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Abstract

Breast cancer is a complex heterogenous 3D ecosystem. The heterogenous
composition of breast cancer determines disease progression and treatment
responses. Triple receptor negative breast cancer (TNBC) is a distinct subtype
with poor clinical outcomes. Deconvolution of spatially-regulated transcrip-
tomic and microenvironmental drivers unique to TNBC offers the potential to
reveal new therapeutic vulnerabilities.

Single cell RNA sequencing (scRNA-seq) and spatial transcriptomic technolo-
gies were applied to three treatment naive patient-derived breast cancer sam-
ples.

New spatial transcriptomic and scRNA-seq experimental pipelines were
established. The new technologies were successfully applied to clinical grade
biopsy samples. Cellular heterogeneity within the epithelial and non-epithelial
compartment was identified across the three samples. The heterogeneity iden-
tified is consistent with the published literature.

Knowledge in the theoretical underpinnings for scRNA-seq analysis along
with the skills required for data analysis in a small patient cohort were acquired
during the DPhil. The application of algebraic topology, manifold learning and
graph theory in evaluating and interpreting scRNA-seq has been studied.

The computational tools available for integrating spatial transcriptomics and
scRNA-seq data were critically appraised. Future perspectives on approaches

for multimodal integration were explored.
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2 1.1. The Cellular Architecture of the Breast

1.1 The Cellular Architecture of the Breast

The breast consists of three sub-compartments: the ductal-lobular network,
the stroma and the nipple. Each sub-compartment can be considered at two
spatial levels: macroscopic and microscopic.

The macroscopic architecture encompasses the gross pathological definition
of breast tissue. The microscopic architecture arises from a combination of
well-established histological perspectives together with FACS-sorting and gene

expression analysis of normal breast tissue.

1.1.1 Macroscopic Architecture

The breast consists of mammary glands embedded within fibroadipose tissue
which converge at the nipple [1].

The mammary glands are composed of lobules and ducts. The lobules are
the site of milk production and have an acinar configuration. Milk produced in
the lobules are transported in a complex network of ducts which ultimately
drain to the nipple.

The mammary glands are supported by the suspensory ligaments of Cooper.
Theligaments attach the mammary tissue to the overlying dermis and underlying
pectoral fascia. They also function to separate the mammary lobules. The
compartment between the mammary glands and fibrous tissue consists of

adipose tissue.

1.1.2 Microscopic Architecture
1.1.2.1 Histological Structure of the Breast

The lobules are modified sweat glands [1]. The network of ducts which drain

via lactiferous sinuses at the nipple are bilayered consisting of:
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1. Inner luminal epithelial cells

2. Outer basal myoepithelium

Luminal cells are cuboidal to columnar epithelium [1]. The myoepithelium
is varied, ranging from flat cells to prominent epithlioid cells . The basement
membrane is composed of type IV collagen and laminin. It surrounds the ducts
and lobules and separates the ductal-lobular system from the stroma.

The stroma consists of fibroadipose tissue [1]. Its composition varies accord-
ing to spatial location. Intralobular stroma is dense with high collagen content.
In contrast, interlobular stroma contains inflammatory cells with less collagen.

The central nipple is composed of dense stroma, smooth muscle and multiple

sebaceous glands [1].

1.1.2.2 Physiological States of the Breast

Breast tissue exhibits characteristic histological changes during the menstrual
cycle, pregnancy and menopause.

In the follicular phase of the menstrual cycle, the breast is largely quiescent
with small lobules and myoepithelial cells and minimal inflammatory infiltrate
[1]. In the luteal phase, the lobules increase with stromal oedema (account-
ing for breast fullness) and myoepithelial cells develop marked cytoplasmic
vacuolisation [1]. Stromal immune infiltration increases.

During pregnancy, there is a marked increase in the number and size of
lobules accompanied by a decrease in the stromal compartment [1]. In lacta-
tion, the epithelial cells develop a bulbous morphology with an increase in
secretory material [1].

In menopause, there is atrophy and loss of architecture of the lobules with a
decrease in volume of intralobular stroma [1]. The stroma becomes hyalinzed.

Glandular tissue becomes generally replaced by adipose tissue.
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1.1.2.3 Differentiation Hierarchy of Normal Mammary Tissue

Advances offered by FACS-sorting, survival assays and scRNA-seq have given
further insight into the traditional histological characterisation of normal breast
tissue and shed light on the intrinsic structural complexity conferring its regen-

erative capacity in distinct physiological states.

Earlier work using FACS-sorting and survival assays identified mature ER* lu-
minal, basal and luminal progenitor (LP) cells [2]. LP cells are cells with restricted
differentiation capacity and arise from phenotypically distinct mammary stem
cells, a rare cell sub-population enriched within the basal layer [3]. Further
heterogeneity was identified in the LP population with ALDH*, ALDH™ and
ERBB3~ progenitors [2]. ALDH™" progenitors were found to have a gene signature

similar to basal-like breast cancer [2].

More recent work using scRNA-seq has demonstrated similar heterogeneity
in the luminal epithelial compartment with the existence of basal, myoepithelial
and two luminal subpopulations, secretory L1 cells and hormone-responsive
L2 cells (Figure 1.1) [4]. L1 cells correlate closely with luminal progenitor cells
with potential capacity for alveologenesis and L2 cells with mature luminal cells
[4]. Basal cells are enriched for expression of stem cell markers, such as TCF4 [4].
Myoepithelial cells are associated with markers linked to integrin and paxillin

signalling for maintenance of the physical architecture of the breast [4].

Spatial localisation of the identified cell types generally correlated with the
known histological architecture of the breast. Luminal markers, eg KRT8 and
basal markers, eg KRT14 were most strongly expressed in luminal and basal cells
respectively [4]. However, exceptions were identified. Several regions of lobular
tissue showed KRT8*/KRT14* expression patterns [4]. It is the first time a dual

expression pattern has been identified in human mammary tissue.

Pseudotemporal ordering of the cell states suggests a continuous single



1. Introduction

tSNE 2

4 : ACTA2

5: KRT17

tSNE 1

Figure 1.1: Heterogeneity of the mammary luminal epithelial subpopulation. Repro-
duced from [4]. Three cell types were identified within ten clusters: L1, L2 and basal.
L1 cells are secretory luminal cells and L2 cells are hormone-responsive luminal cells.
Marker genes associated with each cluster are shown. Marker genes, 0-9, are colour-

coded.

trajectory in which L1, L2 and myoepithelial states are connected through a

common basal state, a state known to be enriched for stem cell markers (Figure

1.2) [4]. This differentiation pathway is consistent with previous models of

mammary differentiation.
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Figure 1.2: Pseduotemporal differentiation trajectory of the mammary epithelium.

Reproduced from [4].
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By comparing cell type gene signatures with signatures linked with breast
cancer subtypes, Nguygen et al inferred the relationship between homeostatic
mammary tissue and breast cancer subtypes. L2 luminal cells are closely linked
with Luminal A and B breast cancer, myoepithelial cells with mesenchymal-like
TNBC subtype and L1 cells with basal-like TNBC [4]. It supports the model that

different breast cancer subtypes arise from distinct cells-of-origin.

1.2 Triple Negative Breast Cancer

Triple negative breast cancer (TNBC), as defined by lack of expression of ER, PR
and HER2, constitutes approximately 20% of all breast cancers [5]. It is typically
more clinically and biologically aggressive than other breast cancer subtypes [6].
It is more likely to present in younger patients with larger size, nodal disease at

initial presentation and with a greater propensity to develop metastases [6].

The current mainstay of treatment is chemotherapy. TNBC exhibits high
response rates to chemotherapy. However, distant relapse of disease is common
which directly links with survival outcomes. The overall 5 year survival of TNBC
is 81% [7]. However, with the development of metastases, the 5 year survival

drops to 11% [7].

The challenge with TNBC is that it is a histological diagnosis of exclusion
based on current immunophenotyping approaches. It is a heterogenous disease
which requires multimodal stratification to optimise therapeutic selection. The

diagnosis of TNBC could benefit from a two-step classification approach:
1. Classification of low-grade or high-grade TNBC

2. Molecular multimodal classification of high-grade TNBC
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1.2.1 Low-Grade TNBC

Low-grade TNBC comprises 10% of TNBC cases [8]. There are three subtypes:

i. Adenoid cystic carcinoma (ACC)

ii. Secretory carcinoma

iii. Acinic cell carcinoma

ACC shares histological similarity with salivery gland ACC with low-grade
proliferation and diffuse serous differentiation. ACC of the breast exhibits a high
mutational burden and 80% have TP53 mutations [8].

Secretory carcinoma typically presents in children and adolescents and rarely
metastases outside of the breast. Histologically, secretions are present either
within cysts similar to thyroid follicles or within luminal structures. Secretory
carcinomas characteristically have a balanced t(12;15) which results in an ETV6-
NTRK3 gene fusion [8].

Acinic cell carcinoma is extremely rare. Its true incidence is unclear. It exhibits
a characteristic clear "hypernephroid’ cytoplasm [8].

The natural history of low-grade TNBC is distinct to high-grade TNBC. It is
clinically indolent [8]. Surgery is the mainstay of treatment with a limited role
for chemotherapy [8]. Metastatic NTRK-fusion positive tumours are eligible for

treatment with larotrectinib under the Cancer Drug Fund.

1.2.2 High-Grade TNBC

There are two commonly used molecular classification systems adopted in
breast cancer:

i. Intrinsic molecular subtypes based on transcriptomics [9].

ii. Integrative clusters (IntClust) subtypes based on combined genomics-
transcriptomics assessment [10].

I will focus on the intrinsic classification system as related to TNBC in the fol-
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lowing section. The integrative clusters classification will be explored in Section
1.3.

The landmark work by Perou et al was the first molecular stratification of
breast cancer using transcriptomic microarray-based profiling [9]. Five intrinsic
breast cancer subtypes were identified: luminal-A, luminal-B, HER2-enriched,
basal-like and normal breast-like [9].

Immunophenotypic TNBC samples are not restricted to a single intrinsic
subtype. 75% - 85% of TNBC are classified to the basal-like subgroup, 5% - 15% to
the HER2-enriched subgroup and the remaining cases are distributed amongst
luminal-A, luminal-B and normal breast-like groups as shown in Figure 1.3 [11].

Therefore, TNBC consists of multiple different intrinsic subtypes.

TCGA TNBC: PAM50 subtypes METABRIC TNBC: PAM50 subtypes METABRIC TNBC: PAM50 + claudin low

“ % 1 :Vo
2% 2%
37%

M Basal-like [l HER2-enriched Ml Luminal A Luminal B M Normal-like Claudin-low

Receptor subtypes
TCGA basal-like METABRIC basal-like

2% —
2% _§

Il TNBC HR*HER2" Ml HR'HER2™ M HR'HER2~ M Indeterminate/unavailable

Figure 1.3: Relationship between TNBC and Intrinsic subtypes. a. Distribution
of intrinsic breast cancer subtypes in TNBC from TCGA and METABRIC datasets. b.
Distribution of receptor status in basal-like intrinsic subtype from TCGA and METABRIC
datasets. Reproduced from [11].
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Furthermore PAM50, a 50-gene assay predictive of complete pathological re-
sponse (pCR) in most breast cancer subtypes, performs poorly when restricted to
TNBC [12]. Application of PAM50 in TNBC s not predictive of pCR [12] indicative
of the clinical challenges presented by the inherent heterogeneity of TNBC.

Therefore, neither the Intrinsic classification system nor currently available

gene signatures offer adequate stratification for TNBC.

1.2.2.1 Molecular Stratification of TNBC

The first significant contribution to establishing a molecular taxonomy specific
to TNBC was conducted by Lehmann et al [13]. Gene expression profiles from
587 human TNBC samples obtained across 21 published datasets were split into
a training and validation set and investigated by K-means clustering.

Seven TNBC subtypes were identified by cluster-based differential gene
expression analysis, namely:

1. Basal-like 1 (BL1)

Basal-like 2 (BL2)

. Immunomodulatory (IM)

2.

3

4. Mesenchymal (M)
5. Mesenchymal stem-like (MSL)

6. Luminal androgen receptor (LAR)
7

. Unstable (UNS)

The molecular characteristics of the TNBC subtypes are summarised in Table

1.1.
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Intrinsic breast cancer subtypes were linked with representative TNBC cell
lines in order to then explore subtype drug sensitivity. Potential therapeutics
stratified according to subtype are shown in Table 1.1.

