
tion 1.7 is original.

1.1. Components of cancer evolution

The drivers of evolution are mutation and selection [J. Cairns 1975; Nowell 1976].
Mutation of somatic cells is an inevitable and persistent consequence of life [R.
Li et al. 2021; Martincorena and Campbell 2015; Moore et al. 2021]. In most nor-
mal tissues, mutations accumulate at a steady rate of around 15–50 per cell per
year of life, with only the germline known to exhibit lower rates [Moore et al.
2021]. Tumour cells often exhibit an elevated mutation burden due to the vari-
ety of mutational processes they have been exposed to during life and, in some
cases, due to acquired hypermutation [Alexandrov et al. 2020]. The continuous

1



1. Spatial Biology of Cancer Evolution: A review

Clones A clone is a
population of cells that derive
from a common ancestor.
Cancers are found to be clones
deriving from a single cell
that expanded during the
lifetime of a host. Clonal
alterations are mutations that
are present in all cells of a
cancer because their
occurrence preceded the
expansion of the tumour.

TME A combination of
non-tumour cells, such as
stromal and immune cells,
vessels, metabolites, signalling
molecules, and other
extracellular components
among which tumour cells
exist.

subclones Further clones
emerging within a tumour
from one founder clone.
Subclonal mutations are
limited to a fraction of cancer
cells and occur during tumour
expansion.

positive selection The
spread of advantageous alleles
within a population.

accumulation of mutations inevitably leads to diversification at the level of single
cells both in tumours and normal tissues.
The second force of evolution is selection, which describes how a fitter lineage

outgrows its relatives. Selection operates at the level of a wide range of heritable
phenotypes that derive from genomics and epigenomics. Clones with a selective
advantage in the environment to which they are exposed will expand, while those
with a disadvantage will tend to disappear (Figure 1.1). Advantageous variants
are therefore enriched in genomes of aged normal tissues and cancers [Green-
man et al. 2006; Martincorena et al. 2017]. More than 500 so-called cancer driver
genes have been reported to date [Gonzalez-Perez et al. 2013; Lawrence et al.
2013; Sondka et al. 2018], which are believed to cause different cancer hallmark
traits and enabling characteristics that involve cell-intrinsic mechanisms as well
as interactions with the TME [Hanahan et al. 2000; Douglas Hanahan 2022].
While mutation continuously generates subclonal diversity at the level of

single cells, it is well documented that tumours are mosaics of subclones each
comprising hundreds of thousands of cells that have arisen from a shared
ancestor [Andor et al. 2016; Dentro et al. 2021; McGranahan et al. 2015; Nik-
Zainal, Van Loo et al. 2012; Shah et al. 2009] (Figure 1.1); these patterns have
been further confirmed by single-cell studies [Casasent et al. 2018; Laks et al.
2019; McPherson et al. 2016; Navin et al. 2011; Salehi et al. 2021; Y. Wang
et al. 2014]. The mechanisms of these expansions remain debated. It has been
shown that cancer subclones exhibit signs of positive selection and driver gene
mutations that can also be found clonally [Dentro et al. 2021]. However, it is also
conceivable that subclones branching at early stages of tumour development
reach considerable size without a selective advantage as they continue to expand
with the same tumour, a phenomenon termed neutral evolution [M. J. Williams
et al. 2016].
Subclonal mosaicism is often found to be spatially variegated as demonstrated

in diverse studies based on tumour macrodissection [Bruin et al. 2014; Gerlinger
et al. 2014; 2012; Jamal-Hanjani et al. 2017; Morrissy et al. 2017; Navin et al. 2010;
Watkins et al. 2020; Yates et al. 2015] and laser-capture microdissection [Bao et
al. 2018; Casasent et al. 2018; Grossmann et al. 2021; Heide et al. 2022; 2019; F.
Su et al. 2018; Woodcock et al. 2020; Zhao et al. 2022] (Figure 1.1). These clonal
variegation patterns were shown to be accompanied by differential gene expres-
sion in multiple cancer types, including renal [Gerlinger et al. 2012], colorectal
[Househam et al. 2022], lung [Biswas et al. 2019] and breast cancer [Lomakin et
al. 2022], using spatially resolved genomic and transcriptomic analyses, indicat-
ing the presence of subclone-specific gene expression and associations between

2



1.1. Components of cancer evolution

tumour ecosystems The
collective set of heterogeneous
cells in the vicinity of a
tumour comprising cancer
cells and the TME.

certain subclones and characteristic TMEs.
The exact mechanisms creating these phenomena are not fully understood,

largely owing to a dearth of methods that can molecularly characterize whole
tumour sections with spatial resolution. A variety of non-exclusive explanations
have been proposed. A rapid expansion could lead to a fragmentation of closely
related clones [Sottoriva et al. 2015] even though it has also been argued that
cell dispersal is a crucial element shaping tumour structure [Gallaher et al. 2019;
Waclaw et al. 2015]. However, it is also possible that tissue micro-anatomy, such
as the ductal system of the breast, provides a template for clonal segregation (dis-
cussed further in the Section 1.2). Lastly, it is conceivable that locally distinct
microenvironments or niches favour the selection of particular clones.
Various new spatially resolved genomic, transcriptomic and proteomic techno-

logies offer novel insights and answers to these unresolved questions (Figure 1.1).
The technological aspects enabling the nascent field of spatial cancer biology are
summarised in Box 1 and have been extensively reviewed elsewhere [Lewis et
al. 2021]. Individual technologies differ in the multiplexity of their readouts and
their spatial resolution as well as in their sensitivity and available field of view.
Combining genomic, transcriptomic and proteomic layers enables a rich charac-
terisation of tumour ecosystems.
This introduction focuses on the spatial aspects of cancer evolution, summar-

ises how spatial transcriptomics and proteomics reveal a complex landscape of
the tumour ecosystem, discusses how interactions with the TME are integral to
cancer evolution, and proposes potential clinical applications and future direc-
tions. Particular focus is given to the role of tissue micro-anatomy in controlling
the rate of evolution, as well as cellular interactions with the TME within which
cancer cells evolve.

3



1. Spatial Biology of Cancer Evolution: A review

Micro-anatomy CytomorphologyOrgan anatomy

1 cm 1–0.1 mm 10 µm

Single cell genotypes,
latest evolution

Spatial subclonal 
variegation, early 
subclonal evolution

Interactions
between cells

Cell typingSpatially segregated
microenvironments

Cancer site

Anatomy

Genomics

Microenvironment

Spatial biology Single-cell

Subclonal
interfaces

Evolutionary time
500 mutations

Zygote

Cancer
founder
cell

Driver mutations

Diagnosis
Subclonal frequencies

Figure 1.1: Spatial biology of cancer evolution [Seferbekova et al. 2023]. top, Somatic evol-
ution and cancer development. Human cells accumulate mutations throughout their lifetime. A
subset of these, so-called driver mutations, are associated with neoplastic transformation. On-
goingmutation and selection cause subclonal divergencewithin the tumour clone. bottom, Spa-
tial technologies add new layers of information. A tumour is a mosaic of subclones with distinct
micro-anatomy and tumour microenvironment. Spatial analyses offer new avenues for charting
and understanding the biology and evolution of the cancer ecosystem at scales ranging from a
single cell to whole tissue.
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1.2. Tissue organisation controls evolution

tissue architecture The
micro-anatomical spatial
organization of the tissue.
Typical examples are layered
epithelial tissues, glands and
crypts. Tissue architecture
can be combined with other
means of tissue organization
such as differentiation
hierarchies.

1.2. Tissue organisation controls evolution

The rate at which malignant clones emerge and spread through the tissue is con-
trolled by its organisation. Levels of organisation include the micro-anatomical
tissue architecture as well as differentiation hierarchies with few stem cells feed-
ing successively larger pools of differentiated cells. The breakdown of these pro-
tective principles is a key feature of cancer development. However, the resident
tissue structure, for example, the ductal system in the breast or epithelial layers of
the oesophagus, can also influence the rate of progression at pre-invasive stages.
The transformation ends with overwhelming metastatic disease.

Normal tissue organisation suppresses evolution

It has long been hypothesized that somatic tissues are structured to suppress the
rate of somatic evolution [J. Cairns 1975]. These ideas are based on fundamental
theoretical considerations that the rate of evolution depends on population struc-
ture. Generally, the rate of evolution is determined by the rate at which new
mutations are generated (a product of the number of cells and the mutation rate
per cell), the probability that newmutants sweep through the population [Lieber-
man et al. 2005] and the time it takes to do so [Frean et al. 2013; Tkadlec et al.
2019]. In addition to suppressing the mutation rate, differentiation hierarchies
can reduce the chance of emergence and slow the spread of mutant lineages. The
haematopoietic system constitutes a basic example [Lopes et al. 2007]: its 1013
cells derive from around 100,000 haematopoietic stem cells [Lee-Six et al. 2018;
Sender et al. 2016], which themselves divide slowly and produce a range of faster-
dividing differentiated cells [Humphries et al. 2008]. This hierarchy reduces the
rate of evolution, as only mutations in the comparably small number of stem
cells and potentially the first progenitors, or mutations that lead to a differenti-
ation blockage, will remain in the population. The colon extends these organ-
isational principles by its compartmentalization into micro-anatomical crypts; in
each crypt, a similar differentiation hierarchy operates in which a very small
number of stem cells replenishes the colonic epithelium [Humphries et al. 2008].
As differentiating cells are fated to die within 5 days, only mutations arising in
the stem cells persist [J. Cairns 1975; Nowak et al. 2003; Sender et al. 2021]. Fur-
thermore, micro-anatomy largely constrains the fixation of stem-cell mutations
to individual crypts (Figure 1.2).
Systematic studies of normal tissues confirm that, in tissues with a more com-

plex architecture, clones typically remain small in size and develop independently
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Figure 1.2: Normal tissue structure suppresses somatic evolution [Seferbekova et al. 2023].
top, In addition tophysical constraints, thedifferentiationhierarchy in the colonic crypt limits the
number of cells with fixation potential, which reduces the chances of malignant transformation.
bottom, Highly structured tissues, such as the colon, slow evolution by constraining the spread
of clones. Physically unstructured tissues, such as the haematopoietic system, exhibit the fastest
rate of evolution and clones, which replace the entire organ

in comparison to less structured tissues where clonal expansions tend to be larger
[R. Li et al. 2021]. In a recent investigation of 517 normal colonic crypts, only 1%
harboured cancer driver gene mutations, and those that were mutated were con-
fined to single crypts [Lee-Six et al. 2019]. Similar observations have been made
for glandular tissues such as the endometrium [Moore et al. 2020]: although most
of the glands harboured driver mutations, they were limited to a single muta-
tion or a few neighbouring mutations. Conversely, it is well established that the
haematopoietic system harbours mutant lineages whose frequencies can reach
up to 100% [Genovese et al. 2014; Jaiswal et al. 2014]. Other epithelial tissues,
including the skin, oesophagus or bladder, have an intermediate degree of tissue

6



1.2. Tissue organisation controls evolution

carcinoma in situ
Neoplastic expansions of
epithelial cells that are
confined to the normal tissue
structure in which they arose,
without invasion of the
adjacent stroma.

invasion The process of
penetration and spread of
cancer cells into the
neighbouring normal tissue.
In the case of carcinomas,
invasion involves a breach of
the basement membrane.

structure and are patchworks of microscopic clones [Lawson et al. 2020; Martin-
corena et al. 2018; Martincorena, Roshan et al. 2015; Moore et al. 2021] (Figure 1.2).
In such tissues, the fixation probability is high but the time to fixation is greater
than in the haematopoietic system because the dynamics are confined to two
dimensions, which reduces the interfaces at which a fitter variant may replace
less-fit competitors. Of note, not all mutations causing a selective advantage are
associated with malignant transformation. For example, in the skin and oeso-
phagus, NOTCH1 mutant clones expand and suppress malignant evolution while
maintaining normal tissue function [Abby et al. 2021; Colom et al. 2021; Fowler
et al. 2021; Martincorena et al. 2018; Martincorena, Roshan et al. 2015].

Breakdown of evolutionarily confining tissue architectures in cancer

The fundamental observation that dedifferentiation and the loss of normal tissue
architectures are correlated with cancer aggressiveness was made a century ago
and still forms part of modern histopathological grading systems that direct can-
cer treatment [Elston et al. 1991; Epstein et al. 2016; Greenough 1925; Louis et al.
2007]. In these systems, higher grades correspond to more aggressive tumours,
typically composed of less differentiated cells.
The breakdown of such evolutionarily confining tissue structures is a hallmark

of cancer. It is especially noticeable among carcinomas, which derive from epi-
thelial tissues (Figure 1.3). At the earliest stages of progression, so-called car-
cinoma in situ are still restrained to the resident tissue structures, such as the
duct of the breast. Similar to the considerations of normal tissues, the resident
tissue structures may delay clonal sweeps. This tissue-based restraint was ob-
served in a case of breast cancer, where spatial genomic analysis revealed two
distinct subclones occupying a chequerboard pattern of micro-anatomical niches
within the ductal system [Lomakin et al. 2022].
During invasion, tissue architectures are lost, probably via different mechan-

isms in each tissue type, but a frequent property of carcinomas is the epithelial-
mesenchymal transition (EMT). EMT enables epithelial cells to lose their polar-
ity and escape from the confinement of planar epithelial tissue organisation (as
reviewed in Polyak et al. [2009]). In colorectal adenocarcinoma, EMT can be in-
duced via theWNT signalling pathway by loss-of-function mutations in APC or
somatic mutations of CTNNB1 inhibiting its degradation [Morin et al. 1997]. Both
alterations are believed to be a key step in the development of adenomas, the neo-
plastic precursor to invasive adenocarcinoma. A further step of invasion is the
breakdown and remodelling of the extracellular matrix (ECM), thought to also be
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Figure 1.3: Spatial steps of cancer progression [Seferbekova et al. 2023]. Normal tissue
structure breaks down during tumour progression. This process is exemplified here by a car-
cinoma: breach of the basement membrane is followed by tumour invasion into the neighbour-
ing stroma, lymphangiogenesis and angiogenesis. Through blood and lymphatic vessels, can-
cer cells with metastatic potential can transfer to lymph nodes and distant organs, giving rise
to metastases at these new sites. Metastases containing cancer cells of different lineages within
the same lesion are called polyclonal, whereas metastases containing cancer cells of the same
lineage are called monoclonal. Metastatic subclones may later return to the primary site and
recolonize it. ECM, extracellular matrix; HSC, haematopoietic stem cell

facilitated by the microenvironment (see the Section 1.3).
The consequence of this breakdown is likely the acceleration of malignant evol-

ution as the fixation probability and the rate of fixation are higher in unstructured
populations with a greater degree of mixing. Several theoretical investigations
have demonstrated that spatial constraints can control the mode of tumour evol-
ution [Noble et al. 2022; West et al. 2021]. Another consequence is that different
selective pressures apply, which may be one cause of the characteristic sequences
of cancer progression such as the classic APC-KRAS-TP53 model for colorectal
carcinoma [Fearon et al. 1990; Gerstung et al. 2020] and the four stages of TP53
inactivation in the progression of pancreatic ductal adenocarcinoma from a pre-
malignant to malignant state [Baslan et al. 2022]. In this light, a pan-cancer ana-
lysis revealed that the portfolio of late and subclonal driver gene mutations tends
to be more diverse than the set of early alterations [Gerstung et al. 2020].
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most recent common
ancestor In cancer
evolution, the most recent
founder cell from which all
other tumour cells have
directly descended.

metastasis A process of
cancer spreading from the
primary disease site to lymph
nodes or other organs,
resulting in the formation of
metastatic deposits known as
metastases.

adjuvant therapies
Cancer treatments given after
primary therapy (particularly
following surgical resection of
a tumour) to reduce the risk of
relapse.

Metastatic dissemination

The ability of cancer cells to leave a primary tumour site, seed in distant organs
and generate metastatic deposits presents landmark stages that are strongly pre-
dictive of poor clinical outcomes [Lambert et al. 2017]. This inherently spatial
process involves, upon tissue invasion, intravasation of single or small aggreg-
ates of cancer cells, circulation through the blood system, arrest in the capillaries
of the target organ, extravasation, and proliferation [Fidler 2003] (Figure 1.3).
These steps thus involve a range of micro-anatomical bottlenecks and possible
differential selective pressures in different stages and target organs.
Several multi-region genomic sequencing studies have investigated the phylo-

genetic relationships of primary tumours and metastases from the same patient
[Bruin et al. 2014; Gerlinger et al. 2012; Jamal-Hanjani et al. 2017; Jones et al.
2008; Karlsson et al. 2018; Mamlouk et al. 2017; Noorani et al. 2020; Yates et al.
2015; 2017; Huaqiang Zhou et al. 2021]. These data show that most metastases
have diverged from the primary tumour clone typically shortly before or after its
most recent common ancestor, which is often dated 1–5 years before diagnosis
[Gundem et al. 2015; Hu et al. 2020; Noorani et al. 2020; Yates et al. 2017]. The
origin of metastasis appeared to be mostly clonal [Brastianos et al. 2015; Brown
et al. 2017; De Mattos-Arruda et al. 2019] even though, in advanced disease, in-
termixed subclones have been found in multiple metastases, suggesting spread
from one metastasis to another [Aceto et al. 2014; Gundem et al. 2015; Noorani
et al. 2020]. Pan-cancer analyses of metastatic cancers have revealed that meta-
stases exhibit fewer intra-metastatic subclones than primary tumours [Martıńez-
Jiménez et al. 2022; B. Nguyen et al. 2022; Priestley et al. 2019], which may in
part be a consequence of sampling fewer cells (often core needle biopsies). From
the perspective of driver gene mutations, it has been argued that treatment-naive
metastasis has broadly the same driver gene mutations as the matched primary
[Reiter et al. 2019]. Characteristics of metastatic cancer include high levels of
genomic instability, TP53 mutations and whole-genome duplications, shared by
both the primary tumour and metastases [B. Nguyen et al. 2022; Priestley et al.
2019]. However, adjuvant therapies can select for specificmutations, for example,
prostate and breast cancers treated with endocrine deprivation therapies are en-
riched for resistance mutations in AR and ESR1, respectively [Martıńez-Jiménez
et al. 2022; B. Nguyen et al. 2022].
Although it emerges that tissue architecture has a profound influence on so-

matic evolution, it is important to realise that cellular interactions with normal
cells are also likely to affect the fate of cancer clones. The composition of the
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immune-checkpoint
blockade A type of
anticancer immunotherapy
that blocks checkpoint
proteins on T cells or their
targets on cancer cells and
promotes an immune response
and killing of the tumour.

neoantigen A
tumour-specific antigen that
is the result of a somatic
coding mutation in the
corresponding part of a gene.
Antigens are protein
fragments presented on the
cell surface by the human
leukocyte antigen (HLA)
complex and recognised by
different cells of the immune
system.

TME and its role in cancer evolution will be discussed in the next two sections.

1.3. Mapping the cancer ecosystem

The cellular composition of tumour masses is highly variable, with the neoplastic
lineage contributing as few as 10% of cells in some cases [Aran et al. 2015]. The
remaining cells derive from the TME, which is usually dominated by immune
and stromal cells in addition to vessels, adipocytes and pericytes. Together, these
cells and other physical structures, such as ECM and chemical gradients, form
an environment termed the cancer ecosystem [Somarelli 2021]. Over the past
decade, single-cell RNA sequencing (scRNA-seq) analyses have catalogued the
cellular composition of the cancer ecosystem [Chung et al. 2017; Darmanis et al.
2017; Izar et al. 2020; Lambrechts et al. 2018; Pombo Antunes et al. 2021; Puram
et al. 2017; Tirosh et al. 2016; Venteicher et al. 2017]. More recently, spatial tran-
scriptomic and proteomic technologies have started to uncover how these diverse
cell types organise into communication interfaces and niches [Arnol et al. 2019;
Schapiro et al. 2017] (Boxes 1 and 2).

Cellular composition of the TME

The TME has been studied extensively and, therefore, this section only presents
a high-level summary of major cell types. Inflammation is a hallmark of can-
cer [Douglas Hanahan et al. 2011] and reflects the interplay of antitumorigenic
and pro-tumorigenic immune responses (Figure 1.4). The antitumour response
is primarily generated by cytotoxic CD8+ T lymphocytes that recognise antigens
presented on the tumour cell surface [Philip et al. 2022; Raskov et al. 2021]. The
success of this response is dependent on priming and prior education by profes-
sional antigen-presenting cells (dendritic cells) and is facilitated by CD4+ T helper
cells [Borst et al. 2018; Waldman et al. 2020]. B cells have diverse functions, in-
cluding antigen presentation, antibody production and cytokine-mediated cyto-
lytic effects [Sharonov et al. 2020]. Inmany cancers, B cells form dense aggregates
with T cells and dendritic cells to form tertiary lymphoid structures (TLSs) [Schu-
macher et al. 2022] that are generally associated with favourable cancer outcomes
and responses to immune-checkpoint blockade [Sautès-Fridman et al. 2019]. Nat-
ural killer cells might have a particularly important role in anticancer immunity
due to their ability to recognise stressed cells irrespective of neoantigen present-
ation [N. K. Wolf et al. 2023].
By contrast, CD4+ regulatory T (Treg) cells can suppress the immune response
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Figure 1.4: Cellular composition of the tumour microenvironment (TME) [Seferbekova et
al. 2023]. The TME is composed of different cell types, involved in tumour-suppressing (on the
left) and tumour-promoting (on the right) interactions with cancer cells. While TME composition
can be captured by single-cell omic approaches (such as single-cell RNA sequencing), its spatial
context is lost as a consequence of tissue dissociation. CAFs, cancer-associated fibroblasts; CTL,
cytotoxic T lymphocyte; ECM, extracellular matrix; EMT, epithelial-to-mesenchymal transition;
NK, natural killer; Treg, regulatory T cell

through cytokine release (for example, IL-10) or by modulation of antigen
presentation functions. In certain situations, some immune cells, such as
macrophages, myeloid-derived suppressor cells and granulocytes, can actively
promote tumour progression through two-way interactions with the tumour,
other immune cells and the stroma [DeNardo et al. 2019; Goswami et al. 2023;
Murdoch et al. 2008]. The stroma also plays an active role in shaping the
functional immune response to cancer. A variety of studies have demonstrated
that cancer-associated fibroblasts and myofibroblasts typically change shape,
become more proliferative, undergo diverse transcriptional and metabolic
changes, engage in angiogenesis, and interact with leukocytes and tumour
cells while the resulting ECM changes in chemical composition and mechanical
properties [Davidson et al. 2020; Kalluri 2016; Lendahl et al. 2022; Sahai et al.
2020; Valkenburg et al. 2018].

Cellular interactions and neighbourhoods

Although scRNA-seq studies have generated comprehensive catalogues of de-
tailed TME cell types and states, these data only allow circumstantial insights
into how cells interact. Spatial transcriptomic and proteomic technologies are
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beginning to show that the cells constituting the cancer ecosystem self-organise
intomicro-anatomical neighbourhoods, which could provide insights into the fre-
quency and nature of different cellular interactions (Figure 1.5) (Box 2). The ma-
jority of spatial omic cancer studies to date have used spatial transcriptomics as
commercialised by 10x Visium (Box 1). These studies reveal spatially structured
TMEs in breast [Andersson et al. 2021; Ståhl et al. 2016; S. Z. Wu et al. 2021],
prostate [Berglund et al. 2018], pancreatic [Moncada et al. 2020], colorectal [Qi
et al. 2022], skin [Ji et al. 2020], brain [Ravi et al. 2022], liver [R. Wu et al. 2021],
bladder [Gouin et al. 2021] and other cancer types [Barkley et al. 2022; Erickson
et al. 2022]. The ability to use whole-transcriptome readouts also helped establish
the presence and broad co-localisation of rare cell types (Figure 1.5). However,
the current super-cellular resolution (55 µm, 3–10 cells) requires informatic de-
convolution of the measured signals in each spot.

Cell type BCell type A

Interfaces

Cellular neighbourhoods and structures

Visium spots

Blood
vessel

Suppressed
expansion structure

Tertiary lymphoid
structure (TLS)

B cell T cell

Denritic
cell

Immunofluorescence reveals
receptor-ligand interactions, such as PD1 – PD-L1

Ligand X

Receptor Y

DNA

Tumour lesion

Diffuse
T cells

Vascular
stroma

B cell
aggregates

0.3

0

0.4

0

% %

Putative
interaction

Co-localisation

Figure 1.5: Cellular interactions and neighbourhoods [Seferbekova et al. 2023]. Cellular
interactions: spatial co-localisation and concomitant expression of receptors and ligands are in-
dications of cellular interactions. Cellular neighbourhoods: spatially resolved proteomic stud-
ies detect clinically relevant neighbourhoods of molecularly related cell types [Danenberg et al.
2022]. Cellular interfaces: subcellular resolution imaging reveals receptor–ligand localisation at
cellular interfaces [Nirmal et al. 2022]

Highly multiplexed antibody detection approaches have been used to generate
single-cell resolution readouts of the spatial distribution of the major cell types
in breast cancer, colon cancer and melanoma, amongst others [Danenberg et al.
2022; Jackson et al. 2020; Nirmal et al. 2022; Schürch et al. 2020]. These approaches
permit the detection of microscopic neighbourhoods with distinct composition of
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tumour, immune, stromal and vascular cells. In two studies that analysed hun-
dreds of breast cancers by applying imaging mass cytometry (Box 1) to tissue
microarrays, several recurrent neighbourhoods were identified [Danenberg et al.
2022; Jackson et al. 2020] (Figure 1.5). The biological feasibility of the identi-
fied neighbourhoods was provided by their relationship with well-defined clin-
ical subtypes and survival outcomes. For example, consistent with a failing an-
titumorigenic response, ‘suppressed expansion structures’ contained many dys-
functional T and Treg cells and were enriched in breast cancers with poor clin-
ical outcomes. By contrast, a ‘vascular stroma’ signature was enriched in a very
favourable outcome subgroup of hormone receptor-positive breast cancers (Fig-
ure 1.5) . The spatial patterns formed by individual cell types were also examined.
In breast cancers, whereas T cells were diffusely scattered, B cells tended to form
aggregates, were in multiple neighbourhood types, and were associated with dis-
parate clinical subtypes and clinical outcomes, suggesting that B cell function
might be dependent on the precise TME context [Wieland et al. 2021] (Figure 1.5).
However, some tumour phenotypes, such as cell proliferation, can be shaped by
further long-range interactions [Gaglia et al. 2022].
The proximity of cells does not necessarily equate to an interaction. To ad-

dress this limitation, a combination of CyCIF (Box 1) and high-resolution three-
dimensional optical deconvolution was used to study the physical features that
might be associated with cellular interactions [Nirmal et al. 2022]. In melan-
oma tissues, probable interactions were identified amongst approximately 20%
of immune cells at the tumour–stroma interface (Figure 1.5). These interactions
were often complex, involving three or more cells (for example, a melanoma cell
contacting two CD8+ cytotoxic T lymphocytes and one CD4+ Treg cell) with as-
sociated cell surface molecular polarisation and receptor–ligand interaction. In
some cases, cellular processes from macrophages extended more than 10 µm to
make contact with other cells. Standard fine sections would miss many of these
interactions, whereas basic proximity measurements would tend to overestim-
ate the nature of interactions. As discussed in Box 2, although these analyses
remain technically challenging and have low throughput, they demonstrate the
unique potential afforded by spatial omics for the mapping of functional cellular
interactions in tissue space.
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Box 1: Enabling technologies

A range of spatially resolved approaches for map-
ping DNA, RNA and proteins has been developed
[Lewis et al. 2021; Rao et al. 2021]. Higher spa-
tial resolution typically implies smaller molecu-
lar quantities. Other important parameters are
the field of view, which ranges from millimetres
squared to centimetres squared, and method sens-
itivity.

Macrodissection andmicrodissection

The foundations were laid by macrodissection fol-
lowed by multi-omic profiling but new technolo-
gies offer a microscopic and single-cell resolution.
In multi-region sequencing [Gerlinger et al. 2012;
Yates et al. 2015], the collection of several biopsy
samples from multiple geographically separated
tissue regions is coupled with later bulk sequen-
cing of DNA or RNA. laser capture microdissec-
tion (LCM) allows the profiling of even smaller
regions of interest using laser ablation [Emmert-
Buck et al. 1996]. LCM is very versatile as it can
be combined with high throughput sequencing,
including whole genome sequencing (WGS), and
single-cell RNA or DNA sequencing [Casasent et
al. 2018; Cui Zhou et al. 2022; Ellis et al. 2021;
Nichterwitz et al. 2016].

Spatial molecular barcodes

This set of methods utilizes probes with unique
barcode sequences to capture molecules and then
map them to specific spatial locations. So far,
these technologies have mainly focused on tran-
scriptomic profiling with spatial transcriptom-
ics [Ståhl et al. 2016], 10x Visium and Slide-seq
[Rodriques et al. 2019; Stickels et al. 2021] be-
ing the most popular protocols among many oth-
ers [Cho et al. 2021; Liu et al. 2020; Vickovic et
al. 2019]. Spatially resolved DNA sequence cap-
ture [Zhao et al. 2022] has enabled spatially re-
solved genome-wide copy number calling along
with several new methods for spatial epigen-
omic profiling [Deng, Bartosovic, Kukanja et al.
2022; Deng, Bartosovic, S. Ma et al. 2022]. Al-

though these methods support unbiased discov-
ery and result in data with high molecular con-
tent, the resolution is limited by the diameter of
each spot and currently does not allow profiling
at the single-cell level or pointmutation detection.
Further improvements in resolution are currently
being developed [A. Chen et al. 2022; Cho et al.
2021; Vickovic et al. 2019].

Image-based technologies

This group of methods involves in situ hybrid-
isation of fluorescently labelled probes (FISH) to
nucleic acids of interest to identify their location
with single-cell or subcellular resolution. A vari-
ety of multiplexed extensions exists [Alon et al.
2021; F. Chen et al. 2016; K. H. Chen et al. 2015; X.
Chen et al. 2018; Codeluppi et al. 2018; Coskun
et al. 2016; Gyllborg et al. 2020; J. H. Lee et al.
2015; Lyubimova et al. 2013; Qian et al. 2020; X.
Wang et al. 2018], including multiplexed error-
robust FISH (MERFISH) [T. Lu et al. 2022; J.-H.
Su et al. 2020], sequential FISH (seqFISH) [Eng
et al. 2019], RNAscope [F. Wang et al. 2012] and
in situ sequencing (ISS) [Ke et al. 2013] for spa-
tial transcriptomic profiling. The latter two pro-
tocols have been further adapted to permit muta-
tion detection using the Base Scope [Baker et al.
2017] and BaSISS protocols [Lomakin et al. 2022].
immunohistochemistry (IHC) or immunofluores-
cence uses antibodies to localise proteins or other
molecules. Highly multiplexed spatial proteomics
with dozens of targets can be achieved using DNA
barcodes [Goltsev et al. 2018; Saka et al. 2019],
multiplex immunofluorescence (CyCIF) [Jia-Ren
Lin et al. 2018] and other approaches [Gerdes et
al. 2013; Keren et al. 2019; Jia-Ren Lin et al. 2015].
Multi-omic approaches, such as GeoMx or CosMx
[Bergholtz et al. 2021; He 2022], allow research-
ers to assess multiple layers of biological informa-
tion within one cell simultaneously. Image-based
technologies provide high-resolution tissue pro-
filing but require a pre-defined panel of targets.

Mass spectrometry

A further class of methods combines metal-
conjugated antibodies and mass spectrometry.
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Spatial resolution is provided by spatial laser ab-
lation (imaging mass cytometry (IMC)) [Giesen
et al. 2014] or ion beams (multiplexed ion beam
imaging (MIBI)) [Angelo et al. 2014]. These ap-
proaches detect proteins and smaller molecules,
such as lipids, metabolites, and drugs, in single

cells [Giesen et al. 2014], as reviewed in Mund,
Brunner et al. [2022]. Deep Visual Proteom-
ics (DVP) combines artificial intelligence-driven
LCM with mass spectrometry to map protein
abundances onto tissue slides [Mund, Coscia et al.
2022].
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Tumour histology andmacrostructure

The histological appearance of tumour cells and their micro-anatomical struc-
tures also reflect the underlying genomic alterations as revealed by two recent
pan-cancer analyses using artificial intelligence-based digital histopathology [Fu
et al. 2020; Kather et al. 2020]. In some cases, histological patterns have been
found to be indicative even of distinct subclonal alterations [Coudray et al. 2018;
Loeffler et al. 2022; Lomakin et al. 2022]. It is well established that tumours
exhibit characteristic histological structures indicative of their natural history
(Figure 1.6). Many cancers exhibit adjacent areas of carcinoma in situ, which
are considered to be precursor lesions. This phenomenon is well established in
melanoma [Nirmal et al. 2022] and many adenocarcinomas: in breast cancer up
to two-thirds of cases have histologically distinct areas of ductal carcinoma in
situ [Kole et al. 2019], around 15% of colorectal adenocarcinomas exhibit adjacent
adenomas [Ponz de Leon et al. 1990], and 45% of oesophageal adenocarcinomas
show detectable areas of its precursor lesion Barrett oesophagus [Sawas et al.
2018]. Interestingly, the phylogenetic and histological relationships between pre-
cursor lesions and invasive cancer are not always aligned with patterns indicative
of branching [Ross-Innes et al. 2015; Stachler et al. 2015] or multiclonal invasion
[Casasent et al. 2018]. Therefore, spatial genomic and transcriptomic analyses
using histologically informed dissection allow for the exploration of mechanisms
and phenotypes of disease progression in greater detail, revealing subclone and
histology-specific changes [Lomakin et al. 2022].
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Figure 1.6: Tumour macrostructure [Seferbekova et al. 2023]. Different tumour regions can
be identified in some tumours based on histological staining. Such histopathological findings
can be supplemented and underpinned by detailed molecular maps

At the scale of millimetres, cancers are often described in terms of a tumour
core that is separated from the surrounding stroma by an invasive margin (Fig-
ure 1.6). Transcriptional diversity has been reported across these landscapes [Ber-
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glund et al. 2018], with hypoxia and EMT-like signatures localising to the core and
invasive margin, respectively [Puram et al. 2017; Thomlinson et al. 1955]. The
core–stroma distinction is fundamental to common classifications of immune in-
filtrates that correlatewith cancer subtype, clinical outcome and therapy response
[Galon et al. 2014; Hammerl et al. 2021; Keren et al. 2018]. At one end of the im-
mune infiltrate continuum are inflamed tumours, where plentiful immune cells
infiltrate the tumour core, at the other end are immune deserts that are devoid of
infiltrates, and between these are immune-excluded tumours where immune cells
are largely restricted to the neighbouring stroma [Hegde et al. 2020]. However,
recent spatial studies in pancreatic and breast cancer reveal that these immune
characteristics can be highly localised and coexist in different parts of the same
tumour [Danenberg et al. 2022; Grünwald et al. 2021; Tavernari et al. 2021]. A
challenge will therefore be to decipher how localised variation in immune re-
sponse shapes the evolutionary outcome of the tumour.

1.4. Evolution of the cancer ecosystem

The cancer ecosystem detailed in the previous section changes the dynamics of
cancer evolution as tumour cells face selection pressures that maximize growth-
promoting and minimize growth-inhibiting interactions. Foremost are cell–cell
and other local interactions with the immune system but also with fibroblasts,
vasculature and even neurons, which can lead to the selection of specific genomic
alterations (Figure 1.7). The fact that the TME is itself spatially heterogeneous
suggests that tumour cells experience localised variations in selective pressure.

Evolution of immune evasion

Various parts of the immune system constrain tumour growth. The observed
range of associations between specific genetic alterations and the immune system
cells of the TME [Rooney et al. 2015; Thorsson et al. 2019] illustrates the presence
of selective pressures on cancer evolution. Neoantigens, which derive from cod-
ing mutations in cancer genomes, have been reported to elicit T cell reactivity in
lung cancer [McGranahan et al. 2016]. In tumours with greater cytolytic activity,
loss of neoantigen presentation capabilities was more frequent, which is indicat-
ive of greater selective pressures [Rooney et al. 2015; Shukla et al. 2015]. Other
signs of selection for immune evasion include mutations in CASP8, which serve
as a potential way to resist apoptosis induced by FASL [Rooney et al. 2015]. Fur-
thermore, gains of immunosuppressors, such as CD274 (also known as PDL1),
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Microenvironment 2
creates selective pressure
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Figure 1.7: Co-evolution of tumour cells and microenvironments [Seferbekova et al. 2023].
Some tumour subclones attract characteristic tumour microenvironments (TMEs), which sub-
sequently spatially overlap with the clonal territories. Alternatively, microenvironments may se-
lect for specific tumour characteristics such as immune evasion; here, immune evasion is shown
as impaired antigen presentation due to loss of expression of human leukocyte antigen 1 (HLA1).

immune evasion The
process by which tumour cells
develop several mechanisms
that help them to continue to
grow and expand by escaping
immune control. Immune
evasion is thought to be
typically preceded by two
other phases: elimination,
when the immune system
recognises and eliminates
tumour cells, and equilibrium,
when the pressure from the
immune system stalls tumour
growth and expansion, and
negative selection takes place.

negative selection The
removal of deleterious
variants from the population.

are widespread among Hodgkin lymphomas and are detected in 0.7% of solid
tumours [Goodman et al. 2018].
The signs of immune evasion increase during later stages in cancer evolution.

No evidence of negative selection was reported in diploid genomes of normal
tissues and among clonal alterations in primary cancers, indicating that there is
no depletion of coding mutations during normal evolution [Martincorena et al.
2017; Van den Eynden et al. 2019]. Yet, the signs of selection for immune eva-
sion become stronger after clonal expansion at the subclonal level. For example,
immune evasion via deletions of human leukocyte antigen (HLA) class I alleles,
predominantly subclonally and in metastases, has been described in lung cancer
[McGranahan et al. 2017] and multiple other cancer types [Watkins et al. 2020]
(Figure 1.7). This mode of evolution is plausible as it may require a certain tumour
size for the immune system to recognise its neoantigens; at this stage, however,
a mutation enabling escape from these new selective pressures arises in a single
cell of the tumour and seeds the growth of a tumour subclone. While it is possible
for it to replace all other tumour cells, the timing at which this occurs depends
on the strength of immune control and its escape rate.
Furthermore, selective pressures of the immune system determine prognosis

and immune evasion is found in relapses. It has been reported that strongly
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immunogenic neoantigens are prognostically favourable in pancreatic cancer
[Balachandran et al. 2017] but are preferentially lost at recurrence [Łuksza et al.
2022]. In melanoma, mutations of JAK1 or JAK2, which inhibit cytolysis, and
in B2M, which reduce antigen presentation, are often found in samples that
acquired resistance to immune-checkpoint inhibitors [Sade-Feldman et al. 2017;
Zaretsky et al. 2016].

Maps of cancer–TME interactions

Establishing associations between genomic alterations and the microenvir-
onment can be challenging due to the large genomic heterogeneity between
primary cancers. Conceptually, spatial genomics offers new ways of analysing
such interactions at high spatial resolution and also within the same tumour.
For intratumour diversity, the observations occur in an isogenic background and
the set of genomic differences between subclones is small compared to the large
intertumour diversity (Figure 1.8). A proof of concept has been established in
breast cancer, where various degrees of immune infiltration were found at the
level of cancer subclones [Lomakin et al. 2022]. Interestingly, such observations
could also be linked to the stage of invasion, with some TME regions defined by
the subclonal lineage and others mostly by histological progression from car-
cinoma in situ to invasive cancer. Direct experimental evidence was provided by
Perturb-map, a mouse in vivo spatial CRISPR screen, which revealed that specific
gene knockouts lead to characteristic changes in the immune microenvironment.
For example, it was shown that T cell infiltration is increased by Socs1−/−

knockout in the tumour but decreased by Tgfbr2−/− knockout [Dhainaut et al.
2022] (Figure 1.8).

Fibro-mucinous stroma

Tumour cells Fibroblasts

Socs1 knockout
tumour

Tgfbr2 knockout
tumour

Fibroblasts

T cells

Figure 1.8: Co-evolution of tumour cells and microenvironments [Seferbekova et al. 2023].
Examples of experimentally observed associations between clones and TMEs. The yellow
Tgfbr2−/− knockout tumour clone exhibits a fibroblast-enriched stroma with no presence of T
cells, whereas the green Socs1−/− knockout clone has a stroma infiltrated with T cells [Dhainaut
et al. 2022].
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Further cell types beyond immune cells have been associated with cancer evol-
ution. Fibroblasts are an extremely versatile group of cells that perform various
roles that are exploited during tumour growth. For example, cancer-associated
fibroblasts can be educated by cancer cells with gain-of-function mutations in
TP53 to create a pro-tumorigenic microenvironment [Vennin et al. 2019]. Further-
more, fibroblasts can amplify tumour-intrinsic oncogenic signalling inKRASG12D-
mutant pancreatic adenocarcinoma [Tape et al. 2016]. Spatial genomics adds to
these observations. In breast cancer, imaging mass cytometry (Box 1) revealed
enrichment of different fibroblast and myofibroblast populations in TP53-mutant
and genomically unstable cancers [Ali et al. 2020]; however, the nature of those
associations is unclear. The aforementioned Perturb-map screening revealed that
Tgfbr2−/− knockout created a fibro-mucinous stroma characterized by TGFβ-
activated fibroblasts and T cell exclusion [Dhainaut et al. 2022].
Another cell-extrinsic and environmental factor influencing cancer evolution

is hypoxia, the often localised depletion of oxygen in tumours; it is well estab-
lished as a marker of poor outcomes [Harris 2002] and has been shown to select
for certain mutations such as TP53 [Graeber et al. 1996]. A recent study combin-
ing scRNA-seq and immunofluorescence found that hypoxic microniches contain
quiescent cancer cells resistant to T cell attack [Baldominos et al. 2022].
Lastly, spatial genomics may also shed light on how different cancer subclones

interact with each other. Reports of clonal cooperation, observed in heterolog-
ous xenotransplants, date back to at least 1989 [Miller et al. 1989]. Elements of
clonal cooperation have since been described as involving direct and microen-
vironmentally mediated interactions [Alonso-Curbelo et al. 2021; Cleary et al.
2014; Tammela et al. 2017; J. B. Williams et al. 2020; Hengbo Zhou et al. 2017].
The ability to comprehensively map genomic evolution, subclone-specific gene
expression and TMEs is thus likely to further elucidate the full extent and mech-
anisms of this phenomenon.

Disseminated tumour cells, metastatic niches and organotropism

Metastases are seeded by disseminated tumour cells (DTCs). The mechanisms
that determine whether any given DTC survives, enters a dormant state or forms
a metastasis are poorly defined, but it is evident that these cells can exploit a vari-
ety of existing cellular interactions and spatial microenvironments. For example,
dissemination was shown to depend on environmental triggers tied to the cir-
cadian rhythm [Diamantopoulou et al. 2022]. In breast cancer, DTCs physically
associated with neutrophils were shown to exhibit a more aggressive phenotype
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[Szczerba et al. 2019]. Additionally, aggregates or even fusions of DTCs and mac-
rophages have been described, further illustrating that metastatic dissemination
may also rely on a range of cellular interactions [Adams et al. 2014].

Lung cancer subclone survives in brain and
gives rise to metastasis, but does not 
metastasize in liver

Colon cancer subclone survives in liver and 
gives rise to metastasis, but does not 
metastasize in brain

Favourable
microenvironment

Favourable
microenvironment

Unfavourable
microenvironment

Unfavourable
microenvironment

Primary tumour

Seeding in
different organs

Metastases

Figure 1.9: Organotropism and the seed and soil hypothesis of metastasis [Seferbekova et
al. 2023]. Cancer cells from the primary tumourmigrate throughout the body via blood vessels,
with some of them able to seedmetastatic lesions in a distant organ. The target TME determines
the fitness of clones at the site of metastasis favouring some tumour lineages over others.

The existence of organotropism, whereby certain cancer types and specific mo-
lecular alterations exhibit distinct patterns of metastatic organ involvement, is
well established and is often considered in terms of the classical seed and soil
hypothesis suggested by Paget, which posits that certain tissues provide host en-
vironments susceptible to specific tumour types [Fidler 2003; Paget 1889] (Fig-
ure 1.9). Organotropism seems to be mostly determined by the cell of origin of
the primary tumour, the ability of DTCs to interact with the metastatic host en-
vironment and the anatomical proximity of certain target organs such as liver
metastases in colorectal cancer. In breast cancer, brain metastases were shown
to be facilitated by the interactions with glutamatergic neurons [Zeng et al. 2019],
and a similar patternwas also observed in primary brain cancers where neoplastic
cells form networks with normal astrocytes via synapses [Venkataramani et al.
2022].
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Thenotion that both intrinsic andmicroenvironmental features of cellular pop-
ulations in the primary tumour influence metastatic rates is further supported by
lineage-tracing studies in mouse models [Quinn et al. 2021]. However, a genomic
element also emerges. A recent pan-cancer analysis of 25,000 metastases of 10
cancer types revealed 57 genetic associations of organotropism within the same
primary tumour type [B. Nguyen et al. 2022]. Although the presence of many
genomic alterations was associated with increased rates of metastasis in multiple
organs, there were also examples of genomic alterations associated with reduced
burden, for example, RBM10 mutations being less prevalent in brain metastases
of lung cancers. However, it is worth noting that these genetic patterns appeared
to be mostly specific to certain primary tumour sites rather than to target sites.
A series of studies reported that tumours prime target tissues to create pre-

metastatic niches facilitating colonisation and metastatic outgrowth [Peinado et
al. 2017]. This occurs prior to or on the arrival of DTCs through soluble factors
and extracellular vesicles released by the primary tumour that can alter the sys-
temic immune response and induce localised regions of vascular and stromal re-
modelling in target organs. Furthermore, DTCs can enter dormant niches that fa-
cilitate long-term survival and even evasion of therapy. In prostate cancer, DTCs
can compete with haematopoietic stem cells for the occupation of established
endosteal niches [Shiozawa et al. 2011], whereas perivascular niches have been
observed in bone, lung and brain [Ghajar et al. 2013; Kienast et al. 2010]. Inmelan-
oma, age-dependent changes of fibroblasts have been reported to induce emer-
gence from dormancy in lung deposits [Fane et al. 2022]. Similarly, in a mouse
model of melanoma, metastases in lymph nodes were found to promote immune
evasion and facilitate further metastasis in distant organs [Reticker-Flynn et al.
2022]. As all of these phenomena involve cellular and spatial interactions, spa-
tial genomic, transcriptomic and proteomic analyses are likely to provide further
insights into these processes.

1.5. Translational opportunities

As discussed in the preceding sections, spatial genomic methods generate rich
insights into the cellular composition, organisation and interactions that shape
the evolving cancer ecosystem. For any given cancer, the genome bears the scars
of its unique, past evolutionary journey; however, clinical interventions are de-
signed to shape the future disease course (Figure 1.10). A major hope for cancer
care is therefore that evolutionary features might be leveraged to better predict
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the clinical trajectory. Because tumour evolution is a spatial process, spatially re-
solved features may provide additional means to predict outcomes. Furthermore,
a better understanding of the cellular interactions within the ecosystem might
identify potential therapeutic vulnerabilities that could be exploited to control the
evolutionary process [Andersson et al. 2021; Ji et al. 2020; Maldegem et al. 2021;
Moldoveanu et al. 2022; Moncada et al. 2020]. Initial studies hint towards the
opportunities afforded by these approaches for novel biomarker discovery [Dan-
enberg et al. 2022; Keren et al. 2018; Moldoveanu et al. 2022], in understanding the
clinical relevance of genetic subclonal structure [Erickson et al. 2022; Lomakin et
al. 2022; Zhao et al. 2022] and in identifying therapeutic vulnerabilities through
a deepened understanding of cellular interactions in both human samples [Ji et
al. 2020; Keren et al. 2018; Moncada et al. 2020] and preclinical animal models
[Dhainaut et al. 2022].
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Figure 1.10: Translational opportunities [Seferbekova et al. 2023]. Subclonemaps, tumour
microenvironment (TME) composition and histological context each provide clinically and pro-
gnostically relevant features. Integrating these levels of information may help identify ill-fated
clonal lineages that may not be found using either component alone. For example, the meta-
static potential of two invasive subclonal lineages may differ based not only on the portfolio of
their driver mutations but also on the TMEs that they inhabit. tumour infiltrating lymphocyte
(TIL)s, tumour infiltrating lymphocytes; TLS, tertiary lymphoid structure.
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Box 2: Spatial omic analysis

A typical tumour cross-section covers several cen-
timetres of tissue containing up to 1,000,000 cells.
Spatial omic methods characterize the molecular
features of these cells with a resolution as fine as
0.2µm, depending on themethod. Thewealth and
detail of data bring a series of data analysis chal-
lenges [Palla et al. 2022] (see the figure).

Raw signal analysis

In the case of molecular barcode-based technolo-
gies (Box 1), primary steps of raw data processing
include aligning and counting reads or molecu-
lar barcodes per genomic region of interest, with
sequencing barcodes defining the spatial sector.
Image-based methods, by contrast, utilize fluores-
cent signals, oftenmeasured across multiple fluor-
escence channels and cycles. These signals must
be detected, quantified and decoded to their cor-
responding target molecule, which can be defined
by a specific combination of colours across cycles.
For whole-slide imaging, fields of view need to
be stitched together into one tissue image [J - R
Lin 2021]. Background fluorescence, blur and sig-
nal crowding can negatively affect the ability to
decode signals [Dries et al. 2021; Gataric et al.
2021; Hickey et al. 2022; Ke et al. 2013; Perkel
2019]. Technologies with a super-cellular resolu-
tion require cell decomposition algorithms, where
known cell types usually obtained from the single-
cell data serve as a reference [Kleshchevnikov
et al. 2022; Lomakin et al. 2022; Moncada et al.
2020; Nieto et al. 2021]. Signals with a subcel-
lular resolution are spatially aggregated either by
clustering [Park et al. 2021; Petukhov et al. 2022;
Prabhakaran 2022; Soldatov et al. 2019] or based
on cell segmentation derived from nuclear DAPI
signals, membrane markers or haematoxylin and
eosin (H&E) staining [Lohoff et al. 2022; Petukhov
et al. 2022; Qian et al. 2020; Schapiro et al. 2022].

Data integration

Single-cell resolved data can be mapped [Zhang
2022] to deconvolve larger spots or to annotate

known cell types. Single-cell whole transcrip-
tomes or multi-omics can be further mapped into
space, leveraging a smaller common set of refer-
ence genes that are interrogated spatially [Stu-
art et al. 2019; Zhang 2022]. Another option is
to integrate multiple spatially resolved modalit-
ies from consecutive tissue sections. Alignment
of distorted sections and 3D reconstruction of a
tissue block can be done using image registra-
tion algorithms [Kiemen et al. 2020]. Multimodal
characterisations of microscopically matched tis-
sue areas, including spatial transcriptomics, pro-
teomics and histopathology, are also possible [Lo-
makin et al. 2022; Velten et al. 2022].

Spatial statistics

Spatial differential expression models enable the
description of novel cell states showing distinct
spatial patterns that are difficult to recover from
single-cell data [Lopez et al. 2022; Svensson et
al. 2018]. A group of cells may appear enriched
in a recurrent way forming distinct neighbour-
hoods [Danenberg et al. 2022; Dong et al. 2022;
McCaffrey et al. 2022; Nirmal et al. 2022], a pat-
tern which could be picked up by various topic
and graph-based models. Mechanistic models at-
tempt to explain expression plasticitymediated by
cell–cell interactions and signalling at the cell in-
terface [Arnol et al. 2019].

Spatial lineage tracing

Spatial RNA or DNA sequencing technologies
provide wide but low genomic coverage, which
limits lineage tracing to copy number alterations
and a few point mutations [Elyanow et al. 2021;
Nagasawa et al. 2021; Zhao et al. 2022]. Cur-
rent protocols also have a relatively low spatial
resolution (Box 1). Microscopy methods target
specific point mutations and require prior know-
ledge of the clonal structure. Yet, they achieve
a higher spatial resolution to map a more fine-
grained clonal structure across wide fields of view
[Lomakin et al. 2022]. The incremental nature of
branching evolution also provides opportunities
to associate the genetic changes on each branch
with phenotypic changes.
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Spatial biomarker discovery

Spatial biomarkers predict clinical outcomes by leveraging information about
cellular organisation or intercellular relationships. In its most simplistic form,
this approach might measure the distribution of a certain cell type in relation
to another. This is the basic concept of commonly used, histomorphological
scoring of TLSs or tumour infiltrating lymphocytes (TILs) within the tumour
or stromal compartment (Figure 1.5). Stromal TILs are associated with a super-
ior prognosis and response to chemotherapy or immune-checkpoint inhibitors in
triple-negative breast cancer, non-small-cell lung cancer and melanomas [Azimi
et al. 2012; B. Chen et al. 2020; Helmink et al. 2020; H. J. Lee et al. 2016; Sal-
gado et al. 2015]. However, in isolation, the reliability of TILs as a biomarker
is hampered by heterogeneity and irreproducibility [Salgado et al. 2015]. Recent
studies that use highly multiplexed, in situ, proteomic-based assays have started
to dissect this complexity by characterizing TIL subtypes, expression, cellular co-
localisation and neighbourhood patterns, identifying prognostically meaningful
TIL-related patterns [Keren et al. 2018; Moldoveanu et al. 2022]. In general, head-
to-head clinical trials are needed to confirm whether multiplex biomarkers carry
additional prognostic and predictive value compared to single biomarkers such
as PDL1 immunohistochemistry [S. Lu et al. 2019]. Notably, the Immunoscore
[Galon et al. 2006] is a digital pathology-based assay that measures CD3+ and
CD8+ lymphocyte density in the tumour core and invasive margin and has been
proven to surpass clinical staging systems for disease-free survival prediction,
demonstrating that higher-dimension datasets could be clinically transformative
[Pagès et al. 2018].
Beyond a role in refining histology-based biomarkers, spatial omic approaches

can also facilitate de novo biomarker discovery. This was demonstrated by two
breast cancer studies (discussed in the Section 1.3) that extracted recurrent cel-
lular communities from multiplex proteomic and morphological data using ma-
chine learning algorithms [Danenberg et al. 2022; Jackson et al. 2020]. Another
use of multiplexed tissue imaging was an ovarian cancer study, which found that
interactions of exhausted CD8+ T cells, PDL1+ macrophages and PDL1+ tumour
cells were linked to treatment response [Färkkilä et al. 2020]. In these studies, the
power to detect clinically meaningful features was derived from the fact that hun-
dreds of samples could be analysed at high throughput by using tissue microar-
rays. However, the trade-off was that only a tiny part of the main tumour mass
was sampled (core needle biopsies with a diameter of 0.6–0.8 mm), whereas the
invasive margin and stroma were largely unsampled. An important next step for
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spatial molecular analyses is to derive catalogues of typical cancer ecosystems at
a tissue-wide scale and at single-cell resolution. These reference sets could serve
as a basis for designing more focused studies that might take advantage of lower-
plex, higher-throughput or rational subsampling approaches. The scalability and
reproducibility of omic data will be critical factors for successful implementation
within large-scale clinical studies.

Clinically relevant subclones

An unanswered question for personalized medicine is how to deal with subclonal
driver mutations that can be targeted by antitumour therapy. By integrating ad-
ditional layers of spatial data, it is possible to establish the spatial context and
thus the clinical relevance of subclonal alterations [González-Silva et al. 2020;
Lomakin et al. 2022] (Figure 1.10). For example, systemic therapies administered
after primary breast cancer surgery are directed towards covert metastatic dis-
ease, with the intention of eliminating these cells before metastatic deposits have
a chance to form. As we cannot directly assay disseminated tumour cells, treat-
ment paradigms are based upon the properties of the primary tumour. It is reas-
onable to assume that a subclonal mutation within the invasive cancer might also
be carried by disseminated tumour cells and could drive metastasis formation. By
contrast, if the mutation is entirely restricted to precursor lesions, and hence a
clone that has not yet even exhibited invasive capacity, we can be relatively con-
fident that it will not be a driver of metastasis.
Integrating spatial transcriptomic or proteomic data provide further insights

into the TME and the gene expression properties of subclones. This additional
characterisation will be helpful for deriving predictions of the functional relev-
ance of a particular subclonal driver mutation, such as by considering a range
of intrinsic and extrinsic phenotypes, including vascular invasion or a high-risk
TME niche (Figure 1.10). Although further research is needed, it is possible
that spatial analyses could be used in early detection settings or to complement
histopathology-determined completeness of excision, with the latter application
yielding opportunities for biomarker-driven surgical and adjuvant radiotherapy
clinical trials.

Preclinical studies

Although spatial genomic analysis enables reconstruction of the evolutionary
past and prediction of the clinical future, spatial genomic experiments in an-

27



1. Spatial Biology of Cancer Evolution: A review

imal models can add direct mechanistic evidence of the roles of particular cancer-
associated mutations and/or the effects of spatial aspects of the cancer TME. Such
experiments are expected to provide clinically important insights into the ex-
tracellular consequences of perturbations in cell-intrinsic processes, with many
opportunities for biomarker discovery [Janiszewska et al. 2019; Maldegem et al.
2021]. A particularly exciting approach is the combination of spatial profiling
with in vivo CRISPR screens [Dhainaut et al. 2022; Ji et al. 2020]. Using this
approach, both cell-intrinsic phenotypic and local TME associations of tens of
genetically distinct clones can be studied simultaneously in a single animal, lead-
ing to insights into the precise mechanisms that lead to diverse clinical fates of
genetically divergent clones that nonetheless share many genetic and host char-
acteristics [Dhainaut et al. 2022]. These models could lead the way in develop-
ing pan-ecosystem therapeutic strategies that simultaneously target cell-intrinsic
vulnerabilities and harness the properties of the TME in an attempt to terminate
cancer evolution.

1.6. Conclusions and future perspectives

While it is widely accepted that the population genetics of carcinogenesis can
be well described in terms of somatic evolution, the spatiotemporal details of the
process are not fully understood. Open questions remain over the extent to which
cellular interactions with the TME and micro-anatomical constraints influence
cancer evolution. This situation begins to change with the availability of spatial
genomic, transcriptomic and proteomic technologies that enable charting of the
growth patterns of distinct subclones and characterisation of the composition
and structure of their microenvironments. Connecting these different levels of
intratumour heterogeneity is therefore key to understanding how tumours grow
as it reveals how tumour subclones interact with their microenvironment and
how this may lead to the selection of aggressive traits.
Although there is a broad range of technologies with different advantages and

disadvantages, it emerges that cellular resolution is essential for understanding
the micro-anatomy of the cancer ecosystem and localising molecular signals to
specific cells. Mapping how cells are spatially organised into subclones and neigh-
bourhoods and how different cells interface is a key step for understanding the
transcriptional diversity revealed by catalogues of scRNA-seq studies. Another
consideration is the field of view. A typical primary tumour is more than 1 cm in
diameter at diagnosis; hence, technologies enabling themapping of entire tumour
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sections are desirable. Lastly, enabling spatially resolved genomics with the res-
olution of single nucleotides is important for mapping the subclonal landscape.
Whereas spatial transcriptomic and proteomic approaches are reaching matur-
ity and are available as commercial platforms, spatial genomics lags behind. A
reason for this is the limited amount of DNA per cell, compared to the much
greater number of copies of RNA and protein, which may be compounded by tis-
sue sections only containing fractions of a nucleus. Even though it is possible to
calculate copy number alterations using low-coverage DNA sequencing or even
RNA sequencing, it remains challenging to estimate phylogenetic relationships
and distances. Developing computational approaches such as integrating math-
ematical modelling [Gatenbee et al. 2022], mathematical oncology and artificial
intelligence-based algorithms may help to overcome these challenges and gener-
ate further quantitative insights.
These challenges notwithstanding, the opportunities for spatial cancer genom-

ics are formidable. Charting the tumour ecosystem with clonal resolution as well
as cellular andmolecular details of the TMEwill have great value. Doing so across
whole tumour sections and cancer types will create insightful atlases that not
only provide snapshots of cancer composition but also insights into past tumour
evolution. In addition to a more detailed understanding of tumour growth, these
atlases have the potential to reveal the mechanism by which the microenviron-
ment is co-opted by tumour cells and how the immune system suppresses tumour
proliferation. These processes are already exploited by immune-checkpoint in-
hibitors, and enhanced molecular and spatial detail may yield further therapeutic
targets or facilitate more effective use of existing therapies. Furthermore, the
derivation of spatial biomarkers and the detection of diagnostic applications of
spatial genomics are likely to inform treatment; this is especially the case now
that spatial genomic, transcriptomic, proteomic and metabolomic methods are
starting to be used in clinical trials. Such a multimodal approach is required to
elucidate the inherent complexity of the TME — the result will be a revolution of
histopathology that is genomically and molecularly informed.
The availability of various single-cell and spatially resolved assays and the

emerging insights that these approaches offer thus warrant new concerted ef-
forts. Previous initiatives, such as the Cancer Genome Atlas Research Network et
al. [2013], the ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium
[2020] and International Cancer Genome Consortium et al. [2010], have created
valuable community resources detailing the molecular and genomic properties
across cancers. It thus seems natural for emerging projects, such as The Human
Tumour Atlas Network [Rozenblatt-Rosen et al. 2020], to follow in this spirit in
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order to create the next generation of molecularly resolved cancer atlases.

1.7. Aims of this thesis

As highlighted in the preceding section, the spatial aspects of cancer biology hold
significant importance in understanding the evolutionary dynamics of cancer.
The rapid development of spatial omic technologies in recent years has facilitated
the study of cancer biology’s spatial dimensions at an unprecedented resolution.
The genetic component is particularly vital, as its alterations are not only the
fundamental drivers of cancer evolution but also record changes over time. This
recording allows for insight into the cancer’s history and reasoning at a temporal
level. Nonetheless, constructing the genetic maps of tumours with clonal resol-
ution continues to be a formidable challenge. As a result, further efforts must be
directed towards developing methods to trace cancer lineages in space. Without
this genetic information, the full complexity of cancer’s development and beha-
viour would remain hidden, restricting the opportunities for accurate diagnosis
and tailored treatment.
In this thesis, I focus on the development of computational methods to ana-

lyse data produced by a promising microscopy-based spatial genomics approach
called base-specific in situ sequencing (BaSISS) [Lomakin et al. 2022]. Thismethod
accurately captures the spatial distribution of a wide range of somatic mutations
across large-scale tumour tissue sections. Then I apply designed algorithms to
chart clonal maps and deeply investigate two multifocal breast cancers that span
the main histological stages of breast cancer progression: ductal carcinoma in
situ, invasive cancer and lymph node metastasis.
In Chapter 2 I introduce the motivation for the BaSISS experimental protocol

and provide a brief foundation in Bayesian statistics necessary to model the ex-
perimental data. I then examine the properties of the data andmotivate the design
of the model, providing a detailed outline of the model’s structure and referring
to the biological and technical aspects of the system modelled system. I prove
the consistency and accuracy of the quantitative nature of the model predictions,
drawing on BaSISS technical replicas as well as LCM–WGS targeted sequencing
data and illustrate that the model successfully deals with the noise inherent to the
data, making it suitable for describing the spatial evolution of cancer clones. The
chapter concludes with a discussion of the necessary model assumptions, their
biological roots, limitations, and potential future improvements.
Chapter 3 aims to characterise non-genomic modalities of spatial cancer data.
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It explores methods for integrating genomic and non-genomic information to dis-
cern phenotypic and microenvironmental variations between cancer clones. Spe-
cifically, this chapter outlines the properties of generated histological, immuno-
histochemistry (IHC), and in situ sequencing (ISS) data. Given the sparsity of
expression data, I employed hierarchical cell markers for cell-type assignment. I
introduce a hierarchical logistic regression model for identifying these markers
in the reference scRNA-seq atlas. I aggregate multimodal data across manually-
defined microregions and formulate statistical models to describe differences in
phenotype and TME among cancer clones.
Chapter 4 focuses on applying the previously discussed methodologies to the

two cases of multifocal breast cancer. I set the stage by providing a compre-
hensive introduction to breast cancer, detailing its clinical and biological features
while highlighting unresolved questions concerning breast cancer progression.
Subsequently, I present the results of BaSISS workflow application and present
insights into the structure, nature, and evolution of breast cancer clones. These
insights encompass three critical stages of cancer progression: carcinoma in situ,
invasive carcinoma, and lymph node metastasis.
Chapter 5 summarises the study and provides a broader perspective on the role

of spatial genomics methods in cancer research. I discuss the current limitations
and potential future solutions for both the BaSISS and the TME characterisation
methods used in this study. I then examine the results produced by the BaSISS
workflow for breast cancer cases presented in Section 4.2, situating them within
the broader context of unresolved questions concerning breast cancer progres-
sion. Finally, I conclude the thesis by discussing the utility of spatial genomics
methods in oncology, using specific examples from Cancer Research UK’s Cancer
Grand Challenges. These examples underscore the methods’ value in addressing
fundamental research questions in the field.
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Spatial Genomics: From Noisy
Signals to Accurate Clonal
Maps 2
Contributions

This chapter is largely based on the supplementary methods and technical results
from:

Artem Lomakin, Jessica Svedlund, Carina Strell, Milana Gataric, Artem
Shmatko, Gleb Rukhovich, Jun Sung Park, Young Seok Ju, Stefan Dentro, Vitalii
Kleshchevnikov, Vasyl Vaskivskyi, Tong Li, Omer Ali Bayraktar, Sarah Pinder,
Andrea L Richardson, Sandro Santagata, Peter J Campbell, Hege Russnes, Moritz
Gerstung, Mats Nilsson and Lucy R Yates [Nov. 2022]. ‘Spatial genomics maps
the structure, nature and evolution of cancer clones’. en. In: Nature 611.7936,
pp. 594–602.

The work I present here is primarily my own contribution. I focused on
developing and implementing the core mathematical model for the BaSISS data
under the supervision of M.Ger., with valuable inputs from Artem Shmatko and
Vitalii Kleshchevnikov. I analysed and interpreted the data, and drafted the
original article and figures, again under the supervision of M.Ger. and L.R.Y..
You can find all the code on Github.
Another first author of this paper, J.S., in collaboration with P.J.C., M.N., and

L.R.Y., designed the initial study of BaSISS. J.S., M.N., and C.S. conducted the ex-
periments and provided the raw BaSISS data. J.S.P, V.V., T.L., and M.Gat. prepro-
cessed and decoded this data. L.R.Y. performed the LCM cuts, and S.D. conducted
the WGS subclonality analyses. I had access to the decoded BaSISS and LCM-
WGS data.
The Introductory Section 2.1.2 and Section 2.1.3, Data Characterisation Sec-

tion 2.2.1, and Validation Section 2.3 are original. I reworked the rest of the sec-
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tions to fit the thesis format, rewording, expanding and illustrating them for clar-
ity. All the main and margin figures are original except Figure 2.2, Figure 2.5,
Figure 2.4 and Figure 2.6, which I borrowed from the original paper with stylistic
and compositional adjustments.

2.1. Background

2.1.1. The BaSISS protocol

Lineage tracing through somatic mutations can reveal ancestral connections
between cancer subclones (Chapter 1). Yet, current methods fall short in
preserved human tissue studies [Casasent et al. 2018; Jamal-Hanjani et al. 2017;
Jones et al. 2008; Shah et al. 2009; Tarabichi et al. 2021; Yates et al. 2015].
Techniques like laser capture microdissection (LCM) combined with targeted
nucleic acid library sequencing, including single-cell sequencing, help to some
extent in delineating subclone spatial structures [Casasent et al. 2018; Shen
et al. 2000]. However, LCM-based methods fail to capture the full diversity of
cancer clones across entire tumour sections. Even the most exhaustive sampling
approach would struggle to profile square centimetres at the desired cellular
or slightly above cellular resolution. While recent spatial genomics techniques
can identify cancer clones based on distinct copy number profiles [Erickson
et al. 2022; Zhao et al. 2022], they fall short in detecting point mutations or
quantifying mixed clones.
Although in situ hybridisation [Janiszewska et al. 2015] and mutation-specific

padlock probes [Baker et al. 2017; Grundberg et al. 2013; Ke et al. 2013; Larsson
et al. 2010] can detect individual mutations in situ, their potential is limited by the
number of available fluorophores, allowing them to trace only up to 4 mutations
at once. Considering the genetic uniqueness of each cancer and its subclones,
tracing multiple specific somatic mutations is crucial to decipher spatial and tem-
poral ancestral relationships [Nik-Zainal, Van Loo et al. 2012]. The solution lies
in encoding in situ sequencing probes combinatorially, allowing them to be cap-
tured with a multi-round imaging strategy, thus enabling multiplex base-specific
in situ sequencing (BaSISS).
The BaSISS protocol uses bulk WGS and z-stacked tissue sections for spatial

clone mapping. Full technical details of the protocol are provided in Appendix A.
After identifying subclones from bulk WGS, BaSISS employs two main steps.
First, it uses padlock probes designed for both mutant and wild-type alleles,
marked with a unique 4–5 nucleotide barcode for multiplexing [Ke et al. 2013].
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These probes can target any expressed somatic mutation, including rearrange-
ment breakpoints, and can be supplemented with copy number alterations. Next,
BaSISS uses a cyclical microscopy approach, akin to gene expression in situ
sequencing protocol [Ke et al. 2013; Svedlund et al. 2019] (Box 1).
The procedures described, along with initial data processing, produce two

primary sets of information. WGS reveals anticipated clonal expansions, identi-
fied by point mutations and copy number variations specific to each clone. The
spatial component locates alleles identified by WGS in the tissue section. We
also obtain a proxy for cell locations by analysing segmented nuclei positions.
Nevertheless, the interpretation of subclone locations becomes complicated
due to the inherent complexity of the cancer genome, tissue heterogeneity,
and potential systematic errors in the technology. The latter poses significant
challenges due to the relatively low sensitivity of the BaSISS data (< 1 signal
per cell) and off-target hybridisation of the padlock probes (Section 2.2.1 and
Figure 2.2, also discussed in Section 2.2.4). These challenges drive the need for a
robust statistical approach.