To date, molecular stratification of TNBC does not drive treatment selec-
tion in routine clinical practice, with the exception of patients with inherited
predispositions to genomic instability. Following the results of the TNT trial, pa-
tients with germline BRCA1/BRCA2 mutations are treated with platinium-based
chemotherapy rather than standard anthracycline-taxane based treatment [14].

There are limitations with the subtypes proposed in the Intrinsic classifica-
tion system. Follow-up studies have not demonstrated consistent reproducibility
of the subtypes, in particular BL2 [15]. The original study identified TNBC
samples using gene expression. It has not been possible to reproduce the seven
subtypes using IHC-defined TNBC samples [13]. The latter is a significant
limitation since all routine clinical workflows utilise IHC for determination
of receptor status.

More recent efforts to identify stable molecular TNBC subtypes have explored
single cell techniques for TNBC characterisation. The potential of scRNA-seq to
better deconvolve the interaction between the tumour and its microenvironment
may enable identification of the dominant cell state driving tumour progres-
sion which should closely map with the underlying TNBC subtype, improve
reproducibility with orthogonal assays and correlate better with therapeutic
response and survival outcomes.

The work of Karaayvaz et al has demonstrated it is possible to recover previ-
ously established molecular TNBC subtypes at single cell resolution [16]. 1500
cells were recovered from six patients with localised, treatment naive TNBC [16].
For most tumours, multiple TNBC subtypes were identified per patient [16]. The

subtype proportion varied across patients as shown in Figure 1.4.
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Figure 1.4: TNBC samples exhibit a combination of molecular subtypes. Reproduced
from [16].

The findings provide further evidence for the extent of intratumoural hetero-
geneity unique to TNBC. It suggests bulk signatures may be poorly predictive
since they are unable to capture such heterogeneity.

Karaayvaz et al offer a glimpse into the potential clinically predictive capacity
of single cell signatures. A t-SNE plot of the malignant epithelial subpopulation
is shown in Figure 1.5. Three previously established signatures of metastatic
potential and treatment resistance [17, 18, 19] were found to be all indepen-
dently enriched in a single cluster, cluster 2 as shown in dark-green, within the

malignant epithelial subpopulation [16].
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Figure 1.5: The malignant epithelial subpopulation exhibits transcriptional hetero-
geneity. Reproduced from [16].

The cluster-2 signature was found to be predictive for poor survival outcomes
in the METABRIC dataset as shown in Figure 1.6. Pathway analysis revealed
enrichment of programs relating to the glycosphingolipid pathway and innate

immunity in the cluster-2 signature [16].
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Figure 1.6: KM survival curves for TNBC patients from the METABRIC cohort. The
cluster-2 signature is compared to a 70-gene prognostic signature (PS) and a 49-gene
metastatic burden signature (MBS). Reproduced from [16].

The findings provide an initial framework to guide future work to refine the

molecular stratification of TNBC, uncover further clinically relevant cell states
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and importantly, identify consistent and reproducible multimodal programs

which can guide clinical decision making.

1.3 The Molecular and Spatial Landscape of Breast

Cancer

[ will present an overview of the Integrative Clusters system, the latest molecular
stratification framework for breast cancer followed by a discussion of the latest

insights into the spatial organisation of breast cancer.

1.3.1 Molecular Landscape

The Intrinsic classification of breast cancer was a major advance [9]. However, it
was limited to stratifying breast cancer based solely according to transcriptomics,
its performance on non-transcriptomic based assays was limited and subtype
reproducibility was not consistent.

Breast cancer is prototypically a disease dominated by copy number aber-
rations (CNA) [20]. Therefore, the combined integration of genomics, tran-
scriptomic and clinical profiling from 1000 breast cancers (with an additional
1000 sample validation set) to identify clinically robust subtypes led to the
development of the Integrative Clusters classification system [10].

A total of 10 subtypes, IntClustl - IntClust10, were identified [10]. It is a
significant contribution to the field, both in terms of the scale of data collected
and in terms of its clinical validity. The classification system is robust [10]. The
dual-modality classifier (ie combined genomic-transcriptomic classifier) was
concordant with the unimodal classifier. Concordance was consistent when
assessed on external test datasets [10].

The IntClust subtypes show a clear association with survival outcomes (Fig-
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ure 1.7a) and with response to chemotherapy (Figure 1.7b). It outperforms

stratification according to receptor status or intrinsic classification.
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Figure 1.7: IntClust classification correlates with (a) survival outcomes and (b)
chemotherapy sensitivity. Reproduced from [10].
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IntClust also captures genomic drivers of breast cancer. Using breast cancer
genes associated with CNA, it was found that variation in expression of these
genes was best stratified according to IntClust subtypes. Therefore, IntClust

captures important, clinically relevant aspects of breast cancer biology.

1.3.2 Spatial Landscape

The high-dimensional spatial profiling of breast cancer is rapidly evolving with
the advent of new spatial-omics technologies which can be applied to clinical
grade tumour samples. Several significant contributions have been made in the
last two years by Jackson et al [21], Ali et al [22] and Danenberg et al [23].

It is a sequential pattern of advance in which each study builds upon and
adds to the insights offered by its predecessors. The most recent study by Da-
nenberg et al represents a culmination of our current understanding in the
spatially-driven hierarchy in breast cancer. I will therefore focus discussion on
the results presented by Danenberg et al, whilst recognising the earlier valuable
contributions by Jackson et al and Ali et al.

The work presented by Danenberg et al is beautifully elegant. Samples from
700 patients previously enrolled to the METABRIC study were profiled on a
37-plex imaging mass cytometry (IMC) panel and combined with previously
collected genomic and clinical data [23]. All patients were treatment naive and
breast cancer subtypes, as defined across several different classification systems,
were well-represented across the cohort.

8 distinct steps were explored during the course of investigation:

1. Identification of distinct epithelial and TME phenotypes
2. Assessment of the functional complexity of spatial architecture
3. Exploration of drivers of diversity

4. Detailed exploration of intercompartmental spatial boundaries
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5. Exploration of the perivascular compartment
6. Identification of common multicellular structures using graph-based analysis
7. Exploration of the inderdependency between genomic and TME drivers

8. Correlation of survival outcomes with TME structures

1.3.2.1 Epithelial and TME Phenotypes

A total of 32 cell phenotypes, 16 epithelial and 16 TME, were identified. Phe-
notype identification was conducted as a two-step process [23]. A pretrained
cytokeratin-based segmentation mask was first used to classify individually sege-
mented cells as ’epithelial’ or 'non-epithelial’. Clustering was then performed
within each class type based on the IMC-captured protein expression data [23].

A summary of all phenotypes is shown in Figure 1.8. The heatmap on the left
represents the epithelial phenotypes and the heatmap on the right represents

the TME phenotypes. Phenotype labels are listed on the y-axis.
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Figure 1.8: Epithelial and TME cell phenotypes. Reproduced from [23].

Epithelial phenotypes were generally defined based on cytokeratin and hor-
mone receptor expression [23]. Three epithelial phenotypes were further defined
by expression of antigen-presentation proteins (MHC-I +/- MHC-II) [23].

All major TME cell types consisting of lymphoid cells, myeloid cells and
stromal cells, were well represented across the TME phentotypes [23]. Lym-

phoid cells were further subclassified into Tyeper, Teyroroxic and Tpeq, B cells
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and CD38" cells. Myeloid cells were divided into macrophages, granuloctyes
and dendritic cells. Fibroblasts were divided into myofibroblasts, FSP1* and

PDPN™ fibroblasts.

1.3.2.2 Functional Spatial Complexity

A metric based on Shannon’s entropy was adopted to quantify phenotypic diver-
sity between the epithelial and TME phenotypes across breast cancer subtypes
[23].

The concept of entropy is rooted within Information Theory. Mathematically,
information is defined as the amount of surprise associated with an outcome
variable. For example, an unbiased coin showing heads has more surprise, ie it
has more information, than a biased coin showing heads. Shannon’s entropy is
the average information associated with a probability distribution [24].

Entropy was generally greater for the TME phenotypes compared to the
epithelial phenotypes as shown in Figure 1.9. TME entropy was highest for the
IntClust4+ subtype. A notable exception is that epithelial entropy was high for
the intrinsic basal subtype.

The observation of consistently higher entropy in the TME phenotypes sug-
gests that entropic regulation of the tumour ecosystem is driven largely by the
TME, a significant finding for this current era of TME-focused therapies such

as immune checkpoint blockade.
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Figure 1.9: Comparison of Shannon entropy between epithelial and TME phenotypes
across breast cancer subtypes. Reproduced from [23].

1.3.2.3 The Tumour-Stroma Interface

Investigation of the compositional complexity was explored in further detail by
focusing at the spatial boundary between cell compartments [23]. Myofibrob-
lasts were found to be enriched at the tumour-stroma interface with reciprocal
depletion of lymphoid phenotypes, in particular B cells (Figure 1.10). These find-
ings support the current model of myofibroblast-mediated immune exclusion

of the epithelial tumour compartment [23].

1.3.2.4 The Vascular-Immune Interface

Detailed investigation was conducted on perivascular cells since the vascular
network provides the transport framework for delivery of lymphoid cells into the
tumour ecosystem. Perivascular cells were found to be most strongly enriched
for endothelial cells along with CD38" lymphocytes and myofibroblasts (Figure
1.11). This suggests a model of lymphocytic adhesion to endothelial cells along

with perivascular stromal activation [23].
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1.3.2.5 Multicellular TME Structures

By applying community detection algorithms to graph-based representations of
the IMC data, 10 multicellular spatial TME structures preserved across samples

were identified as shown in Figure 1.12.
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Figure 1.12: Multicellular TME structures. Reproduced from [23].

Table 1.2 shows the list of TME structures. The structures differ based mainly

on stromal and leukocyte composition [23].

Vascular stroma

FSPR* enriched

Active stroma

PDPN active stroma
5CD8* and macrophages
Active IR

TLS-like

APC enriched
Suppressed expansion
Granulocyte enriched

Table 1.2: Spatially Preserved TME Structures [23]

All TME structures contain fibroblasts and myofibroblasts to varying degrees.
Active IR, TLS-like and suppressed expansion classes are notably enriched for B
cells. Granulocyte enriched is the only class containing granulocytes.

The presence of T, cells in the suppressed expansion and granulocyte
structures suggest these structures may represent dysfunctional immune states.
It would be expected patients enriched for these structures may be less likely

to benefit from immune checkpoint based therapies.
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I think the most interesting observation is the consistent presence of fibrob-
lasts across all structures. Although not a causal link, it suggests the fibroblast
compartment is integral to shaping the TME. Detailed mechanistic investigation
into the tridirectional relationship between fibroblasts, lymphoid and epithelial
cells may uncover new mechanisms to target tumour vulnerabilities. Fibroblasts

should not be a forgotten compartment.

To date, no fibroblast-targeting therapies are used in clinical practice. Several
promising candidates, such as RO6874281 and ABBV-085, are in early phase
clinical trial development (NCT02627274 and NCT02565758 respectively).

The dynamics between genomic drivers of breast cancer and TME struc-
tures are complex. Broadly, breast cancer subtypes exhibited distinct patterns
of enrichement of TME structures. Enrichment patterns were most strongly

associated with ER status.

The suppressed expansion structure, an immunosuppressive structure, was
enriched in ER™ tumours regardless of HER2 expression [23]. BRCA1 and CASP8

mutations were associated with the suppressed expansion structure [23].

It is currently unclear if these mutations reinforce or are a compensatory
response to the immunosuppressive consequences of the suppressed expansion
structure. BRCA1 mutations result in a deficiency in homologous recombination
mediated DNA repair. The resulting mutational signature may stimulate an
adaptive immune response [25]. In contrast, CASP8 mutations protect against

CD8 T cell mediated apoptosis [26].

Mutations in CDHI1 are associated with PDPN™ active stroma and vascular
stroma [23]. Mutations in CDHI are commonly present in invasive lobular breast
cancer [23]. Lobular breast cancer typically exhibits a diffusely infiltrative pattern
of single file growth. Therefore, cellular dynamics at the tumour-stroma interface

may account for the distinct spatial organisation of lobular breast cancer.
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1.3.2.6 Spatially Resolved TME Structures correlate with Clinical Outcomes

Four TME structures were associated with survival outcomes in ER+ disease [23].
Vascular stroma was associated with better survival outcomes [23]. Granulocyte
enriched, APC enriched and suppressed expansion were poor prognostic TME
structures [23]. Enrichment of T,.g, as present in the suppressed expansion
structure, has been previously linked to worse survival outcomes [27].