2.1.2. Popular approaches in modelling spatial transcriptomics
data

Spatial inference is a common challenge spanning various research fields such
as economics, geology, and ecology. Consequently, the field of spatial statist-
ics has become rich in tools and methodologies, often finding applications well
beyond their original purpose. For instance, Gaussian process invented solely
for geostatistics [Krige 1951], now find use in diverse areas such as optimisation
problems, finance, and astronomy. This cross-applicability of tools is indicative
of the universal nature of spatial problems. Even in spatial genomics, a relatively
recent field, there exists a wide array of mathematical tools that can be applied
to solve its unique challenges.
While the overarching framework of spatial statistics offers many general

tools, each field inevitably cultivates its own preferred methodologies. These
preferences often arise from the specific nature of the data and the underlying
scientific understanding. In spatial genomics, the uniqueness stems from both
the type of data generated and the biological insight that guides the analysis.
Often, the task narrows down to mapping and characterising cells, the structural
and functional units of the body, using precise markers and observed spatial
distributions. Researchers frequently perform these tasks using latent variable
modelling. Here, observed spatial distributions Dx,y,a of features a (e.g.
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expression) in spatial dimensions x, y relate to the spatial distributionMx,y,c of
c common factors Gc,a (e.g. cell types or expression programmes), as illustrated
by:

Dx,y,a = f(Mx,y,c, Gc,a) (2.1)

The mapping fmay be a complex neural network [Dong et al. 2022; Y. Ma et al.
2022] or as simple as a linear operator:

Dx,y,a =
∑
c

Mx,y,c ·Gc,a (2.2)

However, even in the simplest case of a linear mapping, an essential considera-
tion emerges: if the latent variables remain unconstrained, there is no assurance
that the latent representation in G.,a ∈ Rc will mirror the actual cell types.
Generally, this decomposition is not uniquely identifiable, leading to significant
issues for interpretation and numerical estimations.
This necessitates the imposition of constraints, whether applied individually

or collectively. Constraints may apply to the spatial component M, utilising
tools such as Gaussian process (GP) [Townes et al. 2023], Markov Random Fields
[Petukhov et al. 2022], and Conditional Autoregression [Y. Ma et al. 2022; Ni et al.
2022].
Alternatively, constraining the latent variableG is achievable by leveraging the

complementary aspects of single cell or bulk genomic data. This includes learning
a combined latent space representation from both single cell and spatial data or
extracting “cell-type” signatures to guide the spatial model. The latter approach,
often referred to as cell-type deconvolution1, correlates closely with the conjecture
for BaSISS data. This requires mapping of clones c— cell types defined by specific
combinations of known allelic variants a— in tissue space based on these alleles’
spatial distribution.
Recent benchmarking within the wide array of spatial transcriptomics mod-

els has shown that generative Bayesian models excel in cell type decomposition
[Haoyang Li et al. 2023]. Considering additional favourable properties such as
interpretability and direct uncertainty estimation, this class of models often be-
comes an appealing choice for modelling tasks within the field.

1In my opinion, a more appropriate name is the alternative term cell-type decomposition. While
I can see the metaphorical value, it is confusing that the term deconvolution is used on the data
where no explicit convolution operations were modelled
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2.1.3. Bayesian statistical modelling

In many practical contexts, we find ourselves in situations where the underly-
ing mechanisms governing the system are hidden or only partially observed, and
the observations are noisy and limited. Such scarcity of information introduces
inherent uncertainty in our understanding of the system. It is within this land-
scape of uncertainty that the Bayesian understanding of probabilities emerges as
a natural tool. Rather than mere frequencies, probabilities are construed as rep-
resentations of the degree of belief, capturing the epistemic uncertainty about the
system parameters. A statistical model, crafted within this Bayesian paradigm,
acts as a bridge between the observed data and the underlying phenomena. This
model translates our assumptions and prior knowledge into a coherent probabil-
istic framework. This in turn allows us to make predictions, perform inference,
and deeply understand the structure of the data.

Basics of Bayesian inference

Given a set of observations D = {t1, t2, tn}, a statistical model aims to describe
how these observations are generated. One can consider these observations a
realisation of a random variable T which is controlled by a set of parameters θ.
Therefore, a statistical model could formally be defined by specifying the joint
probability distribution p(D,θ), describing the stochastic relationship between
the observations and the controlling parameters. We can rewrite the joined prob-
ability using conditional probability, leading us to the Bayes’ theorem equation:

p(θ|D) =
p(D|θ)p(θ)

p(D)
=

p(D|θ)p(θ)∫
p(D|θ)p(θ)dθ

(2.3)

Here p(D|θ) is the likelihood, representing the probability of the observations
given the parameters; p(θ) is the prior distribution over the parameters, reflecting
our beliefs about θ before observing the data; (D|θ) is the posterior distribution
after observing the data; and p(D) is the evidence, obtained by marginalising θ
out of the joined distribution. It is essentially a normalising constant, ensuring
that posterior is a valid probability distribution and integrates to one. Both fre-
quentist and Bayesian models rely on the likelihood p(D|θ), but they interpret
the parameters θ differently. In the frequentist perspective, θ is fixed and its con-
fidence intervals are estimated by considering multiple repeated samples ofD. In
the Bayesian view, θ varies for each observation set of D and uncertainty in its
estimation is expressed as a probability distribution. With this understanding, we
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can view statistical inference as an update on our prior belief of the distribution
of hidden parameters based on additional evidence.

posterior ∝ likelihood× prior (2.4)

To demonstrate, let’s consider a simple gamma-poisson model of the gene ex-
pression, with the gene expression rate as a hidden variable. Consider an obser-
vation Dn of observed counts in n cells. I will model the gene expression count
for each cell i as a Poisson random variable with the rate parameter λ which has
a Gamma prior, where α and β are the hyperparameters shaping our initial belief
about expression rate.

Di ∼ Poisson(λ) = λDie−λ

Di!
(2.5)

λ ∼ Gamma(α,β) = βα

Γ(α)
λα−1e−βλ (2.6)

Using the fact that the likelihood is independent Poisson distributions and the
prior is a Gamma distribution, it is trivial to derive the analytical form of the
posterior p(λ|D):

p(λ|D) ∝ p(D|λ)p(λ) (2.7)

∝
N∏
i=1

λDie−λ

Di!
βα

Γ(α)
λα−1e−βλ (2.8)

∝ βα

Γ(α)
λ(

∑N
i=1 Di)+α−1e−λ(n+β) (2.9)

= Gamma(α+

n∑
i

Di, β+ n) (2.10)

The graphical depiction of the components is shown on Figure 2.1.

Bayesian inference in practice

Theprocess of inference, while appearing simple in principle, presents substantial
difficulties in actual computation. A major obstacle lies in the denominator of the
Bayesian formulation, the integral often becomes intractable thus rendering even
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Figure 2.1: Simple gamma-poisson model of cell expression.. Toy mathematical model of
gene expression in cells trained on n = 5 observations. The gene expression rate λ is a hidden
variable, which is modelled as a Gamma random variable with the hyperparameters α and β
which is consistent with the week prior belief on low expression. The observed counts Di are
modelled as Poisson randomvariableswith the rate parameter λ. An exact analytical solution for
the posterior distribution p(λ|D) is tractable (Equation (2.10)) due to the conjugacy of the prior
and likelihood.

conjugate priors are prior
distributions that, when
combined with a specific
likelihood function, result in a
posterior distribution with the
same functional form.

moderately complex Bayesian models intractable, apart from a few cases with
carefully selected conjugate priors like shown in the previous example. This issue
is a significant constraint in the applicability of Bayesian models, which must be
carefully considered in their practical implementation and model formulation.
The solution to the problems came through a sequence of developments inMar-

cov chain Monte Carlo (MCMC) methods, including the Metropolis algorithm
[A. W. Rosenbluth et al. 1953], Metropolis-Hastings algorithm [Hastings 1970],
Gibbs sampling [Geman et al. 1984], andHamiltonianMonte Carlo (HMC) [Duane
et al. 1987]. These methods permit the generation of samples from the posterior
probability distribution by forming an reversible Markov chain. The equilib-
rium distribution of this chain corresponds to the targeted posterior distribution
[Roberts et al. 2004]. Consequently, the constructed Markov chain is guaran-
teed to converge to the true posterior distribution of the model as the number
of sampling steps approaches infinity. In practical terms, if the model is well-
specified, convergence typically occurs within a reasonable time frame. One can
then use samples from the converged chain to estimate necessary summary stat-
istics.
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MCMC has revolutionised the field of Bayesian inference, segregating the pro-
cedures of model formulation and inference. It must be noted, however, that these
methods do not scale with ease when faced with the dimensions and complexity
of the model. They often either demand an extensive number of steps or involve
calculations that, although fewer in number, are considerably computationally
demanding. In scenarios where the analytical posterior is inaccessible, and the
computational cost of MCMC is substantial, it is common to use alternative ap-
proximation schemes such as variational inference (VI).

Variational inference

Variational inference is framed as an optimisation problem, where the objective
is to identify a distribution within a constrained family of tractable distributions
that most closely approximates the target distribution [Blei et al. 2017]. Math-
ematically, the problem of variational inference can be formulated as finding the
distribution q(θ) of the variational family Q that is following the true posterior
p(θ|D) as closely as possible. The common distance measure that is used is the
Kullback-Leibler (KL) divergence, thus the goal is:

q(θ) = argmin
q∈Q

KL(q(θ)||p(θ|D)) (2.11)

After expanding KL divergence and rewriting conditional probability:

q(θ) = argmin
q∈Q

∫
q(θ) log q(θ)p(D)

p(θ,D)
dθ (2.12)

= argmin
q∈Q

∫
q(θ)[logq(θ) + log p(D) − log p(θ,D)]dθ (2.13)

= argmin
q∈Q

Eq[logq(θ) − log p(θ,D)] + log p(D) (2.14)

Notice that log p(x) is constant with respect to q, so we can ignore it when
minimising KL divergence. Now we can define the optimisation objective, which
is the inverse expectation term, referred as the evidence lower bound (ELBO).
Hence, the original problem ofminimising KL divergence between approximation
distribution and posterior becomes equivalent to the maximisation of ELBO.
One significant development in VI is automatic differentiation variational in-

ference (ADVI) [Kucukelbir et al. 2016]. ADVI generalises the approach by em-
ploying the normal family of distributions as the guide, thereby enabling the ap-

40



2.1. Background

reparameterization trick
allows for the sampling of a
variable Z ∼ N(µ, σ2) to be
reformulated as
Z = µ+ σ · ϵ, where
ϵ ∼ N(0, 1). This
transformation makes it
possible to compute gradients
with respect to µ and σ.

plication of gradient-based optimisation techniques, via reparameterization trick.
In ADVI, the variational distribution is assumed to be multivariate normal with

an appropriate transformation.

q(θ) = f(N(µ, Σ)) (2.15)

Here, µ and σ are the optimised mean and covariance parameters, and f is
a transformation function that maps a normal distribution to the desired target
distribution. The transformation function is chosen such that the support of the
transformed distribution is the same as the support of the target distribution. For
example, if the target distribution is a Gamma distribution, then the transforma-
tion function would be the Exponential function.
In practice, additional constraints are imposed on the covariance matrix, con-

sidering it either low-rank or simply diagonal (mean-field) [Blei et al. 2017]. Al-
though these assumptions may overlook a probable covariance structure between
model parameters, and frequently underestimate the variance, they dramatically
decrease the number of parameters that are optimised. This makes the inference
of even larger models feasible.

Probabilistic programming

In addition to advancements in inference algorithms, contemporary machine
learning frameworks like Theano [The Theano Development Team et al. 2016]2,
PyToRch [Paszke et al. 2019], TensoRFlow [Abadi et al. 2016], and JAX [Brad-
bury et al. 2018], have notably improved the efficiency of Bayesian inference.
This is particularly true for methods that utilise automatic differentiation, such
as the HMC family techniques and ADVI. Probabilistic frameworks, including
PyMC [Salvatier et al. 2016], PyRo [Bingham et al. 2018], and NumPyRo [Phan
et al. 2019], are simplifying the Bayesian model development process. By man-
aging most of the underlying calculations, these frameworks allow researchers
to concentrate more on conceptual model development and spend less time on
numerical details.
BaSISS profiles extensive areas of tissue, encompassing hundreds of thousands

of cells. The underlying processes that generate the final data are complex. There-
fore, defining a statistical approach becomes unfeasible without the utilisation of
cutting-edge inference approaches and frameworks capable of handling this com-

2A discontinued python framework that I had a misfortune to use as a backend for model
optimisation defined in PyMC package. Currently a fork is maintained under the name Aesara
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plexity.

2.2. A Bayesian model to localise cancer clones in tissue

2.2.1. BaSISS data characterisation
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Figure 2.2: Raw BaSISS data for three samples from P1 (P1-ER1, P1-ER2, and P1-D1). Se-
lected targets are coloured by the clonal origin of the mutated allelic variant. WGS estimated
cancer cell fraction and clonal phylogeny are shown on the top. The bottom panel presents the
link between clone genotypes and BaSISS signal density. Scale bar = 2.5 mm

Before diving into the model design, let’s first examine the raw BaSISS data for
three samples from the patient P1 (P1-ER1, P1-ER2, and P1-D1). Detailed descrip-
tions of these samples and the associated experimental procedures can be found in
Section 4.2.2 and Appendix A. In brief, the multi-regionWGS identified six clonal
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expansions, and 51 padlock probes were designed to track them on tissue slides
targeting mutant and wild-type allelic variants (Appendix A.5.3 and Table A.1).
In total, these three samples contain approximately 1,000,000 cells, spanning 245
mm2 of tissue (Table D.2), and roughly 1,000,000 detected BaSISS signals, 25% of
which target mutant variants.
If one is to colour allelic variants by their clonal origin, it is easy to note that

the data has hierarchical structure Figure 2.2. For example private mutations of
P1-green and P1-blue clones tend to co-localise, while avoiding P1-orange clone
private mutations. This is consistent with the clonal phylogeny, where P1-green
is a descendent of P1-blue, and therefore possesses all P1-blue mutations, while
P1-orange clone is a separate lineage. When it comes to the corresponding wild-
type alleles the situation is reversed, in the suspected location of P1-green clone,
wild-type variants of the genes where it has a mutation is depleted, which makes
sense as the copy number of the wild-type variant is decreased once mutation
happens. An evenmore obvious relation between copy number and signal density
is observed for the copy number variable locus of FGFR1. Since P1-orange clone
possesses a greater copy number gain of 12 in this locus, the signal density is
increased in the corresponding region Figure 2.2.
These observations motivate two key model design decisions. First of all, it is

obvious that I won’t be able to extract single cell level information from the data,
as the signal density is too low. Therefore, I will be working with aggregated data,
where the unit of observation is a region, not a cell. Cells inside these regions can
belong to different clonal lineages and each should contribute to the observed
signal count. Secondly, there is a clear relation between the copy number and
signal density, which suggests that I should incorporate copy number information
into the model.

2.2.2. Non-negative matrix factorisation

As discussed previously, the BaSISS protocol involves recording a series of fluor-
escent spots, each of which corresponds to a targeted allele. These spots are de-
coded into a class of different barcodesA, resulting in a table of tuples (ai, xi, yi),
where ai represents the allele of spot i, and xi and yi denote its respective two-
dimensional coordinates on a grid.
This grid can be visualised as a three-dimensional array D ∈ N|a|×|x|×|y|,

where a refers to the specific allele, and x and y correspond to coarse-grained
coordinates on a regular grid of dimensions |x| × |y|. The grid size was selected
to be 108.8 µ m, a choice that takes into consideration a balance between data
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sparsity, precision, and computational cost.
The essential concept behind this approach is that the expected number of

BaSISS signals can be decomposed into maps of |s| distinct clones s, each rep-
resented as M ∈ R|s|×|x|×|y|, and a genotype G ∈ N|a|×|s|,

E[D] ≈ G × M =
∑
s

Ga,sMs,x,y (2.16)

The genotype matrixG encapsulates the information about the number of each
allelic copy present in each clone s. Essentially, G serves as a matrix representa-
tion of the underlying phylogenetic tree, providing a detailed guide to the allelic
configuration at each branch of the tree.
The maps M, on the other hand, offer insight into the relative prevalence of

each clone in a specific area of the grid. The maps are modelled as non-negative
matrices, so the number of cells in a given region cannot be negative. The non-
negativity constraint is biologically relevant, as it is impossible for a clone to have
a negative prevalence in a given region.
Since all three matrices are non-negative, the problem can be categorised as

a non-negative matrix factorisation problem. It is a known characteristic of such
problems that they typically do not have unique solutions. Therefore, additional
constraints, guided by biological reasoning, are required to ensure the identifiabil-
ity of the solution. While the matrix G possesses a clear biological interpretation
and is essentially fixed, the spatial nature of matrix M, being a latent variable,
must be carefully defined.

2.2.3. Latent Gaussian process

Since the matrix M is designed to represent a spatially continuous map, we can
utilise the inherent assumptions about spatial locality present within the data.
Specifically, it is reasonable to anticipate that points that are spatially closer to
one another should display higher similarity than those further apart. This ex-
pectation not only arises from a general consideration of spatial smoothness but
also finds roots in biological rationale. Considering the process of cancer growth,
for example, dividing cells are typically situated near their parent cells, which
further accentuates local similarity. This concept of spatial locality can be math-
ematically described using a Radial Basis kernel function:

Kx(x, x
′) = exp

[
−
(x− x ′)2

2l2

]
(2.17)
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Here, x and x ′ denote spatial coordinates, and l is a length scale hyperpara-
meter that governs the smoothness.
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Figure 2.3: Samples from a softmax transformed GP under different τ. Samples from a soft-
max transformed GP under different τ. The GP is defined by a squared exponential kernel with
length scale l = 0.1. The samples are transformed using a softmax transformation with different
temperatures τ. The temperature hyperparameter controls the level of intermixing between the
clones

We can naturally express a generative process constrained by the kernel func-
tion through the Gaussian process (GP). The GP represents a stochastic process
where any finite set of random variables exhibits a joint Gaussian distribution.
Put simply, a GP serves as a distribution over functions which shape is con-
strained by the kernel.
The GP relies on two main components for its specification: a mean func-

tion m(x) and a covariance function K(x, x ′). Since I am dealing with a two-
dimensional spatial map, where x and y dimensions are independent, the covari-
ance function is defined as the product of two one-dimensional kernels, Kxy =

Kx×Ky. As there is no prior knowledge about the expected prevalence of clones
in the region, the mean function is set to zero:

ms(x, y) ∼ GP(0, Kx ⊗ Ky) (2.18)

The GP is a distribution over functions that belong to the R domain. However,
I want M to be non-negative, and even more specifically, to be a probability sim-
plex. To achieve this, I apply a softmax transformation to the GP output, which
maps the real-valued function to a probability simplex. The softmax transforma-
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non-parametric Even
though GP include kernel
hyperparameters, the term
”non-parametric” here refers
to the fact that the GP doesn’t
assume a fixed form for the
underlying function it’s
modelling. The model can
adapt to the underlying
structure in the data and can
represent an infinite variety of
functional forms.

tion is defined as follows:

M =

[
eτm0

1+
∑|s|−1

i=0 eτmi

, . . . ,
eτm|s|−1

1+
∑|s|−1

i=0 eτmi

]
(2.19)

Here, τ is a temperature hyperparameter that controls the prior expectation of
clone intermixing. By setting high τ values, we express our belief that clones are
likely to be spatially separated, while higher values of τ indicate a higher degree
of intermixing as shown on Figure 2.3. Since I didn’t have a strong expectation
about the degree of intermixing, I set τ = 2 for the case with 6 clones, which
corresponds to a weak belief that clones tend to intermix.
The use of GP as a prior for the spatial maps M is a convenient way to deal

with the sparsity of the data observed in the BaSISS data. It allows to propag-
ate information over the spatial dimensions in a non-parametric way, stabilising
the solution and reducing the impact of sampling fluctuations. Nevertheless, the
model requires further explicit parametrisation of the known sources of variation.

2.2.4. Sources of variation

I model the expected number of BaSISS signals, denoted byE[D], within a specific
region. This calculation involves two components: the genotype matrix G and
the spatial map M. The matrix G encodes integer values representing the allelic
copy numberwithin each cell of a particular clone, while the spatial mapM shows
the relative prevalence of each clone in the region.
The product of G and M provides a value that one might interpret as the av-

erage allelic copy number in the given region. However, this interpretation dif-
fers significantly from the ”expected number of BaSISS signals” which can be
lengthy described as the expected number of fluorophores observed as a result
of sequencing by ligation of the amplified padlock probes hybridised with cDNA
reads synthesised from the mRNA expressed by cells in the region. Hence, in or-
der to rescale the product of G and M to the expected number of BaSISS signals,
I need to account for the following sources of variation:

1. Cellular density ν

2. Differential probe specificity ι

3. Allelic confusion τ

4. Clone expression variations γ
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confounding expression
Same signal level could be
explained by higher global
expression, or more dense cell
populations.

5. Homogeneous and inhomogeneous background adjustments β

6. Overdispersed sampling fluctuations α

Accounting for these, the equation for the expected number of BaSISS signals
Equation (2.16) becomes:

Ma,x,y = νx,y︸︷︷︸
cell density

·
detection rate︷︸︸︷

ι
a

·
∑
a ′

τa,a ′︸ ︷︷ ︸
probe confusion

∑
s

clone-specific expression︷︸︸︷
γs,a Ga,sMs,x,y︸ ︷︷ ︸

clone contribution

+

background︷︸︸︷
βa (2.20)

Let’s discuss each of these components in more detail.

Cellular density

The cellular density νx,y directly influences the number of observed signals in a
given region. While this density represents the expected number of cells, directly
observing it poses a challenge. Some tools attempt to infer cellular density from
transcriptional signals alone [Kleshchevnikov et al. 2022]. However, this method
is unreliable due to confounding expression specific factors.
Fortunately, the number of nuclei in the region provides necessary information

to disentangle the effect of cellular density from the other sources of variation.
We obtain this data during the BaSISS signal acquisition process. Using a neural
network model, I segment the DAPI stained image of nuclei, saving the nuclei
counts in a two-dimensional array N ∈ N|x|×|y|. These counts may not always
accurately reflect cell densities. This inaccuracy can result from segmentation
errors or because the slide captures only a fraction of the cells. As a result, I
model the nuclei counts Nx,y as Poisson distributed values. Their mean, νx,y,
represents cell densities and follows a weak Gamma prior.

Nx,y ∼ Poisson(νx,y) (2.21)

νx,y ∼ Gamma(µ, σ) (2.22)

The prior parametersµ andσ are set to aweekly informative distribution center
around the expected number of cells in the region.
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Differential probe specificity

BaSISS ability to detect allelic variants relies on a multistage process of reverse
transcription, padlock probes annealing, amplification and fluorophores detec-
tion [Svedlund et al. 2019]. As it is hard to model each of the steps explicitly, I
model the overall detection rate ι ∈ R|a|

+ for each allele a as a Gamma distributed
random variable.

ιa ∼ Gamma(µ, σ) (2.23)

The prior parameters µ and σ are set to a weekly informative distribution with
the probability density shifted towards zero, as I do not know the average probe
specific detection rate, but it is likely to be low given that I observe < 1 BaSISS
signal per cell.

Allelic confusion

The difference between wild-type and mutated allelic variants often amounts to
a single nucleotide. This elevates the chances for the padlock probe to anneal to
the off-target allelic variant, resulting in allelic confusion. Though DNA ligases
are optimised for fidelity, they can make mistakes, particularly under suboptimal
conditions [Lohman et al. 2016]. This mistake-prone behaviour particularly con-
taminates mutated allele reads. Since most cells contain at least two wild-type
copies, this creates spurious noise, as seen in Figure 2.2 (red dots in P1-D1).
To model this effect, I design a sparse transition matrix τ ∈ R|a|,|a|

(0,1) , populating
it with transition probabilities {τa,a ′} for each allele. I impose a strong regular-
ising Beta prior on τa,a ′ , shifting the probability density close to 1 and preventing
it from dropping below 0.75. This restriction avoids non-identifiability and is a
reasonable constraint, given that this effect is selected against during protocol
optimisation.

τ =



. . . wt mut . . .
...
wt τ11 1− τ11
mut 1− τ22 τ22
...

 , τa,a ′ ∼ 1− Beta(α,β)/4 (2.24)

I set the values corresponding to different loci to zero, as off-target probe hy-
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bridisation is unlikely to result in a signal.

Clone specific allelic variations

The detection rate matrix, ι, registers the mean clonal expression level. However,
we can reasonably assume that different clones exhibit some level of variability
in gene expression. To model this deviation, I use a matrix γ ∈ R|s|×|a|

+ , with a
LogNormal distributed prior such that E[γ] = 1.

γs,a ∼ LogNormal(µ, σ) (2.25)

Regularising this prior is crucial to ensure that most of the probability dens-
ity surrounds 1 by choosing a small σ. Since the matrix γ has the same shape
as the genotype matrix G, failing to control this parameter could lead to non-
identifiability.

Homogeneous and inhomogeneous background adjustments

Raw BaSISS data are derived from biological images that include additional
sources of pixel-level variability. The first source is a homogeneous additive
shift β ∈ R|a|

+ , which globally increases the expected value of a particular probe
detection on the slide. This is consistent with a potential global background
autofluorescence which differs in the wavelength, thus affecting each probe
independently, as they are combinatorially encoded by fluorophores. In combin-
ation with the failed probe detection, this effect can lead to a global shift in the
signal density. I model this effect as a Gamma distributed random variable.

βa ∼ Gamma(µ = 0.5, σ = 1) (2.26)

The second source is an inhomogeneous background shift that adjusts for the
variability in local base signal detection. Such factor should help the model to
explain changes in signal composition that are not explainable by the linear com-
bination of a known clonal genotypes. In practice, besides unknown clones, this
factor tend to help with the technical noise, when some of the tissue areas are not
properly registered, or in the necrotic areas, where nuclei count is high, but the
BaSISS signal is low.
Modelling the variance of this type without imposing harsh regularisation

presents a challenge due to its flexibility. To represent the inhomogeneous
background shift, I introduce additional pseudo-clones, denoted by ψ, with
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corresponding relative prevalence M and pseudo-genotype Γ ∈ R|p|×|a|
+ . The

prevalence in this context mirrors that modelled for the actual clones. The
pseudo-genotype is inferred from a Beta prior, which is manipulated to stretch
the support to match the median copy number k among the loci. Although I use
|ψ| = 1, this value can be increased to allow for a more flexible background shift.

Γp,a ∼ Beta(α,β)× k (2.27)

The Beta distribution parameters are chosen to shift the probability density to-
wards zero, which should prevent the pseudo-genotype from being overestimated
and overused by the model.

Sampling fluctuations

I model BaSISS counts as being Negative Binomial distributed given an unob-
served mean detection level Mx,y,a and over-dispersion parameter αa which
accounts for unexplained variance:

Dx,y,a ∼ NB(µx,y,a, αa) (2.28)

This is a common choice of the likelihood function [Kleshchevnikov et al. 2022;
Townes et al. 2023], as it is more flexible than Poisson, which assumes that the
variance is equal to the mean.
Over-dispersion αa is sampled from Gamma distribution where distribution

density is shifted towards lover value, making the likelihood Poisson like if no
over-dispersion is observed.

αa ∼ Gamma(µ, σ) (2.29)

This concludesmain part of themodel definition. The full model is conceptually
visualised in Figure 2.4.

2.2.5. Regularisation with auxiliary constraints

Depending on the experimental setup, we may obtain auxiliary data contain-
ing information about the state of the system we are modelling. In the spirit
of Bayesian inference, propagating this information through the model should
reduce uncertainty in the posterior estimation of the parameters. In this section,
I describe two types of auxiliary data likely to be generated alongside the BaSISS
experiment, which can be used to regularise the model.
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Figure 2.4: Mathematical modelling BaSISS data. Mathematical model for generating quant-
itative clone maps. The essential idea is that the BaSISS signals count matrix D is decomposed
into maps of clones M each with a distinct genotype G (grey shading), accounting for multiple
sources of variability.

Bulk variant allele frequency information

WGS forms the initial step of BaSISS, and is vital for inferring clone composi-
tion and identifying potential targets for probe design. This step is carried out
on the tissue sections adjacent to the block used for BaSISS, as illustrated in Fig-
ure 4.5. Since the neighbouring tissue sections are likely to have similar, though
not identical, clone composition, we can use theWGS data to regularise the global
clonal composition inferred by the model.
WGS directly measures the number of reads for each allelic variant, so the rel-

ative variant allele frequency (VAF) for each locus should remain the same across
tissue sections with identical relative clone composition. I apply this constraint
to the model by constructing an auxiliary variableVAFBaSISS of each mutant vari-
antm on the slide. This variable is formed by the summation of M × G product
over spatial dimensions and represents the bulk inferred VAF of the slide:

VAFBaSISS =
∑
x,y

M × Gmut

Gwt + Gmut (2.30)

Next, I construct an auxiliary likelihood ofVAFBaSISS with α and β parameters
proportional to the number of mutated and wild-type reads found in the WGS
experiment. I incorporate parameter u to account for uncertainty in WGS data
since it originates from a proximal slide that is not exactly the same as the one
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parameters α and β The
beta-binomial distribution
models the number of
successes in a fixed number of
trials, where the probability of
success follows a beta
distribution. The parameters
α and β can be interpreted as
”pseudo-counts,” with α
representing 1 + number of
prior successes, and β 1 +
number of prior failures.

used in the BaSISS experiment:

VAFBaSISSm ∼ Beta(α = WGSmutm /u+ 1, α = WGSwtm/u+ 1) (2.31)

It is important to note that this likelihood contains exactly |m| mutant alleles
terms, roughly half the number of alleles |a|. In contrast, the main model likeli-
hood Equation (2.20) includes |x| × |y| × |a| terms, several orders of magnitude
higher. This discrepancy means that the main model likelihood will predomin-
antly influence the posterior estimation. Thus, I multiply the log-likelihood of the
auxiliary constraint by a factor of |x|× |y| when formulating the ELBO.

Immunohistochemistry based cell type counts

Another potential auxiliary data source stems from IHC staining of the tissue sec-
tion. IHC staining, a standard technique in pathology, serves to identify specific
cell types. Within the scope of the BaSISS experiment, IHC staining can be em-
ployed to characterise the spatial microenvironment of the tissue section. As the
cancer cells’ staining by IHC is known, this information can be used to regularise
the model.
In our study, I focused on working with CD45 IHC staining, which pinpoints

the location of immune cells. As none of the breast cancer cells should be stained
by CD45, we can establish a connection between the fraction of stained cells in
the region and the cancer cell fraction. This connection is made through the con-
struction of an auxiliary variable for cell fraction, denoted as CellFrac, obtained
by summing the clone map matrix M over clones of the respective types s− (in-
cluding cancer cells and normal genotypes of non-immune cells) or s+ (covering
immune cells with normal genotypes).

CellFrac =

∑
s∈s− M∑
s∈s+ M (2.32)

Subsequently, I formulated an auxiliary likelihood of CellFrac using the Beta
distribution, where the parameters α and β correspond to the cell counts of IHC-
and IHC+ stained nuclei on the slide.

CellFracx,y ∼ Beta(α = IHC -
x,y + 1, α = IHC +

x,y + 1) (2.33)

This form of regularisation proves especially beneficial in samples with very
low cancer cell fraction, such as in lymph node metastasis, where the majority
of cells are immune cells. In these instances, the model might mistakenly inter-
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pret noise in areas with high normal cell density as cancer cell signals, thereby
overestimating the local CCF.

2.2.6. Multi-sample extensions

When conducting a BaSISS experiment on multiple tissue sections belonging to
the same cancer patient, and when these sections are acquired and prepared in
a batched manner, it becomes possible to share many of the model’s paramet-
ers between the slides. Specifically, the shared parameters include the genotype
matrix G (since they pertain to the same cancer case), clone-specific allelic ex-
pression variation γ (as clones are likely to exhibit similar expression patterns),
the probe confusion transition matrix τ, and the expected probe detection rate ι
(since the same genes are targeted, and the samples are prepared under identical
conditions). The remaining parameters are specific to each of k individual slides.
To address potential variations in sample preparation, I multiply the mean

probe detection rate by a slide-specific probe deviation matrix η ∈ R|k|×|a|
+ . This

matrix has a log-normally distributed prior, with E[η] = 1 and a variance of 0.05.

ηk,a ∼ LogN(µ, σ) (2.34)

This extension especially pays off when certain clones are present only in one
of the slides. It prevents the model from overfitting to the noise within the data.

2.2.7. Inference

Variational inference is used to approximate the posterior, specifically employing
the mean-field version of ADVI as found in the PyMC package. As explained in
Section 2.1.3, ADVI optimisation approximates the posterior distribution over un-
known parameters using an appropriately transformed multivariate normal dis-
tribution. This transformation allows the exploitation of the automatic differen-
tiation framework. Since estimating the covariance between parameters proved
to be excessively costly, the optimisation is performed only on the mean and di-
agonal elements of the covariance matrix of the variational distribution.
Training is halted when the ELBO no longer rises, typically after at least 15,000

iterations using the ADAM stochastic optimiser [Kingma et al. 2014] with a learn-
ing rate of 0.01. For subsequent analysis, the marginalised variational posterior
of the parameters is employed. My experiments demonstrate that multiple ini-
tialisations may be necessary to reach an optimal solution. This requirement is
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Defining cell-type The
categorisation of cell types is
often ambiguous because of
transcriptional plasticity.
While broader cell types may
exhibit stable markers,
specialised or niche cell types
tend to be more transient and
elusive, leading to false
overclustering [Grabski et al.
2022].

primarily driven by the stochastic selection of initial values but might also be
affected by numerical instabilities occurring during inference with PyMC.

2.3. Validation

Validating spatial genomics models presents a formidable challenge. Simulation
studies are of limited use, as they fail to capture the complexity of real data.
Furthermore, the absence of ground truth data precludes a direct comparison of
model predictions with actual values. Most validation methods, therefore, rely on
indirect strategies. These include assessing correlations between the distributions
of conservative marker genes and inferred cell types, or evaluating the stability
of the solution on technical or simulated replicates [Haoyang Li et al. 2023]. For
the BaSISS experiment, we generated a technical replicate to gauge the stability
of both experimental and computational aspects of our approach.
Defining cell-type often poses an ambiguous task. However, the BaSISS model

seeks to map clones defined by a set of point mutations, offering a robust and
often binary definition (either present or not). Consequently, it becomes feasible
to generate near ground truth data using the LCM WGS approach [Shen et al.
2000]. In this method, the tissue undergoes microdissection into regions of in-
terest, followed by DNA extraction and sequencing. Though expensive and time-
consuming, this strategy yields high-resolution allelic frequency data, allowing
for an assessment of model prediction accuracy.
Technical replication and LCM-WGS experiments were carried out on can-

cer case P1, briefly introduced in Section 4.2.2 and described in more detail in
Tables D.1 and D.2.

Consistency of the BaSISS data

In the initial stages of the BaSISS experimental protocol optimisation, J.S., M.N.
and C.S. produced two consecutive slide technical replicates over several years.
These replicates were created using different probe designs, imaging platforms,
and tissue preparation strategies, as detailed in Appendix A.5. This sequence
offers an invaluable resource for evaluating the consistency of the experimental
protocol, particularly concerning signal distribution.
Figure 2.5 displays the correlations between the VAF distributions of the

two technical replicates. Despite the variations in experimental conditions, the
BaSISS-derived VAFs demonstrate strong correlation across replicate experi-
ments on serial tissue sections (R = 0.76–0.93, Pearson’s). This result underscores
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Figure 2.5: Technical consistency of the BaSISS protocol. Top Left part of the plot shows
the Person’s correlation between the VAF distributions of the two technical replicates - R0 and
R1. Data are presented as mean estimates and 95% HPDI. Bottom Left confirms the correlation
betweenWGS read normalised BaSISSmutant (solid) andwild-type (hole) allele counts. This sys-
tematically confirms the correlation between BaSISS signal density and copy number alteration
(CNA) level. Right part of the plot shows the fields M inferred by the model for each of the two
replicates. The fields are visually similar, considering tissue distortion and distance on z-stack.
Scale bar = 2.5 mm

the BaSISS protocol’s robustness against changes in experimental circumstances.
I have previously addressed the visual correlation between BaSISS signal dens-

ity and copy number alteration (CNA) level in Section 2.2.1, citing it as a motiva-
tion for the model design. Nonetheless, it is crucial to formally evaluate whether
this correlation holds generally across loci. We possessWGS data for the samples,
providing us with bulk WGS estimates. Although the precise clonal composition
remains unknown, we can reasonably presume that normalising BaSISS signals
byWGS-detected reads should account for the compositional differences between
samples. As depicted on the bottom-left subplot of Figure 2.5, this assumption
holds true, with log2(BaSISS/WGS) values showing reasonable correlation (R =
0.75–0.9, Pearson’s).3 This finding supports the assumption that BaSISS signal
density correlates with the number of DNA copies in the sample.

Consistency of the model predictions

The replication experiment mentioned earlier serves to assess the stability of the
model’s predictions. As the probes are engineered to target identical mutations,

3Apparently, in the original publication I accidentally reported this equation incorrectly as
VAFs instead of the raw signal counts.
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the model ought to generate comparable clonal maps for both replicates. How-
ever, certain variables, such as the probe detection rate, denoted as ι, may vary
due to differences in probe barcodes and experimental conditions. When run
with identical hyperparameters on the two replicates, the model yields reason-
ably similar clonal maps, accounting for the distance in the z-stack between them
(refer to Figure 2.5).
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Figure 2.6: LCM-WGS validation of the BaSISS model prediction. Top part of the plot shows
the Person’s correlation between the VAF distributions of the two technical replicates - R0 and
R1. Data are presented as mean. Scale bar = 2.5 mm. Bottom shows VAF values for the validated
regions: BaSISS signal, which appears noisy, BaSISS model imputed VAF highly concordant with
LCM-WGS estimates.

Validation of model predictions with LCM-WGS

Before using the aforementionedmodel in practice, wemust validate the accuracy
of its detailed predictions of clonal compositions. Characterising the entire tissue
slide is unfeasible due to its laborious nature, but we can select a small number of
regions for LCM-WGS to confirm the model’s predictions. For this purpose, we
performed LCM-WGS on the residual tissue blocks.
It is vital to acknowledge that the tissues usedwere not adjacent slides but were
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located at a significant distance along the z-stack. This distance represents an un-
fortunate oversight in our experimental design. We located areas with structural
correspondence, excised them, and then conducted sequencing. Following this,
we compared the resulting VAF values to both the raw BaSISS signal VAFs and the
model predictions formulated for the corresponding regions (refer to Figure 2.6).
The contrast between the noisy raw BaSISS signal VAFs and the nearly exact

matching model predictions with the LCM-WGS estimates is striking. This con-
trast attests to the model’s capability to precisely infer the spatial clonal compos-
ition of the tissue. Furthermore, it affirms the model’s suitability for downstream
data analysis.

2.4. Model assumptions and outlook

Quantitatively estimating the arrangement of genetically different clones in
space, using information from their genes obtained through ISS, is a difficult
task. The model described here addresses the multiple sources of biological and
technical noise to generate clonal maps, which have been orthogonally validated
(see Section 2.3). However, the design of any model inevitably introduces
assumptions that must be considered during result interpretation. This section
discusses the assumptions and limitations of the BaSISS model as well as possible
future directions.

Signal binning

The BaSISS protocol relies on dividing ISS signals into regions, a process known
as binning. This binning is convenient, as it reduces the number of parameters,
enabling a straightforward application of the Negative Binomial likelihood func-
tion. The decision to bin is driven by the fact that the BaSISS signals are sparse;
however, this leads to information loss. Although this trade-off suits the cur-
rent stage of BaSISS experimental technology, it may become less justified as the
technology evolves and improves.
Mathematical frameworks exist that allow the model to engage directly with

the point signals. For example, bothMarkov Random Fields [Petukhov et al. 2022]
and spatial Poisson processes [Qian et al. 2020] have been successfully employed
to connect spots to the latent fields. Alternatively, the Integrated Nested Lapla-
cian Approximation (INLA) [Rue et al. 2009] of the latent GP, although not yet
popular in spatial genomics, appears promising.
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I foresee that, as experimental technology advances, the BaSISS model can be
extended to incorporate these approaches in the future.

Spatial correlation

The model employs a GP prior to handle the sparsity of the ISS data, assuming a
smooth change in clonal composition across space. This assumption stems from
the observation that breast cancer tissue maintains structural integrity, causing
cells to remain in proximity after division. However, the model fails to consider
detached compartments like ducts, leading to potential errors at the interfaces
between compartmentalised regions. Consequently, the inferred clonal compos-
ition at these borders might appear more intermixed than in reality.

Copy number variation and expression

The BaSISS protocol detects RNA, while the model operates with clone genomes.
To associate genetic clones with BaSISS data, I assume a positive linear relation-
ship between an allelic variant’s copy number and its expression. The correlation
of BaSISS probes, normalised by WGS across the examined sections, endorses
this assumption (see Section 2.3). Previous studies also support this relationship
[Handsaker et al. 2015], though exceptions do exist.
For instance, genes such as TP53 and MYC, as demonstrated by Shao et al.

[2019], appear to deviate from the linear trend. This deviation may arise from
dosage compensation mechanisms that can assume a non-linear form. An ex-
ample of this can be seen in MYC expression, which seems to be resistant to low
CNAs but exhibits high expression in focal high-level amplifications [Schukken
et al. 2022]. These observations urge careful consideration during the design of
allele target panels.

Homogeneity of clonal expression

Themodel assumes that alleles of a particular clone are expressed homogeneously
across the slide. Potential violations might be partly compensated by multiple
defining alleles of clonal branches, or by considering an inhomogeneous back-
ground (Section 2.2.4). The former might counterbalance the effects of highly
variable alleles on the ELBO loss via overdispersion parameter, while the latter
might capture some heterogeneity as pseudo-clones. Hence, the spatial distribu-
tion of the pseudo-clone factor may highlight problematic regions.
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2.4. Model assumptions and outlook

optimal tree solution The
original idea was to write the
tree sampler and treat
differences between ELBOs of
the fitted models as the model
selection criteria. This practice
is justified in
Chérief-Abdellatif [2018].

KL(Q||P)

KL(P||Q)

A common proverb postulates:
“In the case of a
non-alternative selection
between two opposing entities,
both will manifest
suboptimally”. Here, both
formulations of KL divergence
exhibit significant drawbacks.

Phylogenetic tree

Since the clonal genotype matrix or phylogeny is fixed, the model cannot adjust
it directly. Though selecting an optimal tree solution based on BaSISS data is the-
oretically feasible, in practice, various tree solutions yield similar ELBO values.
This likely results from latent parameters causing non-identifiability. Attention
should, therefore, be given to WGS mutation clustering and copy number estim-
ation to avoid errors that may produce unrealistic clonal abundances and growth
patterns. However, assessing model residuals could highlight problematic alleles
and indicate the feasibility of the genotype matrix.

Confidence intervals of the inference

The mean-field variational approximation offers a cost-effective means of infer-
ence, yet it comes with inherent limitations. Its first limitation arises from the
aim of optimising KL divergence KL(Q||P). If the true posterior P displays mul-
timodality, the variational approximation Q fits only one mode, consequently
overlooking other viable solutions. An alternative definition of the reverse KL
divergence might strive to encompass all modes, but it often proves undesirable,
as the approximate distributionmay assign high density to regions where the true
posterior is improbable. Additionally, the mean-field approximation typically un-
derestimates the parameter variance [Kucukelbir et al. 2016]. Regrettably, util-
ising full-rank VI or MCMC, which provide more accurate variance estimations,
remains computationally impractical for the BaSISS model. Nevertheless tech-
nological developments in the field of high performance numerical computations
and the use of more powerful hardware resources could make these approaches
feasible in the future.
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e.g. CCA e.g. MOFA
Coordination Fusion

Multimodal Data Representation

Two common ways of
multimodal data
representation that reflect
cross-modal interactions.
From Liang et al. [2022].

The Introductory Section 3.1, Data Characterisation Section 3.2.3, Hierarch-
ical Logistic Regression Section 3.2.4, Multimodal Visualisation Section 3.2.8 and
Summary Section 3.3 are original. I borrowed the rest of the sections from the
original manuscript and reworked them to fit the thesis format, rewording, ex-
panding and illustrating them for clarity. All the main and margin figures are
original except Figure 3.1 and Figure 3.3, which I reproduced from the original
paper with stylistic and compositional adjustments.

3.1. Background onmultimodal analysis

Cancer progression involves complex interplay between the evolution of genome,
cell state plasticity, spatial architecture, and interaction with the microenviron-
ment (Chapter 1 and Section 4.1); the study of tumourogenesis therefore benefits
from integrating multiple layers of genetic and non-genetic information at the
single-cell level. Unimodal analyses, which focus solely on one aspect such as
genetics or transcription, offer an incomplete view. To capture different axes
of variation, integrative multi-omics approaches become essential [Baysoy et al.
2023; Nam et al. 2021].
Although ideal measurements would capture all modalities in the same cell

simultaneously, current technologies fall short in their ability to deliver a truly
multimodal view. Existing multi-omics technologies face limitations in through-
put and the number of modalities they can measure concurrently [Baysoy et al.
2023]. Consequently, researchers often acquire unmatched single-cell informa-
tion modalities across several biological samples. They then infer a joint repres-
entation in latent space, using techniques conceptually akin to canonical correla-
tion analysis [Stuart et al. 2019] or factor analysis [Argelaguet et al. 2018; Velten
et al. 2022]. However, this strategy suffers from inevitable information loss when
aligning distinct feature spaces.
Current multi-omics methods typically measure two modalities, one of which

is usually the transcriptome. Examples include CITE-seq (protein and transcrip-
tion, Stoeckius et al. [2017]), scATAC-seq (DNA-accessibility and transcriptome,
Lareau et al. [2019]), and G&T-seq (genome and transcriptome, Macaulay et al.
[2015]). While these pairs are natural parts of the corresponding assays, they
often exhibit low multiplexity and biases; for instance, CITE-seq generally meas-
ures only around 300 surface proteins. Nonetheless, one can use common dimen-
sions as pivots for data integration and imputation, thereby better preserving
information than when integrating over distinct feature spaces [Ashuach et al.
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3.1. Background on multimodal analysis

2023; Hao et al. 2021].
The methods outlined above offer a multimodal depiction of cells. However,

because these assays are dissociative, they compromise the spatial structure. In
contrast, spatial omics methods uniquely maintain the tissue context of cellu-
lar measurements (Box 1). Yet, they encounter similar challenges to those faced
by single-cell multi-omics methods. Specifically, these methods share issues of
sparsity and low plexity, and often necessitate integration with single-cell refer-
ence data obtained from dissociative studies (Box 2).
For spatial omics methods, integration of multiple spatially-resolved modal-

ities is feasible across consecutive tissue sections (Box 2). Unlike in single-cell
omics, where integration occurs for the same cell, spatial omics focuses on
local neighbourhoods. This approach relies on the assumption that the cellular
composition and properties remain relatively constant between adjacent slides.
However, since most tissue are heterogeneous and contain functional structures,
this assumption holds true only if the tissue sections are closely situated,
typically within only a few cell layers. Algorithms for image registration enable
the alignment of moderately distorted sections and the 3D reconstruction of
a tissue block [Kiemen et al. 2020] unifying information obtained in different
experiments. However, when integrating data, one must exercise caution to
ensure that cellular structures have not vanished along the z-axis.
Spatial omics tools offer valuable context for cellular functions, exceeding the

phenotypic descriptions available through traditional genomics. These tools elu-
cidate the spatial organisation of cells within tissues, and its impact on cellular
behaviour (Section 1.3). Analysis tools range from simple statistical tests that ex-
amine differences in cellular composition and expression to more complex unsu-
pervised clustering algorithms based on topic models [Nirmal et al. 2022], Gaus-
sian processes [Svensson et al. 2018] and spatial graphs [Danenberg et al. 2022].
For information-rich data, more explicit models of cell interaction, that attempt
to model cell expression based on the local neighbourhoods, are possible [Fischer
et al. 2023].
In summary, a nuanced understanding of cancer necessitates the integration of

multiple data modalities, including spatial information. Although multi-purpose
tools like Seurat [Hao et al. 2021], MOFA [Argelaguet et al. 2018], and MEFISTO
[Velten et al. 2022] offer valuable platforms for data exploration, theymay lack the
specificity required to answer targeted questions in cancer biology, particularly
when data quality is suboptimal. In this chapter, I will outline the spatial data
collected alongside BaSISS, describe the integration methods employed to define
and locate cell types, and present customised statistical tests designed to answer
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Tissue block

Bulk-WGS
subclone discovery

BaSISS
subclone mapping

ISS
transcription

H&E
histology

IHC
protein expression

tissue leftovers for
additional experi-
ments (e.g. LCM 
validation)

The tissue block undergoes
sectioning to yield material
for the designated experiment.
Subsequently, the various
data modalities are spatially
aligned. The thickness of each
slide measures 10 µm.

the specific question: “What are the phenotypic and microenvironmental dif-
ferences between cancer clones?”

3.2. Results

Knowing the spatial distribution of clonal densities as the result of BaSISS model
described in Chapter 2, one may characterise the clones phenotypically based on
additional spatially matched data. In this section, I outline the key properties of
the data acquired to characterise the TME. I also detail the computational pro-
cessing required to transform raw data into usable features. These include:

• Histopathological phenotype, Section 3.2.1

• IHC staining Section 3.2.2

• ISS expression signals assigned to nuclei, Section 3.2.3

• Cell type annotations, Sections 3.2.4 and 3.2.5

The modalities of spatially resolved information exist across multiple consec-
utive tissue slides. These slides exhibit spatial deformations from one layer to
another, complicating the registration process. To integrate information across
all modalities, a trained pathologist, Hege Russnes, manually annotated regions
of breast tissue. These annotations targeted areas with similar histopathological
phenotypes, which should be in close physical proximity on the z-stack. After in-
tegrating the data, I applied statistical tests specifically designed for this dataset
to characterise cancer biology (Section 3.2.6).

3.2.1. Histopathological phenotype

In our study, histology served dual purposes: it helped define micro-anatomical
and cellular features, and designate microregions for feature projection across
consecutive slides and assays (Box 1). Hege Russnes annotated microregions
on haematoxylin and eosin (H&E) stained fresh-frozen samples, uninfluenced by
prior knowledge of the sample’s genetic clonal structure.
For ductal carcinoma in situ (DCIS) cases, annotation focused on regions pre-

sumed to be myoepithelially enclosed, as indicated by H&E or other histological
images (refer to Figure 4.1 for details). Due to the limitations imposed by fresh
freezing, certain features like mitotic activity and chromatin structure were dif-
ficult to assess. Consequently, nuclear grading (see Section 4.1) in DCIS relied
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mainly on nuclear size. H.R. assessed the presence or absence of nuclear vacu-
oles using a 20% cut-off criterion. Challenges in identifying terminal ductal lobu-
lar unit (TDLU) and ducts were resolved by considering the presence of branches
in morphology (Figure 4.1).
For invasive tumour sections lacking clear histological structures, H.R. and

L.R.Y. manually demarcated similarly sized regions of invasive tissue. This ap-
proach enabled uniform sampling across the entire tissue surface area.
In specific samples, P2-TN1 and P2-LN1, H.R. reported multiple independent

growth patterns. For P2-LN1, areas were selected based on these growth patterns,
with the aim of creating regions of similar size (Figure 3.1). In the case of P2-TN1,
where different growth structures were less distinctly demarcated, H.R. reported
the proportion of cells belonging to each growth pattern within predefined re-
gions.

3.2.2. Immunohistochemistry data

Immunohistochemistry serves as a robust method for localising specific proteins
within tissue sections. While the technique offers limited multiplexing capabilit-
ies, it remains a standard approach for obtaining spatial information on protein
expression levels.
Carina Strell incubated tissue sections with antibodies targeting PanCK, CD45,

and HER2. These slides underwent both BaSISS and ISS protocols. In subsequent
slides, C.S. and S.S. targeted additional proteins, such as SM-MHC, P63, PR, Ki-67,
and PTEN. For further context on the role of these proteins in breast cancer, refer
to Section 4.1.
L.R.Y. utilisedQupath digital software for the quantitative evaluation of stained

nuclei [Bankhead et al. 2017]. The analysis focused on assessing the expression
of Ki-67, PTEN, and PR in selected regions (Appendix Figure D.1).

3.2.3. In situ sequencing data

The study design employs In Situ Sequencing (ISS) technology to characterise the
transcriptional phenotype of tissue samples. The ISS dataset included two pan-
els: a previously published 91-gene panel targeting oncology-relatedmarkers and
a novel 62-gene immune panel designed for immune cell profiling (Figure 3.1).
I assessed the immune panel’s performance by correlating its expression levels
with paired bulk RNA-seq data in the triple-negative breast cancer (TNBC) case
outlined in Section 4.2.2. The choice of this specific case stemmed from its el-
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Figure 3.1: in situ sequencing data for the lymph node breast cancer sample. top, Display
of BaSISS fields alongside two selected ISS panels, focusing on selected genes (HER2, CD24 - on-
cology panel andMS4A1, CD68, CD3D - immune panel). White outlinesmarkmicroregions, identi-
fied by a histopathologist, based on histological growth patterns. bottom, Scatterplots show the
log2-fold change in gene expression between samples, as measured by RNAseq and combined
ISS oncology and immune experiments. High correlation values (R = Pearson’s correlation) con-
firm on-target probe performance. The analysis includes genes that meet the following criteria:
a Transcripts Per Million (TPM) count greater than 25 in RNAseq and over 1000 detections per
million cells in ISS, minimising deviations due to low counts.
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hierarchical structure, often
reflected in single-cell atlases
annotations. Data from
S. Z. Wu et al. [2021]

evated levels of immune cells, the panel’s designed target. Once normalised for
technological differences, data exhibited a significant correlation (R = 0.69–0.78,
Pearson’s) as shown in (Figure 3.1).
Transcript detection, particularly differential expression near clones, often

provides functional insights if a gene has a clear association with a specific
cell type. For instance, the presence of the MS4A1 gene strongly indicates
the existence of B-cells. However, many genes lack a clear association with a
cell type, complicating interpretation. The detection of ACTA2, for example,
could signify the presence of either smooth muscle cells, myofibroblasts, or
basal epithelial cells. Additionally, functional interpretation is confounded by
the cell signal’s origin; epithelial-mesenchymal transition (EMT) markers in
epithelial cells signify transition, whereas the same markers in stromal cells are
standard. Therefore, accurate interpretation of ISS data requires knowledge of
the originating cell type.
While the ISS panel aimed to identify specific cell types and was partially based

on the Oncotype DX panel [Paik et al. 2004], the gene selection process did not
consult single-cell atlases. Instead, the chosen genes were primarily informed by
the existing literature, which often focuses on protein characteristics unmeasur-
able by ISS. Moreover, the data was generated using an older version of the ISS
technology based on sequencing by ligation, resulting in a low signal count per
cell (fewer than 3 signals per cell when assigned) (Appendix A.5)
Given the data’s sparsity, the use of sophisticated methods designed to resolve

niche cell types, such as cell2location [Kleshchevnikov et al. 2022] and SSAM
[Park et al. 2021], based on expression signatures turned out to give suboptimal
results. Consequently, I opted for an alternative approach: employing scRNA-
seq data to first identify cell markers that unequivocally define cell types, and
subsequently using these markers for tissue profiling.

3.2.4. Hierarchical logistic regression for cell marker discovery

The objective is to identify easily usable cell type markers for classifying indi-
vidual cells within a tissue. To make decoding simple, these markers should be
unique to a specific cell type or, alternatively, a unique combination of markers
should denote a specific cell type. Identifying unique markers is challenging be-
cause most genes are involved in cellular programmes that multiple cell types
share, particularly when the classification is granular. Current methods for dis-
covering cell type markers rely on statistical tests [F. A.Wolf et al. 2018], heuristic
approaches for dimensionality reduction [Dai et al. 2022; Dumitrascu et al. 2021;
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Missarova et al. 2021], or machine learning classification models [Nelson et al.
2022] coupled with feature importance analysis. These methods generally fail to
explicitly incorporate the concept of combinatorial encoding of cell types.
One natural approach to improving cell type identification exploits the hier-

archical organisation of cell types. In this model, we assume that higher level
group cell markers, such as those for all epithelial or immune cells, are obligator-
ily expressed across their respective subtypes. Nonetheless, we permit subtypes
to display non-unique markers that might be shared among multiple groups as
soon as this group belongs to a different overarching type. The key requirement
is that this higher level cell type remains identifiable.
Consider, for example, the immune-cycling and epithelial-cycling cell states.

Both types of cells express markers indicative of cell cycling. Non-hierarchical
marker discovery methods may overlook these cycling markers as they are too
general. This limitation arises because subpopulations within both immune and
epithelial cells express these markers. However, by combining cycling markers
with high level markers specific to all immune cells, one can unambiguously cat-
egorise immune-cycling cells.
To formalise this strategy, one could employ a marker selection model like lo-

gistic regression restricting the model to groups of cells that belong to the same
high level cell type. Then, iterate this approach across multiple layers of hier-
archy. However, this isolated approach hinders information sharing across hier-
archical levels and could yield suboptimal results. To address this limitation, I
have restructured the standard logistic regression model to operate within the
cell hierarchy framework, aiming to identify cell type markers at each hierarch-
ical level (Figure 3.2).

Multi-class logistic regression

Consider a Bayesian formulation of the logistic regression model for predicting
cell types. Let yi represent the cell type label for cell i, which can assume one
of K possible classes, {1, 2, . . . , K}. Define xi as the g-dimensional vector of gene
expression levels for cell i. The likelihood function for this model is given by:

p(yi = k|xi,w) =
exp(wT

kxi)∑K
k=1 exp(wT

kxi)
(3.1)

Here, wk is the weight vector corresponding to class k. To promote sparsity,
we employ a zero-centred Laplace prior for the weights, characterised by scale
parameter λ:
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Figure 3.2: Hierarchical logistic regression conceptual description. The hierarchical logistic
regression model utilises a tree that represents the hierarchical relationships among different
cell types. Each node in this tree corresponds to a specific cell type, and edges signify subclass
relationships. Mathematically, the likelihood conditions the probability of a cell belonging to a
specific type based on its hierarchical ancestors, leveraging an array of weight vectors corres-
ponding to each hierarchical layer. This structure introduces conditional dependencies between
cell types, allowing contextual cell-type marker predictions

p(wkg) ∼ Laplace(0, λ), i.i.d. for all g (3.2)

I fit this model to an annotated scRNA-seq dataset using the VI method, as de-
tailed in Section 2.1.3. This provides an approximation of the posterior distribu-
tion p(wk|X, y). The magnitude of each wk,g thereby affords a straightforward
interpretation of gene g’s importance in classifying cell type k.

Graph structure of annotated single-cell data

The graph structure of single-cell data annotation hierarchies can be mathemat-
ically represented as a tree T = (V, E), where V is the set of vertices and E is the
set of edges. Each vertex v ∈ V represents a particular cell type annotation, and
each edge (u, v) ∈ E represents a subclass relationship between cell types u and
v.
Let r be the root node, representing the most general cell type encompassing

all cells. Nodes directly connected to r represent broad cell types; for example
these could be “Epithelial cells”, “Immune cells” or “Stromal cells”. The set of all
nodes connected to the root is denoted as L1 and represents the first layer of the
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hierarchy.
Mathematically, a hierarchical layer Li consists of nodes that are equidistant

from the root node r. That is, for any node v in Li, the shortest path from r to v
has length i:

Li = {v ∈ V : d(r, v) = i} (3.3)

where d(r, v) denotes the shortest path from r to v in tree T .
For convenience, let’s also define a function fp (Figure 3.2) that retrieves the

parent u of the child node v:

fp(v) = u, where (u, v) ∈ E (3.4)

The fs function (Figure 3.2) returns the set of siblings of node v (including v
itself), that lie in the same layer as v node, and belong to the same parent node u:

fs(v) = {w ∈ V : fp(w) = fp(v)} (3.5)

Taking an element in L3, and iteratively applying fp until we reach L1 would
return it’s hierarchy “CD8+ T cells” → “T cells” → “Immune cells”. Similarly,
applying fs to this element would return all other cell types in that belong to the
same parent node “T cells”, such as “CD4+ T cells” and “NK cells”.

Hierarchical extension of logistic regression

Now that we have defined the hierarchical structure of the cell type annotation,
we can extend the logistic regression model to incorporate this information (Fig-
ure 3.2). Similar to standard logistic regression, xi as the g-dimensional vector
of gene expression levels for cell i. Let yi = [yi,1, yi,2, . . . , yi,H] be the set of
labels for cell i, corresponding to each of theH hierarchical layers. Similarly, the
weight vector for layer Lh is denoted as wLh

, where h ∈ 1, 2, . . . , H.
The probability of cell i belonging to class k at layer Lh is now dependent on

the hierarchical parents of this cell:

p(yi,h = k) = p(yi,h = k|yi,h−1 = fp(k))

× p(yi,h−1 = k|yi,h−2 = fp(fp(k)))

× · · ·
× p(yi,h1

= fH−1
p (k))

(3.6)

Notice that the conditional term like p(yi,h = k|yi,h−1 = fp(k)) is equivalent
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to the standard logistic regression model, restricted to the fs(k), i.e. the siblings
of label k.
Expanding the above equation using Equation (3.1) yields the likelihood func-

tion for the hierarchical logistic regression model:

p(yi,h = k|xiw) =
exp(wT

Lh,k
xi)∑

j∈fs(k)
exp(wT

Lh,j
xi)

×
exp(wT

Lh−1,fp(k)
xi)∑

j∈fs(fp(k))
exp(wT

Lh−1,j
xi)

× · · ·

×
exp(wT

L1,f
H−1
p (k)

xi)∑
j∈L1

exp(wT
L1,j

xi)

(3.7)

The prior distribution for the weights w is the same Laplace distribution as in
Equation (3.2). To address the issue of class imbalance, we now adjust the weights
using the square root of the number of cells in each group. We employ square root
scaling to moderate the penalty on larger groups, thereby maintaining a balanced
emphasis across different classes.
This model is fit using ADVI, and the posterior distributions of the weights are

used to asses the importance of a gene to define a given class.

Inferred set of markers for ISS panels

I run the aforementioned model on the breast cancer atlas derived from scRNA-
seq data (∼ 30000 genes), as described by S. Z. Wu et al. [2021]. The analysis
was limited to the subset of genes present in two ISS panels (91 + 62). After
applying a filter to retain only the top 70th percentile of all gene weights, and
manually excluding genes expressed in multiple cell types within each group,
the resulting marker set exhibited limited resolution (Figure 3.3). Specifically,
the markers were able to differentiate only two out of the four hierarchical levels
defined in the atlas. At the first level, adequatemarkers allowed for differentiation
among broad cell types: “Immune”, “Epithelial”, and “Stromal”. At the second
level, the “Immune” cells resolved further into “B-cells”, “Myeloid”, and “T-cells”.
The “Stromal” category subdivided into amixed population of “Fibroblasts + PVL”
and “Endothelial” cells. The analysis did not provide further resolution due to a
poor choice of markers during panel design.
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Figure 3.3: Hierarchical cell-type markers for ISS panels. The result of running hierarchical
logistic regression to select marker genes for cell typing, employing Breast Cancer scRNA-seq At-
las [S. Z.Wu et al. 2021] as input dataset. The analysiswas limited to genes from ISS oncology and
immune panels. The figure displays genes with the highest weights for each hierarchical layer.
PVL = perivascular-like cells. CAF = cancer associated fibroblasts

3.2.5. Cell type assignment with sparse data

I overlaid the ISS data with nuclei segmentationmasks and allocated signals to the
closest nuclei. I applied a conservative distance cut-off of 5µm — approximately
double the nuclear radii — to minimise the likelihood of misannotation, resulting
in approximately 30% signal loss.
Cell-type classification occurred in two steps in a simple ‘if-else’ algorithm.

In the first iteration, nuclei possessing any markers corresponding to the broad
categories (“Epithelial”, “Immune”, “Stromal”) were assigned accordingly. In the
subsequent iteration, nuclei initially classified as “Immune” or “Stromal” under-
went further categorisation based on the presence of specific markers shown on
Figure 3.3. Nuclei lacking proximal markers or exhibiting conflicting assignments
received an “Unassigned” classification.
Generally, only approximately 2–40% of nuclei were categorised into even the

highest level cell types, with notable variations across samples (Table 3.1). Such
severe technical variability precludes the possibility of making biologically rel-
evant comparisons between samples. Consequently, the analysis discussed in
Section 3.2.6 and Chapter 4 focus solely on intra-sample comparisons. The an-
notated maps for the lymph node case are presented in Figure 4.8 and Appendix
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Figure D.5.

Table 3.1: Proportions of nuclei classified by cell type across samples. This table presents
the results of cell-type classification, achieved through the use of unambiguous marker genes
and a straightforward ‘if-else’ algorithm. The table focuses on higher level categories, although
“Immune” and “Stromal” cells undergo further subclustering. The generally low proportions of
identified cell types are attributable to the sparse nature of ISS data, suboptimal panel design
and cautious signal attribution to nuclei.

Sample ID ISS panel Immune Epithelial Stromal Unassigned Total Cells

P1-D1 Onco 0% 1.4% 0.3% 98.4% 519,438
Immune 1.7% 0% 0.7% 97.6% 622,534

P1-ER1 Onco 0% 7.7% 11.7% 80.6% 286,153
Immune 6.5% 0% 4.4% 89.1% 275,000

P1-ER2 Onco 0% 3.8% 4.2% 92.0% 322,733
Immune 4.7% 0% 2.3% 93.0% 318,678

P1-D2 Onco 0% 19.2% 4.1% 76.7% 195,726
Immune 4.8% 0% 4.4% 90.8% 159,537

P1-D3 Onco 0% 9.8% 5.2% 85.0% 104,651
Immune 7.8% 0% 3.7% 88.6% 122,455

P2-TN1 Onco 0% 8.6% 22.8% 68.5% 243,013
Immune 9.7% 0% 1.6% 88.7% 231,996

P2-TN2 Onco 0% 20.7% 6.0% 73.3% 267,044
Immune 6.1% 0% 1.2% 92.8% 279,053

P2-LN Onco 0% 5.0% 22.6% 72.5% 400,405
Immune 15.4% 0% 1.6% 83.0% 410,762

3.2.6. GLMM for multiregional quantitative analysis of
clone-specific differences

Upon allocating ISS signals to individual cells and identifying cell-types, microre-
gions contain several types of information. These include continuous clonal con-
tributions, counts of IHC-stained nuclei, ISS signals categorised by originating
cell type, counts of each cell type, and categorical histological phenotype features
(Section 3.2).
The primary objective is to elucidate the phenotypic, transcriptional, and com-

positional differences between clones. It appeared that breast cancer clones gen-
erally do not intermingle, as discussed in Sections 2.3 and 4.2.5 and shown on
Figures 4.7 and 4.9. Thus, I restricted the analysis to highly clonal regions based
on specific CCF thresholds: CCFclone > 0.7 for P1, and CCFclone > 0.15 and 0.05 for
P2-TN1 and P2-LN1, respectively. The lower thresholds for P2-TN1 and P2-LN1
account for the high levels of non-epithelial cells present in these samples.
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Figure 3.4: Modelling clone-specificepxression and composition using GLMM. On of the ob-
jectives of this study is to characterise the phenotypic, transcriptional, and compositional dif-
ferences among cancer clones. I record cell-type composition and ISS signal counts, attributing
them to cells with known cell types. I then model these data using a generalised linear mixed
model (GLMM) that incorporates a clone-specific fixed effect, denoted as β, and a clone-specific
regional randomeffect, denotedasα. Inferredposterior distributionofβ is thenused to compute
statistics and reason about differences between clones.

Standard statistical tests like Fisher’s exact test easily handle categorical data,
such as histological annotations. However, these methods are less applicable for
count data, which are subject to variations in cell numbers and likely overdisper-
sion (e.g. region-specific expression variation). To address these challenges, I
employed custom generalised linear mixed models (GLMMs) designed to account
for variable cell numbers and data overdispersion (Figure 3.4).

Intrinsic expression in cell types

To quantify differential expression associated with clonal regions for a specific
cell type, we record ISS signals corresponding to nuclei classified under that cell
type. I model the distribution of observed ISS expression signals Yrg for genes
g in regions r using a clone-specific expression rate βcg. This rate is sampled
uniformly, encompassing all plausible values (after exponentiation):

βcg ∼ Uniform(−10, 10) (3.8)
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Acknowledging the possibility of region-specific variation in expression, let’s
introduce a random effect variable αrg. This variable has a clone-specific hier-
archical prior σcg, which governs the prior belief regarding the extent of inter-
regional variability. A value of 0.05 for this hyperprior anticipates low variability,
yet permits deviations if the data suggest otherwise. The binary matrixArc maps
dominant clones to their corresponding regions.

σcg ∼ HalfNormal(0.05) (3.9)
αrg ∼ Normal(0,Arcσcg) (3.10)

After adjusting for the number of nuclei of the relevant cell type xr, the likeli-
hood becomes:

Yrg ∼ Poisson
(
xre

Arcβcg+αrg
)

(3.11)

This formulation accommodates both clone- and region-specific variations in
gene expression, providing an interpretable statistical model for analysing cell-
type specific differential expression (Figure 3.4).

Cell-type composition

To assess differential cellular composition between regions associated with
clones, I computed the counts of nuclei categorised as specific cell types. I then
modelled the distribution of nuclei counts Yrt attributed to cell type t across
regions r as a mixed model. This model incorporates both a clone-specific
frequency βct and a region-specific random effect αrt, akin to the approach
used for cell-type specific expression:

βct ∼ Uniform(−10, 10) (3.12)
σct ∼ HalfNormal(0.05) (3.13)
αrt ∼ Normal(0,Aσct) (3.14)

Given the sum-to-one constraint on cell type frequencies, I employed a softmax
(logit) link function along with a Multinomial likelihood for the cell types:

λrt = Aβct + αrt (3.15)
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(3.16)

By incorporating these constrains, I ensure that the model accounts for the
inherent constraints and random effects in differential cellular composition across
regions (Figure 3.4).

IHC staining

L.R.Y. counted the number of IHC-positive and IHC-negative nuclei in each re-
gion usingQuPath [Bankhead et al. 2017]. To enable the application of the afore-
mentioned cell-type composition model, I treated IHC+ and IHC- nuclei as two
distinct cell types.

Inference and statistical testing

I implemented the models using the NumPyRo library and employed Hamiltonian
Monte Carlo (HMC) for parameter inference (Section 2.1.3). To identify quantit-
ative differences, I performed pairwise comparisons of clone-specific expression
rates βcg, for each pairs of clones. Examples of posteriors for expression rates
appear in Appendix Figure D.1
HMC generates empirical posterior distributions with a finite number of

samples, limiting our ability to resolve small differences. Specifically, the
quantiles are restricted to values of 1/n, where n is the sample size from the
HMC run (I run with n=4000). This limitation becomes particularly challenging
when conducting multiple comparisons, as it necessitates the multiple testing
correction.
To enable the calculations of more extreme quantiles I propose a hypothesis

test based on the idea that the posterior of expression differences between clones,
denoted as ∆g = β1g − β2g, should have a mean of zero under the null model
M0 (similar toH0 in frequentist analysis). Assuming that∆g is normally distrib-
uted and treating the posterior as analogous to the frequentist test statistics, let’s
introduce T , essentially a z-score for the mean, defined as:

T =
µ̂(∆)

σ̂(∆)
(3.17)

Under M0, T should be approximately normally distributed with a mean of
zero and a standard deviation of one. Consequently, the square of the test stat-
istic T2 should follow a chi-squared distribution with one degree of freedom,
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denoted as χ21, under M0. The use of T2 allows for a test of magnitude rather
than direction of the differences. To calculate the p-value, I use 1 − CDF(χ21). If
necessary, I apply multiple testing corrections to each comparison to maintain an
FDR below 0.1.
P-values computed according to this approach appear on the volcano plots on

Figure 4.11 and Appendix Figures D.2 and D.4. For differential composition and
protein expression, I used a similar approach with the softmax-transformed βct

values. Examples of βct posteriors and differential composition statistics appear
in Figure 4.11 and Appendix Figures D.1 and D.2.
To maximise statistical power in clone-specific differential expression analysis,

I excluded genes with a clone-agnostic average number of detected signals per
region less than 0.3.