No TME structures were prognostic for ER—- disease [23].

1.3.2.7 Limitations and Conclusion

The study was powered to offer insight into correlations between specific pat-
terns of TME structural enrichment and overall clinical outcomes. Unravelling
the underlying causal relationships will be challenging due to the presence of
multiple confounding factors in what is a temporally changing biological system
subject to a wide range of internal and external perturbations.

Overall, the insights offered by Danenberg et al are an important and valuable
contribution to the field. It demonstrates the potential advances which can be
offered by spatial-omics technologies. I anticipate the future intention will be
to integrate such high-dimensional spatial profiling with already established
multimodal ensemble-based regressors in breast cancer [28] in order to tailor
and refine their predictive capacity. It represents the early stages of the next

generation of medicine.

1.4 Intention of the DPhil Project

My original intention for my DPhil was similar to several components of the
very recently published work by Danenberg et al.

Iintended to conduct Slide-seq based spatial transcriptomic profiling, scRNA-
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seq and LCM-based spatial proteomics in a cohort of 30 treatment naive TNBC
clinical samples. As part of the study, I also intended to directly compare two new
spatial transcriptomic technologies, Slide-seq and CARTANA in-situ sequencing
and contribute to the development of biologically-interpretable computational

methods for spatial-omics datasets.
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2.1 Technologies Available at the Outset of the DPhil

The DPhil explored the application of two techniques:

1. Spatial transcriptomic technologies

2. Dissociated single cell sequencing technologies (scRNA-seq)

Both techniques were not available or established at the beginning of the
DPhil. There was no pre-existing expertise in the development and application
of these techniques. The development of the experimental and bioinformatic
pipelines was to form a core part of the DPhil. In such a context, the aim
was to develop the pipelines in collaboration with scientists experienced in
their application.

I established de novo all academic and commercial collaborations, scientific

and financial agreements and IP rights as part of the DPhil.

2.2 Intended Technology Deployment

The original DPhil intention was to conduct multimodal profiling using spatial
transcriptomics and scRNA-seq in a collection of thirty breast cancer samples
donated from patients in the treatment naive setting. Transcriptomic profiling
was to be paired with proteomic profiling using LCM-based proteomics and
traditional immunohistochemical approaches.

scRNA-seq was to be completed using the 10X Genomics Chromium platform
and spatial transcriptomcs was to be completed using Slide-seq. scRNA-seq was
to be performed in collaboration with Dr. Thomas Carroll based in the lab of Prof.
Xin Liu, Ludwig Institute, Oxford. Slide-seq was to be performed in collaboration
with Dr. Evan Murray, a research scientist at the Broad Institute, Boston.

A comparison between two conceptually different spatial transcriptomic

techniques, Slide-seq and CARTANA in situ sequencing, was to be conducted
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in a subset of the patient samples. CARTANA in situ sequencing was provided
through the CARTANA in-house technical team based in Sweden.

An established pipeline for LCM-proteomics was available in collaboration
with Dr. Roman Fischer based at the TDI, University of Oxford. I developed
expertise in performing laser microdissection to collect regions of tissue which

could then later be processed in the Fischer lab.

2.3 (Critical Analysis of Spatial Transcriptomic Tech-

niques

2.3.1 Overview of Techniques

Spatial transcriptomic techniques can be divided into three general approaches:
i. Laser microdissection of regions of interest
ii. Imaging-based ST

iii. Sequencing-based ST

2.3.1.1 Laser Microdissection

Microdissection can be performed using laser capture (LCM) [29] [30]. Tissue
sections are prepared on uncharged membrane glass slides which facilitates
tissue extraction of dissected regions [29] [30]. Tissue is stained with cresyl
violet to aid visualisation during dissection [30]. The laser microdissection unit
incorporates a microscopy unit so that regions of interest can be identified and
catapulted onto PCR tubes for RNA capture [29] [30].

This brute-force approach offers low sample-throughput and is not amenable
for wide scale coverage of tissue. High resolution capture is particularly prob-

lematic since it is difficult to achieve reliable extraction of single cells. The
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downstream RNA extraction process for low input RNA also requires proto-
col optimisation in a tissue specific manner [29]. There is therefore a need to
develop high-throughput multiplexed approaches using a range of imaging-

and sequencing-based ST.

2.3.1.2 Imaging-Based ST

Imaging-based ST enable direct visualisation of RNA molecules within their
native environment [31]. Tissue is fixed after which mRNA is first reverse tran-
scribed to cDNA [31]. Fluorescently labelled padlock probes complementary
to the target of interest can then bind to the generated cDNA [31]. Target am-
plification, required for downstream detection, is achieved by a process called
rolling-circle amplification (RCA) [31].

RCA generates multiple copies of the padlock probe with inter-probe gaps
filled by sequencing-by-ligation [31]. The end product is imaged and decoded in
a manner analogous to [llumina sequencing-by-synthesis. CARTANA provides

commercial solutions to access multiplexed in situ hybridisation techniques [32].

2.3.1.3 Sequencing-based ST

Sequencing-based ST involves in situ transcript capture followed by ex situ
sequencing. Tissue is fixed, stained, imaged and permeabilised onto the array
[33]. Permeabilised mRNA hybridises to the barcoded primers and in situ RT
is performed [33]. The barcoded reads are then mapped back to the original
tissue location following completion of library preparation and next generation
sequencing [33].

There are several sequencing-based ST products: Visium, Slide-seq, High-
Definition Spatial Transcriptomics (HDST) and the GeoMx Digital Spatial Profiler
(DSP).
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The 10X Visium solution consists of a glass slide onto which a barcoded
RT primer is printed [33]. The barcoded primer encodes the x and y coordi-
nate position on the array [33]. Visium offers limited spatial resolution. Spa-
tially profiled regions were 55 um diameter circular spots as per the technology

available in 2021.

Slide-seq is a high resolution spatial transcriptomic technology first pub-
lished in 2019 for its application in murine brain tissue [34]. Polystyrene beads,
each of 10 um diameter, are attached in monolayer onto a glass coverslip in
place of printing barcoded RT primers onto a glass slide [34]. Each bead has a
randomly attached unique spatial barcode [34]. The bead location is not known

a priori. The bead position is decoded in situ using sequencing-by-ligation [34].

Slide-seq spatial resolution is governed by the bead diameter. The spatial
resolution is greater than Visium. At 10 um resolution, Slide-seq enables the

spatial profiling of a small number of single cells.

HDST is very similar technique to Slide-seq. In HDST, 2 um diameter spatially
profiled beads are deposited onto a glass slide [35]. Slide-seq and HDST are only

suitable for use on fresh frozen tissue [34] [35].

An analogous approach suitable for FFPE is provided by the Nanostring
GeoMx DSP [36]. RNA probes linked with a photocleavable barcoded tag are
added to the tissue section [36]. User defined regions of interest consisting of
600 um diameter circles are excited with UV light, enabling release of the RNA
probes [36]. The released read is quantified using the NanoString nCounter

instrument [36].

In summer 2019, a targeted GeoMx DSP 200 tumour-immune gene panel
was available. The GeoMx Spatial Profiling instrument was due to be available

in Oxford by early 2020.
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2.3.2 Selection of Techniques

The available spatial transcriptomic platforms were explored on the basis of
the following factors:

i. Suitability for use on breast cancer tissue

ii. Application in FFPE or fresh frozen tissue

iii. Availability of equipment

iv. Cost

A comparison of the benefits and disadvantages of the available spatial

transcriptomic technologies is summarised in table 2.1

Technology Tissue Type Availability | High-throughput | Cost-effective
Slide-seq Fresh frozen v v v
CARTANA Fresh Frozen, FFPE X v X
LCM Fresh Frozen, FFPE v X v
GeoMx DSP | Fresh Frozen, FFPE X X X

Table 2.1: Comparison of Spatial Transcriptomic Technologies
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Following a literature review and discussion with scientists with hands-on
experience with spatial transcriptomic technologies, two spatial transcriptomic
platforms were selected for application in breast cancer during the DPhil:

1. Slide-seq

2. CARTANA in-situ sequencing

2.3.2.1 Slide-seq

Slide-seq offers high-resolution spatial transcriptomic profiling of fresh frozen
tissue without requiring expensive, bespoke equipment or microscopes. It is

suitable for high-throughput work and it is a cost-effective alternative to Visium.

2.3.2.2 CARTANA in-situ sequencing

Most spatial transcriptomic options to date are suitable for use only on fresh
frozen tissue. The use of spatial transcriptomics in FFPE tissue presents ad-
ditional limitations due to the RNA degradation which occurs during tissue
processing. CARTANA was one of the few spatial transcriptomic options suitable

for use on FFPE tissue in 2019.

2.4 Protocols

2.4.0.1 Slide-seq Protocol

Slide-seq pucks were produced in the Macosko lab in Boston, USA and then
shipped to Oxford. 10 um tissue sections were prepared and placed onto the
circular 3 mm diameter spatial capture areas. The capture areas contain 10 ym
polystyrene beads linked with a spatially-unique oligonucleotide.

Tissue permeabilisation and RNA hybridisation was completed for a range

of time durations from 15 minutes to 105 minutes. Reverse transcription, sec-
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ond strand synthesis, bead clean up (Ampure XP beads, Beckman Coulter, cat-
alogue number A63881) and PCR amplification were performed with inter-
vening washes.

Barcoded libraries were constructed using the Nextera XT kit (Illumina, cat-
alogue number FC-131-1096) as per the manufacturer’s instructions. A range

of custom primers were used as detailed in Table 2.2:

Primer Name Custom Sequence
Template Switch Oligo AAGCAGTGGTATCAACGCAGAGTGAATrG+GrG
Truseq PCR Handle CTACACGACGCTCTTCCGATCT
SMART PCR Primer AAGCAGTGGTATCAACGCAGAGT
Truseq P5 AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTC
dN-SMRT AAGCAGTGGTATCAACGCAGAGTGANNNGGNNNB

Table 2.2: Slide-seq Custom Primers

Libraries were quantified using the Qubit dsDNA High Sensitivity assay (In-
vitrogen, catalogue number Q32854) as per the manufacturer’s instructions.
Library QC was performed on the Agilent High Sensitivity dsDNA chip (Agilent,
catalogue number 5067-4626) using the Agilent 2100 Bioanalyzer instrument
located in the LICR Oxford branch.

Final libraries were diluted to a concentration of 4 nM and denatured for
analysis using 75 base-pair pair-end reads. Samples were loaded on the NSQ
500/550 High Output kit v2.5 75 cycles (Illumina, catalogue number 20024906).
Samples were sequenced using the [llumina NextSeq 500 Walk-In sequencing

service at the Oxford Genomics Centre.

2.4.0.2 Slide-seq Data Processing

Raw sequencing files were transferred to the Macosko lab. The pre-processing

steps were completed by the Macosko lab using a Slide-seq specific bioinformat-
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ics pipeline internal to the Macosko lab. The analysis tools included Illumina
barcode extraction, base-calling, alignment to a human reference genome, post-

alignment QC and matching of Illumina barcodes to bead barcodes.

2.4.0.3 CARTANA Protocol

FFPE breast cancer tissue blocks were transferred to the CARTANA In Situ tech-
nical team, Sweden. Optimisation of the hypoxia probes and application of
the novel hypoxia panel in FFPE breast cancer samples was completed by the
CARTANA technical team using a proprietary internal protocol. The generated

raw data was shared by the CARTANA technical team.

2.4.0.4 Droplet based scRNA-seq

Fresh tissue biopsies were enzymatically dissociated using an unpublished
protocol. The protocol had been optimised for clinical tissue dissociation in
preparation for single cell droplet encapsulation. It was kindly shared by the
Single Cell Genomics team at the Cold Spring Harbor Laboratory, USA.

Upon dissociation, red blood cells were removed using 10ml of red blood
cell lysis solution (Miltenyi, catalogue number 130-094-183). Dead cells were
removed using the Miltenyi Dead Cell Removal kit (Miltenyi, catalogue number
130-090-101) as per the manufacturer’s instructions. Cell viability was assessed
on the Countess II Automated Cell Counter. Following viability check, cells were
re-suspended at 1000 cells per pl.

Cells were then transferred on ice to the Single Cell Genomics facility at the
WIMM. Cells were loaded onto the 10X Chromium platform at a concentration
of 1000 cells per ul as per the manufacturer’s instructions. 10,000 cells were
loaded per experiment per patient sample.

Single cell encapsulation was completed on the 10X Chromium Next GEM
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Single Cell gene expression 3’ kit (10X Genomics, catalogue number 1000269)
and 10X Chromium Next GEM Single Cell gene expression 5’ kit (10X Genomics,
catalogue number 1000425). Generation of single cells in gel beads in emulsion
(GEMs), barcoding, reverse transcription clean up, cDNA amplication and library
quantification were performed as per the manufactuer’s instructions.

Libraries were quantified using the KAPA-Illumina PCR quantification kit
(Roche, catalogue number KR0405). Library QC was performed on the Agilent
High Sensitivity dsDNA chip (Agilent, catalogue number 5067-4626) on random
wells and with negative controls using the Agilent 2100 Bioanalyzer.

Final libraries were diluted to a concentration of 4 nM and denatured for
analysis using 150 base-pair pair-end reads. Samples were loaded on the NSQ
500/550 Hi Output kit v2.5 150 cycles (Illumina, catalogue number 20024907).
Samples were sequenced using the [llumina NextSeq 500 Walk-In sequencing

service at the Oxford Genomics Centre.

2.4.0.5 scRNA-seq Data Processing

QC on raw sequence reads was performed using FastQC software. The 10X
Genomics Cell Ranger version 5.0.1 software was used to process, align and
calculate unique molecular identifier (UMI) counts against the human hg38
reference genome.

Count matrices were imported into R v4.0.0 on an Ubuntu operating system
v18.04 and v20.04. Seurat v3.1.3 was used to perform data preprocessing, identi-
fication of highly variable genes, principal component selection, neighborhood-
graph based clustering and UMAP visualisation. Harmony v1.0 was used for

merging post-processed samples between experimental batches [37].
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2.4.0.6 Immunohistochemistry

4 mm FFPE tissue sections were prepared on the Leica rotary HistoCore micro-
tome. 4 mm fresh frozen tissue sections were prepared on the Bright Instruments
OTF-5000 cryostat. Tissue sections were placed on SuperFrost Plus adhesion
glass slides (Thermo Fisher, catalogue number 10149870).

FFPE slides were firstly dewaxed in HistoChoice clearing agent (Sigma, cat-
alogue number H2779) and then rehydrated using decreasing concentrations
of ethanol (Sigma, catalogue number 1070174000) to tap water.

For THC staining, slides were stained using the FLEX staining kit (Agilent
Dako Envision kit, catalogue number K8023). Antigen retrieval was performed
in pH 6 for CA9 and GLUT1 antibodies by autoclave heating (56 °C for 10 min-
utes). Antigen retrieval was performed in pH 9 by autoclave heating (56 °C for
10 minutes) for the pimondazole antibody.

Endogenous peroxidase activity was blocked. Slides were then stained with
the following primary antibody dilutions for 1 hour at room temperature:

i) Pimonidazole: mouse, Hypoxyprobe-1, Chemicon International, 1:100.

ii) CA9: mouse, M75, absolute antibody, 1:100.

iii) GLUT1: rabbit, ab166618, Abcam; 1:100.

Slides were washed in Flex buffer (Thermo Scientific, catalogue number
8101) and then incubated with Flex anti-rabbit/anti-mouse secondary antibody
(Abcam, catalogue number ab205719) for 30 minutes at room temperature.
Slides were then washed in Flex buffer.

3,3-Diaminobenzidine (Flex-DAB) was applied to the sections for 10 min-
utes (Agilent, catalogue number C80611-2). The slides were counter-stained
by immersing in Flex-hematoxylin solution for 5 min, washed and air-dried
before being mounted with mounting medium (Sigma, catalogue number 06522).

Secondary-only control staining was routinely done and they were negative.



36 2.5. Pandemic-related DPhil Disruption

Slides were scanned on the Hamamatsu NanoZoomer 2.0-HT slide scanner
located in the Histopathology department, John Radcliffe hospital, Oxford. Slides
were visualised with the NDP.view2 image viewing software (version U12388-01).

Histological work was conducted in the histology lab of the Nuffield Division
of Clinical Laboratory Sciences (NDCLS), University of Oxford with the exception
of cryosectioning.

Cryosectioning was conducted in the histology lab of the Ludwig Institute
of Cancer (LICR) Research Oxford branch with the prior consent of Dr. Stan Ng,
LICR Facilities Manager. Upon completion of cryosectioning, fresh frozen tissue
sections were transported on dry ice to the NDCLS, John Radciffe hospital and
stored in a HTA-compliant —80 °C freezer. Clinical and xenograft samples were

tracked. A transfer log was maintained during transport between research sites.

2.5 Pandemic-related DPhil Disruption

The DPhil plan experienced disruption as a consequence of the COVID-19 pan-
demic.

Access to critical equipment housed across different locations between dif-
ferent research institutions was not permitted due to covid-related working
restrictions resulting in significant experimental delays. As a consequence of
the disruption, key collaborations discontinued.

The final phase of the DPhil involved multiple attempts to re-establish spatial

transcriptomics pipelines.
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3.1 Opportunities of Spatial Biology in Cancer Medicine

Spatial-omics will be the next frontier in biology, offering new insights into the
functionally relevant cross-talk relationships which govern normal and aberrant
tissue development [38]. It enables gene expression detection whilst retaining
the spatial location of RNA transcripts or protein[38].

The opportunities and challenges of spatial-omics can be subdivided into:

i. The application of spatial-omics

ii. The insights offered by spatial-omics

iii. Opportunities in spatial-omics data interpretation

iv. Tools essential to maximising the biological insight offered by spatial-

omics

3.1.1 The Application of Spatial-omics

[ foresee that the application of spatial-omics in tumour biology will encompass
two distinct phases.

Phase 1 entails a formal characterisation of the spatial dependency in gene
expression across a range of tumour types (squamous cell carcinoma vs adeno-
carcinoma) arising from different anatomical sites (eg colon, ovary, breast) at
different stages in the treatment pathway (prior to treatment, during treatment,
at local or distant relapse, in the heavily pre-treated setting).

To date, detailed investigation of spatial location as a biological and clinically
relevant covariate has been limited by technological constraints. As a starting
point, the ST field should first catalogue a core set of spatial structures preserved
and reproduced across a range of ST technologies. In essence, a topological set
preserved within transcriptomic space is being generated.

Phase 2 would build upon phase 1 to quantify intra- and inter-tumour spatial

heterogeneity in 2D and 3D physical space using a greatly expanded sample



40 3.1. Opportunities of Spatial Biology in Cancer Medicine

collection. I anticipate that the phase 2 workstream would best be conducted
within a Human Cell Atlas (HCA)-linked initiative.

The results of phase 1 and phase 2 can be considered from a short-term and
long-term perspective. In the short-term, prediction of gene expression from
histopathology images (and vice versa) would be a natural objective. Explo-
ration of spatial location as a causal factor in driving and shaping the subclonal
evolution of cancer could also be pursued [39].

From a long-term perspective, the goal would be to identify all short and
long-range spatial dependencies preserved across tumour types and understand
how these dependencies determine response to internal microenvironmental
perturbations (e.g. changes to intra-tumoural blood flow) and external perbur-
bations (e.g. therapy). Spatially dependent structures could then be identified
early during treatment to predict for response to different therapeutic classes
as demonstrated through the work of Hwang et al [40].

The potential discovery opportunities and clinical benefits which could be un-
locked by spatial-omics is shown by the cutting-edge work of Lomakin et al [41].

Multiregion sampling from two patients with multifocal ER positive and triple
negative breast cancer was performed [41]. Both patients had background DCIS.
A new workflow, BaSISS was developed on serial fresh frozen sections to enable
spatial clonal mapping and spatial phenotyping using in-situ sequencing, bulk

WGS and traditional IHC as shown in Figure 3.1 [41].
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42 3.1. Opportunities of Spatial Biology in Cancer Medicine

Spatial clone maps were developed for regions of invasive or in-situ disease

(Figure 3.2) [41].

Figure 3.2: Spatial Clone Maps in Breast Cancer. Reproduced from [41].
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The relationship between the spatial pattern of subclones and histologic
structure was found to be broadly consistent [41]. Most sites of invasive disease
were found to arise from the most recently diverged subclone [41].

Interestingly, regions of divergence were identified. In each sample, a sub-
clone was identified which spanned both DCIS and invasive disease [41]. It
suggests that the mutations required for invasive transformation originate within
the ducts and thereby allow for stromal invasion (Figure 3.3ab and 3.3af) [41].

Divergence between biological modalities was investigated in further detail
for PTEN mutant clonal regions in ER positive disease. PTEN mutant clones
exhibited higher Ki-67 staining compared to PTEN wildtype region (Figure 3.3ac
and 3.3ad) [41]. PTEN mutant clones in DCIS were compared with PTEN mutant
clones in regions of invasive disease using ST [41]. Epithelial cell genes were
differentially expressed between DCIS and invasive disease, specifically ACTB,
KRT5 and CTSL2 and may provide insight into the causative factors driving

histological transition [41].
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(a) Spatial Relationship between Genetic and Histologic Structure. Reproduced from [41].
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An important component of the study was investigation into the spatial
patterns of growth for nodal metastatic disease [41]. Nodal metastases are a
predictive marker for development of distant relapse, the major cause of death
for cancer patients across disease sites.

Two spatially distant clones were identified in the involved node of a patient
with TNBC: P2-blue and P2-orange (Figure 3.4a) [41]. Only the clone P2-blue
was identified at the primary site of disease [41].

Each clone was associated with distant patterns of histologic growth. Clone
P2-blue clustered around dense lymphocytic cores (Figure 3.4c) [41]. In contrast,
clone P2-orange formed pseudo-linear sheets alongside sinusoidal structures
(Figure 3.4c) [41].

These structural differences were mirrored with associated transcriptional
differences, revealing that distinct subclones are present within distinct mi-
croenvironments (Figure 3.4e - 3.4g) [41].

P2-blue clones cluster around B-cell rich germinal-like centres, showing
a potential clone-specific adaptive immune response [41]. P2-orange clones
were found within macrophage-rich lymphoid sinuses [41]. CXCL8 was the
most highly enriched gene in this region [41]. CXCL8 is preferentially released
by hypoxic macrophage, thereby suggesting adaption of the P2-orange clone
to hypoxic coditions [41].

These results show how clones can be spatially regulated by micrenviron-
mental conditions and supports the need for expanding the available portfolio

of tumour microenvironment-targeting therapies.
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3.1.2 Insights offered by Spatial-omics

The above applications of spatial-omics can be achieved by offering insight into
three characteristics of tumour tissue:

1. Cell composition.

2. Cell-to-cell interactions.

3. Ligand-receptor relationships between adjacent and distant cells.

The insights offered by spatial-omics are shown in Figure 3.5.
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Figure 3.5: Biological Insights of Spatial-omics Reproduced from [42].
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3.1.2.1 Spatial-omics Insights for Biomarker Opportunities

The potential therapeutic and biomarker opportunities offered by spatial-omics
insights has been demonstrated in the work presented by Gaglia et al [43].

Cell proliferation is determined by the frequency of mitotic figures and per-
centage Ki-67 staining. It has diagnostic implications [44]. High grade tumours
are associated with higher proliferation rates which is a well-recognised poor
prognostic marker [44].

However, there are limitations with such an approach to assess tumour prolif-
eration. Mitotic figures and Ki-67 index are more specifically associated with the
mitotic phase of the cell cycle. Therefore, they cannot provide a global measure
of progression through the cell cycle and consequently can underestimate the
true proliferation rate [43]. Spatial-omics approaches were applied to address
this question using multiplexed protein imaging on clinically-derived FFPE
specimans across a diverse range of tumour types: breast, lung, colon and
ovarian carcinomas, mesothelioma and gliomas [43].

A multivariate score of global proliferation was developed based on a bal-
ance between proliferation markers, Ki-67, PCNA, MCM2 and cell-cycle arrest
markers, p21 and p27. The score is called the Multivariate Proliferation Index

(MPI) [43]. A categorical scoring system is used:

MPI Score Feature Label
1 Positive balance of proliferation markers Proliferative
-1 No expression of proliferation markers Non-proliferative
0 Mixed balance of proliferation and arrest markers Arrested

Table 3.1: MPI Scoring System. Reproduced from [43].
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Each cell in a multiplexed tissue section was scored and compared with Ki-
67. It was found that 39 - 72% of MPI+1 cells were Ki-67 negative (Figure 3.6)
[43]. Therefore, Ki-67 scoring alone will underestimate the proliferation index

of tumours in a clinical context.
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Figure 3.6: Heatmap comparing Ki-67 Positivity and MPI Score. Reproduced from
(43].