3.2.7. Approach limitations

The algorithms discussed in this chapter aim to integrate multiple data layers to
answer specific biological questions. While they mitigate issues like data scarcity
and permit spatial integration of deformed tissues, they come with inherent lim-
itations and assumptions that must be considered in result interpretation.
Firstly, the current signal assignment is inefficient. It is limited to a spatial

resolution of 5 µm, leading to the loss of 30% of all signals. Optimally, a prob-
abilistic method like pciSeq [Qian et al. 2020] or Bayesor [Petukhov et al. 2022]
should be employed. Unfortunately, the limited number of signals precludes the
use of these methods. This limitation may be overcome as the number of signals
increases.
Secondly, I employed simple cell-type assignment algorithms out of necessity,

rather than as best practice, and the failure of probabilistic algorithms led to this
choice. While similar ’if-else’ assignments exist in multiplex IHC-based techno-
logies with gating, these usually rely on aggregate signals, not individual ones.
Such decision-making based on a limited number of signals risks generating false
positives.
The decision to manually define discrete microregions, rather than automatic-

ally identifying histological units, or working in a continuos space, arose from
challenges such as poor cell-type identification and inconsistent tissue deforma-
tions between slides. These issues made the use of registration algorithms prob-
lematic, complicating the integration of data layers across spatial dimensions. On
one hand, this manual approach simplified analysis by providing clearly defined
histogenomic entities as a basis for statistical inference. On the other hand, it in-
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troduced bias and led to the exclusion of regions omitted from analysis for reasons
such as ambiguous spatial structure, presence of mixed clones, or even fatigue on
the part of the histopathologist — a concern that is more significant than it may
initially appear.

Lastly, the approach assumes uniformity in the marker gene expression within
the same annotation group. Although the regional random effect variable α cap-
tures some regional variability, it does not account for systemic biases in cell
group expression. For instance, if high level classes like immune cells express
markers differently between subtypes (e.g. B-cell vs Myeloid), this will affect the
frequency of their identification, thereby confounding the bespoke compositional
analysis.

Figure 3.5: Multimodal data visualisation web-tool at cancerclonemaps.org. The web tool
visualises multimodal data, specifically designed to meet the requirements of the BaSISS exper-
iment. This web tool interactively displays microregions border, histological features, ISS and
BaSISS data, inferred clonal maps, and ISS-based cell type locations for all samples analysed in
the study from Lomakin et al. [2022]
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3.2.8. Multimodal data visualisation

The challenge of visualising spatial multimodal data, particularly in the project
that combines BaSISS, ISS, and histological data, requires a tailored approach.
Current methods such as TissUUmaps [Pielawski et al. 2023], OMERO [Allan et
al. 2012], WebAtlas [T. Li et al. 2023], and NapaRi [Ahlers et al. 2023] fall short
in meeting specific visualisation requirements, especially for clone fields inferred
from BaSISS data.
To address this challenge, I created a specialised web-based tool together with

Gleb Rukhovich and Lucy R. Yates, available at cancerclonemaps.org. Our tool
utilises a Flask backend and incorporates frontend technologies like D3 for visual
elements, Pixi.js for efficient spot visualisation, Leaflet for tissue mapping, Geo-
man for map selection tools, and Plotly.js for the diagrams. This stack of techno-
logies enables interactive exploration of our complex data sets, offering a unified
platform to investigate histogenomic relationships (Figure 3.5). Consequently,
this tool streamlines exploratory analysis and assists in identifying qualitative
patterns across different data types.

3.3. Summary

In Chapter 2, I detail experimental methods and statistical algorithms for identify-
ing genomically-defined cancer subclones. Chapter 3 extends this discussion by
explaining how to integrate genetic information with spatial data on transcrip-
tion, proteomics, and histology. By combining these approaches, the assembled
toolkit aims to shed light on both the intrinsic cellular properties and the tumour
microenvironment. Specifically, it seeks to identify differences between cancer
clones in terms of their intrinsic features and their respective habitats.
While some assays discussed here lack multiplexing capability and may appear

outdated in the fast-evolving field of spatial genomics, they can still provide valu-
able insights. When interpreted carefully, the generated data can reveal intricate
details about the spatial evolution and ecology of tumours. The following section
(Chapter 4) demonstrates the utility of these methods through a case study on
breast cancer.
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of Breast Cancer: From Ducts
to Lymph Nodes 4
Contributions

This chapter is largely based on the main analysis from:

Artem Lomakin, Jessica Svedlund, Carina Strell, Milana Gataric, Artem
Shmatko, Gleb Rukhovich, Jun Sung Park, Young Seok Ju, Stefan Dentro, Vitalii
Kleshchevnikov, Vasyl Vaskivskyi, Tong Li, Omer Ali Bayraktar, Sarah Pinder,
Andrea L Richardson, Sandro Santagata, Peter J Campbell, Hege Russnes, Moritz
Gerstung, Mats Nilsson and Lucy R Yates [Nov. 2022]. ‘Spatial genomics maps
the structure, nature and evolution of cancer clones’. en. In: Nature 611.7936,
pp. 594–602.

The work I present here is primarily my own contribution. I focused on
developing and implementing the core mathematical model for the BaSISS data
under the supervision of M.Ger., with valuable inputs from A.S. and V.K.. I
analysed and interpreted the data, and drafted the original article and figures
together with and under the supervision of M.Ger. and L.R.Y.. You can find all
the code on Github.
Another first author of this paper, J.S., in collaboration with P.J.C., M.N., and

L.R.Y., designed the initial study of BaSISS. J.S., M.N., and C.S. conducted the ex-
periments and provided the raw BaSISS data. J.S.P, V.V., T.L., and M.Gat. prepro-
cessed and decoded this data. L.R.Y. performed the LCM cuts, and S.D. conducted
the WGS subclonality analyses. I had access to the decoded BaSISS and LCM-
WGS data.
The Introductory Section 4.1 is original. I borrowed the rest of the sections from

the original manuscript with only minor stylistic and structural alterations. All
the main and margin figures in the introduction are original. Figures Figures 4.7
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4.1. A Primer on Breast Cancer

In 2020, breast cancer surpassed lung cancer to become themost diagnosed cancer
type in the world [Sung et al. 2021]. It accounted for approximately 11.7% of all
diagnosed cancer cases. This trend occurred irrespective of a country’s develop-
ment index, predominantly targeting the female population. Within this demo-
graphic, breast cancer constituted nearly a quarter of all diagnoses, and 15.5% of
all cancer-related deaths. An estimated 2.2 million cases were registered in 2020,
and this number is expected to grow, partly due to obesity, the ageing population
and the fact that females constitute the majority of the older population. Despite
advances in treatment and early detection, the death rate is not declining rapidly
enough to counteract the consistent 0.5% increase in incidence rate observed over
the past two decades. [Cronin et al. 2022]. This motivates the need for a better
understanding of the disease’s biology and evolution.

4.1.1. Normal breast tissue structure and development

Before exploring the biology of breast cancer, it is crucial to understand the bio-
logy of the affected organ - the mammary gland. Development of the mammary
gland begins in the embryo through interactions between epithelial and mesen-
chymal cells. At first, mammary placodes form and subsequently invaginate to
create mammary buds. After that, the ectoderm proliferates and branches into
the fat pad to form a rudimentary ductal tree. Throughout the entire process,
paracrine signalling between the ectoderm and surrounding mesenchyme is cru-
cial, as epithelial cells induce specialised mesenchymal cells formation, that in
turn instruct the ectoderm to commit to mammary identity [Macias et al. 2012;
Spina et al. 2021].
The mature ductal epithelium consists of two distinct cell types: luminal cells,

which express KRT7, KRT8, and KRT18, and basal cells, marked by KRT5 and
KRT14 expression. Luminal cells constitute the inner layer and play a critical
role in milk production and duct formation. In contrast, basal cells form the outer
layer and adhere to the basement membrane. They execute the contractile func-
tion essential for milk release. During embryogenesis, mammary epithelial cells
undergo lineage restriction. Early bipotent progenitors express both basal and
luminal markers [Prater et al. 2014; Rios et al. 2014; Stingl et al. 2001]. As devel-

82



4.1. A Primer on Breast Cancer

Terminal Ductal Lobular Unit

Normal gland

Breast cancer p

ro
gre

ss
io

nHyperplasia

Carcinoma in situ

Invasion

Distant Metastasis

Lobule

Duct

Collecting duct

Lymph node

Nipple

Myoepithelial/Basal
cells 

Luminal cells 

Lumen

Basal membrane

Lymph Node Metastasis

Figure 4.1: Mammary gland structure and breast cancer progression. Breast cancer origin-
ates from the bilayer epithelial cells lining the branched system of the mammary gland, often
specifically within the milk-producing terminal ductal lobular unit (TDLU). Initially, these can-
cer cells divide and fill the lumen of the ducts and lobules, a phase termed carcinoma in situ.
Subsequently, these cells may penetrate the basement membrane, invading adjacent tissues in
a stage called invasive carcinoma. Eventually, the cancer cells gain the potential to enter the
bloodstream andmetastasise to distant body sites.

opment progresses, unipotent basal and luminal progenitors emerge [Rios et al.
2014; Tao et al. 2014; Van Keymeulen et al. 2011]. Regulators such as the TP63
gene are suspected to stabilise basal cell identity, while the NOTCH1 gene prob-
ably solidifies luminal identity, at least in mice models [Spina et al. 2021]. This
hierarchical pattern, commonly observed in various tissues, tends to mitigate the
risk of cancer development as discussed in Section 1.2.
During puberty, sex hormones such as oestrogen drive ductal elongation,

branching in the mammary gland, and the formation of milk-producing alveolar
expansions grouped in terminal ductal lobular unit (TDLU) (Figure 4.1). Al-
though only a subset of luminal cells express oestrogen receptor (ER+), these cells
effectively transmit signals across the entire epithelium. This signalling occurs
in a paracrine manner and involves interactions with breast stroma. In murine
models, oestrogen stimulates the release of epidermal growth factors (EGFs).
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These EGFs bind to their corresponding receptors on stromal cells, initiating
the expression of fibroblast growth factors (FGFs). FGFs, in turn, promote the
proliferation of luminal cells. Additionally, stromal cells secrete insulin-like
growth factor 1 (IGF1), further stimulating mammary gland morphogenesis
[Macias et al. 2012].
Breast development extends beyond puberty, undergoing substantial remodel-

ling and increased branching during pregnancy. This transformation, particularly
in epithelial and alveolar structures, is triggered by hormones such as progester-
one and prolactin, which prepare the gland for lactation. Following weaning,
many glandular structures involute, leading to the apoptosis of secretory cells
[Macias et al. 2012].
These observations imply the existence of persistent progenitor cells within the

tissue or a general capacity for cell proliferation. Such mechanisms are essential,
as a significant portion of mammary tissue must regenerate to accommodate sub-
sequent pregnancies.
Research by Prater et al. [2014] indicates that up to 65% of basal cells can form

ductal-lobular structures in vivo. Single-cell transcriptional trajectory analysis
reveals that a substantial fraction of KRT14+ basal cells act as a transcriptional
pivot point between luminal and specialised myoepithelial cells [Q. H. Nguyen
et al. 2018]. The equipotency of basal cells in the mammary gland is noteworthy,
especially given its implication in elevated cancer risk, as discussed in Section 1.2.
One plausible explanation for this characteristic could be the evolutionary ne-

cessity for rapid mammary gland remodelling with each successive pregnancy.
As mammals evolved, the imperative for tissue renewal may have outweighed
the need for cancer protection. This evolutionary trade-off might now manifest
as an elevated risk of breast cancer as mentioned in Section 4.1.

4.1.2. Breast cancer staging and survival

Most breast cancers are adenocarcinomas originating from the epithelial cells in
the breast’s ductal system, frequently from TDLUs.1 In the early stages of cancer
development, genetically altered precancerous cells grow uncontrollably, a pro-
cess known as hyperplasia. These cells may also display atypical features. Such
aberrant growth often fills the lumens of ducts and lobules, a condition described

1Surprisingly, many scientific papers and even the Dana-Farber Cancer Institute’s website
identify the TDLU as the sole site of origin for all breast cancers. This assertion appears un-
likely, given that any dividing cell has the potential to become cancerous. The study by Tabár et al.
[2014] suggest that 25% of cases actually originate in the duct and show no link to TDLU.

84

https://www.dana-farber.org/health-library/articles/what-is-lobular-breast-cancer-


4.1. A Primer on Breast Cancer

as carcinoma in situ (CIS). While CIS can remain confined to the ducts throughout
an individual’s lifetime, in some cases these cells breach the basement membrane,
invading the surrounding stroma. This invasive behaviour marks the transition
to invasive carcinoma. At this stage, some cancers can develop the capability to
enter the bloodstream or lymphatic system, and form metastatic deposits outside
of the breast. Once distant metastases are established, a breast cancer is invari-
ably incurable (Figure 4.1).

Anatomical staging

In managing a disease with such diverse clinical outcomes, clinicians use clas-
sification systems to select the most appropriate treatment strategies. The vast
majority of primary breast cancers will be completely excised by surgery. The
threat for most breast cancer patients is therefore an invisible one – the risk that
cancer cells have already spread to distant sites and will reawaken to cause meta-
stasis at a later date. The major challenges for an oncologist are therefore to
establish a) whether microscopic metastatic disease is likely to be present and b)
which treatment strategies are most likely to eliminate or control it as opposed
to simply causing unnecessary side-effects. The most widely used and well val-
idated strategies for achieving this aim draw on both pathological features and
anatomical staging of the cancer.
The TNM staging system is used worldwide and helps to classify breast can-

cers based on the anatomical extent of the disease: the size and reach of the
primary tumour (T), lymph node involvement (N), and the occurrence of dis-
tant organ metastases (M). This anatomical staging is defined at first diagnosis
‘clinically’ through physical examination and radiological imaging. Following
primary surgery, macro and microscopic analysis of the excised tumour permits
detailed ‘pathological’ staging. In general, larger cancers and/or those with ex-
tensive spread to the regional lymph nodes have a worse prognosis and this re-
flects the higher incidence of micrometastatic disease at diagnosis.

Histological andmolecular classification

In global clinical practice, the TNM classification system serves as a cornerstone.
However, the system has limitations; specifically, it inadequately captures the
biological heterogeneity of breast cancers across different patients. Therefore,
additional methods are employed to complement the TNM system to facilitate a
personalised approach to cancer management and prognostication.
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Histology provides valuable insights into the level of dedifferentiation and pro-
liferative activity of breast cancer, similar to other cancer types, as discussed in
Section Section 1.2. Tumour grade, ranging from 1 to 3, encapsulates this in-
formation. Grade 3 indicates the most aggressive tumours, often comprising less
differentiated cells, while grade 1 represents the least aggressive forms [Elston
et al. 1991; Greenough 1925]. Features like tumour grade and the presence of
lymphovascular invasion help to stratify those who are most likely to benefit
from chemotherapy.
The majority of breast cancer cases are histologically classified as either No

Special Type (NST) (∼80%) or ‘lobular’ (∼10%).
In molecular diagnostics for breast cancer, the standard protocol includes IHC

classification for three key markers: oestrogen receptor (ER), progesterone re-
ceptor (PgR), and human epidermal growth factor receptor 2 (HER2).
Treatments aimed at lowering oestrogen exposure are effective for all Hor-

mone Receptor (HR) positive breast cancers, which express either ER or PgR.
These treatments, such as Tamoxifen, aromatase inhibitors, and ovarian suppres-
sion, have been proven to improve overall survival, disease free survival and re-
duce the both local and distant metastasis [Early Breast Cancer Trialists’ Collab-
orative Group (EBCTCG) 2005].
HER2 is another important marker, which is a receptor tyrosine kinase and

a common breast cancer oncogene (Figure 4.2). The high level of expression of
HER2 is associated with a higher levels of dedifferentiation and proliferation. De-
velopment of HER2-targeted therapies (e.g. Trastuzumab) has significantly im-
proved the survival of patients with HER2-positive tumours [Slamon et al. 2001].
Based on the aforementioned molecular markers, cancers are categorised into

three distinct clinical subtypes : HR+/HER2- (luminal); HER2+ (HER2) and HR-
/HER2- (TNBC).The HR+/HER2- subtype, long recognised as biologically hetero-
geneous, presents a clinical dilemma in balancing treatment benefit while avoid-
ing unnecessary toxicity. While many HR+/HER2- cancers are cured with sur-
gery and endocrine therapy, others follow a highly aggressive course that may
require a more intensive chemotherapeutic strategy.
In routine clinical practice, one common approach for stratifying HR+/HER2-

cases involves evaluating their expression of the proliferative marker Ki67, meas-
ured via IHC. These classifications roughly correspond to the Luminal A (low
Ki67) and Luminal B (high Ki67) intrinsic subtypes as defined by modern RNA-
based assays (Table 4.1).
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Table 4.1: Summary of breast cancer bioloigcal subtypes. Overview of the general charac-
teristics of common breast cancer subtypes defined my biomarkers.

Subtype IHC Status General Characteristics

Luminal A HR+ HER2- Ki67↓ Generally lower-grade cancers, have a better prognosis
compared to other subtypes.

Luminal B HR+ HER2- Ki67↑ Often higher-grade than Luminal A, generally more ag-
gressive and less responsive to hormone therapy.

HER2 HR+/- HER2+ Generally more aggressive and treated with targeted ther-
apies.

TNBC HR- HER2- Generally higher grade, more aggressive, and poor pro-
gnosis.

The advent of high-throughput technologies, including microarrays and next-
generation sequencing, has facilitated the creation of classification systems like
PAM50 [Parker et al. 2009], MammaPrint [’t Veer et al. 2002], Oncotype Dx [Paik
et al. 2004], and IntClust [Curtis et al. 2012]. These systems can offer a more gran-
ular view of breast cancer’s biological heterogeneity. While largely confirming
existing subtype clusters, they further divide them into subclasses with distinct
biological characteristics and survival outcomes. Despite their analytical poten-
tial, these advanced systems have not been universally adopted in clinical practice
for various reasons including economic cost and the scarcity of validation data
from prospective clinical trials at the time of writing.
Future improvements likely require a deeper understanding of the disease, in-

cluding an appreciation for both intra- and inter-tumour heterogeneity. A com-
plexity which arises from the interplay between the evolving genomic landscape
of cancer cells and the tissue microenvironment that influences how the tumour
develops (Chapter 1).

4.1.3. Genomic landscape

Pioneering studies by Nowell et al. [1960] and Stehelin et al. [1976], established
a critical link between genomic aberrations and cancer, thereby integrating evol-
utionary theory with our understanding of cancer as a disease [J. Cairns 1975;
Nowell 1976]. In the following decades, many cancer genes such as TP53 [Lane et
al. 1979],MYC [Kohl et al. 1984], BRCA1/2 (on 13q12-13) [Hall et al. 1990; Wooster
et al. 1994] [Hall et al. 1990; Wooster et al. 1994] , and PIK3CA [Chang et al. 1997]
have been identified. Post 2000, high throughput genomic sequencing enabled
large-scale, systematic genomics analyses of thousands of tumours. These stud-
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ies have revealed complex patterns of genetic alterations.
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Figure 4.2: Main driver genes and signalling pathways in breast cancer. Comprehensive
early genomics studies have identified key driver genes associated with breast cancer. These
genes primarily target fourmain pathways: Receptor Tyrosine Kinases, PI(3)K/Akt, p53 signalling,
and cell cycle checkpoint regulators. Mutations in genes contolling thesepathways results in: cell
survival through inhibition of apoptosis, proliferation, dedifferentiation and faults in DNA repar-
ation. On the figure red indicates gain-of-function mutations or amplifications; blue represents
loss-of-function mutations or deletions.

Breast cancer driver genes

Several genomics studies of breast cancer identified thousands of likely driver
mutations, spanning hundreds of cancer-related genes and several non-coding
regions [Banerji et al. 2012; Cancer Genome Atlas Network 2012; Ciriello et al.
2015; Curtis et al. 2012; Nik-Zainal et al. 2016; Pereira et al. 2016; Shah et al.
2009; 2012; Stephens et al. 2012]. The most commonly mutated breast cancer
genes and gene regions as found in Cancer Genome Atlas Network [2012] are

2My processing speed is approximately 60 bp/s, as I can slide along 10,257 base pairs of BRCA2
sequence in 2 minutes and 47 seconds. For comparison, Taq polymerase operates at a rate of 150
bp/s, while the high-fidelity Pfu polymerase works at a considerably slower pace of 15 bp/s. I deeply
thank Lukas Weilguny for consistently providing slipstream support along the way.
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TP53 (43%), PIK3CA (32%), MYC (20%), CCND1 (16%), PTEN (16%), ERBB2 (14%),
Chr8:(ZNF703/FGFR1) (12%), GATA3 (10%), RB1 (9%), MAP3K1 (8%). These genes
predominantly participate in cell cycle regulation, reparation and growth factor
signalling (Figure 4.2). However, most mutations in cancer-associated genes are
infrequent, leading to significant genetic diversity among patients.
The mechanisms through which these driver genes are generated vary signi-

ficantly. While some mutations are inherited, most arise somatically (Chapter 1),
frequently as a result of both mutagenic factors and imperfections of the repair
systems. High-throughput genome sequencing, especially WGS, has not only fa-
cilitated the identification of driver genes but also elucidated the complex muta-
tional processes responsible for their occurrence.

Mutational processes

While DNA microarrays and exome sequencing have identified broad copy num-
ber profiles and mutational landscapes in genes, their coverage remains limited
and biased. The advent of massively parallel WGS overcame these limitations by
providing comprehensive data, allowing for detailed analysis across entire gen-
omes. This advance enabled the decomposition of the mutational landscape into
additive sets of mutational signatures, many of which have clear biological im-
plications [Nik-Zainal, Alexandrov et al. 2012].
Breast cancer mutagenesis involves a variety of mechanisms that generate a

spectrum of mutation types. Chromosomal rearrangements frequently occur
and can be linked to periods of chromosomal instability [Curtis et al. 2012;
Gerstung et al. 2020; Nik-Zainal, Alexandrov et al. 2012]. When homologous
recombination-based DNA damage repair is defective, often due to inactivating
mutations in BRCA1 or BRCA2, error-prone non-homologous DNA end-joining
activity emerges. This leads to unique mutational signatures, including both
point mutations and a high number of tandem duplications and deletions,
particularly in regions of microhomology.
These rearrangements are often associated with mutational signatures related

to BRCA1/2 deficiency and other DNAdouble-strand break repair pathways [Nik-
Zainal, Alexandrov et al. 2012].
Another common cause of hypermutation in around half of breast cancers is

APOBEC enzyme mutagenesis [Banerji et al. 2012; Nik-Zainal, Alexandrov et al.
2012; Nik-Zainal et al. 2016]. The APOBEC signature consists of a high frequency
of C>T and C>G mutations in the TpC context, sometimes exhibiting focal hy-
permutation patterns, known as kataegis, that frequently coincide with structural
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Invasive Ductal Carcinoma

Invasive Lobular Carcinoma

CDH1 mutation

Ductal and lobular breast
cancer are two histological
subtypes often differentiated
by the presence of a single
mutation in the CDH1 gene.

variant breakpoints. Given the diversity of driver genes and the extended period
of genome instability, breast cancer appears to be driven by a cumulative effect
of multiple accumulated drivers.

Somatic mutations in breast cancer subtypes

Notably, the frequency of driver mutations andmutation signatures varies among
breast tumour types. The Luminal class commonly features somatic mutations
that activate the PI3K-AKT signalling pathway (PIK3CA, PTEN ) and inactivate
the GATA3 and JUN kinase (MAP3K1) pathways. Tumour suppressors TP53 and
RB1 are less frequently implicated in Luminal A cancers but are often inactivated
in the more aggressive Luminal B subtype [Cancer Genome Atlas Network 2012].
The TNBC class aligns closely with the basal-like intrinsic expression subtype,

with approximately 75% of TNBCs being basal-like [Shah et al. 2012]. This class
exhibits a high frequency of TP53 mutations, especially among basal-like types,
as well as a high level of CNAs [Cancer Genome Atlas Network 2012; Shah et
al. 2012]. This coincides with frequent inactivation of genes involved in double-
strand break reparation such as BRCA1 and BRCA2, more so than in other sub-
types. However, the mutation landscape of TNBC is highly diverse overall [Shah
et al. 2012].
In theHER2+ class, there is frequent high copy number amplification of ERBB2,

which accounts for elevated levels of HER2 protein expression. This amplification
often co-occurs with amplification of the nearby gene, GRB7. Activating hotspot
mutations in the ERBB2 gene can contribute to the overstimulation of HER2 sig-
nalling. A systematic analysis of this group revealed subclusters that resemble
luminal and basal types in both gene expression and mutation distribution. This
suggests that rather than constituting an entirely independent intrinsic type, this
group represents a composite of the broader breast cancer spectrum, further com-
plicated by ERBB2 amplification [Ferrari et al. 2016].
While histological subtypes generally exert limited influence on treatment

stratification, certain ‘special’ subtypes exhibit distinct molecular aberrations.
These aberrations can account for unique clinical presentations.
Invasive lobular breast cancer, the most prevalent ‘special’ histological sub-

type, frequently harbours CDH1 mutations, observed in 45-95% of cases depend-
ing on the methodology and cohort [Ciriello et al. 2015; McCart Reed et al. 2021].
This gene encodes E-cadherin, an essential component of adherens junctions that
facilitate cell-cell adhesion. The compromised function or loss of E-cadherin is
considered a driving factor for the lobular phenotype. Recent studies reveal that
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this phenotype correlates with unique cancer behaviours. Although most lobular
cancers belong to the Luminal type, they demonstrate a poorer long-term pro-
gnosis compared to other Luminal cancers. Moreover, these cancers metastasise
to unconventional sites, including gastrointestinal and gynaecological regions,
beyond the common locations of liver, lung, and bone [McCart Reed et al. 2021].
Overall, bulk genomic studies indicate that the breast cancer genome exhibits

significant inter-tumour diversity. However, while some evolutionary patterns
emerge across patients, the presence ofmixed phenotypes and observed subclonal
diversity within a single tumour complicates our understanding of tumour evol-
ution [Ciriello et al. 2015; Pereira et al. 2016; Shah et al. 2012]. Initial bulk studies
on large cohorts yielded basic insights into intra-tumour heterogeneity, but these
were largely confined to broad statements of diversity. A nuanced understanding
of evolutionary history at the subclonal level within a single tumour is crucial for
comprehending both the biology and therapeutic responses of patients.

4.1.4. Clonal evolution

Progress in WGS, multi-regional tissue sampling techniques, and the develop-
ment of advanced computational tools collectively enable more intricate studies
of breast cancer evolution (Boxes 1 and 3). The first study by Nik-Zainal, Van Loo
et al. [2012] used WGS data from single samples complemented with bespoke
computational methods to reconstruct the evolutionary history of 21 breast tu-
mours in detail. The study traced the tumour’s lineage back to the zygote, delin-
eating multiple clonal branches and establishing the temporal sequence of chro-
mosomal rearrangements and driver mutations. Notably, each studied tumour
was found to contain a dominant subclonal lineage, making up over half of the
cancer cells. The researchers proposed a model wherein sparse, long-lived cel-
lular lineages accumulate mutations passively until a critical event triggers their
rapid proliferation, culminating in a clinically detectable tumour mass.
Other pioneering studies relied on CNA inferred from single-cell sequencing

that allowed to reconstruct phylogenies. They also showed that breast cancer
is a patchwork of clones emerging from ‘punctuated’ clonal expansions, rather
than linear progression [Gao et al. 2016; Navin et al. 2011; Y. Wang et al. 2014].
Furthermore, these works indicated that clonal expansions often correlate with
focal CNA events. Although single-cell sequencing enhanced our understand-
ing of divergence beyond major expansion events, the technique has limitations.
These included low sensitivity and challenges in the accurate reconstruction of
phylogenetic trees based on copy number profiles alone (Box 3).
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Box 3: Tumour Life History
rectionstruction fromWGS data

Remarkably, deep WGS data provide sufficient in-
formation to partially reconstruct the life history
of the tumour cell population, from zygote form-
ation to the day of tumour sampling [Dentro et
al. 2017; Nik-Zainal, Van Loo et al. 2012]. This
is possible because mutation distribution contains
information about the population structure that
could be modelled computationally.

Somatic mutation calling

The initial step entails differentiating genuine
single nucleotide variants (SNVs) originating from
cancer cells from normal germline cells and se-
quencing errors. The procedure can also extend
to structural variants, which involves identifying
corresponding sections of sequence reads. How-
ever, this task becomes more challenging when
dealing with short-read sequencing.

Cancer Cell Fraction

For bulk genomic sequence data, the VAF for each
mutation is calculated using read information:

VAF =
rmutant

rtotal
(4.1)

VAF alone, however, fails to capture the tu-
mour’s subclonal architecture due to influences
like tumour purity ρ and local copy numbers
nloc,t and nloc,n. Instead, mutation copy num-
ber ni is used:

ni =
VAFi

ρ
[ρnloc,t + (1− ρ)nloc,n] (4.2)

Algorithms such as Battenberg provide values
for (nloc) and (ρ), by partitioning the genome into
distinct copy-number profiles.
In instances of multiple alleles or subclonal

copy number changes, a complex model typic-
ally is necessary to accurately infer the number
of chromosomes bearing the mutation nchr. The
CCF is then calculated as:

CCFi = ni/nchr (4.3)

Note, that a fully clonal mutation will have a
CCF of 1

Subclonal architecture inference from SNVs

Clonal expansions within the tumour elevate the
frequencies of lineage-specific mutations. Over-
looking sporadic mutations that occur during this
expansion allows us to model the data as a mix-
ture of binomials. A Dirichlet process serves well
for the task of inference of unknown number of
clusters. The model is as follows:

ri ∼ Binomial(rtotal,i, ζiπi) (4.4)
πi ∼ DP(α, P0) (4.5)

Here ζi the proportion of reads expected for a
fully clonal mutation, andπi is the true fraction of
tumour cells carrying the mutation. πi is drawn
from a stick-breaking process with the base dis-
tribution P0 (locations of clusters) and concentra-
tion parameter α (the probability weights).

Subclonal architecture inference from CNAs

CNAs can also inform subclonal population struc-
tures. These alterations are estimated by read
depth and the disparity between maternalnA and
paternal nB allelic reads. B-allele frequencies
(BAF) indicate these changes:

BAFi =
nB,i

nA,i + nB,i

(4.6)

Deviations from expected BAF, adjusted for
tumour purity, point to subclonal copy number
changes. Usually, at least two subclonal popu-
lations differing by a single copy number change
must be identified.

Phylogenetic tree reconstruction

The “pigeonhole principle” commonly applies to
discern evolutionary relationships among sub-
clones. It says that the sum of CCFs for subclones
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cannot exceed that of their ancestor. Trees as-
semble accordingly. But pigeonhole alone can still
lead to multiple tree solutions, e.g. in the case of
a 30% and 50% subclone.
Multiregional sequencing additionally provides

better resolution of subclones with similar CCFs.

Beyond single sample WGS

Conducting the analysis in a multi-regional way
enhances resolution. In a single sample, subclonal
clusters may coincidentally exhibit similar CCFs.
However, these clusters are likely to display dif-
ferent proportions in another sample. This vari-
ability enables the resolution of smaller clusters
with lower presence. The natural extension of this
strategy is LCM-WGS (Box 1).
Single-cell WGS offers significant improve-

ments in inferring subclonal architecture, partic-
ularly in enhancing the resolution of the phylo-
genetic tree’s leaves. This technique has a clear
advantage over bulk WGS in its ability to identify
changes present in a single cell that has not yet
undergone clonal expansion. However, while

single-cell WGS often provides enough cover-
age for reconstructing CNA profiles, it faces
challenges in accurately constructing phylogen-
etic trees based on SNVs as the data is sparse.
Moreover, although tree inference based solely on
CNAs is feasible, the results are typically even
more ambiguous due to a higher volatility of
CNAs compared to SNVs, making it difficult to
draw definitive conclusions about evolutionary
dynamics.

Timing of evolutionary branches

Mutations are generally irreversible and increase
monotonically over time, offering reliable event
ordering within the same branch. However, they
do not guarantee chronological timing due to vari-
able mutation rates. To improve chronological
estimates, one can limit the analysis to muta-
tional processes ubiquitous in normal cells, like
SBS1 or SBS5, and incorporate the patient’s age.
This method also enables timing of tumour gen-
ome rearrangements, as outlined in Gerstung et
al. [2020].
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Unbalanced translocation
between Chr1 and Chr16 was
frequently observed in study
by Nishimura et al. [2023].

Yates et al. [2015] conducted the first multi-regional WGS study of primary
breast cancers. Although the study’s sensitivity was not exceptionally high, its
use of a multi-region approach enhanced branch resolution over earlier studies,
unveiling considerable genomic diversity across samples. Most cases exhibited
long trunk mutations, similar to Nik-Zainal, Van Loo et al. [2012], but the study
also reported instances of early branching and extensive parallel evolution. Not-
ably, mutations in the PTEN and TP53 genes showed signs of convergent evolu-
tion, occurring independently across parallel branches. This study further con-
firmed that chromosomal events can happen at any evolutionary stage, both early
and late, reshaping the genome and contributing to subclonal diversity.
Enhanced spatial resolution in sampling strategies, facilitated by techniques

like tissue microdissection, enables more precise inquiries into breast cancer de-
velopment (Box 1). In the study by Casasent et al. [2018], LCM isolated cells from
both ductal and adjacent invasive regions of ductal carcinomas. Contrary to pre-
vious assumptions about breast cancer invasion, identical clones were found both
inside and outside the ducts without significant changes. This suggests that the
evolutionary changes necessary for invasion occur within the ducts and are ini-
tially contained by them. Another microdissection study paired with single-cell
DNA sequencing by Lips et al. [2022] concentrated on invasive recurrence. The
study linked this recurrence to untreated clones that had been present for an ex-
tended period within DCIS.
The more comprehensive the microdissection strategy and study depth, the

greater the number of parallel branches observed in the reconstructed phylogen-
etic trees. A detailed study by [Nishimura et al. 2023] focused on the early evolu-
tion of DCIS.The research revealed thatmany breast cancers exhibited a recurring
chromosomal abnormality, der(1;16), acquired early in cancer evolution, roughly
around puberty. These der(1;16)-positive clones expanded across large breast re-
gions, spawning multiple independent cancer branches as well as non-cancerous
lesions (Figure 4.3). Conversely, most der(1;16)-negative clones remained restric-
ted to single lobules post-puberty. The findings imply that a branching, multifocal
model of cancer progression might be more prevalent than linear models. Addi-
tionally, the study revealed no correlation between the number of driver events
and histology. This suggests that local microenvironments or other unmeasured
intrinsic factors may play a role in cancer development. Further discussion on
this discrepancy appears in Section 5.4.
Overall, the studies discussed above portray cancer evolution as a complex,

multifaceted process characterised by considerable intratumour heterogeneity on
a genomic level. Earlier studies focused on a most dominant clone reporting a
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Figure4.3: Highlybranchedparallel evolutionof breast cancerdescribedbyNishimuraet al.
[2023]. Deep study of breast cancer case reveals complex, highly branched evolutionary path.
Key driver events, specifically der(1;16) translocations, emerged independently in two branches
when the patient was around 6 and 10 years old. Although only one branch led to an invasive
phenotype, parallel driver events occurred across multiple branches. The complex relationship
between genome and phenotype becomes evident from the mismatch between the number of
driver events and the resulting phenotype. This suggests a potential role for the microenviron-
ment in disease progression.

mostly linear progression of cancer, likely due to technological limitations and
undersampling. In contrast, more recent research uncovers a complex landscape
with multiple parallel branches that might diverge early in cancer evolution. The
mechanisms driving these branches remain a topic of debate, with possibilities
including both positive selection pressure and neutral drift [Sottoriva et al. 2015;
M. J. Williams et al. 2016]. The relationship between driver events and specific
histology also remains ambiguous, even when focusing on individual evolution-
ary branches. Likely, this limitation arises because genomic studies focus solely
on the intrinsic properties of cancer cells. While the extrinsic microenvironment
probably plays but as yet poorly understood role in shaping cancer evolution.
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4.1.5. Microenvironment

Single-cell proteomics and transcriptomics studies have substantially advanced
our understanding of the tumour microenvironment in breast cancer, going well
beyond bulk studies like PAM50 transcriptional classification [Pal et al. 2021;
Wagner et al. 2019; S. Z. Wu et al. 2021]. These investigations confirm that
the general structure of the breast cancer microenvironment closely aligns with
the broader cancer landscape, as outlined in Section 1.3. The microenvironment
commonly comprises immune cells (both myeloid and lymphoid), stromal cells
(including cancer-associated fibroblasts (CAFs), endothelial cells, perivascular-
like cells (PVLs) and adipocytes), and epithelial cells (luminal and myoepithelial).
Breast cancer exhibits significant patient-to-patient variation in the relative pro-
portions of these cell types. Moreover, spatially organised recurrent cellular com-
munities correlate with patient survival [Danenberg et al. 2022; Jackson et al.
2020].

Immune cells

In the context of cancer, immune cells are often simplistically categorised as either
tumour-promoting, such as regulatory T cells (Tregs) and M2 macrophages, or
tumour-inhibiting, such as cytotoxic CD8+ T cells, natural killer (NK) cells, CD4+
T-helper cells, and M1 macrophages (Figure 1.4). Generally, the immune system
acts as a tumour suppressor, and the presence of tumour infiltrating lymphocytes
is linked to a better prognosis (Figure 1.4). However, lymphocytes can enter a
so-called ‘exhausted’ dysfunctional state, characterised by the expression of co-
inhibitory receptors such as CTLA-4, PD-1 and LAG3 confirming that this is likely
an oversimplification.
Indeed the landscape of immune cell roles in cancer is likely much more com-

plex. For instance, while NK cells generally target tumour cells, some studies
suggest they might also enhance tumour vascularisation and even exert immun-
osuppressive effects [Retecki et al. 2021]. Furthermore, T-cell activation states in
breast cancer have been reported to represent a continuous and complex spec-
trum rather than the discreet categories reported in normal breast [Azizi et al.
2018; Savas et al. 2018]. T-cell diversity largely stems from variations in T-cell re-
ceptor (TCR) and antigen-presenting cell heterogeneity [Azizi et al. 2018]. Such
variability may result from differing tumour antigens across clonal populations.
Such variability may result from differing tumour antigens across clonal popula-
tions. Finally, while myeloid cells are generally thought to display quite distinct

96



4.1. A Primer on Breast Cancer

activation states it has recently been reported that a single myeloid cell can sim-
ultaneously express both M1 and M2 programs [Azizi et al. 2018].
Spatial analysis of immune cell distribution in breast cancer indicates non-

uniform patterns linked to prognosis [Danenberg et al. 2022; X. Q. Wang et al.
2023]. For instance, dysfunctional T cells often cluster near Tregs, which are
believed to control their proliferation and activation. Large dysfunctional T-
cell aggregates may signify tumour cells resistant to ongoing immune attacks,
thereby chronically stimulating cytotoxic T cells. Conversely, structures con-
taining antigen-presenting cells, macrophages, and T cells associate negatively
with survival. In contrast, cell communities featuring granulocytes, and particu-
larly tertiary lymphoid structure (TLS) with B cells, correlate with better survival
outcomes.

Stroma

In the stroma, fibroblasts are the most extensively studied cells. Researchers typ-
ically categorise these fibroblasts into two broad types: SMA- fibroblasts and
SMA+ myofibroblasts [Costa et al. 2018]. While efforts exist to categorise more
types, these efforts face challenges due to the cell-type fluidity of fibroblasts
[Cords et al. 2023; S. Z. Wu et al. 2021]. These cells serve essential structural
functions and engage in immune cell recruitment and extracellular matrix re-
modelling.
Of specific interest is the SMA+ FAP+ subset of fibroblasts, which acts as a cru-

cial immunosuppressive agent. This subset attracts T lymphocytes and facilitates
their differentiation into immunosuppressive Tregs, thereby aiding in immune
evasion in cancer. In contrast, SMA+ FAP- fibroblasts lack this immunosuppress-
ive function [Costa et al. 2018]. Spatial distribution analysis indicates that my-
ofibroblasts frequently reside at the tumour-stromal interface in breast cancer,
which suggests their role in lymphocytic exclusion [Danenberg et al. 2022]. Al-
though this seems to promote tumour growth, other fibroblasts located near ter-
tiary lymphoid structures (TLS) correlate with a better prognosis [Cords et al.
2023; Danenberg et al. 2022] (Figure 1.5).
In a different spatial study, Risom et al. [2022] demonstrated that ‘desmoplastic’

stroma, characterised by a high frequency of fibroblasts and intense collagen de-
position around ducts, correlates with a favourable prognosis and reduced likeli-
hood of progression to invasive cancer. Notably, this type of stroma coexists with
a thin and discontinuous myoepithelial layer. This type of stroma may indicate a
robust immune response, facilitated by a permeable myoepithelium that exposes
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the cancer cells to immune surveillance.
Endothelial cells and PVLs are other significant components of the tumour

microenvironment. These cells constitute the vasculature, critical for tumour
growth and metastasis. In the context of breast cancer, a dense vascular stroma
correlates with a poor prognosis [Danenberg et al. 2022].
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Figure 4.4: Immune niches and breast cancer cell plasticity. Experimental design fromSinha
et al. [2021]. A lentivirus vector delivers acERBB2 intomammary gland cells, inducing the forma-
tionof ductal carcinoma in situ (DCIS). TheDCIS cells stochastically adopt oneof twophenotypes:
’indolent’ or ’aggressive’. The ’indolent’ phenotype features a luminal-like state and the presence
of T cells, whereas the ’aggressive’ phenotype is characterised by a basal-like state andhigh neut-
rophil infiltration. Intriguingly, reimplantation of cells from both phenotypes reveals functional
indistinguishability, as they produce similar ratios of ’aggressive’ and ’indolent’ phenotypes in
a new host. This experiment suggests that cells with equivalent oncogenic potential can exist
in diverse phenotypic states. Additionally, neutrophil inhibition via anti-IL17 treatment reduces
the likelihood of the ’aggressive’ phenotype emerging, suggesting their role in promoting the ’ag-
gressive’ phenotype.

Cancer Epithelial plasticity

As previously discussed, the breast ductal system’s epithelium comprises luminal
and basal cell types, which exhibit significant plasticity. In cancer, this epithelial
plasticity not only persists but also amplifies, leading to a diverse range of tran-
scriptional states [Pal et al. 2021; Wagner et al. 2019; S. Z. Wu et al. 2021]. The
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study by S. Z. Wu et al. [2021] dissected the intrinsic expression profiles of breast
cancer cells into various transcriptional modules, each showing distinct patterns.
Notably, the epithelial-mesenchymal transition (EMT) and proliferative modules
appeared mutually exclusive. This observation corroborates the incompatibil-
ity between a mesenchymal-like state and proliferation in breast cancer [Tsai et
al. 2012]. However, despite the coexistence of multiple tumour cell phenotypes
within all tumour ecosystems, one phenotype often dominates, potentially re-
flecting the expansion of the fittest tumour subclones [Wagner et al. 2019].
The extent to which breast cancer plasticity influences invasion has been ex-

plored by Sinha et al. [2021] through a mouse model study (Figure 4.4). In this re-
search, cancer cells sharing the same genetic background — specifically, activated
ERBB2 — gave rise to two distinct types of DCIS lesions within the same animal:
‘indolent’ and ‘aggressive’. Importantly, cells from both lesion types demon-
strated equal ability to initiate invasive tumours. The key differences between
these two lesion types lay in their intrinsic phenotypes and surrounding immune
environments. The ‘aggressive’ lesions contained more basal-like cells and mac-
rophages, while the ‘indolent’ lesions were enriched for luminal cells and T cells,
hinting that local environmental factors influence the tumour’s invasive poten-
tial.

4.1.6. Open questions on breast cancer progression

Despite considerable advancements in breast cancer research, our understanding
of disease progression and underlying mechanisms remains incomplete. We have
identified key driver mutations and broadly understand the mutation processes
that lead to their accumulation. We are familiar with the basic composition of
the breast cancer microenvironment and the cellular communities typically asso-
ciated with unfavourable clinical outcomes. Yet, a comprehensive understanding
of how genomes and environment interact and influence each other eludes us.
Our current models of cancer progression are simplistic, primarily because few
studies have rigorously examined the phylogenetic structure of patients’ breast
cancer and even fewer have simultaneously characterised both genetic and TME
components. As a result, several critical questions about cancer progression re-
main unclear:
What are the cells of origin, and to what extent do they dictate the future

trajectory of cancer evolution? Several studies suggest expressional similarity
of a cancer subtype to the exact cell lineage. For example HR+ Luminal cancers
cells are similar to luminal cell types, while TNBC cells have some characteristics
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of basal cells [Skibinski et al. 2015; Taurin et al. 2020] (Section 4.1.1). Tracing the
cancer and normal cell lineages together with their intrinsic expression profiles
may help to elucidate the cells of origin and their role in cancer progression.
Does the environment play a role in the initial onset, or are the initiating

factors solely genetic? The study on phenotypically normal tissue, such as the
one conducted by Nishimura et al. [2023], reveals that numerous branches may
contain driver events yet not appear malignant. A systematic profiling of the
environment in which these branches exist could elucidate the environment’s
role in the initial onset of cancer.
Why do some clones successfully colonise ducts while others do not? The

ductal system serves as the environment where CIS evolves before progressing
to invasive stages. Research on CIS has reported clonal heterogeneity [Casasent
et al. 2018; Nishimura et al. 2023; Yates et al. 2015] and associated recurrence with
minor clones that persist within the ductal system [Lips et al. 2022]. The reasons
for this diversity and the role of the environment in this process remain unclear.
What types of environments trigger invasion, and what genetic back-

grounds sustain clones in invasive lesions? Evidence suggests that clones
with the same genetic background could exist in both CIS and invasive states
simultaneously [Casasent et al. 2018] and that the microenvironment contributes
to the onset of invasion [Sinha et al. 2021] (Figure 4.4). However, the extend
the genetic backgrounds of these clones influence the process remains unclear.
The question of whether any CIS clone can transition to an invasive state, given
the right conditions, or if specific genetic backgrounds are required, warrants
further investigation.
In the context of metastasis, what roles do the environment and genetics

within the primary tumour play, and what is the role of the environment at
distant sites? As discussed in Section 1.2, multiple multi-region genomic se-
quencing studies have explored the phylogenetic links between primary tumours
and their corresponding metastases in breast cancer patients [Brown et al. 2017;
De Mattos-Arruda et al. 2019; Yates et al. 2015; 2017]. Evidence suggests that
breast metastases often arise from clonal, rare seeding events [Brown et al. 2017;
De Mattos-Arruda et al. 2019], although De Mattos-Arruda et al. [2019] suggest
that polyclonal seeding may be more prevalent. This could be explained by sev-
eral seeding events, or by an environment favourable for the formation of DTCs
clusters, as suggested by mouse models [Cheung et al. 2016]. It is also known that
DTCs can seed (pre-)metastatic niches in bone, liver and probably other organs,
and here they may remain dormant for years only to be triggered to awaken and
cause overt metastasis many years or even decades later. The cause for this may
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be cellular intrinsic and/ or a change in the environment [Diamantopoulou et al.
2022; Szczerba et al. 2019]. The challenges associated with detecting and char-
acterising dormant cancer cells in their premetastatic remains a major challenge
for cancer research.
Do cancer - immune interactions in the lymph node shape the disease tra-

jectory? Some studies propose that LNmetastases indicate cancer cells’ ability to
survive and grow in other organs, rather than directly aiding their dissemination
[Fisher et al. 1977; Ullah et al. 2018]. This is surprising because LN metastases
exist in an environment abundant with immune cells. While these metastases
may not directly advance to distant organs, they could influence breast cancer
progression by modulating the immune response in the primary tumour.
While the spatial genomics technologies outlined in Chapter 2 may not of-

fer immediate, definitive answers to these questions, they do provide a frame-
work for further investigations. Specifically, the BaSISS approach allows for the
concurrent profiling of phylogeny and microenvironment across extensive tissue
sections. In this chapter, I will show how data generated using this approach
could help to investigate the relationship between genetic and microenviron-
mental evolution in breast cancer progression. Specifically, the analysis traces
the evolutionary history of breast cancer from the earliest stages of tumour de-
velopment to LN metastasis.

4.2. Results

4.2.1. Recap of the BaSISS workflow

The BaSISS workflow is centred around fresh frozen tissue blocks that undergo
serial cryosectioning to generate tissue for bulk WGS and z-stacked sections for
in-tissue spatial clone mapping and spatial phenotyping (Figure 4.5). Follow-
ing subclone detection from bulk WGS data, there are three core BaSISS steps.
First, to facilitate detection of multiple clones of interest, BaSISS padlock probes
with sequence-specific oligonucleotide target recognition arms are designed to-
wards both mutant and wild-type alleles of clone-defining somatic variants. A
unique 4–5 nucleotide reader barcode on each probe enables multiplexing [Ke et
al. 2013]. BaSISS targets can take the form of any expressed somatic mutation,
including point mutations and rearrangement breakpoints, and can be supple-
mented with copy number alterations (Tables A.1 and A.2). Second, BaSISS and
transcript detection are performed as previously described for gene expression
ISS using cyclical microscopy [Ke et al. 2013; Svedlund et al. 2019] (Figure 4.5
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Figure 4.5: The BaSISS workflow to generate cancer clone maps. Following de novo muta-
tion detection and subclone discovery inWGSdata, the BaSISSworkflow is performed as follows:
(1) bespoke mutation-specific padlock probes are designed. (2) BaSISS transcripts are detected.
To achieve this, BaSISS padlock probes hybridise to complementary DNA (cDNA) in situ. By vir-
tue of a highly specific DNA ligase, only completely target-complementary padlock probes are
ligated and form closed circles. Ligated probes are amplified through rolling circle amplifica-
tion and their reader barcodes are detected in tissue space through sequencing by ligation with
fluorophore-labelled interrogation probes and cyclical microscopy. (3) Mathematical modelling
of BaSISS signals and the genotype of clones is then performed to derive clone maps. (4) Sub-
sequent phenotype and microenvironment characterization of clones is then possible, by integ-
rating clone fields with spatial datasets acquired from serial tissue sections. The BaSISS model
and cell typing are described in Chapters 2 and 3

and Appendix A.5).
Third, continuous spatial subclone maps are generated using a statistical

algorithm that exploits BaSISS signals as well as local cell counts (derived
from the DAPI channel during the fluorescence microscopy of BaSISS) using
two-dimensional Gaussian processes (Chapter 2 and Figure 2.4). The variational
Bayesian model also accounts for unspecific or wrongly decoded signals and
variable probe efficiency and is augmented by variant allele fractions in the
bulk genomic sequencing data. In an optional, fourth characterisation step,
BaSISS clone maps can be aligned and integrated with additional layers of spatial
phenotype data. In this study, we performed spatially resolved single-cell tran-
scriptomics using targeted ISS (using a previously published 91 gene oncology, a
novel 62 gene immune panel and drawing on published single-cell RNA sequen-
cing data) [Svedlund et al. 2019; S. Z. Wu et al. 2021] and immunohistochemistry
(IHC) staining (Chapter 3, Appendices A.2, A.5.4 and A.5.5, and Appendix
Figures C.1 and C.2). Additional sections were obtained to perform validation
of our workflow using LCM and low-input WGS as previously described [Ellis
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et al. 2021] (Section 2.3, Appendix A.7, and Figure 2.6).

4.2.2. Two cases of multifocal breast cancer

The cohort includes eight tissue blocks from two patients (P1 and P2) who un-
derwent a surgical mastectomy for a multifocal breast cancer. These patients
were selected to permit a comparison between genetic and histological progres-
sion models in early breast cancer development [Cowell et al. 2013] (Figures 4.1
and 4.6). P1 had two separate oestrogen receptor (ER)-positive, human epidermal
growth factor receptor 2 (HER2)-negative primary invasive breast cancers (PBCs)
within a 5-cm bed of DCIS; we used tissue blocks from both PBCs (samples P1-ER1
and P1-ER2) and three regions from DCIS (samples P1-D1, P1-D2 and P1-D3). P2
had two separate PBCs of the ‘triple-negative’ subtype (lacking the ER, progester-
one receptor and HER2). We sampled both PBCs (samples P2-TN1 and P2-TN2)
and an axillary lymph node that contained metastatic cancer deposits (sample
P2-LN1) (Figure 4.6).
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within each sample and the experiments performed. The number of clones identified by WGS
and targeted by BaSISS are reported as white numerals. Notations are: NST - No special type, ER
- oestrogen receptor positive, TN - triple negative, D - ductal carcinoma in situ, LN - lymph node.

103



4. Spatial Evolution and Ecology of Breast Cancer: From Ducts to Lymph Nodes

4.2.3. Charting histogenomic relationships

Histology-driven sampling of well-defined stages of cancer progression can un-
cover mechanisms andmarkers of disease progression [Casasent et al. 2018; Cow-
ell et al. 2013; Nirmal et al. 2022; Risom et al. 2022]. Up to two-thirds of PBCs
contain both invasive cancer and intermixed DCIS, a non-obligate precursor le-
sion. How these distinct ‘stages’ of cancer development might relate to genetic
diversificationwithin the same tissue is generally unknown [Kole et al. 2019] (Fig-
ure 4.1). To demonstrate that BaSISS can chart these relationships across entire
tissue sections, we examined three PBC samples with intermixed invasive and
DCIS histology: P1-ER1, P1-ER2 and P2-TN1 (Figures 4.7 and 4.8 and Appendix
Figures D.1 and D.2a-c).
BaSISS detected 2–4 subclones per PBC in accordance with bulk WGS data.

Clone maps (top panels Figures 4.7 and 4.8) and the quantitative clonal com-
position of 73 individually annotated microregions (middle panels Figures 4.7
and 4.8, Appendix Figure D.1a,b and Appendix Figure D.2a,b) revealed that in-
dividual subclones form spatial patterns that were, by varying degrees, related
to the histological progression states. Normal tissue elements, including immune
aggregates and histologically normal ducts, appear unstained consistent with a
wild-type status for the targeted clones (green and yellow contours, respectively;
Figure 4.7). In P1-ER2, an area of hyperplasia was predicted and confirmed by
LCM–WGS to be genetically unrelated to the cancer (blue contour; bottom panel
Figure 2.6 and top panel Figure 4.7).
In each PBC, the genetic and histological progressionmodels were broadly con-

sistent, in which the invasive disease was mainly composed of cells from the
most recently diverged subclone: P1-red, P1-purple and P2-purple in samples
P1-ER1, P1-ER2 and P2-TN1, respectively (middle panel Figure 4.7, bottom panel
Figure 4.8). By contrast, earlier diverging clones co-localised entirely or in part
to the histological pre-invasive lesion: DCIS. For example, in P1-ER2, BaSISS pre-
dicted that green branch mutations were completely absent from the invasive
compartment, a conclusion that is supported by three separate microdissections
(LCM–WGS) from distant regions of invasive cancer in P1-ER2 (bottom panel
Figure 2.6 and Appendix Figure D.1c).
However, in each PBC, there was a subclone that spanned both DCIS and

invasive histology, revealing that disconnects between histological and genetic
progression states can exist. This was the case for clone P1-red in P1-ER1 and
clone P1-purple in P1-ER2. These DCIS-invasive spanning clones could be dis-
tinguished from each other by hundreds of private mutations, including different
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inactivating driver mutations in PTEN, indicating parallel evolution along these
divergent lineages that resulted in two distinct instances of cancer invasion (total
mutation numbers label the phylogenetic tree branches; middle panel Figure 4.7).
The spatial predictions of the BaSISS model of intraductal acquisition of PTEN
mutations and PTEN protein loss was confirmed by LCM–WGS and IHC, respect-
ively (bottom panel Figure 2.6 and Appendix Figure D.1d). In sample P2-TN1, the
only predicted driver point mutation was a deleterious mutation in the tumour
suppressor gene TP53, and this was detected in both DCIS and invasive compart-
ments and was also present in all cancer regions of the second PBC, P2-TN2,
consistent with an early onset in the development of this cancer (phylogenetic
tree; Figures 4.7 and 4.8). These data therefore suggest that many, if not all, of the
genetic events necessary to initiate the invasive transition in these three cancers
were acquired within the ducts, and subsequently both intraductal expansion and
stromal invasion ensued.

4.2.4. Phenotypic changes accompany progression

Next, by integrating additional layers of spatial data, we sought to establish how
phenotypic changes relate to genetic-state and histological-state transitions.
In P1-ER1 and P1-ER2, consistent with a more proliferative phenotype, PTEN -
mutant clone regions exhibited denser Ki-67 IHC nuclear staining, than PTEN
wild-type ancestral clone regions (FDR = 0.004 P1-red versus P1-orange; and
FDR = 0.03 P1-purple versus P1-green) (bottom panel Figure 4.7 and Appendix
Figure D.1e). However, for a given genetic clone, the Ki-67 score was similar
irrespective of whether it occupied a DCIS or invasive state, indicating that
upregulation of Ki-67 is temporally related to acquisition of a PTEN mutation
and precedes invasion.
By contrast, cellular resolution spatial transcriptomics analysis of P1-ER2 re-

vealed that epithelial cell expression of several genes – CLDN4 (encoding claudin
4), ACTB (encoding β-actin), KRT5 (encoding keratin 5) and CTSL2 (encoding
lysosomal cysteine protease cathepsin V) – differed between DCIS and invasive
compartments occupied by the same, P1-purple, clone (Appendix Figure D.1f).
These transcriptional changes might therefore be considered more closely linked
to the histological transition rather than genetic changes traced by this approach.
Expression of CLDN4 was consistently lower in the invasive compartment than
to each DCIS clone. However, for some genes such as ACTB, expression patterns
changed in opposing directions in the invasive cancer relative to the sampled
DCIS clone (expression is higher than P1-green DCIS (FDR = 0.02) and lower
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than P1-purple DCIS (FDR = 0.013)) or were highly specific to a genetically more
distant DCIS clone (Appendix Figure D.1f).
Attempts to isolate the changes associated with invasive transition might also

be confounded by heterogeneity within the invasive compartment. In P2-TN1,
we therefore sought to examine whether the two genetically distinct invasive
subclones (P2-blue and P2-purple) were phenotypically distinct. The two cancer
clones exhibited distinct morphological (nuclear and architectural) features (P =
0.04, Fisher’s exact test) (H&E image insets; Figure 4.8) and occupied neighbour-
hoods with different stroma (FDR = 0.02) and immune cells such as myeloid cell
densities (FDR = 0.08) (mini-image insets; top panel Figure 4.8 and Appendix Fig-
ure D.2a–c). Transcriptional programs were also distinct, with statistically signi-
ficant differences in gene expression for 12 of 91 genes between clones (Appendix
Figure D.2d). Together, these data indicate that the particular clones sampled can
have a profound effect on attempts to identify the phenotypic changes implicated
in driving or arising during histological progression.

4.2.5. Growth patterns of pre-invasive clones

To demonstrate that BaSISS can be used to chart growth patterns in relation to
complex tissue structures, we turned our attention to three DCIS samples from
P1 that spanned a tissue surface area of 224 mm2 (P1-D1, P1-D2 and P1-D3) (top
panel Figure 4.9 and Appendix Figure D.3a). The adult female breast comprises
multiple, branching ductal systems, termed lobes, that extend from the nipple
surface to the acini of the lobules [Going et al. 2004; Schnitt et al. 2013]. DCIS
arises from the duct epithelium and is considered a lobar disease as it typically
involves the ducts and lobules of a single lobe [Pinder 2010]. Although DCIS is
known to be genetically heterogeneous [Casasent et al. 2018], how DCIS clones
are organised and grow through the wider duct system remains elusive [Thomson
et al. 2001].
The clone maps generated for the three samples formed striking mosaics of

mainly green and orange, and occasional blue and grey that localized to areas of
histologically confirmed DCIS (top panel Figure 4.9 and Appendix Figure D.3a).
Immune clusters and occasional normal or hyperplastic ducts appearedwhite (un-
stained), consistent with a different genetic ancestry. In P1-D3, a 3-mm length
of a large duct exhibited both a genetic and a histological transition from normal
ductal epithelium to DCIS along its length, confirming that, although neoplastic
involvement was extensive in this lobe, it was incomplete (Appendix Figure D.3a).
On dividing the glandular tissue into lobules (white dashed contours; Figure 4.9),
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it was apparent that a handful of lobules contained a single clone, but often mul-
tiple clones co-occurred. Indeed, we were surprised to observe that the same
clones repeatedly co-existed within lobules that spanned centimetres of tissue.
These appearances seem at odds with the traditional model of clonal competition
in which a fitter clone generates localised monoclonal sweeps.
However, at finer, sublobular resolution, complete or near-complete clonal

sweeps are the dominant pattern, as exemplified by assaying 146 representat-
ive microscopic regions that represent individual or small clusters of intimately
related acini and ducts (beige contours; Figure 4.9 top). The existence of fre-
quent clonal sweeps as inferred by BaSISS (Figure 4.9 middle) was corroborated
by LCM–WGS of additional microregions (Appendix Figure D.3b). In some in-
stances, including P1-D1-88 (Appendix Figure D.3c) and P1-D2-0 (Figure 4.9 and
Appendix Figure D.3d–f), clonal interfaces are directly observedwithin a continu-
ous anatomical space. However, more commonly, rapid clone field transitions
(see interactive maps at https://www.cancerclonemaps.org/) coincided with the
myoepithelial cell layer and/or basement membrane that define an acinus or duc-
tule border. It thus transpires that the microanatomical structure of resident tis-
sues can have, an as yet poorly understood, role in shaping observed subclonal
architectures (top panel Figure 4.9).

4.2.6. DCIS clone-specific phenotypes

Integration of histological and spatial gene expression data from serial sections
revealed that the DCIS clones, P1-green and P1-orange, exhibit many phenotypic
differences that are consistent across large tissue areas (Figure 4.9 and Appendix
Figures D.3 and D.4). Histogenetic associations were very strong, with regions
dominated by P1-green being more likely to have an intermediate rather than
a low nuclear grade (P<0.0001; Fisher’s exact test after Bonferroni correction),
exhibit more nuclear pleomorphism (P < 0.0001), necrosis (P < 0.0001), vacuoles
(P < 0.0001) and a non-solid architectural growth pattern (P < 0.0001) (Figure 4.9
and Appendix Figure D.3).
Clone and cell type-resolved spatial gene expression analysis using targeted ISS

further corroborated phenotype–genotype correlations. A total of 28 of 91 inter-
rogated genes were differentially expressed by the two main clones (FDR < 0.1,
fold change > 1.5 both ways; Appendix Figure D.4). Consistent with a higher nuc-
lear grade, P1-orange epithelial cells exhibited higher expression of the cell-cycle
regulatory oncogenes CCND1 and CCNB1 and the oncogene ZNF703, which have
been linked to adverse clinical outcome [Solin et al. 2013]. Overall, architectural
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and nuclear appearances and gene expression profiles were remarkably lineage-
specific, and it was particularly notable that these different patterns could also
be appreciated spatially, in regions with sublobular, microscopic clone intermix-
ing, adding weight to the clone composition predictions by the model (Appendix
Figure D.3d).

4.2.7. Metastatic clones in a lymph node

Lymph node metastasis is associated with higher rates of cancer mortality [Jatoi
et al. 1999]. Whether it has an active role in facilitating cancer progression or
simply reflects a more aggressive or distinct biology of certain clones is largely
unknown. A substantial challenge is low cancer purity of diffusely infiltrated
lymph nodes, which can make it difficult to separate cancer from immune cell-
derived molecular signals. To demonstrate that BaSISS can facilitate the simul-
taneous study of cancer and immune compartments in such challenging cases, we
analysed BaSISS, histological annotation and ISS targeted gene expression data-
sets from sample P2-LN1 (Figure 4.11 and Appendix Figures D.5 and D.6).
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Figure4.10: genomic structures inP2-blueandP2-orangeclones. Plotsof thegenomic struc-
tures in P2-blue and P2-orange clones in the vicinity of the HER2 gene, derived fromWGS data of
P2-TN2 and P2-LN1. Vertical lines represent genomic rearrangement breakpoints coloured by
the phylogenetic tree branchwhere the event occurred. Dots represent local (binned) copy num-
ber. HER2 amplification, CACNB1 fusion and HER2mutation are BaSISS targets used to track this
complex event. BFB, breakage-fusion-bridge.

BaSISS in P2-LN1 targeted 13 trunk and branch alleles, including point
mutations and an expressed novel internal fusion in the CACNB1 gene that
was co-amplified with the clinically targetable breast cancer oncogene HER2
in a breakage-fusion-bridge (BFB) event (Figure 4.10 and Supplementary Data
Table 1). The model detected two clones (P2-blue and P2-orange) that formed
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spatially segregated patterns in P2-LN1 (Figure 4.11). Only P2-blue was detected
in primary breast tumours (P2-TN1 and P2-TN2) (Figure 4.8 and Appendix
Figure D.2b).
Detailed histological annotation, blinded to the clone territories, was per-

formed using a combination of H&E, CD45 and pan-cytokeratin IHC and
identified multiple metastatic cancer growth patterns (coloured contours;
Figure 4.11). Intersecting the clone maps and histological annotations revealed
strong associations between the two detected clones and the two main histo-
logical growth patterns (P < 0.0001, Fisher’s exact test) (Figure 4.11 top-right).
The P2-orange clone formed monotonous sheets of cancer cells, exhibited weak
immunoreactivity for pan-cytokeratin and often occupied sinusoidal structures.
By contrast, P2-blue cells stained more strongly for pan-cytokeratin and, when
clustered, surround densely packed lymphocyte cores (Figure 4.11 right and
Appendix Figure D.5a–d).
We sought to determine whether transcriptional differences support the spatial

inference of clones. Consistent with the known HER2 amplification, P2-orange
expressed higher levels of HER2 (bottom panel Figure 4.11 and Appendix Fig-
ure D.5c). A total of 17 of 91 genes were differentially expressed and many of
these are implicated in critical biological cancer pathways and/or have recog-
nized prognostic value, including CTSL2, VEGFA (encoding vascular endothelial
growth factor receptor A) and CD24 [Kwon et al. 2015; Sereesongsaeng et al. 2020]
(bottom panel Figure 4.11). Spatially plotting these genes confirmed that clone-
specific expression patterns are recapitulated within multiple, spatially distinct
expansions across more than 1 cm2 of tissue (Appendix Figure D.5a–c).
Integration of spatial transcriptomics data also revealed that metastatic sub-

clones occupied distinct immunemicroenvironments. Relative to P2-orange cells,
P2-blue cells resided in neighbourhoods enriched for T cells and B cells (bottom
panel Figure 4.11). In fact, P2-blue cells frequently formed clusters around B cell-
rich germinal-like centres, highlighting a potential clone-specific interactionwith
the adaptive immune system (middle-right panel Figure 4.11 and Appendix Fig-
ure D.5a,d). By contrast, P2-orange regions frequently resided inside the lymph
node sinuses that were lined by endothelial cells expressing CD34 and PDGFRB
(middle-right panel Figure 4.11 and Appendix Figure D.6). Most of the immune
cells in P2-orange regions were myeloid cells with expression profiles consist-
ent with the presence of both M1 and M2 macrophages (CD163, CD68, HAVCR2
and FCGR3A), and the most highly enriched gene, CXCL8, is released by hypoxic
macrophages [X.-P. Li et al. 2015] (bottom panel Figure 4.11). Indeed, relative to
P2-blue, it emerges that P2-orange experienced more hypoxic conditions mani-

112



4.2. Results

Growth pattern Sinus location

M-GP1(+s)
M-GP1(-s)

M-GP2 
Non-cancer

●

P2-orange
P2-blue

P2-LN1 clones

Histological features (microregions)

P2-LN1

M-GP1: Monotonous sheets 
of cells, pale cytoplasm 

sinus endothelium lymphocyte aggregate

M-GP2: more diffuse 
groups of cells, darker nuclei 

Pan-CK stain

Inside
Outside

M-GP1
M-GP2

Weak
Strong

Growth pattern
Pan-CK stain

Sinus location

TP53

BFB

Histological 
features

wt P2 Clones

Region
composition(%)

100
50

0

P2-LN1 Microregions

B-cells T-cells Myeloid
0

1

2

3

4

3.8×10-19

8.9×10-18

%
 o

f c
el

ls
 in

 re
gi

on
s

cell types

P2-orange
P2-blue

P2-LN1 clones

fold change

p-
va

lu
e

CCR7

CD163CD3D

CD68

CXCL8

FCGR3A

GZMB
HAVCR2

IL2
IL7R

ITGAM

LAG3

MS4A1

TNFRSF18

10-30

10-20

10-10

100

2-4 2-2 20 22 24

p-
va

lu
e

CD24

CTSL2

HER2

KRT5SNAIL
VEGFAVIM

100

10-20

10-40

10-60

10-80

fold change
2-4 2-2 20 22 24

Immune cell expression Epithelial cell expression Cell-type contributions

Figure 4.11: Intrinsic and extrinsic features of metastatic subclones in a lymph node. top-
left, BaSISSmapofP2-LN1,which relates toP2-TN1 (Figure 4.8) andP2-TN2 (crefappfig:appendix-
applications-PBC-P2a,b). The most prevalent genetic clone colours are projected as coloured
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fusely infiltrating blue to allow visualization in very high normal contamination regions). Scale
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terns (M-GP1 andM-GP2); ‘+’ indicates the surrounding sinus epithelium. top-right, Phylogenetic
tree inferred from P2 multiregion WGS. Branch and node colours inform the clones mapped in
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ear mixed model with region-specific random effect, and includes the 22 clone territories with a
dominant clone fraction > 0.05 in P2-LN1. Significant comparisons were controlled for FDR using
the Benjamini–Hochberg procedure.
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festing as higher cancer cell expression of VEGFA and necrotic regions (Appendix
Figure D.6). Hypoxia signatures are associated with adverse clinical outcomes,
probably because they reflect the emergence of environments that can select for
hypoxia-tolerant clones and/or cancer proliferation rates outstrip neoangiogen-
esis [R. A. Cairns et al. 2004]. Together, these data demonstrate how BaSISS clone
maps allow one to spatially relate such variation in microenvironments to indi-
vidual clones.