Spatial maps of the MPI scores showed distinct spatial patterns (Figure 3.7a).
Proliferating (MPI+1) and non-proliferating (MPI 0) states showed strong spa-
tial self-state correlation (Figure 3.7b) [43]. In contrast, spatial cross-state cor-
relation between proliferating and non-proliferating cells was weak (Figure
3.7b) [43]. Therefore, proliferating cells cluster together and away from non-

proliferating cells.

Spatial self-correlation is well-fitted by a two-phase exponential decay model
(Figure 3.7c) suggesting two levels of spatial physical structure [43]. Small niches
between 10 - 30 um are nested within larger structured neighborhoods spanning

100 - 300 um (Figure 3.7d) [43].
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Figure 3.7: Spatial Maps of MPI Score and Correlation Metrics. Reproduced from [43].

To infer cell cycle dynamics, a new tool termed ccD-CMD (cell-cell distance
and classical multidimensional scaling) was developed [43]. The core of the tool
involves mapping the cell-cell correlation distance matrix onto a 2D multidi-
mensional scaling for visualisation (Figure 3.8c - 3.8d) [43]. Itis an interesting
application of a domain-specified topographic constraint. Novel cell cycle
coherence metrics, Inter-Octile Variation (IOV) and Circle Fit Distance (CFD)

were integrated into the ccD-CMD tool to aid detailed evaluation (3.8e) [43].
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Figure 3.8: ccD-CMD and Cell Cycle Coherence Metrics. Reproduced from [43].

Galgia et al demonstrated it is possible to extract the cell cycle coherence met-
rics from multiplexed imaging in an interpretable manner (Figure 3.9a). MPI+1
cells from a cohort of 26 HER2 positive breast cancer samples (TMA1 and TMA2)
were evaluated (Figure 3.9b). Samples displaying distinct metrics were manually
inspected. Sample 1 is representative of an IOVI°®”CFD!" representing cells
displaying classical cell-cycle dynamics (Figure 3.9¢) [43]. In contrast, sample
2 which is IOV!igh is skewed to G1 phase and sample 3, CFD"8h, represents a

state outside currently recognised dynamics (Figure 3.9c) [43].
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Figure 3.10 demonstrates that MPI+1 fractions can be linked with annotated
H&E sections [43]. Tumour subregions demonstrating distinct metrics across
MPI classes can be ascribed to distinct histological regions, thereby suggesting
these novel metrics summarise consistent and representative components of

in-situ tumour behaviour [43].
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Figure 3.10: MPI Maps can be linked with Histology. Reproduced from|[43].
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Akey component of the work was investigation of treatment-induced changes
in the coherence metrics. Three clinical cases representing one case of TNBC
and two cases of ER positive breast cancer were evaluated prior to starting
treatment ('pre’), on treatment (‘'on’) and after completion of treatment ("post’)
as depicted in Figure 3.11a [43]. [ am particularly intrigued by the differences in
MPI dynamics with treatment between ER positive and TNBC diseases.

ER positive breast cancer, a subtype with a broad range of treatment options,
showed distinct changes in MPI proportions with treatment [43]. The changes
were consistent between the two samples. Treatment induced a reduction in
the MPI+1 and MPI-1 fraction with a clear rise in the MPI 0 fraction by the end
of treatment (Figure 3.11h - 3.11i) [43].

In contrast, treatment induced little change in MPI dynamics for the case of
TNBC disease (Figure 3.11b) [43]. It is recognised that with current treatment
options, patients with TNBC are at greater risk of developing distant relapse
compared to ER+ breast cancer.  wonder if these results are an early hint MPI
dynamics could be explored as an ancillary predictive biomarker for treatment
response. Clearly such dynamics would require evaluation across a much larger
subset of breast cancer patients representative of the different molecular sub-
types of breast cancers. It would be interesting to assess MPI dynamics in detail
for HER2+ breast cancer.

The approach described above would lend itself very naturally for application
in spatial transcriptomics (ST). Feature selection could be applied in a domain-
specific manner, tailored to the biological process of interest. Gene expression
could be easily assigned as 'on’ or 'off’ in a threshold-dependent manner. Genes
with an expression level <1 would be assigned as 'off’, genes with an expression
level =>1 would be labelled as 'on’.

[ propose these methods could be applied to offer new insight into the im-

munoregulatory landscape of human tumours. Tumour regions would be iden-
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Figure 3.11: MPI Dynamics differ across Breast Cancer Subtypes. Reproduced from
[43].

tified as immunostimulated, immunosuppressed or anergic using a composite
immunoregulatory signature applied to ST data. An approach simmilar to ccD-
CMD would be applied, except in this case, a simplex rather than a torus would
be a more applicable topographic constraint to explore the dynamics between
immunoregulatory transitions.

I foresee that these methods could be integrated into a clinical workflow in
the longer-term. For T3/T4 tumours, grid-pattern biopsies could be extracted
to develop a spatial map of tumour immunoregulation which could be used
to guide clinical management. Imnmunosuppressive regions would be treated
upfront with stereoablative radiation using the techniques currently applied
for SABR/SRS followed by maintenance immune checkpoint inhibition. Such
an approach would be particularly beneficial for tumour types associated with

high surgical morbidity, eg GBM or pancreastic malignancies.

3.1.2.2 Spatial Transcriptomic and Proteomic Phenotyping

Spatial-omics broadly encompasses ST and multiplexed IHC technologies. ST

offers the potential for insights into tumour biology through evaluation of gene
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expression patterns. From a practical perspective, it is very expensive, cumber-
some to perform and requires unique expertise and skills to be successfully im-
plemented in clinical samples. Therefore, it is unlikely that ST will be applied in a
broader and routine translational or clinical context in the medium or long-term
future. In contrast, spatial phenotyping offered through multiplexed IHC may en-
able comparable biological insight to ST in a more practically achievable manner.

The routine delivery of multiplex IHC would be contingent on first addressing
several unaddressed challenges. It is likely ST and multiplex IHC datasets share a
common high-dimensional space. The integration of datasets and identification
of such a space may require new computational tools which will require engi-
neering to provide interpretable and biologically relevant insight. Identifying the
shared latent representation will enable the spatial-omics field to map between
technologies and circumvent some of the practical difficulties encountered
when attempting to deliver new complex tools at scale. Questions also remain
about how best to design and apply different multiplex panels across a range
of biological contexts.

The translational scope of multiplex antibody panels has been demonstrated
through the insightful, carefully designed work of Risom et al [45].

A retrospective cohort of 14 patients who presented with DCIS and later
developed invasive breast cancer (IBC) after DCIS excision (termed 'progressors’)
were identified from the Washington University Resource of Archival Tissue
(RAHBT) [45]. The cases were matched with 44 patients who did not proceed
to later develop IBC (termed 'non-progressors). Normal tissue controls were
included [45]. A 37-plex antibody panel covering tumour-intrinsic and microen-
vironmental markers was then investigated using the MIBI platform [45].

The study identified four cellular states, TME1 - TME4, spanning the tran-
sition from normal breast tissue to DCIS to IBC [45]. TME1 was enriched for

markers associated with lipid metabolism in the normal breast, TME2 for mark-
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ers associated with DCIS alongside increased myoepithelial proliferation and
stromal CD4 T cells and mast cells and TME3 for IBC with markers associated
with CAFs and collagen density [45]. TME3 was not enriched for tumour-specific
markers. TME4 represented markers depleted in DCIS [45]. These states suggest
that transition from in-situ to invasive disease requires the coordinated action
of tumour and stromal cell types in a step-wise manner [45].

The most surprising result from the study was regarding the role of the
myoepithelium in malignant transformation. The myoepithelium was found to
be thinner and less continuous in the non-progressor cohort [45]. In contrast, the
myoepithlium in progressors was found to more closely resemble normal breast
tissue [45]. Closer scrutiny using gene set enrichment methods identified that
ontologies relating to desmoplasia, stromal immune density and glycolysis were
higher in non-progressors whilst ontologies relating to immunosuppression
were higher in progressors [45]s. The current hypothesis is that breach of the
myoepithelium facilitates immune cell and fibroblast activation in the stroma
which facilitates immune recognition and control [45].

These findings can have wider clinical significance if supported in future
additional studies. DCIS is a common clinical finding. There are two broad
types of scenarios:

i. High grade DCIS alone or intermediate DCIS in the presence of additional
higher risk pathological features such as comedonecrosis. In this setting, DCIS
requires radical treatment with excision and adjuvant breast radiotherapy.

ii. Background DCIS is commonly found across all subtypes of invasive breast
cancer. DCIS present at the surgical margin following breast conserving surgery
requires further management with re-excision. This is commonly encountered in
routine clinical practice, exposes patients to a second surgical procedure, delays
starting adjuvant radiotherapy and adds further burden to the clinical workload.

The findings that myoepithelial depth may predict risk of malignant transfor-
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mation could guide risk-adapted management of DCIS. Patients with a thinner
myoepithelium may avoid the morbidity associated with a wide local excision
and adjuvant therapy. Such patients may instead elect to proceed with close
long-term monitoring. In contrast, patients with an intact myoepithelium would
proceed with treatment as per the current clinical guidelines. Assessment of my-

oepithelial depth could be easily added to the existing breast pathology workflow.

I foresee that such spatially resolved findings could be expanded upon in
a two-stage approach. Stage one would entail an international observational
cohort study exploring the prevalence of myoepithelial disruption across a wide
range of hospital settings covering both large academic centres and smaller

district hospitals serving cultural diverse populations.

Patients would be subdivided into two groups depending upon myoepithelial
depth and followed up to determine risk of relapse with invasive disease. The
study would offer insight into the predictive value of myoepithelial depth and
potentially shed greater mechanistic insight into such a surprising observation.
Counterfactual modelling approaches could be explored to disentangle the risk

of malignant transformation from the confounding role of existing treatments.

Stage two could then be explored if myoepithelial depth was identified to
be a robust predictive feature for risk of future development of invasive disease.

Stage two would be an interventional study based on myoepithelial depth.

Patients with thin myoepithelium would undergo close surveillance. Pa-
tients with thick myoepithelium would undergo current standard of care. It
would be a practice-changing approach based directly on insights from spatial-

omics techniques.
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3.1.3 Opportunities in Data Interpretation

The opportunities offered by any new technology will be accompanied by new

challenges in data processing and interpretation.

The practical constraints in conducting ST experiments together with the
cost of the experiments results in low sample numbers per study. Typically, a ST
experiment may consist of 10s of samples at most. However, the dimension size
of the feature space, ie the number of genes, will be several fold higher. From an
algebraic perspective, we are therefore dealing with an overdetermined system
for which no exact solution may exist. The challenges are compounded by the
paucity of power analysis tools for spatial-omics. Therefore, careful algorithmic
selection is critical against such a backdrop. Low sample numbers also presents
clinical limitations. It can be difficult to ascertain the clinical significance of

results identified from a handful of patients.

Different ST technologies vary in their degree of multiplexing and the sen-
sitivity/specificity of RNA capture which is ultimately reflected in the output
data. Such systematic bias in data, particularly if under-recognised, can in-
troduce artefactual anomalies into the results. These risks can be mitigated
by recognising the differences between different technologies and introducing

pan-technology QC metrics into the preprocessing steps.

ST data, in particular data from sequencing-based ST techniques, are very
sparse. The sparsity observed is greater than that observed in dissociated single
cell sequencing data. We are therefore working in the realm of a near-degenerate

distribution since for most spatial locations, the expression of a gene will be zero.

The probability density function of a degenerate distribution is the Dirac
delta function. The statistical properties of a degenerate distribution are not
favourable. It requires advanced statistical tools and introduces further com-

putational and algorithmic complexity. In general, a degenerate distribution
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is best avoided.

3.1.4 Computational Tools

A summary of key processing tools is shown in Table 3.2. A deep dive into a key

deep-learning ST tool, Tangram, is offered in Section 3.3.2.
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Key questions remain about the optimal approach to facilitate data inter-
pretation. At present, there are few 'ready out of the box’ tools tailored for the
analysis of spatial-omics data. It is partially a consequence of the current novelty
of the technology. Selected research groups have experience with spatial-omics
technologies. Therefore, a lag in the development of data processing tools is
to be expected.