4.3. Discussion

Applying BaSISS to a series of samples from the key stages of breast cancer pro-
gression – carcinoma in situ, invasive cancer and lymph node metastasis – it
is notable that virtually every sample exhibited a spatial organisation of clones,
which warrants further investigation in larger cohorts. The fact that nearly all
clones examined in this dataset displayed distinct clone-specific gene expression,
stromal and immune microenvironments and microanatomical niches highlights
the functional relevance of at least some subclonal diversification.
A key observation from these data is the variable relationship between geno-

type and phenotype. We examined three primary breast tumours with intermixed
DCIS and invasive disease, and in each case, a clone was identified that existed
simultaneously in the two distinct histological states. In contrast, albeit in a single
examined case, we observe remarkable consistency between genetic lineage and
DCIS grade spanning centimetres of tissue. While occasional examples of ‘up-
grading’ occur, which could be accounted for by unsampled genetic evolution,
we find no evidence of transition to a lower grade. The lack of plasticity within
the grade phenotype space is aligned with studies that report that DCIS and in-
vasive cancers are usually of the same grade [Gupta et al. 1997; Luijt et al. 2016].
Our findings could reflect stable differentiation states acquired by divergent cells,
prior to DCIS onset [Rakha et al. 2022].
Another key message, that echoes those of a recent spatial study in melanoma

[Nirmal et al. 2022], is that measuring entire tissue sections rather than small
fields of view is advantageous for understanding biology. Firstly, this approach
reveals that patterns of cancer growth and organisation can vary across different
scales. For example, in P1-D1, P1-D2 and P1-D3, at macroscopic scale we see DCIS
clones co-exist in multiple lobules, across an entire breast lobe, while at the mi-
croscopic level they are mainly segregated, distending individual acini or forming
abutting populations. There are various possible explanations for the observed
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DCIS growth patterns such as clonal co-operation or genetic drift [Janiszewska
et al. 2019; Turajlic et al. 2019]. A number of recent mathematical modelling stud-
ies have emphasised the importance of tissue architecture in shaping evolution
and in the reported case it is certainly plausible that altered rates of fixation and
absorption arising from the physical bottlenecks in the different sized ducts and
ductules could account for the observed genetic patterns [Lieberman et al. 2005;
Noble et al. 2022; West et al. 2021]. Secondly, within a lymph node the panoramic
view allows one to appreciate that subclones repeatedly foster the same ecosys-
tems – one that is immune depleted within the sinuses while the other clustered
around B-cell aggregates consistent with a clone specific interactions with the
adaptive immune response [Sharonov et al. 2020]. This way of examining tissues
naturally leads to a multitude of questions that each warrant follow up in its own
extended cohort. The tools we have developed and approaches demonstrated in
this study will provide others with a framework for achieving this.
The ability to chart clonal growth patterns and clone-specific genetic underpin-

nings of the tumour microenvironment is likely to be instrumental in elucidating
how different evolutionary processes operate and manifest across different can-
cer types—or even in histologically normal tissues [Sottoriva et al. 2015]. Under-
standing the forces of malignant progression, especially invasion and metastasis,
and how interactionswith the tumourmicroenvironment shape clinical outcomes
[Risom et al. 2022] appear of particular importance. Detailing the functional and
microenvironmental characteristics of different clones is also relevant as some
part of subclonal diversity in tumours may be due to selectively neutral drift, but
the exact extent remains debated.
Particular advantages of the technology are that it is capable of interrogat-

ing very large tissue sections on the scale of squared centimetres, which en-
ables studying entire cross-sections of smaller tumours. It is also comparably
cheap, unlike solely relying on sequencing-based methods [Vickovic et al. 2019].
The three main limitations of the approach are relatively low sensitivity, which
currently precludes single-cell genotyping, a reliance on RNA with the result-
ing variation in gene expression levels of targeted transcripts, and the fact that
clone-defining mutations need to be detected first by separate sequencing-based
assays. Greater sensitivity and spatial resolution may be achieved by including
more targets per clone and by favouring mutations with higher predicted expres-
sion levels, for example, in higher copy number states. A switch to hybridization-
based sequencing and direct RNA-binding probes may also improve base-specific
detection by several fold [Gyllborg et al. 2020; H. Lee et al. 2022].
It is often stated that ‘nothing in biology makes sense except in the light of
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evolution’ [Dobzhansky 1973], which is likely to be true for cancer biology. The
ability to spatially locate and molecularly characterize different cancer subclones
adds essential features to the spatial-omics toolkit. It provides a robust evolution-
ary framework that is necessary to interpret the biological relevance of many of
the more plastic spatial characteristics of a cancer. Future widespread applica-
tions of spatial genomics approaches such as BaSISS will uncover how cancers
grow in different tissues and allow us to track, trace and characterize the ill-fated
clones that are responsible for adverse clinical outcomes.
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Outlook 5
5.1. Summary

Cancer is fundamentally a spatial disease as its origin and progression are linked
to specific anatomical locations and microenvironments within the body. These
spatial relationships between cancer cells and adjacent tissues offer key insights
into tumour onset, evolution, and treatment response (Chapter 1). Despite this
importance, current technologies constrain our understanding of the interactions
between subclones and the microenvironment. Existing spatial technologies tar-
geting the genome either suffer from limited spatial resolution or employ indir-
ect methods based on a limited subset of genomic changes, thereby complicating
phylogenetic inference.
In this thesis, I developed the key computational components for one of the

first method to chart cancer evolution in tissue space (Chapter 2). I designed
algorithms that integrate clonal maps with various types of auxiliary data, in-
cluding ISS, IHC, and histology, to provide a comprehensive characterisation of
clones and the tumour microenvironment (Chapter 3)
Applying these methodologies to multifocal breast cancers, I charted the

spatial organisation of clones through three stages of cancer progression: ductal
carcinoma in situ (DCIS), invasive carcinoma, and lymph node metastasis
(Chapter 4). This study revealed a remarkable degree of segregation among
histologically distinct cancer clones within the breast’s ductal system. It tracked
the phenotypical changes accompanying progression from CIS to the invasive
stage and confirmed that genetically indistinguishable clones can exist in both
invasive and in situ states. The study also showed how cancer clones adapt to
unique ecological niches within the lymph node, suggesting possible interac-
tions with the immune system. Across all three stages examined, the territories
occupied by different clones exhibited distinct transcriptional and histological
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features, as well as diverse microenvironments.
These results demonstrate the utility of spatial genomics to elucidate the mech-

anisms that govern cancer evolution and spatial ecology.

5.2. Current limitations and future solutions

The approach comprises two distinct components: lineage tracing with BaSISS
and the characterisation of cell phenotype and microenvironment. As these com-
ponents operate independently and possess their own specific limitations and po-
tential solutions, I will discuss them separately.

5.2.1. Spatial lineage tracing with BaSISS

While the BaSISS protocol offers the unique ability to map cancer clones across
square centimetres of tissue, there are several limitations that are important to
consider. Some of these are intrinsic to the technology, such as its emphasis on
mutations in the coding region and its dependency on prior mutation detection
and phylogenetic reconstruction. Other limitations, such as the lack of detailed
phylogeny, low signal yield, and standardisation issues, could possibly be ad-
dressed with existing technology. Overcoming these constraints would improve
both the resolution and the granularity of cancer evolution characterisation.

Prior knowledge of genome alterations

BaSISS is a targeted method that require both prior knowledge of the mutations
and requires a panel redesign for every individual cancer case, drastically increas-
ing the cost of new experiments. This contrasts with spatial sequencing methods
[Erickson et al. 2022; Zhao et al. 2022] which do not require prior information
and infer clone maps based on copy number profiles. While it is possible to adapt
BaSISS to this strategy by designing probes for a set of expressed genes distrib-
uted across the genome, such an approachwould only yield copy number profiles.
Consequently, this would forfeit BaSISS’s primary advantage: the ability to detect
point mutations.

Prior phylogeny reconstruction

Initial detection of subclones as well as tree reconstruction was done based on
multi-regional sequencing data. This method is often not sensitive enough to
resolve clones in cases where the CCF is low. An alternative approach to improve
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point mutation detection and tree resolution could involve techniques like single-
cell WGS. Currently, LCMmight offer an even better option, owing to its superior
ability to detect point mutations.
When employing LCM one could slightly modify the research workflow. In-

stead of first inferring cancer clones and subsequently exploring their association
with histology, histological features could guide the selection of LCM regions for
genotyping. While this strategy introduces some bias, it could more effectively
elucidate the relationship between histology and genomics. BaSISS could then
extend genotyping capabilities to regions not characterised by LCM. For an illus-
tration of the additional phylogenetic details that can be revealed through such
methods, refer to Figure 4.3.

Subclone resolution

The number of probes defining clonal expansion is critical for accurate subclone
mapping. For instance, the P1-green clone (Figure 4.9) was defined solely by
a point mutation in the KIAA0652 gene. Fortunately, this gene was highly ex-
pressed, mitigating the risk of failing to resolve this particular clone. Although
gene expression levels were taken into account during probe design, predicting
gene expression patterns is challenging. This is particularly true when expression
varies non-linearly with changes in copy number (see Section 2.4 for details). Ad-
ditionally, it is difficult to forecast the efficacy of padlock probes, such as their
specificity. Therefore, it is crucial to include as many genomic alterations as pos-
sible in the probe design.
A fundamental limitation of the BaSISS approach, and any other method tar-

geting RNA, is the inability to trace clones not defined by mutations in the coding
region. The mutation burden can vary considerably across different cancer cases
and types, with the number of coding mutations per tumour ranging from 1 to
10,000 [Martincorena and Campbell 2015]. As a result, some tumours are more
compatible with BaSISS analysis. In particular, hypermutant tumours, which con-
tain a significantly higher number of mutations compared to typical cases, may
be especially amenable to investigation, given the greater likelihood that their
clones will accumulate mutations in the coding region.
When the task involves tracing hundreds ofmutations, accomplishing this with

BaSISS is relatively straightforward. The 56 probes that were used to map the P1
clone are not a technological limitation for the ISS protocol. Modern ISS exper-
iments can resolve up to 300 genes, which, in the context of BaSISS, equates to
the detection of 150 allelic variants plus an additional 150 reference alleles.
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Signal yield

A significant drawback of the BaSISS protocol is its low yield of signals, which
arises from two main factors: inefficient sequencing-by-ligation chemistry and
limited targetable nucleic acids. Unlike standard FISH technologies, where probes
can target multiple regions of the same gene to enhance detection, BaSISS can
target SNVs and structural variants with exactly one probe.
However, there is room for improving the sequencing chemistry, as demon-

strated in newer versions of ISS protocols. For instance, hybridisation-based ISS
(HybISS) [Gyllborg et al. 2020] and direct RNA-targeted ISS (dRNA-HybISS) [H.
Lee et al. 2022] offer improvements. The former one exchanges sequencing by
ligation with a more efficient hybridisation step. The latter bypasses the need for
reverse transcription required for cDNA generation. Nevertheless, it is essential
to consider that RNA ligases used in these improved methods may have different
substrate specificities, which could impact ligation accuracy and the off-target
effect.

Standardisation

Standardisation of the BaSISS protocol could substantially enhance its utility and
reproducibility across different laboratories. The BaSISS protocol involves a di-
verse array of equipment, reagents, and computational infrastructure, all of which
must be meticulously operated. Additionally, trained personnel are required to
execute each stage with minimal variability. Even within the scope of this thesis
where the experiments were conducted by the same individuals, I observed con-
siderable variability in signal detection between slides. Attempts to replicate the
experiments in a different facility have highlighted the challenges associated with
even minor issues, such as imperfect alignment of the glass slide under the mi-
croscope between reaction cycles. These seemingly trivial errors took months to
identify and led to significant degradation in data quality. Transitioning the pro-
tocol to industrial-standard machines, similar to those used in the 10x Xenium
technology, couldmake themethodmore reproducible and accessible to a broader
research community.

Scope of future applications

Is this technology a silver bullet for solving the challenges of spatial genomics?
Probably not yet. Despite its many advantages, the BaSISS approach has some
inherent drawbacks. While it is cost-effective for profiling multiple samples from
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Despite the limitations,
profiling the clonal structure
of normal tissues remains
feasible. Even though nomral
cells generally exhibit a lower
mutation burden, LCM studies
identify up to 100 mutations
in their coding regions.
Although, one need to keep in
mind the age of donors, for
example in R. Li et al. [2021]
they were 85 to 93 years old.

the same tumour, the need for customised panel design for each experiment to
capture SNVs elevates the costs. It improves upon RNA sequencing methods
which can only resolve clones based on copy number profiles; however, BaSISS
still loses to LCM-WGS due to its fundamental constraint: the necessity for clone-
specific mutations in the coding region, which are limited. Additionally, despite
the avenues for improvement, this approach currently suffers from low sensit-
ivity and lacks single-cell level genomic characterisation. Consequently, spatial
lineage tracing remains a significant challenge.
However, I envisage that BaSISS could serve as a valuable supplement to other

spatial genomics tools like LCM (Box 1), particularly for deeply investigating the
evolutionary history of hypermutant cancers.
The model I developed (detailed in Chapter 2) along with the accompanying

infrastructure code, is designed to handle moderately noisy BaSISS data in future
experiments. This model is capable of mapping an arbitrary number of clones
across centimetres of tissue, assuming each clone possesses at least one well-
behaved, clone-specific mutation. While there is room for improvement, as dis-
cussed in Section 2.4, further ameliorations will be needed as experimental meth-
ods advance to offer single-cell-level resolution. Such advancements will invite
substantial changes to the model’s structure. Although the data generation pro-
cess will share many similarities with the current approach, future data sets will
likely not require binning or GP to manage sparsity. I anticipate that future mod-
els will employ clustering approaches similar to Bayesor [Petukhov et al. 2022]
or pciSeq [Qian et al. 2020].

5.2.2. Phenotype andmicroenvironment characterisation

The auxiliary data acquired for the study presented in this thesis is largely sub-
optimal by current standards. This limitation arises from the fact that the ex-
perimental setup was originally designed in 20161 by L.R.Y., J.S., M.N., and P.J.C.,
predating the rapid advancements in the field of spatial omics. Consequently, the
workflow detailed in Chapter 3 should be viewed primarily as a proof of concept
and should be replaced with modern methodologies in future research.

1It is strange to think that the original experiments took place just as I beganmy undergraduate
studies.
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Histological characterisation

Histological features offer a straightforward method of assessment, requiring of-
ten only simple staining to reveal a wealth of information. A trained histopatho-
logist can interpret cell arrangements and nuclear shapes, which often suffice to
define the micro-anatomy of the tissue that impose structural constraints on the
tumour’s environment (Section 1.2). Despite its utility, histopathological annota-
tion performed by human is labour-intensive, subjective and difficult to scale.
Digital histopathology offers an alternative approach. Besides feature extrac-

tion, it is possible to conduct semantic segmentation of the regions and extract
its micro-anatomical structures [Kiemen et al. 2020]. Recent studies employing
artificial intelligence have demonstrated that the histological characteristics of tu-
mour cells correlate with underlying genomic alterations [Fu et al. 2020; Kather et
al. 2020]. However, a significant challenge lies in integrating slide-level bulk gen-
omic data with tile-based digital features [Shmatko et al. 2022]. Spatial genomics
can address this issue, provided that a sufficiently large dataset is generated.

Spatial proteomics and transcriptomics

Spatial transcriptomic and proteomic technologies have undergone significant
advancements in recent years [Lewis et al. 2021; Mund, Brunner et al. 2022]. This
progress has made the acquisition of single-cell level proteomics and transcrip-
tomics increasingly routine (Section 1.3 and Box 1). Although these technologies
focus on different modalities – for example, protein profiles more readily identify
immune cells – they yield rich data sets. These data are sufficient for mapping
the spatial distribution of cell types at, or slightly above, the single-cell level.
Highly multiplexed antibody detection methods yield rich data sets that facil-

itate the identification of functionally recurrent neighbourhoods within cancer
tissue [Danenberg et al. 2022; Jackson et al. 2020; Nirmal et al. 2022; Schürch et
al. 2020; X. Q. Wang et al. 2023]. Given that proteins serve as primary mediators
of cell-cell interactions, these technologies also enable the direct observation of
cell-cell contacts, providing unequivocal evidence of interactions [Nirmal et al.
2022; X. Q. Wang et al. 2023].
To date, spatial transcriptomics assays for cancer have primarily employed 10x

Visium, a technology that enables whole-transcriptome profiling and the map-
ping of various niche cell types, guided by rich single-cell transcriptomics refer-
ence data [Andersson et al. 2021; Barkley et al. 2022; Berglund et al. 2018; Erick-
son et al. 2022; Gouin et al. 2021; Ji et al. 2020; Moncada et al. 2020; Qi et al. 2022;
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Ravi et al. 2022; Ståhl et al. 2016; R. Wu et al. 2021; S. Z. Wu et al. 2021]. How-
ever, because these methods operate at a supercellular level, they are mostly lim-
ited to describe broad patterns of co-occurrence and offer only indirect evidence
of functional interactions (Figure 1.5). The recent commercialisation of fluores-
cent probe-based technologies, such as 10x Xenium and MERSCOPE, is likely to
shift this landscape, allowing for transcriptional characterisation at the single-cell
level.
Overall, the success of spatial transcriptomics and proteomics, relative to other

spatial modalities, will likely shape the field’s trajectory towards phenotypic
characterisation of cell communities in the coming years.

Towards comprehensive spatial models of carcinogenesis

The statistical models outlined in (Section 3.2.6) serve to delineate compositional
and expression differences between preselected regions occupied by distinct
clones. With the availability of richer single-cell level features, compositional
differences can be clustered into recurrent neighbourhoods using methods such
as topic modelling or graph-based models, further enriching the description of
tumour microenvironment [Danenberg et al. 2022; Jackson et al. 2020; Nirmal
et al. 2022; Schürch et al. 2020; X. Q. Wang et al. 2023].

NeighbourhoodGenome Expression Histological phenotype

Latent 
representation

Information flow

Figure 5.1: Conceptual comprehensive spatial model. Multiple spatial modalities at the
single-cell level offer rich data for analysing cancer cell biology. A graph-based framework
provides an effective approach for integrating these data types. Inspired by Fischer et al. [2023]

However, richer multimodal single-cell data enable more refined statistical ap-
proaches for modelling interactions between intrinsic and extrinsic cellular com-
ponents. Graph-based representations preserve spatial relationships and offer
a framework for modelling intercellular communication, as demonstrated by the
NCEMmethod [Fischer et al. 2023]. While fully mechanistic modelling of cellular
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components poses significant challenges, neural network-based approximations
could partly represent cell behaviour. I anticipate that the integration of multi-
modal data within a graph-based model, which explicitly considers cell pheno-
types as functions of both their intrinsic characteristics and local neighbourhood,
will advance our understanding of the roles of genome and microenvironment in
cancer cell behaviour and cellular plasticity (Figure 5.1).

5.3. Opportunities for studying breast cancer

The study detailed in Chapter 4 demonstrates a surprising degree of spatial or-
ganisation among cancer clones. This work highlights the efficacy of cancer lin-
eage tracing technology in establishing links between evolutionary lineages, their
phenotypes, and their microenvironments. This technology thus offers valuable
insights into cancer cell plasticity from an evolutionary perspective. While most
of the findings are discussed in Section 4.3, this section aims to situate these res-
ults within the broader context of unresolved questions concerning breast cancer
progression, closer to the one listed in Section 4.1.6.

Mammary gland development and ductal system colonisation

Understanding early evolution and clonal dynamics within the ductal system is
crucial for grasping how breast cancer develops its malignant potential. Previ-
ous studies have reported extensive heterogeneity of carcinoma in situ, however
they did not address their precise spatial distribution over the large tissue areas
[Casasent et al. 2018; Nishimura et al. 2023; Yates et al. 2015].
The observed patchwork pattern of microscopic clonal sweeps within the DCIS

is striking and prompts questions about its formation. Several explanations for
these growth patterns exist, including clonal co-operation and genetic drift, as
discussed in Section 4.3 [Janiszewska et al. 2019; Turajlic et al. 2019].
This observed pattern also aligns with simulations conducted by West et al.

[2021], which predict that local clonal sweeps arise due to the spatial constraints
inherent in the fine branches of the ductal system. However, this model considers
themammary gland as a static system, neglecting its dynamic nature and life-long
remodelling (Section 4.1.1). Developmental processes within the mammary gland
could play a role in the clone spread.
The first detected clonal expansion in this case roughly coincides with puberty,

a period of active ductal system formation. This expansion could have been facil-
itated by such developmental processes, stimulating cancer cells to proliferate and
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disseminate throughout the newly formed ductal and lobular units. Subsequent
expansions may also align with other periods of breast remodelling, such as preg-
nancy, although we lack data for the P1 case in this context.
Within the DCIS, we observed a distinct frontline between cancer clones

without many examples of intermingling. This observation is intriguing from
a clonal dynamics standpoint as it raises questions as to what extend a ‘fitter’
clone may outcompete others colonising ductal system and why do we observe
complete local sweeps. The human breast continues to develop acini with each
menstrual cycle [Javed et al. 2013], providing additional space for proximal
clones to expand. Once colonised, lobules may become inaccessible to other
clones, a phenomenon observed in bacterial colonisation of porous landscapes
[Conwill et al. 2022].
Determining the extent to which this pattern results from cancer spreading

within a static system versus the role of natural breast development, is challen-
ging based on a static 2D snapshot of a dynamic 3D structure. However, the
BaSISS approach can be applied to consecutively capture the three-dimensional
structure of clonal distribution. Such data should clarify the degree of clonal
mixing at a global level, thereby providing a foundation for future evolutionary
simulations. Additional genomic studies of individual lobules, e.g. with LCMmay
help dissect clonal dynamic further and understand local patterns of colonisation.

Cancer plasticity and invasion

Prior research suggests that genetically identical clones can coexist in both car-
cinoma in situ and invasive states [Casasent et al. 2018]. Moreover, the microen-
vironment plays a role in initiating invasion [Risom et al. 2022; Sinha et al. 2021]
(Figure 4.4). Nonetheless, it is evident that not all clones possess the capacity for
invasion, and specific genetic backgrounds may be required for this capability.
The invasive growth patterns discussed in Chapter 4 support this model. Invas-

ive clones occupy the ductal system, occasionally co-localising with non-invasive
clones (Figure 4.7). While the absence of direct experimental evidence makes it
challenging to assert whether non-invasive clones lack invasive potential, stat-
istical analysis across large cohorts could reveal correlations between the genetic
backgrounds of invasive and non-invasive lineages. Such analysis could also
quantify associated changes in cell phenotype.
It is plausible that CIS clones correlate with specific microenvironment types,

as their histological features differ significantly. Unfortunately, the cell-typing
analysis was not sufficiently sensitive to detail the functional differences between
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The B-cell Orbital Niche

B-cells

Cancer cells

The P2-blue clone occupies a
unique niche around B-cell
cluster, as illustrated in
Appendix D

the niches associated with invasive and non-invasive clones, such as those pro-
posed for neutrophils [Sinha et al. 2021] and desmoplastic stroma [Risom et al.
2022]. Future studies, leveraging advancements in spatial transcriptomics and
proteomics profiling, should elucidate these microenvironmental differences.

Lymph nodemetastasis and environment interactions

While lymph nodes actively execute adaptive immune responses, their role in
cancer progression remains ambiguous in part due to the challenges posed by the
low cancer purity in the diffuse infiltration of these structures. Genomic studies
have reported extensive heterogeneity among cancer cells within lymph nodes
[Bao et al. 2018; Barry et al. 2018; Pal et al. 2021], however they lacked spatial
details to functionally link genetic heterogeneity to tumour microenvironment.
The clonal patterns discussed in Section 4.2.7 suggest ongoing evolution within

the lymph nodes. However, given that lymph nodemetastases have been reported
to originate from minor clones at primary sites [Bao et al. 2018], these patterns
could result from polyseeding by under-sampled clones in the primary tumour.
A striking observation presented in Section 4.2.7 is the specialisation of clones

in fostering specific ecosystems. One clone is mostly avoiding immune presence
within the sinuses, while another consistently clusters around B-cell aggregates.
This indicates clone-specific interactions with the adaptive immune response. To
the best of my knowledge, the phenomenon of cancer clones encircling B-cell
clusters has not been reported previously. These observations suggest that clone-
immune interactions within the lymph node could influence immune cell beha-
viour at primary sites, either by attracting immune attention or by contributing
to immune evasion.
Future spatial studies involving appropriately paired cohorts should further

clarify the nature of cancer-immune interactions within both the lymph nodes
and primary tumours.

5.4. Concluding remarks

This thesis addresses a gap in cancer genomics by introducing a method capable
of tracing clones across large tissue sections at single-nucleotide resolution. The
computational techniques developed here enable the integration of experimental
BaSISS data with multiple phenotypic layers, such as immunohistochemistry, in
situ sequencing, and histology. Together, these methods enabled the character-
isation of individual breast cancer clones and their native microenvironments.
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The proposed approach allows for the simultaneous observation of evolving
clones, their phenotypes, and the selective environment in which they reside. As
such, the utility of this method extends beyond the study of breast cancer pro-
gression. At the example of some of CRUK’s Cancer Grand Challenges, I will
illustrate how this spatial genomics approach could be applied to address other
fundamental questions of cancer research. Specifically, the approach could ad-
vance the research themes of ‘Tumour cell plasticity’, ‘Normal phenotype’, ‘Lethal
vs non-lethal cancers’ and ‘Cancer and ageing’.
Cancer cell plasticity. The emergence, spread, and treatment resistance of

cancer are often attributed to the ability of cancer cells to alter their states - a
phenomenon known as ‘cell plasticity’. The origins of this diversity remain un-
clear. Part of it likely stems from irreversible state changes caused by genetic
alterations selected during clonal evolution. Other state changes may be revers-
ible, induced by triggers within the microenvironment. Therefore, methods that
enable simultaneous profiling of the genetic composition (intrinsic component),
expressed phenotype (a measure of plasticity), and microenvironment (extrinsic
component) are necessary to accurately model cell plasticity.
Normal phenotype. Although experiments in model systems suggest that a

limited number of driver mutations can initiate malignancy, tissue studies show
that cells with multiple driver mutations can still appear histologically normal
(Figure 4.3). This points to the significant role of the microenvironment, in con-
junction with genetics, in determining tumour phenotype. Notably, cells with
identical genotypes can behave differently in varied microenvironments, and vice
versa. Therefore, studies that profile genetic composition, microenvironment,
and histological appearance are essential for understanding the mechanisms en-
abling cells to transition between normal and malignant states.
Lethal vs non-lethal cancers. While some cancer clones stay confined within

their tissue of origin and thus pose a relatively low risk to the patient, other
clones acquire the ability to invade surrounding tissues. A subset of these in-
vasive forms may ultimately metastasise to distant organs, substantially elevat-
ing the risk of a fatal outcome. Current screening methods often fail to detect
the emergence of these ‘lethal’ clones, leading to frequent over-diagnosis and
subsequent over-treatment. The specific combination of genetic alterations and
microenvironmental factors that render a clone ‘lethal’ remains elusive. Spatial
omics techniques hold the potential to not only refine existing histology-based
biomarkers but also to discover new biomarkers that could improve patient strat-
ification.
Cancer and ageing. Ageing triggers a cascade of cellular and tissue-level

127

https://cancergrandchallenges.org/


5. Outlook

changes. At the cellular level, it exacerbates genomic instability, leading to a
higher mutation rate. At the tissue level, it weakens immune functions and
remodels the extracellular matrix. These alterations render tissues increasingly
vulnerable to abnormal cell proliferation. However the exact mechanisms of
these varied processes remain elusive and spatial genomics and transcriptomics
approaches appear well suited to measure how ageing microenvironments affect
clonal evolution. Moreover, the processes of ageing may be highly tissue specific,
therefore requiring detailed analyses across tissue types to better understand the
role of ageing in cancer development.
In conclusion, the spatial genomics techniques developed in this thesis provide

a unique opportunity for studying the evolution of cancer clones within their nat-
ive tissue environment. As demonstrated, utilising these methods to map tumour
evolution across various tissues holds great potential for addressing key research
challenges in the field of cancer biology.
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Supplementary methods for
experimental procedures and
data preprocessing A
Declaration
This supplementary chapter outlines the specific experimental protocols and initial data
preparation that generated the data used in this thesis. The content is entirely taken
from the supplementary methods section of Lomakin et al. [2022], with small stylistic
adjustments.
J.S., P.J.C., M.N. and L.R.Y. designed the initial study and planned experiments. J.S.,

M.N. and C.S. acquired the ISS data (Appendix A.5). A.S. contributed to image seg-
mentation and processing. A.L.R. and S.S. provided tissue samples (Appendix A.1). S.S.
and C.S. performed IHC (Appendix A.2). Young Seok Ju contributed RNA sequencing
expertise (Appendix A.3). S.D. performed WGS subclonality analysis (Appendices A.4
and A.7). L.R.Y. conducted LCM-WGS experiments (Appendix A.7). J.S.P, V.V., T.L.,
Omer Ali Bayraktar and M.Gat. contributed to the development of bespoke ISS analysis
pipelines (Appendices A.6 and A.6.3).
While I did not participate in the execution of these protocols — except for the Ap-

pendix A.6.2 — this chapter is included for completeness. Detailed experimental protocols
and data analysis methods are critical for decisions made in the statistical analysis design,
as discussed in Chapters 2 and 3. These details are also important for the interpretation
of results presented in Chapter 4.

A.1. Tissue samples
Breast tissue samples were obtained from mastectomies performed for the diagnosis of
multifocal primary breast cancer. Patients provided written informed consent for tissue
and clinical data use in research studies. Samples and data were obtained and managed
in line with the declaration of Helsinki under “project SHARE” #93-085, approved by
the Dana-Farber Harvard Cancer Center Institutional Review Board. Sample and data
handling at the Wellcome Sanger Institute, Cambridgeshire, UK was performed under
the wider framework and approval for the Breast Cancer Genome Analyses for the Inter-
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national Cancer Genome ConsortiumWorking Group under REC reference: 09/H0306/36
(Cambridgeshire 3 Research Ethics Committee). The study was later transferred to a pro-
tocol REC: 20/PR/0905 approved by London-Harrow Research Ethics Committee.
Tissue blocks were first sliced to obtain sufficient nucleic acids for bulk whole genome

sequencing (WGS) and RNAseq analysis. Subsequent serial 10µm sections were obtained
from the same tissue block and orientation for base-specific in situ sequencing (BaSISS),
in situ sequencing (ISS), histological assessment and immunohistochemistry (IHC).

A.2. immunohistochemistry
For immunohistochemistry staining after ISS, cover glasses were detached by overnight
incubation in TBS-Tween20 (0.05%). Slides were fixed for 10 min with 3.7% formaldehyde
(Sigma Aldrich, Munich, Germany). Endogenous peroxidases were blocked with DAKO
REAL peroxidase-blocking solution (Agilent, Glostrup, Denmark) for 10 min at room
temperature, followed by incubation with DAKO serum-free protein blocking solution
(Agilent) for 30 min.
Sections were incubated with mouse monoclonal PanCK antibody (clone AE1/AE3,

Agilent) diluted 1:100 in DAKO REAL antibody diluent (Agilent) overnight at 4℃ in a
humidity chamber. Thereafter, ready-to-use secondary ImmPRESS HRP Anti-mouse IgG
(VectorLaboratories, Orton Southgate Peterborough, UK) reagent was applied for 30min
and chromogenic visualisation was performed with DAB Peroxidase substrate kit (Vec-
tor laboratories) according to themanufacturer’s instructions. Slideswere counterstained
withMayer’s HTXHaematoxylin (Histolab, Gothenburg, Sweden) for 30 seconds, dehyd-
rated and permanently mounted (Vecta Mount, Vector laboratories). A similar proced-
ure was performed for CD45 (2B11+PD7126, mouse monoclonal DAKO Agilent; dilution
1:100, detection with secondary ImmPRESS HRPAnti-mouse IgG) and HER2 (D8F12, rab-
bit monoclonal; CellSignalling dilution 1:50, detection with secondary ImmPRESS HRP
Anti-rabbit IgG (Vector Laboratories)).
Standard immunohistochemistry staining on non-ISS sequenced sections was per-

formed for the following proteins: SM-MHC (BioCareMedical LLC, cat# CM 420B, mouse
monoclonal, clone: SMMS-1, dilution 1:100), P63 (BioCare Medical LLC, cat# CM 163C,
mouse monoclonal, clone: BC4A4, dilution 1:150), PR (DakoCytomation, cat# M3569,
mouse monoclonal, clone: PgR636, dilution 1:75), Ki67 (DakoCytomation, cat# M7240,
mouse monoclonal, clone: MIB-1, dilution 1:400) and PTEN (Abcam Anti-PTEN antibody
[EPR22636-122] (ab267787) 1:500 pc). Secondary antibody detectionwas performed using
polymer-M (Labelled polymer-HRP anti-mouse: DakoCytomation, Code: K4007) for PR,
Ki67, P63 and PTEN (EPR22636-122) and poly-AP-M (Poly-AP anti-mouse IgG : Leica,
cat# PV6110) for SMMHC and polymer-M (Labelled polymer-HRP anti-mouse: Dako-
Cytomation, Code: K4007) for PR, Ki67, P63 and PTEN (EPR22636-122) and poly-AP-M
(Poly-AP anti-mouse IgG : Leica, cat# PV6110) for SMMHC.
In selected regions (with LCM-WGS validated subclone compositions) the total num-

ber and number of positive stained nuclei (Ki-67, PTEN and PR antibodies) were counted
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usingQupath digital software (Version 0.3.0) [Bankhead et al. 2017].

A.3. Bulk tissue sequencing
To generate DNA and RNA sequence data 10 x 10-20um serial slices of tissue blocks were
pooled and homogenised followed by nucleic acid extraction. Short insert whole gen-
ome and targeted capture paired-end libraries and 350bp poly-A selected RNA libraries
were created, flow cells prepared and sequencing clusters generated according to Illu-
mina protocols [Kozarewa et al. 2009]. 100 base whole genome sequence data, 150 base
targeted capture genomic data and 75 base RNA sequence data was generated using Il-
lumina HiSeq 2000® genome analysers. Genomic and RNA sequence data were mapped
to the reference human genome (GRCh37 Ensembl 58) using Burrows Wheeler Aligner
[Heng Li et al. 2009] and TopHat (v1.3.3), respectively. Original data associated with the
prior publication datasets fromwhich these samples derive are deposited in the European
Genome Phenome Archive (EGA) with the following accessions: EGAD00001002696 and
EGAD00001000898.

Somatic Mutation Identification

Genome-wide somatic substitutions were called using CaVEMan (Cancer Variants
Through Expectation Maximisation). Rearrangements were identified from discordantly
mapping reads using BRASSII (BReakpoint AnalySiS).

A.4. Inferring subclone composition and evolutionary
histories from bulk genomic data

Subclone composition was determined from multi-region WGS somatic substitution
and copy number data as reported in the original publications Yates et al. [2015] and
Yates2017-xc. The approach detects a finite number of subclones each with defined
parameters including the number of mutations within that subclone and the fraction of
cells from each sample that contain those subclone specific mutations (Box 3).