Limitations currently remain at every stage of the data processing pipeline:
data acquisition and management, data pre-processing and quality control and
availability of algorithms which can reveal key biological insights from sparse
high-dimensional data. To advance as a field, we will need to call on expertise
from every discipline: deep learning combined with the theoretical rigor of Pure
Mathematics, Information theory, Statistical Physics and Bayesian Statistics. It
must be a truly inter-disciplinary effort.

The exciting work published by Galia et al [43] and Lomakin et al [41] gives us
a glimpse into what is possible. The application of topographically-constrained
multidimensional scaling ([43]) and gaussian process regression ([41]) is elegant.
Existing tools with well-described properties have been repurposed for the
spatial-omics domain combined together with a practical deep understanding
of the underlying technology. This should be the guiding principle for how the
field can develop, at least at this early stage.

I foresee two levels of processing tools: low-risk and high-risk tools. Low-
risk approaches would include tools inspired from spatial statistics. Standard
Dimensionality reduction tools, either PCA or autoencoders combined with a
range of clustering approaches for which the most popular current approach
is KNN-clustering, will likely form the backbone of this strategy. CNN-based
segmentation algorithms, such as HoVer-Net [51], may be required for imaging-
based spatial-omics. However, questions remains regarding the essentiality of

segmentation in this setting. Segmentation-free approaches may gain traction
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in the foreseeable future.

A less traditional approach would include tools such as Vision Transformers
[52]. It is an intriguing possibility. Vision Transformers offer a key distinguishing
property: the ability to model both short and long-range spatial dependencies.
The nesting of spatial dependencies at different levels of physical scale is where
spatial-omics technologies are uniquely placed to excel and offer unparalleled

biological insight.

At this core, a Vision Transformer takes the convolutional feature map of the
image together with the positional embedding of each image patch as input to
the Transformer Encoder [52]. The Transformer uses a multi-head attention to
then learn the short and long-range hierarchies within the image. The output
embedding is then mapped back to the original feature map for real-world inter-

pretation [52]. A schematic of the Vision Transformer is shown in Figure 3.12.

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder
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Figure 3.12: Architecture of the Vision Transformer.

This is cutting edge deep learning, requiring technically strong machine
learning expertise and access to high-end compute. I anticipate training a Vision

Transformer will be very challenging.
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3.2 Methods and Results

3.2.1 Experimental Pipelines for Spatial Sequencing

Spatial transcriptomic technologies are bespoke platforms. Access to and expe-
rience in applying spatial transcriptomic technologies to biological samples are

limited to selected research settings spread across North America and Europe.

A major component of the DPhil was in establishing novel experimental
spatial sequencing pipelines and linking the newly formed pipelines with the
collection of fresh clinical breast cancer tissue. Given the novelty of these tech-
nologies, exploration of spatial sequencing technologies was contingent upon
such collaborations.

The two sequencing technologies of focus were:

i. Slide-seq

ii. CARTANA in-situ sequencing

In 2019, Slide-seq was newly published [34] and available solely through
the Macosko or Regev lab at the Broad Institute of MIT and Harvard, Boston,
USA. I therefore established a de novo collaboration with the Macosko lab,
coordinated and negotiated the research proposal, agreed two-way financial
obligations and implemented the inter-institutional legal agreement for the
course of experimental work. I also arranged a Slide-seq training placement
at the Broad Institute between November - December 2019. The successful
completion of the placement enabled the release of a training set of pucks, the
key spatially barcoded slides, to then set up the pipeline in Oxford according
to best practice guidelines.

In parallel, a de novo commercial collaboration was established with CAR-
TANA, a subsidiary of 10X Genomics. I negotiated the research proposal, the

schedule of funding for the experiment and formalised the commercial-academic



3. Application of Spatial-omics Technologies in Breast Cancer 63

agreement covering the use of human tissue in a commercial setting, sharing
of data and publication rights.

The financial agreement differed in this commercial setting. CARTANA agreed
to cover the cost of consumables and provided generous access to their in-
house technical team during the pilot study. The general expectation was that a
successful pilot would then form the basis for a larger grant encompassed within

the wider research community at Oxford University.

3.2.2 Slide-seq: Experimental Pipeline

The Slide-seq pipeline was established using a test set of xenograft samples
with the first set of pucks provided by the Macosk lab after completing the
above training placement. The protocol is complex. It requires the coordination
of multiple researchers and a range of equipment embedded across multiple
institutions. Prospective experimental planning was critical.

Fully spatially profiled Slide-seq pucks are expensive to generate. The most
expensive stage is the identification of the spatial location of each bead. It
requires five daily consecutive sessions of 12-hour microscopy time. The set of
pucks provided for training were produced in the same manner as a standard
puck. However, the spatial profiling of beads, the most expensive step in the
production process, is omitted. Therefore, the pipeline was set up in a cost-
effective manner.

A set of seven fresh frozen xenograft samples from the Harris lab were ac-
cessed under the full direction of Dr. Bridges. The xenograft samples were
generated from a previously completed experiment in which seven BALB/c
nude mice were subcutaneously injected with the TNBC cell line MDA-MB-
231 and treated with PBS.

Sample selection was based on H&E staining with representative images



64 3.2. Methods and Results

demonstrated in Figure 3.13. The sample shown in Figure 3.13 was selected for
downstream Slide-seq protocol optimisation since it exhibits high tumour con-

tent.

(a) (b)

Figure 3.13: H&E Assessment of Breast Cancer Xenografts Low and high resolution
H&E images of the xenograft sample selected for optimisation of the Slide-seq protocol.

3.2.3 Slide-seq: Optimisation for Solid Tumours

The generation of the Slide-seq pipeline using xenograft samples revealed two
findings:
i. The optimal conditions for sample sectioning in preparation for Slide-seq.
ii. The optimal protocol configurations for application of Slide-seq on solid

tumour samples.

3.2.3.1 OCT embedding of Samples

Slide-seq is suitable for use on fresh frozen tissue. Standard practice for section-
ing of fresh frozen tissue entails embedding tissue within OCT to provide a stable
base from which sectioning is performed. The complete embedding of tissue
within OCT is commonly adopted since it offers maximum tissue stabilisation
to generate a full-face section.

Tissue contamination by OCT, which occurs as the cutting blade sweeps
through the OCT block, does not interfere with standard histological stains.
However, OCT interferes with RNA hybridisation onto the Slide-seq puck (Dr.

Evan Murray, personal communication, 2019). RNA hydridisation onto the
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puck is an early and essential part of the Slide-seq protocol. Unbiased RNA
hybridisation is essential to achieving a comprehensive spatial transcriptomic
assessment of the sample. A sample unsuitable for Slide-seq processing is shown

in Figure 3.14.

Figure 3.14: Slide-seq Sample Preparation. A clinical biopsy unsuitable for investiga-
tion by Slide-seq due to OCT tissue contamination.

Therefore, the amount of OCT used for tissue sectioning was kept to the
minimium. A small amount of OCT is required to stabilise the biopsy sample
onto the cryostat chuck prior to sectioning. This latter step required several
cycles of iteration to identify the mininium effective OCT volume in a sample
specific manner. Representative examples of samples suitably oriented for Slide-

seq processing are shown in Figures 3.15a to 3.15c.

(b)

Figure 3.15: Sample Orientation during Slide-seq Tissue Sectioning. The avoidance
of OCT contamination during sectioning is an important component in the Slide-seq
protocol.

3.2.3.2 Slide-seq permeabilisation

Effective RNA hybridsation onto the spatial beads requires:
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i. Sufficient tissue permeabilisation to allow for adequate RNA capture.

ii. Maintenance of adequate spatial resolution by avoiding excessive lateral
diffusion of RNA.

The Slide-seq protocol has been published for application in murine brain

tissue [34]. A schematic of the published protocol is shown in Figure 3.16.

A Bead deposition
Total time ~ 3 hours

10 um

Transfer to tube

¢ A> S

Figure 3.16: Slide-seq Protocol.Schematic of the Slide-seq protocol published for use
on murine brain tissue [34].

Breast cancer tissue is different to murine brain tissue. Key histological dif-
ferences in breast cancer tissue include marked cellular heterogeneity, variable
fibroblast composition and disorganised spatial architecture. Such differences
in tissue composition necessitate optimisation of the Slide-seq protocol in a
tissue-specific manner.

In the protocol published using murine brain tissue, RNA hydridisation was
performed for 15 minutes. For application on breast cancer tissue, a range of
durations were explored for RNA hybridisation: 15, 30, 45, 60, 75, 90 and 105 min-
utes.

The quality of RNA hybridisation onto the spatially-profiled beads was as-
sessed using the Agilent high sensitivity DNA kit prior to library preparation and
analysed using the Agilent Bioanalyzer system. The Bioanalyzer results for the

range of hybridsation conditions are shown in Figure 3.17.
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Figure 3.17: Optimisation of RNA Hybridisation for Slide-seq RNA hybridisation
durations of 15 minutes (a), 30 minutes (b), 45 minutes (c, 60 minutes (d), 75 minutes
(e), 90 minutes (f) and 105 minutes (g) were assessed.
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The Bioanalyzer outputs a distribution of fragment lengths. The expected
modal fragment length is 1000 - 2000 bp. The modal fragment length observed
for the breast cancer xenograft sample was 1500 bp. The observed result is
within the expected range. Optimal RNA output was obtained for a hybridisation
duration of 60 minutes. Therefore, the Slide-seq protocol was modified to a RNA
hydridisation duration of 60 minutes when applied to breast cancer tissue.

The experiment was completed under the close remote guidance of Dr. Evan

Macosko, Broad Institute, USA.

3.2.4 Slide-seq: Application to Human Tissue

The successful establishment of the Slide-seq experimental pipeline in Oxford
and optimisation of the protocol using xenograft tissues enabled the exploration
of Slide-seq on clinical breast cancer samples.

Slide-seq was applied on patient-derived TNBC samples collected as part of
the BRECO study. BRECO is a single centre prospective study investigating the
relationship between breast cancer and the surrounding tissues. Human tissue,
blood samples and clinical data are collected from patients undergoing primary
breast surgery. Exclusion criteria include neoadjuvant chemotherapy or radio-
therapy. All tissue was collected in accordance with BRECO REC requirements
which are fully HTA compliant. The study REC reference is 19/SC/0025.

I regularly attended the breast MDT to identify potentially eligible study
participants and liaised closely with the supporting clinical and research team.
All samples were collected in a REC-compliant manner.

Sample collection was adjusted within the existing REC framework in order
to optimise preservation of the spatial architecture of the samples. Samples
were collected by snap freezing in liquid-nitrogen cooled 2-methylbutane. Such

an approach was adopted because freshly collected tissue is warm. If warmed
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tissue is placed directly into liquid nitrogen, it forms a gaseous vapour around
the sample and may generate artefactual craacks within the tissue.

In contrast, 2-methylbutane has high thermal conducitivity [53]. Liquid-
nitrogen cooled 2-methylbutane does not form a gaseous vapour around warm
tissue. The tissue is quickly and evenly frozen [53], offering optimal preservation

of the spatial architecture.

3.2.4.1 Slide-seq: Selecting the Optimal Clinical Biopsy

Biopsies were collected from three treatment-naive TNBC patients during the
BRECO study. Per patient, five tumour and five normal tissue biopsies were col-
lected.

Twenty tumour biopsies were assessed by H&E staining. The four best biop-
sies, as determined by tumour content, were selected for downstream inves-
tigation using Slide-seq.

H&E images of the biopsies selected for Slide-seq profiling are shown in Fig-

ures 3.18.
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(@) | (b)

Figure 3.18: H&E Assessment of Clinical Breast Cancer Biopsies H&E assessment of
breast cancer biopsies for Slide-seq profiling. Low and high resolution images of BRECO
samples BC.18.3 (a and b), BC.20.2 (c and d), BC.20.4 (e and f) and BC.23.4 (g and h).
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The biopsies processed using Slide-seq technology are histologically diverse.

Approximate cell type proportions per biopsy are detailed in Table 3.3.

Biopsy ID | Tumour (%) | Immune (%) | Fibroblast (%)
BC.18.3 30 55 15
BC.20.2 80 10 10
BC.20.4 45 5 50
BC.23.4 30 10 60

Table 3.3: Cell Type Proportions per Breast Cancer Biopsy. Breast cancer biopsies
selected for investigation under Slide-seq technology demonstrate wide variance in cell
type proportions.

Sample BC.18.3 exhibits distinct and contrasting regions of infiltrative ductal
carcinoma (Figure 3.19a) accompanied by peri-tumoural lymphocytic infiltrate

with dense fibroblastic formation (Figure 3.19c).