A.4.1. cancer cell fractions
For bulk genomic sequence data the variant allele frequency (VAF) of each mutation, i,
is calculated from the number of reads reporting the mutant rmut and the number of
reference, or wild-type reads rwt is calculated as

VAFi =
rmut,i

rmut,i + rwt,i

(A.1)

However, the VAF cannot be used directly to infer subclonal architecture because in
addition to reflecting the proportion of cells that carry that mutation it is also influenced
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Appendix Figure A.1: Phylogeny reconstruction frommulti-regionWGS data of P1. Density
plots of WGS derived point mutation, cancer cell fraction (CCF) estimates from pairs of samples
(see Supplementary Methods for details). Mutation clusters are denoted by coloured stars. The
two phylogenetic tree solutions most compatible with the mutation cluster CCFs are presented
alongside their respective inferred P1-green genotypes

by the tumour purity and the local copy number – with the latter encompassing both
the total number of alleles and the number of alleles that carry the mutation [Dentro
et al. 2017]. Consequently, mutations from the same subclone may have different VAFs
reflecting their different copy number states, also termed their “multiplicity”. To allow a
comparison of mutations across related samples with different copy number profiles and
tumour purity levels we derive the mutation copy number. For mutation i, the mutation
copy number ni is obtained as

ni = VAFi
1

ρ
[ρnlocus,t + nlocus,n(1− ρ)] (A.2)

Where ρ is tumour purity, and nlocus,t and nlocus,n are the locus specific total
copy numbers in the tumour and normal sample respectively. Subclonal copy-number
changes and tumour purity are defined using the Battenberg algorithm as previously de-
scribed. Confidence intervals for mutation copy numbers are generated using bootstrap
resampling of mutant and wildtype reads from each mutant locus (10,000 times) and ap-
plying the above formula to resampled reads.
For mutations that are present on multiple alleles arising through duplication (multi-

plicity ̸= 1) or in regions of subclonal copy number change, the mutation copy number
may not accurately reflect the fraction of cells in which the mutation resides. To group
mutations by the number of cells containing those mutations, the number of chromo-
somes bearing a mutation, nchr, must be determined. For each mutation within a region
of amplified major copy number C, the observed number of mutant and wild-type reads
are compared to the expected VAFi that would result from the mutation being present in
1, 2 . . . C chromosome copies also allowing for non-integer values in regions with sub-
clonal copy number values, assuming a binomial distribution. The value of nchr is de-
termined to be that with the maximum likelihood. The fraction of cells bearing mutation
i, termed the CCF can then be calculated as
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CCFi =
ni

nchr

(A.3)

Applying this approach to cancers that are believed to derive from a common ancestor,
one would therefore expect to identify some clonal mutations that are present in all can-
cer cells and at a certain multiplicity result in a CCF around 1.

A.4.2. Multidimensional mutation clustering
A Bayesian Dirichlet Process was used to model clusters of clonal and subclonal point
mutations to permit the inference of the number of subclones and the fraction of cells
(CCF) within each subclone (Appendix Figure A.1 and Box 3). The original model was
developed for single samples [Nik-Zainal, Van Loo et al. 2012]. Within this model the
number of reads y, bearing the ith mutation is drawn from a binomial distribution as
follows

yi ∼ Binom(πi, Ni) (A.4)
πi ∼ DP(αP0) (A.5)

WhereNi is the number of mutant reads and ζi is the expected fraction of reads that
would report a mutation if it was present in 100% of cells (at that specific locus given the
copy number state and tumour purity). The fraction of tumour cells carrying mutation i,
πi, is modelled as arising from a Dirichlet process (DP) with a given probability distribu-
tion P0 and a dispersion parameter α. The approach allows co-estimation of the number
of cellular populations and their properties using the stick-breaking representation of the
DP as described in Dentro et al. [2017].
To accommodate multi-region samples, the model is extended into multiple dimen-

sions as previously described [Bolli et al. 2014; Yates et al. 2015]. Essentially, the num-
ber of mutant reads obtained from different tumour region samples are modelled as in-
dependent binomial distributions with independent π drawn with a Dirichlet process.
Gibbs sampling is used to estimate posterior distributions of the features of interest. The
Markov chain is run for 10,000 iterations (excluding the first 2,000 iterations). The me-
dian densities for CCFs is estimated using a Gaussian kernel implemented in R (stats and
kernSmooth libraries). The clustering procedure is implemented in the DPClust software
package. Version 2.2.8 was used to obtain the analysis presented.
In P2 (samples P2-TN1, P2-TN2, P2-LN1) the final DPClust solution identified a single

subclone within the lymph node sample (P2-LN1) however there was evidence support-
ing the possible existence of a subclone albeit with lower confidence, understood in the
context of low tumour purity (∼11%). This is most convincing from copy number ana-
lysis that identified multiple sub-chromosomal copy number changes (chromosome 1,9,
11,12,20) in addition to a 50% subclone at the telomeric portion of 17q in association with
theHER2 amplifying breakage fusion bridge event (Figure 4.10). This was further suppor-

135

https://github.com/Wedge-Oxford/dpclust


A. Supplementary methods for experimental procedures and data preprocessing

ted by a build-up of posterior density in P2-LN1, indicating that across some iterations
DPClust has explored the presence of a subclone in this sample was explored, although
ultimately it decided the subclone wasn’t required to explain the observed point mutation
data.

A.4.3. Principles of phylogenetic tree construction
To infer the evolutionary relationship between subclones, phylogenetic trees were con-
structed using the “pigeonhole principle” which states that if there are n objects that are
placed in m containers if n > m then at least one container must contain more than
one object (Box 3). Extending this to subclonal reconstruction we can appreciate that the
sum of subclone CCFs cannot exceed the CCF of their ancestor. For example, if there are
3 subclones with CCFs of 1, 0.9 and 0.5 then there must be a linear evolution – as 1 + 0.9
> 1, CCF subclone 0.9 must be a descendant of the CCF subclone 1; furthermore, as 0.9 +
0.5 > 1, CCF subclone 0.5 must be a descendant of the CCF subclone 0.9. In contrast one
may see the possibility of branching evolution where the sum of subclone populations
is less than 1. For example, 3 subclones with CCFs of 1, 0.5 and 0.4 could arise either
through linear evolution: 1 > 0.5 > 0.4 or along separate ancestral lines because 0.5 +
0.4 < 1. When applying these principles across multi-region samples the compatible un-
derlying tree structures is usually greatly restricted because of the requirement that the
same tree structure must be compatible across all samples. Applying these principles one
can identify the phylogenetic tree structure(s) most compatible with the underlying data
(Appendix Figure A.1).

A.5. BaSISS and ISS protocols

A.5.1. Tissue specimens
Serial 10µm tissue sections were cut from fresh frozen tumour tissue blocks mounted on
superfrost slides and sent from DFCI to ScilifeLab Stockholm, Sweden where ISS and IHC
was performed under Karolinska Institutes rules for the handling of blood and other hu-
man sample material, reference number 1-31/2019 (with a local HUMRA risk assessment
form). Tissue blocks included the same ones used for the WGS and RNAseq experiments
and additional tumour blocks were identified where applicable.

A.5.2. Padlock probe design
The padlock probe consists of a single stranded DNA oligo with two target recognition
arms in the 3’ and 5’ end of the oligo, enabling circularization of the padlock probe upon
target hybridization. Each target recognition arm typically has a length of 15-25 nucle-
otides. The two arms are interspaced with a linker sequence comprising a 20-nucleotide
anchor primer sequence and a target-specific 4 nucleotide barcode followed by a 5 nuc-
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leotide stabilising sequence for sequencing-by-ligation. The used barcodes were selected
in such a way that they differ in at least two positions.
In total, three padlock probe gene panels were used, marker/oncology gene-, mutation-

(one specifically designed for each case) and immune- expression panels. Padlock probes
were ordered as ultramer DNA oligos from Integrated DNA Technologies (IDT, Leuven,
Belgium) with 5’-phosphorylation modification and were reconstituted in Tris/EDTA
buffer.

A.5.3. Mutation panel design
Two separate case-specific mutation panels were designed as detailed in Table A.1. For
wildtype- and mutation-specific padlock probes, the sequence upstream of the mutated
site resembles the 3’ arm of the padlock probe, with the wildtype or mutant nucleotide
at the 3’ end, whereas the sequence downstream of the mutated site resembles the 5’
arm. The target recognition arm lengths were adjusted to have a similar melting tem-
perature of ∼55℃. For each mutation site, one wild-type and one mutation-specific pad-
lock probe was designed. For P1, in addition to the anchor and barcode sequences a
20-nucleotide sequence used for a hybridization cycle was added in the padlock probe
linker sequence. Specific primers were used for the in situ reverse transcription and were
designed as the reverse complement sequence of the 5’ target recognition arm. Primers
were ordered as DNA oligos from Integrated DNA Technologies (IDT) and were recon-
stituted in Tris/EDTA buffer. In P1, we included 3 mutations that were not assigned to a
cluster/ branch by DPclust of WGS data. In accordance with this, BaSISS signals report-
ing these mutations were found to be non-specific and uninformative, probably relating
to them existing at loci with variable copy number states, and they were dropped from
further downstream analyses.

Table A.1: BaSISS padlock probes for the P1 case. Padlock probes targeted specific sequence
variants basedonWGSandDPclust clonediscovery results. The last column indicates if theprobe
was included in the clonemappinganalysis (Chapter 2). CDS= coding sequence; HK=housekeep-
ing

Branch Gene Target Name CDS Type Barcode Included?

P1-blue CKAP5 CKAP5mut c.1895G>A mut. ACCGG Y
P1-blue CKAP5 CKAP5wt c.1895G>A wt.. CCACC Y
P1-green KIAA0652 KIAA0652mut c.176C>G mut. GACAA Y
P1-green KIAA0652 KIAA0652wt c.176C>G wt.. ACCAC Y
P1-grey AP3B2 AP3B22mut c.1852+5G>C mut. CCCAC Y
P1-grey AP3B2 AP3B22wt c.1852+5G>C wt.. AAGAG Y
P1-grey ARHGEF28 ARHGEF28mut c.1084C>G mut. AGAAG Y
P1-grey ARHGEF28 ARHGEF28wt c.1084C>G wt.. GCGGC Y
P1-grey CCDC105 CCDC105mut c.1227C>A mut. GCAAA Y
P1-grey CCDC105 CCDC105wt c.1227C>A wt. GAACA Y
P1-grey CREBBP CREBBPmut c.2827C>T mut. AGGCC Y
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P1-grey CREBBP CREBBPwt c.2827C>T wt. GGGAA Y
P1-grey DENND1A DENND1Amut c.2960C>T mut. AACAA Y
P1-grey DENND1A DENND1Awt c.2960C>T wt. CAAGG Y
P1-grey KCNT1 KCNT1mut c.3409C>A mut. CACAA Y
P1-grey KCNT1 KCNT1wt c.3409C>A wt. GAAGG Y
P1-grey NOB1 NOB1mut c.503A>G mut. GCACC Y
P1-grey NOB1 NOB1wt c.503A>G wt. AACCC Y
P1-grey OXSM OXSMmut c.1268A>G mut. AGAGA Y
P1-grey OXSM OXSMwt c.1268A>G wt. ACGGC Y
P1-grey PQLC2 PQLC2mut c.627G>A mut. CGGAA Y
P1-grey PQLC2 PQLC2wt c.627G>A wt. CGAGA Y
P1-grey RELA RELAmut c.341A>T mut. CCCGG Y
P1-grey RELA RELAwt c.341A>T wt. AAGGA Y
P1-grey SF3B1 SF3B1mut c.2098A>G mut. AGGAA Y
P1-grey SF3B1 SF3B1wt c.2098A>G wt. CGCCG Y
P1-grey STUB1 STUB1mut c.478G>A mut. ACACC Y
P1-grey STUB1 STUB1wt c.478G>A wt. GAGAG Y
P1-orange LRP1B LRP1Bmut c.10533G>A mut. GGCCG Y
P1-orange LRP1B LRP1Bwt c.10533G>A wt. GGAAG Y
P1-purple AMZ1 AMZ1mut c.208C>T mut. CCGGC Y
P1-purple AMZ1 AMZ1wt c.208C>T wt. AAAGG Y
P1-purple EMILIN2 EMILIN2mut c.1896T>C mut. ACAAA Y
P1-purple EMILIN2 EMILIN2wt c.1896T>C wt. AAACA Y
P1-purple FZD4 FZD4mut c.356G>C mut. GCCGG Y
P1-purple FZD4 FZD4wt c.356G>C wt. CAGGA Y
P1-purple PTEN PTEN1mut c.388C>T mut. CGGCC Y
P1-purple PTEN PTEN1wt c.388C>T wt. CGCGC Y
P1-purple TMEM8A TMEM8Amut c.735G>A mut. GCCAC Y
P1-purple TMEM8A TMEM8Awt c.735G>A wt. CAGAG Y

not assigned AP3 ACTB – HK GCGCG N
not assigned FGFR1 FGFR1expNew – exp. CAAAC N
not assigned DSEL DSELmut c.1701G>A mut. CCAAA Y
not assigned DSEL DSELwt c.1701G>A wt. CAACA Y
not assigned KIF14 KIF14mut c.573G>A mut. AGCGC Y
not assigned KIF14 KIF14wt c.573G>A wt. GGAGA Y
not assigned PLXNA2 PLXNA2mut c.100G>A mut. GGCGC Y
not assigned PLXNA2 PLXNA2wt c.100G>A wt. CGAAG Y

Table A.2: BaSISS padlock probes for the P2 case. Padlock probes targeted specific sequence
variants, fusions, and gene expressions based on WGS.

Sample Gene Target Name RNA Type Barcode Included?

Single Nucleotide Variants

All COX19 COX19wt r.394c>g wt. GGCC Y
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All COX19 COX19mut - mut. GGAA Y
P2-LN1 ERBB2 ERBB2wt r.4370g>u wt. GCGC Y
P2-LN1 ERBB2 ERBB2mut - mut. GCCG Y

- RPL37A RPL37Awt r.985g>c wt. GAGA Y
P2-TN1 RPL37A RPL37Amut - mut. GAAG Y

- TP53 TP53wt r.728g>u wt. CGGC Y
All TP53 TP53mut - mut. AAGG Y
- PLXNA1 PLXNA1wt r.7031c>u wt. CCGG Y

P2-TN1/TN2 PLXNA1 PLXNA1mut - mut. AACA Y
Fusions

P2-LN1 CACNB1 CACNB1ex9-intr10 - Splice AGAG N
P2-LN1 CACNB1 CACNB1intr10-ex10 - Splice ACCC Y

- CACNB1 CACNB1ex9-ex10wt - wt. ACAA Y
- CARTPT -PID1 CARTPT-PID1 - Fusion CCAC N
- ZNF652:SNHG5 ZNF652:SNHG5 - Fusion CACC N

Gene Expression

P2-TN2/TN1 CDK6 CDK6exp - Amplified CAAA N
P2-LN1 ERBB2 ERBB2exp - Amplified AGGA Y

- ACTB ACTB - HK CGCG N

A.5.4. Immune panel design

Large scale probe design was facilitated using an in-house Python software package as
described previously [Qian et al. 2020] which utilises ClustalW and BLAST+ to ensure
probe specificity. Each padlock probe of the immune panel was designed to contain two
20 nucleotide long target recognition arms. Only target fragments with melting temper-
ature between 65℃ and 75℃ were considered. Probes were selected aiming to obtain a
distribution along the whole length of the transcript.
Overall, five padlock probes were selected per target gene with the exception of HLA-

DRB1, where only two specific probes could be designed. For the T cell specific genes
CD8A, FOXP3, EOMES, CD4 and IFNG 20 probes were selected in order to increase the
detection efficiency for these target genes.
A combination of random decamer primers (IDT, Leuven Belgium) and specific primers

were used for in situ reverse transcription. Specific primers were designed to hybrid-
ise to the mRNA 15-20 nucleotides downstream of the target sequence. Primers were
ordered as DNA oligos from Integrated DNA Technologies (IDT) and were reconstituted
in Tris/EDTA buffer.
Target genes for the immune panel were selected to cover a broad range of immune

cell subtype markers with special emphasis on T cell subsets and their regulation. For
the complete list of the immune panel genes, refer to the original publication [Lomakin
et al. 2022].
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A.5.5. Oncology gene panel design

The oncology gene panel has previously been published and includes genes involved in
proliferation, EMT, invasiveness, stemness, angiogenesis as well as genes for breast can-
cer subtyping and oncotypeDX recurrence scoring [Svedlund et al. 2019]. The target re-
cognition arms were designed to capture most splice variants of the gene transcripts and
blasted to confirm their specificity. Each target recognition sequence had a GC content
of 50-55% and a melting temperature of ∼55℃. In this older design, the panel included
one padlock probe per gene target and the barcodes used were only differing in one pos-
ition. For the marker gene panel, random decamer primers were used for in-situ reverse
transcription (IDT, Leuven Belgium).

A.5.6. in situ sequencing

ISS was performed as described by Ke et al. [2013] and modified according to Svedlund
et al. [2019], and was used to spatially resolve oncology panel-, mutation panel- and
immune panel- gene expression profiles on consecutive sections from the breast tumour
tissue blocks.
The ISS library preparation and sequencing is described in detail at proto-

cols.io.bb2giqbw, the steps in the protocol that were modified for breast cancer
tissues are indicated below. In brief, library preparation included fixation of tissue
sections with 4% PFA for 30 min (step 2) followed by permeabilized with 0.1 mg/ml
pepsin (Sigma) in 0.1 M HCl 37℃ for 90 s (step 4). SecureSeal™ reaction chambers
were mounted on top of the tissues (Grace Biolabs, Bend, United States) and cDNA was
synthesised in situ using specific DNA primers (125nM for mutation panel, 5nM for
immune panel) and/or random decamer primers (5µM for immune and marker gene
panels) (step 10) (IDT, Leuven Belgium, sequences are listed in the Supplementary Table
1 in Lomakin et al. [2022]). Rnase H was used to generate single-stranded cDNA that the
padlock probes could hybridise to. Hybridized padlock probes (10nM of each in immune
panel, 0nM of each in mutation and marker gene panel, step 15) (IDT, Leuven Belgium,
sequences are listed in the Supplementary Table 1 in Lomakin et al. [2022]) were ligated
using Tth ligase, a highly specific DNA ligase that can discriminate correct base-pairing
at the single nucleotide level. Only completely target-complementary padlock probes
become ligated, forming closed circles that could then be amplified through rolling circle
amplification (RCA). Of note, for P1, the experimental conditions for the first replica of
ISS differed slightly with a diverse Phi29 buffer (Thermo Fisher 10X reaction buffer: 330
mM Tris-acetate (pH 7.9 at 37℃), 100 mM Mg-acetate, 660 mM K-acetate, 1% Tween 20
and 10 mM DTT) and no Exonuclease 1 in the rolling circle amplification step.
The four-five nucleotide target-specific barcodes included in the padlock probe linker

sequence were clonally amplified in the RCA products allowing identification through
sequencing by ligation of anchor primer and fluorophore-labelled interrogation probes
[Ke et al. 2013]. Nuclei were stained with 4’,6-diamidino-2-phenylindole (DAPI). The
target-specific barcodes were sequenced with four sequencing and imaging rounds. For
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case P1, the mutation panel was sequenced with one hybridization cycle in addition to
the four sequencing by ligation cycles. After the ISS analysis, the tissue sections were
stained with PanCK, CD45 or HER2 antibody (Appendix A.2).

A.5.7. Imaging
Images were acquired with an automated Zeiss Axioplan II epifluorescence microscope
(Zeiss, Oberkochen, Germany) using a z-stack of 0.49µm× 11 and a tile overlap of 1%. Im-
ages were scanned with a 20X objective. For the first base sequenced, the exposure times
were calibrated so that the signal intensity values were similar for all sequencing chan-
nels (A–Cy5, G-Cy3, C-Texas Red and T-AF488), the calibrated exposure times were then
kept constant for all remaining sequencing cycles. Orthogonal projections and stitching
of tiles were done with the ZEN software (Zeiss).

Image stitching

From a total of 51 image sets, 43 were stitched with Carl-Zeiss ZEN software (version
3.1), and the other 8 failed image sets were stitched using BigStitcher (version 0.9) [Hörl
et al. 2019].

A.6. Image data processing

A.6.1. Image registration
The registration across imaging cycles was performed in two steps: affine registration
on DAPI channel and subsequently local warping on anchor channel. For both steps
we used algorithms provided in libraries OpenCV-contrib (version 4.3.0) [BRADSKI et al.
2000] and scikit-image (version 0.17) [Walt et al. 2014]. In all imaging cycles, before the
registration, both DAPI and anchor channels were maximum intensity projected across
the image z-stack.
During the affine registration step, we coarsely align images of all cycles to the first

one based on the DAPI channel. Firstly, we detect key points in the images of each cycle
using the FAST feature detector. Secondly, for each key point, its surrounding area is de-
scribed with histograms of oriented gradients using the DAISY feature descriptor. After
that, using the key points and their descriptors, the FLANN-based matcher finds corres-
pondences between pairs of key points from reference and moving images and filters out
unreliable points. Lastly, the remaining key points are processed using the RANSAC-
based algorithm that aligns them and estimates affine transformation parameters with 4
degrees of freedom.
The second registration step aligns imaging cycles sequentially using the anchor chan-

nel (fluorophore Cy7). We applied the Farneback optical flow algorithm to achieve more
accurate registration by warping the images locally, so that RNA spots of different chan-
nels can be better aligned despite the presence of nuclei swelling, imperfect stitching and
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sample distortion. In both steps, we optimised the algorithm by performing computation
on the tiled images to reduce memory consumption and accelerate the transformation
parameters estimation.

A.6.2. Serial tissue image signal alignment
Analysis of sample P2-LN required IHC signal projection performed on a consecutive
slide back to BaSISS slide. To achieve this, we performed a spline-based elastic registra-
tion implemented in ImageJ package UnwarpJ [Arganda-Carreras et al. 2008].

A.6.3. ISS signal deconvolution
After registration of images from different sequencing rounds, we locate RNA spots by
applying the circular Hough transform to the reference anchor channel of the first round,
which is implemented inMATLAB’s function ‘imfindcircles’. At the detected coordinates,
image values are extracted from top-hat filtered coding channels across all sequencing
rounds. We then perform decoding of the extracted image values via a Gaussian Mixture
Model, where each mixture corresponds to one of the possible barcodes encoded via an
experimental design. Finally, once the mixture model is fitted to the extracted image
values, each detected spot is assigned to the most likely barcode [Gataric et al. 2021]. In
addition to on-target barcodes, there is an infeasible class which represents RNA spots to
which barcodes could not be assigned. In Supplementary Table 4 we present QC metric
of our datasets as a proportions of RNA spots with assigned barcodes (p > 0.6) to the total
number of spots.

A.7. LCM-WGS Validation
Residual frozen tissue blocks from P1 samples P1-D1, P1-D2, P1-ER1 and P1-ER2 were ac-
cessed to perform laser capture microdissection (LCM) and low input library whole gen-
ome sequencing as previously reported [Ellis et al. 2021]. Ten micrometre thick sections
were generated at -20 ℃ and mounted on poly-ethylene naphtholate (PEN)-membrane
slides (Leica), fixed with 70% ethanol for 2 minutes followed by serial immersion in the
following: deionised water (1 minute), Gill’s haematoxylin (10 seconds), tap water (20
seconds, twice), eosin (5 seconds), tap water (20 seconds), ethanol 70% (20 seconds, twice),
ethanol 100% (20 seconds, twice), xylene (20 seconds, twice).
Using a laser-capture microscope (Leica LMD7), breast tissue architecture in relation

to existing mapped clones (where feasible) was first visualised, then regions of approx-
imately 13,000-180,000µm2 were dissected (power 55, aperture 2) and collected into the
individual wells of a 96-well plate. Samples were then processed as described byEllis et al.
[2021]. Briefly, individual steps include cell lysis and digestion using Arcturus PicoPure
Protease buffer and thermal cycling in a sealed plate (60 ℃ for 3 h, 75 ℃ for 30 min, hold
at 4 ℃), gDNA purification using Agencourt AMPure beads, enzymatic DNA library con-
struction (NEBNext Ultra II FS DNA Library Prep Kit for Illumina (New England Biolabs,
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cat. no. E7805L)), adapter ligation and amplification. Genomic libraries with concentra-
tions of >5ng/µl DNA (total volume = 20µl) were selected for NovaSeq 6000 paired end
sequencing. A bulk whole genome library was also generated from whole blood derived
DNA and sequenced in the same way. As described above for bulk WGS analysis, point
mutations were called using CaVEMan and copy number using ASCAT and Battenberg
algorithms and mutation clusters identified using DPclust v2.2.8 (Supplementary Data
Table 5 in Lomakin et al. [2022]).

A.8. Mutation timing estimates
We report that there is evidence of early divergence of the subclones detected in P1 (prior
to 50% of in m time). Evolutionary timing estimates can be sought for P1 but are not at-
tempted for P2 due to relatively low purity. Based on the assumption of a relatively
constant mutation rate within a given genetic lineage, subclone divergence as a percent-
age of evolutionary time can be calculated from the number of mutations accumulated up
to the branching point (branch lengths) divided by the longest series of branches within
that lineage. Mutation rates particularly in cancers might be greatly altered by hyper-
mutator states, however, we confirmed that in P1 virtually all mutations in this case are
derived from clock-like mutational processes using our previously published approaches
(Signature 1, 5 and 40) (Supplementary Table 3, in Lomakin et al. [2022]) [Nik-Zainal et al.
2016].
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Table B.1: Genotype matrix for P1. The genotype matrix for allele copy numbers serves a
critical role in inferring the clonemap. Thismatrix contains numerical values that signify the pre-
sumedcopynumber state of allelic variants in each clone. It is derivedas outlined in Appendix A.4

Locus P1-grey P1-green P1-purple P1-blue P1-red P1-orange wt

SF3B1, mut/wt 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 0 / 2
STUB1, mut/wt 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 0 / 2
CREBBP, mut/wt 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 0 / 2
ARHGEF28, mut/wt 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 1 / 2 0 / 2
KIAA0652, mut/wt 0 / 2 1 / 1 0 / 2 0 / 2 0 / 2 0 / 2 0 / 2
OXSM, mut/wt 1 / 2 1 / 1 1 / 1 1 / 1 1 / 2 1 / 2 0 / 2
CKAP5, mut/wt 0 / 2 1 / 1 1 / 1 1 / 1 0 / 2 0 / 2 0 / 2
DENND1A, mut/wt 0 / 2 0 / 2 0 / 2 0 / 2 1 / 0 1 / 0 0 / 2
NOB1, mut/wt 1 / 2 1 / 2 1 / 1 1 / 2 1 / 0 1 / 0 0 / 2
RELA, mut/wt 0 / 0 0 / 0 0 / 0 0 / 0 1 / 0 1 / 0 0 / 0
PLXNA2, mut/wt 1 / 2 1 / 1 1 / 1 1 / 2 1 / 2 1 / 2 0 / 2
PQLC2, mut/wt 0 / 2 1 / 1 1 / 1 1 / 2 0 / 2 0 / 2 0 / 2
LRP1B, mut/wt 0 / 2 0 / 2 1 / 1 0 / 2 0 / 2 0 / 2 0 / 2
PTEN1, mut/wt 0 / 2 0 / 2 0 / 2 0 / 2 1 / 0 0 / 2 0 / 2
PTEN2, mut/wt 0 / 2 0 / 2 1 / 0 0 / 2 0 / 2 0 / 2 0 / 2
TMEM8A, mut/wt 0 / 2 0 / 2 1 / 1 0 / 2 0 / 2 0 / 2 0 / 2
DSEL, mut/wt 0 / 3 0 / 3 1 / 3 0 / 3 0 / 4 0 / 4 0 / 2
FGFR1exp 3 3 4 3 16 12 2
KIF14, mut/wt 0 / 1 0 / 1 1 / 1 0 / 1 0 / 2 0 / 2 0 / 2
AMZ1, mut/wt 0 / 2 0 / 2 1 / 1 0 / 2 0 / 2 0 / 2 0 / 2
KCNT1, mut/wt 1 / 2 1 / 2 1 / 1 1 / 2 1 / 2 1 / 2 0 / 2
FZD4, mut/wt 0 / 1 0 / 1 1 / 1 0 / 1 0 / 2 0 / 2 0 / 2
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AP3B22, mut/wt 1 / 2 1 / 2 1 / 1 1 / 2 1 / 2 1 / 2 0 / 2
EMILIN2, mut/wt 0 / 2 0 / 2 1 / 1 0 / 2 0 / 2 0 / 2 0 / 2
CCDC105, mut/wt 1 / 2 1 / 2 1 / 1 1 / 2 1 / 2 1 / 2 0 / 2
ZNF468, mut/wt 1 / 2 1 / 2 1 / 1 1 / 2 1 / 2 1 / 2 0 / 2

Table B.2: Genotype matrix for P2. The genotype matrix for allele copy numbers serves a
critical role in inferring the clonemap. Thismatrix contains numerical values that signify the pre-
sumedcopynumber state of allelic variants in each clone. It is derivedas outlined in Appendix A.4

Locus P2-blue P2-green P2-orange P2-purple wt

TP53, mut/wt 2 / 0 2 / 0 2 / 0 2 / 0 0 / 2
COX19, mut/wt 1 / 2 2 / 2 2 / 2 2 / 3 0 / 2
PLXNA1, mut/wt 1 / 4 1 / 4 1 / 4 1 / 3 0 / 2
RPL37A, mut/wt 0 / 4 0 / 4 0 / 4 1 / 4 0 / 2
ERBB2, mut/wt 0 / 2 1 / 5 30 / 150 0 / 2 0 / 2
ERBB2exp 2 52 52 2 2
CACNB1ex9-ex10wt 3 4 80 3 2
CACNB1intr10-ex10 0 0 20 0 0
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This supplementary chapter presents tables and figures that complement Chapter 4. All
content derives from the supplementarymaterials of Lomakin et al. [2022], althoughwith
minor stylistic modifications.

TableD.1: Patient clinical description. Clinical information for the studiedbreast cancer cases

Parameter P1 case P2 case

Manuscript ID P1 P2
Case PD9694 PD14780
Sex Female Female
Age at Diagnosis (Years) 37 66
Children Unknown Yes
Maximum Tumour Size (mm) 26 Not Recorded
Axillary Nodes Micromets (1LN) 3+
Metastasis Status at Diagnosis M0 M0
Histology Invasive Carcinoma:

No Special Type
Invasive Carcinoma:
No Special Type

In Situ Component Extensive Intermixed
DCIS

No

Multifocal (Number of Invasive Foci) Yes (2) Yes (3)
Grade Primary 2 Unknown
ER Status Primary Positive Negative
PR Status Primary Positive Negative
HER2 Primary (IHC) Negative Negative
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Appendix Figure D.1: Phenotype characterisation of histo-genomic states in sample P1
PBCs. a, Broadly annotated H&E tissue sections of the P1-ER1 and P1-ER2 primary breast can-
cers. b, Microregions selected for detailed analysis overlaid on BaSISS maps (regions relate to
heatmaps in Fig. 3a; numbers relate to histological annotations in Supplementary Table 2). c,
Comparison of the cancer cell fraction (CCF) of 9 regions of P1-ER1/P1-ER2 determined through
bothBaSISS (top) and laser capturemicrodissection (LCM)wholegenomesequencing (WGS) (bot-
tom). d, Snapshots of immunohistochemistry (IHC) staining in serial fresh frozen tissue cryo-
sections from P1-ER2. Selected regions with confirmed clone compositions (by LCM-WGS) are
presented. SMMHC/P63 antibody stainsmyoepithelial cells red, PTEN protein and the progester-
one receptor (PR) stain brown. % reports proportion of positive nuclei stained, n reports number
of nuclei in region assessed byQuPath digital software. Row 1–3 scale bars = 250µm. Row 4 scale
bar =50µm. e, Violinplotsdepict clone specific Ki67 IHCstaining rateposteriordensityof thegen-
eralised linear mixed model (glmm) with region specific random effect. Significant comparisons
were controlled for FDR using the Benjamini-Hochberg procedure. Analysis was limited to the 11
regionswith confirmed clone compositions byWGSdue to variation between IHCandBaSISS sec-
tions in z-stackmorphology (relates to thebottompanel on Figure 2.2). f, Violin plots depict clone
specific gene expression contribution posterior density of the glmmwith region specific random
effect. A total of 36 regions of P1-ER2 with a dominant clone fraction > 0.7 were analysed. Sig-
nificant comparisons were controlled for FDR using the Benjamini-Hochberg procedure. DCIS -
Ductal carcinoma in situ.
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Appendix Figure D.2: Ecosystem characterisation in P2-TN1. a, H&E stained sections of the
two primary breast cancers from case P2. b, Microregions selected for detailed analysis overlaid
on BaSISS maps (regions relate to heatmaps in top Figure 4.8; numbers relate to histological an-
notations in Supplementary Table 2). Microregions were not defined for P2-TN2 as a single clone
was targeted and detected. c, Cell type contribution posterior density of the generalised linear
mixed models (glmm) model with region specific random effect. Significant comparisons were
controlled for FDR using the Benjamini-Hochberg procedure. 19 clone territories (with dominant
clone fraction > 0.1) were analysed. Fibroblasts and perivascular-like cells (PVL) could not be dif-
ferentiated within this experiment and are reported as ‘fibroblasts’. d, Volcano plot of epithelial
expression of the 91 oncology ISS panel genes in TN1 invasive regions. Significance was adjusted
for multiple testing using BH procedure, only genes with FDR < 0.1 and fold change > 1.5 in both
ways are coloured/labelled. DCIS = Ductal carcinoma in situ.
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Appendix Figure D.3: DCIS clone specific histologies. a, BaSISS clonemap of P1-D3, a sample
that contains Ductal carcinoma in Situ (DCIS), stroma and normal glandular regions. The most
prevalent genetic clone colour is projected as a coloured field on DAPI images (reported if can-
cer cell fraction > 25% and inferred local cell density > 300 cells/mm2). Scale bar = 5 mm. Inlaid,
H&E stained image (from a serial tissue section) details the histological transition from normal
to DCIS morphology, consistent with the clone field transition in the BaSISS map (scale bar = 1
mm). b, Heatmapof CCFderived fromLCM-WGSof six regionsof P1-D1/P1-D2with cartoonof pre-
dicted clone composition indicating inference of monoclonal and polyclonal growth patterns. c,
Exampleof a clone interfacewithina single sub-lobular space inP1-D1. Clone fields (top left); spa-
tial BaSISS mutation signals (top right); characteristic histological features on H&E (bottom left)
with zoom image of clone interface (scale bar = 100 µm) (bottom right). d, Histological, genetic
and transcriptional features of three lobules (identified on the clone map of P1-D2; left, scale
bar = 5 mm) are shown: H&E staining (top) scale bar = 1 mm; BaSISS clone fields projected on
DAPI with frequency plots of the local, mean cancer (coloured areas) and non-cancer (white) cor-
responding to horizontal dashed line (middle); and ISS gene expression signals reporting CCND1
andKRT8 that exhibit clone specific spatial patterns. e, Clonemaps of P1-D1/P1-D2 (as presented
in Figure 4.9) but microregions are coloured according to histological grade. f, Histopathological
annotations for each microregion presented alongside the same clone composition heatmap as
shown in Figure 4.9.
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Appendix Figure D.4: Distinct transcriptional profiles of two DCIS clones. a, Volcano plot of
epithelial expression of the 91 oncology ISS panel genes in P1-D2. Significance was adjusted for
multiple testing using BHprocedure, only geneswith FDR < 0.1 and fold change > 1.5 in bothways
are coloured/labelled. The coloured genes are included in the by region plot in b. b, Heatmap
of gene expression data within each of the 41 sampled regions in P1-D2, presented alongside
the relevant clone composition regions (top) as per Figure 4.9. ISS counts in each regions are
transformed by applying Poisson cdf with λ =mean (P1-green expression, P1-orange expression)
× nuclei count in each region, thus divergence from 0.5 reflects deviation from the global mean
expression. Only geneswith FDR<0.1 arepresentedandorderedby the confidenceof differential.
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Appendix Figure D.5: Highly recurrent clone specific ecosystems in a metastatic lymph
node. a, P2-LN1 sample (left) DAPI image with BaSISS subclone fields (as shown in Figure 4.11)
and coloured squares mark regions depicted in b,c,d; (middle) pan-cytokeratin IHC stained (epi-
thelial cells appear brown); (right) CD45 antibody (immune cells appear brown) with ISS immune
panel derived cell types projected as coloured dots. b—d, Snapshots of example regions domin-
ated by P2-blue or P2-orange clones, as indicated in a. In each case signals (dots) from selected
targets in BaSISS b, ISS oncology c or ISS immune panels d are presented overlaid on sections
stained by IHC following the BaSISS/ISS experiment. In the bottom row of c and top row of d in-
ferred epithelial and immune cell types are presented. In top rows of c and d, 80% transparency
is applied to the underlying IHC image to aid visualisation of overlaid dots.
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