Lymphocyte

-
iy B

(b)
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(©

Figure 3.19: Desirable Histological Features.. Sample BC.18.3 exhibits well-defined
regions of carcinoma (a), peri-tumoural lymphocytes (b) and desmoplastic stroma (c).

There are limitations with sample BC.23.4: the total tissue area is small, the
tumour proportion is small (Figure 3.20a) and tissue artefacts (Figure 3.20b) were

present.
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Figure 3.20: Less Desirable Histological Features.. H& E images of sample BC.23.4.
Clinical biopsies may contain limited amount of tumour (a) and demonstrate freezing
artefacts (b).

Biopsies BC.20.2 and BC.20.4 as shown in Figures 3.18c and 3.18e respectively
were serial biopsies collected from the same patient. Sample BC.20.2 consists
predominantly of a large region of infiltrative tumour demonstrating large nuclei
and eosinophilic cytoplasm with some preservation of gross ductal architecture.
Sample BC.20.4 contains a marked region of tumour infiltrate with a surrounding
desmoplastic reaction and a paucity of resident lymphocytes. Biopsies BC.20.2
and BC.20.4 therefore exhibit representative spatial heterogeneity which can

be present across the tumour of a single patient.

3.2.5 Slide-seq: Results

Four biopsies were selected because the Macosko lab donated four pucks as
part of the agreed pilot study. Detailed information on the pucks, including the
spatial map for each puck, is internal to the Macosko lab.

The modified Slide-seq protocol was successfully applied to four breast
cancer biopsies. The spatial map of UMI counts on the pucks are shown in Figure

3.21.
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Figure 3.21: UMI Spatial Map of Breast Cancer in Slide-seq Spatial maps were suc-
cessfully generated for breast cancer samples BC.18.3 (a) , BC.20.2 (b), BC.20.4 (c) and
BC.23.4 (d). Figures provided courtesy of Dr. Evan Murray, Broad Institute, USA.
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The spatial UMI maps represent the UMI count per location, with yellow
representing regions of a low UMI count and blue representing regions of a high
UMI count. White regions do not contain tissue.

On inspection of the maps, variable regions of the pucks do not contain
tissue. It is most evident for sample BC.20.2 (b). In contrast sample BC.20.4,
a biopsy from the same patient but from a different spatial region, shows a
more homogenous tissue map. These results suggest the presence of spatial
heterogeneity in gene expression which can be detected at an intra-patient
level. However, it is not possible to exclude additional technical biases from the
presented results. The majority of spatial regions have a low UMI count which
suggests additional computational challenges may arise due to a low signal-
noise ratio. It is possible the low UMI regions have arisen due to a predominance
of desmoplasia within the collected samples.

To further explore the question of tissue heterogeneity, I compared the spa-
tial maps generated from my cohort of TNBC biopsies to a pre-print recently
submitted by Hirz et al [54] in which samples from 19 patients with treatment
naive prostate cancer together with paired normal tissue were analysed on the
Slide-seq platform. Figure 3.22 shows four spatial maps generated from healthy
prostate tissue, adjacent normal tissue in a patient with low-grade prostate
cancer, low-grade prostate cancer and high-grade prostate cancer. The spatial

maps were generated using the same Slide-seq protocol as used in my study.
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Figure 3.22: Cell type spatial map of normal and malignant prostate tissue. Spatial
maps were generated on the Slide-seq platform. Figure reproduced from [54].
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Comparison of the UMI spatial maps between TNBC and prostate cancer
suggests differences in the spatial organisation of tumours arising from different
anatomical regions. If the low UMI regions in the TNBC samples correspond
to regions of desmoplasia, it suggests that desmoplasia is a more predominant
feature of TNBC compared to prostate cancer. The spatial organisation of TNBC

may be more akin to the organisation observed in normal prostate tissue.

3.2.6 CARTANA: Commercial Pipeline

The factors determining the optimal pairing of spatial transcriptomic tech-
nologies with tissue type are yet to be fully elucidated. Slide-seq offers an ex
situ sequencing approach. In contrast, the CARTANA platform offers in situ
sequencing, a conceptually different technique. One aim of the DPhil was to
compare different spatial sequencing technologies to elucidate how best to
apply different platforms in different research settings.

Eleven FFPE TNBC samples were selected from the Oxford Radcliffe Biobank
(ORB) in close collaboration with Dr. Stephanie Jones. CARTANA spatial tran-
scriptomic technology is suitable for FFPE or fresh frozen tissue. FFPE samples
were selected for the CARTANA pilot study for three reasons:

i. Snap freezing offers an uncomplicated, time-efficient method for tissue
preservation which does not alter the native structure of RNA and protein. How-
ever, it is not ideal for the preservation of tissue morphology, a key property
under investigation as part of spatial transcriptomic studies [55].

The storage requirements for fresh frozen tissue is resource intensive. In con-
trast, FFPE preservation is preferable for maintaining spatial architecture with
easier tissue storage requirements. This factor contributes to the widespread
adoption of FFPE preservation in routine clinical diagnostic settings [55].

ii. Most clinical tumour collections house FFPE samples. Fresh frozen clinical
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tumour collections are less common. A spatial transcriptomic platform which
offers acceptable spatial transcriptomic assessment for clinical FFPE tumour
samples would be invaluable to advancing our understanding of tumour spatial
gene expression programs. The range of available tissue samples is much greater
in the FFPE setting.

iii. The CARTANA technology was accessible via the CARTANA technical team
situated between the USA and Sweden. FFPE tissue offers practical benefits
when transporting clinical samples between countries.

All samples were collected from the ORB collection and together with Dr.
Stephanie Jones, the ORB collection was screened by hormone receptor and
HER2 status to identify TNBC samples in reverse chronological order. Recent
samples were selected for investigation in preference to older samples. All
samples were assessed by H&E, CA9 and GLUT1 IHC. CA9 and GLUT1 were
selected because they are well-established markers of hypoxia [56] [57] [58].

Samples BBP-1467 and BBP-1557 were selected for spatial transcriptomic
assessment on the CARTANA platform. IHC of samples BBP-1467 and BBP-

1557 are shown in Figure 3.23.

(a) (b) (0

(d) (e) ()

Figure 3.23: Histological Assessment of ORB Samples H&E (a), CA9 (b) and GLUT1 (c)
of sample BBP-1467. H&E (d), CA9 (e) and GLUT]1 (f) of sample BBP-1557.

These samples were selected because they exhibit well-circumscribed regions

of hypoxia, as defined by CA9 positivity, with good tumour content and an
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evident lymphocytic infiltrate. Furthermore, sample BBP-1557 demonstrates
histological features suggestive of aggressive behaviour with nuclear atypia, ex-
tensive regions of necrosis and marked lymphocytic exclusion from the tumour
compartment. A histological review of the samples was conducted together with

Dr. Alistair Easton, a consultant pathologist, prior to sample selection.

3.2.7 CARTANA: Bespoke Spatial Hypoxia Panel

CARTANA generously created a hypoxia-specific panel tailored for the pilot study.
The bespoke panel was optimised by the CARTANA in-house technical team and
provided free-of-charge after negotiation. The panel is detailed in Appendix A.

An evidence based approach was adopted for target selection in the hypoxia
specific panel using a combination of in-house unpublished and published [59]
breast cancer single cell sequencing data. Genes which exhibited the following
features in their expression distributions were included in the hypoxia panel:

i. Targets exhibiting a predominantly non-zero distribution pattern. A ma-
jor challenge in single cell datasets is the commonly observed zero-inflated
expression distribution.

ii. Targets exhibiting a non-uniform distribution profile to allow for the
investigation of spatial heterogeneity.

All selected targets are associated with the transcriptional response to hy-
poxia [60]. Figure 3.24 demonstrates examples of the expression profiles of
selected and deselected targets. PGKI (phosphoglycerate kinase 1) was se-
lected and PFKFB4 (6-Phosphofructo-2-Kinase/Fructose-2,6-Biphosphatase

4) was deselected.
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Figure 3.24
Single Cell Expression of Hypoxia-Associated Genes. Expression of PGKI in (a)
BRECO sample BC.15 and (b) the single cell dataset published by Chung et al.
Expression of PFKFB4 in (c) BRECO sample BC.15 and (d) the single cell dataset
published by Chunget al .

3.2.8 CARTANA: Results

CARTANA in situ sequencing was applied successfully to two archival FFPE breast
cancer samples, ORB samples BBP-1467 and BBP-1556. Figure 3.25 demon-
strates representative images of the transcriptomic expression of hypoxia targets
in ORB sample BBP-1556.

From inspection, it is evident that hypoxia-related genes NDRG1, HK2 and
BNIP3 (Figure 3.25(a) - (c)) demonstrate uniform and strong spatial expres-
sion across the sample, with the exception of the central region of the sample.
It suggests that the tissue region analysed may represent an area of hypoxia.
However, two additional markers of hypoxia, CA9 and PCAM1, show weaker
spatial expression (Figure 3.25(d)). Different markers of hypoxia may undergo
different mechanisms of spatial regulation. Alternatively, different levels of
hypoxia (anoxia vs moderate hypoxia) may result in different spatial transcrip-

tional responses.
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The paucity of transcript expression in the centre may be due to technical
factors related to sample sectioning and warrants future evaluation. No spatial

clustering of hypoxia markers is evident by visual inspection of sample BBP-1556.
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Figure 3.25: CARTANA Spatial Expression Profile of Hypoxia Markers. Spatial transcrip-
tomic expression of (a) BNIP3, (b) HK2, (c) NDRG1 and (d) CA9 with PCAM1 evaluated
by CARTANA in situ sequencing in one FFPE breast cancer sample.

The data output from the CARTANA in situ sequencing pilot study consists
of two components:

i. ADAPI image outlining the position of each cell nucleus. By convention,
the uppermost left-hand position is designated as position (0,0).

ii. The (x,y) coordinate position of each transcript.

The coordinate position of the nucleus is linked with transcript position
to then proceed with downstream analysis. The first step in the analysis of a

CARTANA spatial transcriptomic dataset is image segmentation of the DAPI
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image to identify the coordinate position for each nuclear centroid. Correct
algorithmic selection is critical for successful cell segmentation.
Threshold based image detection did not offer successful segmentation. A

representative image of segmentation using thresholding is shown in Figure 3.26.

Figure 3.26: Cell Segmentation using the Watershed Transform Algorithm. Cell
segmentation completed on ORB breast cancer sample BBP-1557 using Image]J version
1.53i. The watershed transform algorithm binarises the pixel values of the image to
identify regions of true foreground and background and then iteratively transforms
the pixel values in regions of uncertainty in order to identify the boundaries between
objects.



3. Application of Spatial-omics Technologies in Breast Cancer 81

In contrast, image segmentation using deep learning approaches enabled

successful image segmentation.

Original Deep-learning segmentation

Figure 3.27: Deep-Learning Cell Segmentation. Application of deep-learning ap-
proaches for successful cell segmentation on ORB sample BBP-1557. Image provided
courtesy of Professor Viktor Kolzer, University of Zurich.
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The spatial transcriptomic map generated on the CARTANA platform differs
to the spatial map generated by Slide-seq. It is likely some of the difference has
arisen due to different tissue samples taken from different patients; different
tissue processing techniques (fresh frozen tissue vs FFPE tissue); and due to
differences in sequencing sensitivity. The greater sensitivity of CARTANA may be
of value if the gene of interest, e.g. CA9, is known a priori to be lowly expressed. It
is possible a gene such as CA9 may remain at undetectable levels by assessment
on Slide-seq. The results signify the value of identifying the optimal spatial

transcriptomic platform for the specific hypothesis under investigation.

3.3 Challenges and Limitations

The application of spatial transcriptomics to a diverse range of tissues and
disease states represents an exciting frontier between discovery biology and
technology development. It is a rapidly evolving field which has the potential
to develop into a mainstream technique in the forthcoming years.
Important unaddressed challenges remain. These challenges include:
i. Experimental and computational QC of existing and emerging technolo-
gies.

ii. The need for new computational tools.

3.3.1 Quality Control

The two key quality control (QC) metrics for any technology platform is sensitiv-
ity and specificity. Optimisation of quality metrics for existing and emerging spa-
tial transcriptomic technologies requires due consideration of two components:

i. The experimental workflow which can be further subdivided into the

selection of the tissue and technology platform.
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ii. Data management, pre- and post-processing analysis.

3.3.1.1 QC of the Experimental Workflow

The field of spatial transcriptomics is at an early stage in development. It is
therefore extremely important early formative experiments are carefully de-
signed which validate technological claims and allow for comparison across
different technologies.

One step towards this aim would be the construction of standardised quality-
controlled experiments. Such experiments would provide accepted benchmarks
for validating the sensitivity and specificity of technologies. 1 propose two
complementary approaches:

i. Mixed species experiments.

ii. Tumour-centric reference tissue sets.

3.3.1.1.1 Mixed Species Experiments Mixed species experiments are widely
accepted QC experiments which have been previously successfully applied for
dissociated single cell sequencing experiments [61]. The same principles could
be applied for ST.

In a manner analogous to a fresh frozen tissue microarray, punch biopsies
from human and murine could be co-located within adjacent units of an ar-
ray mould. The mixed species tissue can then be sectioned onto the spatially

barcoded glass slide.

3.3.1.1.2 Tumour-centric reference tissue sets The identification and gen-
eration of ST reference tissue sets could be conducted as part of a larger multi-
institutional initiative. The reference tissue set would have generic and biology-

specific requirements.
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Generically, reference tissues should be easy to access, available at high vol-
ume from commercial vendors and easy to section for the non-expert histologist.

Tumour-specific requirements for a ST reference set have not been fully
elucidated and require careful consideration. The key feature of a reference tissue
is that it has a well-defined architecture preserved across difference samples
which are visible to the non-expert ST user.

To date, most ST work has focused in the domain of neuroscience. Brain
tissue has well-preserved anatomical structures whose architecture is closely
linked with function. In this setting, ocular tissue has been proposed as an
ideal reference tissue [42].

Tumour tissue presents unique challenges. Loss of normal tissue architecture
is a property intrinsic to tumours and common to all tumour types in varying
degrees. Tumour samples will not have a structure analogous to the eye. There
are two avenues by which this challenges can be addressed:

i. Modification in the design of spatial slides.

ii. Generation of a ST normal tissue reference set.

The design of spatially profiled slides can be modified to incorporate inbuilt
positive and negative experimental controls. An area of the slide, for example the
top left hand corner, could be re-engineered to include standardised positive and
negative controls. A positive control could be synthetic RNA arranged in a linear
fashion. A negative control would consist of a blank square on the spatial slide.

The area of the spatial slide designated as the control region would be pro-
tected by a removable film. The tissue under investigation would first be sec-
tioned onto the glass slide after which the protective film is removed. This
approach would help facilitate ease in tissue placement onto the slide whilst
safeguarding against contamination of the control region.

The addition of the control region may decrease the total area available on

the slide for the experiment. However, the benefit of improved QC justifies
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such a modification. This approach would be suitable for sequencing based
ST platforms, such as Slide-seq.

A foundational experiment for tumour-specific ST may first consist of ST in-
vestigation of normal tissue. Normal tissue counterparts of the most common tu-
mour types, eg colon and lung cancer, would be investigated. It would be a large-
scale initiative. Access to such a valuable collection of tissue would be restricted
to certain settings, such as the GTEX initiative or within the HCA consortium.

The scientific benefit of starting first with normal tissue is that it would enable
systematic quantification of ST performance across different tissue types of
varying composition across different technologies. Furthermore, normal tissue
preserves spatial architecture more consistently across samples, unlike tumour
tissue. It would be one pivotal step towards elucidating the optimal pairing
between tissue type and technologies. ST experiments are expensive which will
remain for the foreseeable future, compounded by macroeconomic inflationary
pressures. Therefore, optimal tissue-technology mapping will help maximise
the translational relevance and output of ST experiments and galvinize the field.

The insight gained through normal tissue ST will inform the design of tumour
ST which may then shape how the field develops. Tumour samples collected
prospectively for ST can be collected together with adjacent normal tissue from
the same patient. The normal tissue ST results can be benchmarked relative to
the reference normal tissue ST collection as a measure of experimental quality.
If the sample is deemed acceptable, the normal tissue sample may then also
form a patient-specific baseline from which tumour spatial heterogeneity can
be formally quantified.

The collection of clinical tissue in a hospital setting is fraught with additional
challenges and unexpected difficult-to-control delays. Such challenges can
impact on the quality of collected tissue with downstream impacts on ST data

quality. Therefore, a standardised QC metric applicable across hospital sites
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over time is of benefit.
The limitation remains that normal tissue collected adjacent to a tumour site
may not fully recapitulate the biology of normal tissue present in a non-cancer

patient. However, the above suggested approach is intended to be pragmatic.

3.3.1.2 QC of Data Processing

A common bottleneck seen across many scientific disciplines are challenges in
large scale data management and access to high performance compute. ST is
a new field. The number of available data sets is small and the number of data
processing tools relatively small. However, it is expanding rapidly. This offers
an unique opportunity to standardise and automate these practically critical
components whilst it is still possible to do so with comparative ease.

I propose to focus on three elements:

i. Base programming langugage for software development.

ii. Data formats.

iii. Image-processing pipelines.

Given the wealth of machine learning resources available for the Python
language, I advocate the universal adoption of Python 3.8 or above for all ST-
related data processing tools.

Some progress has been made towards standardising ST data formats. As one
example, the Starfish initiative enables spatial data to be stored as a single object
containing a tensor of pixel level data together with a standardised json file of
key metadata and per file information in a technology agnostic manner [62].

At present, there is no single optimal solution. Starfish may offer a good
starting point which can be further developed and modified as part of a wider
discussion within the ST community. Alongside harmonisation of data formats,

standardised primary ST datasets can be identified analogous to the 3K PBMC
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dataset for single cell sequencing.

The need for standardised data formats accompanies the need for stan-
dardised image processing pipelines. At present, the processing pipelines are
boutique, limited to research settings with established ST expertise and difficult
to access for the ST beginner.

A major stride forward would the development of a central software reposi-
tory accessible within an open access conda environment on AWS. Core process-
ing tools recognised as critical for ST analysis by the wider community would be
accessible free of charge for analysis of small datasets. Larger scale datasets or
use of tailored compute intense tools would be chargeable as per the standard
AWS pricing schedule. Such an approach would bring ST analysis aligned within

the wider move into collaborative cloud-based computation.

3.3.2 New Computational Tools

ST enables investigation into the spatial dependency of gene expression. New
computational tools are required to account for the complex underlying correla-
tion structures inherent in such datasets to identify statistically and functionally
relevant spatial domains. A plethera of new techniques are emerging. One
promising technique is Tangram. A schematic of the Tangram algorithm is
shown in Figure 3.28.

The Tangram algorithm learns a probabilistic map between dissociated single
cell sequencing and ST data to construct a pan-genome single cell map of spatial
gene expression. The dissociated single cell and ST data arise from the same
tissue type and must share a common feature subspace. They are not required
to originate from the same patient sample.

Gene expression from dissociated single cells are first randomly allocated

onto the physical spatial locations represented by ST. The algorithm then opti-
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Figure 3.28: Overview of the Tangram Algorithm Reproduced from [63].

mises a non-convex objective to maximise the spatial correlation of genes.
The optimisation objective is shown in Figure 3.29. It aims to maximise
the spatial correlation between genes. During model training, the objective is

minimised using non-convex gradient-based optimisation.
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Figure 3.29: Optimisation Objective of the Tangram Algorithm.

where M is the trained mapping matrix, KL is KL divergence, cosgin, is the
cosine distance, k is the index for genes, j is the index for voxels, MTS is the
spatial gene expression matrix predicted by M and G is the observed spatial
gene expression matrix.

The objective consists of three terms which respectfully represent (a) Cell
density (b) Gene expression over voxels (c) Gene expression per voxel. Voxel
refers to the smallest resolution forming unit. As an example, a voxel in Slide-seq
refers to the the 10 um beads present on the puck.

For each of the above three terms, the predicted expression is trained to

enforce similarity to the observed expression. Distance functions vary between
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the terms. For cell density, 'distance’ is measured using the KL divergence. In
contrast, gene expression over voxels and per voxel uses cosine distance. In
practice the second term, gene expression over voxels, is prioritised during
model training.

Tangram is a useful tool. It may be constructive to benchmark future pro-

cessing tools against Tangram.

3.3.3 Limitations

There are limitations with the presented body of work. The small sample size and
sub-optimal histological quality of available samples limits the generalisability
of deductions. Close and active collaborations with the primary technology
developers, the Macosko lab and CARTANA, are required to interrogate and
harness the full analytical potential of the generated datasets. Key metadata is
available solely through collaborative engagement.

Slide-seq and CARTANA in-situ sequencing are not mainstream scientific
techniques. They would be best explored in settings with established expertise
in spatial sequencing technologies.

In summary, some progress has been made in establishing spatial sequencing
pipelines for application in breast cancer. It has been demonstrated that Slide-
seq and CARTANA in-situ sequencing can be applied to heterogenous breast
cancer tissue. The work completed so far demonstrates that spatial sequencing
approaches have the potential to offer deeper biological and translational insight

of the tumour ecosystem.
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4.1 Introduction

The breast cancer ecosystem is characterised by homotypic and heterotypic
interactions between cell types [64]. The emergence of single cell sequencing
technologies is uniquely placed to both deconvolve the diverse interactions
within the dynamic tumour system and offer the resolution required to develop
and reshape the functional link between the molecular and clinical profiling
of breast cancer [64].

The intention during the DPhil was to explore the TNBC ecosystem using
droplet-based scRNA-seq technologies to provide a comprehensive single cell
atlas of TNBC. It entailed the collection of clinical breast samples within a REC-
compliant framework, the establishment of a new experimental pipeline for
the processing of clinical breast cancer samples with scRNA-seq technologies
and integration of the generated datasets with a newly established single cell
sequencing bioinformatics pipeline.

It was anticipated that with such an approach, new features of the TNBC
ecosystem could be identified in previously under-reported cell types. It would
then be possible to link these features with clinically-relevant outcome parame-

ters.

4.2 Experimental and Bioinformatics Pipelines

4.2.1 Sample Collection

Between January 2020 to March 2020, three patient samples at the Churchill
hospital, Oxford were collected as part of the BRECO study.
BRECO is a single centre prospective study investigating the relationship

between breast cancer and the surrounding tissues. Human tissue, blood sam-
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ples and clinical data were collected from patients undergoing primary breast
surgery. Exclusion criteria included previous chemotherapy or radiotherapy.
Tissue was collected within a HTA-compliant framework. The BRECO REC
reference is 19/SC/0025.

The clinical and histological characteristics of the recruited patients are

detailed in Table 4.1.

Study ID | TNM Stage Hormone Receptor Status

BC18 pT3 (50mm) pNla (1/2) MO ER 2/8 PR 0/8 HER2 negative
BC20 pT4 (110mm) pN3a (33/33) M1 | ER 0/8 PR 0/8 HER2 negative
BC23 pT3 (55mm) pNla (3/18) MO ER 3/8 PR 0/8 HER2 negative

Table 4.1: Post-Surgical Pathological Characteristics of Breast Cancer Samples

Patients were recruited on the basis of ER, PR and HER2 immunohistochem-
istry from the diagnostic breast biopsy. All recruited patients were ER 0/8 PR
0/8 HER2 negative on the initial diagnostic biopsy. Receptor status can however
vary when repeated on the definitive final surgical specimen. Table 4.1 details

hormone receptor status from the final surgical specimen.

The sample and data processing pipelines are detailed in Sections 2.4.0.4

and 2.4.0.5. These pipelines were set-up as part of the DPhil.

4.3 Results

The skills for analysing single cell data were self-taught during the DPhil. [ will
present a summary of the generated results, a critical appraisal of the theoretical
and practical framework underpinning the analytical approaches and potential

avenues for future exploration.
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4.3.1 Patient Specific Cell and Gene QC Thresholds

Analysis of scRNA-seq data involves multiple QC steps linked to gene and cell

based parameters.

4.3.1.1 Gene QC

Genes expressed in minimum of 3 cells, a filtering threshold which is commonly

adopted by the single cell community, were selected.

4.3.1.2 Cell QC

Cell QC is based on assessing number of counts per cell, number of features
per cell and the percentage of counts originating from mitochondrial genes per
cell [65]. During data preprocessing, the distribution of these three covariates
were manually inspected. Thresholds for cell selection were identified in a
sample-specific manner.

Thresholds were selected to achieve the following objectives:

i. Outlier cells with low counts or low feature levels were deselected. This
step aims to exclude cells for which membrane damage has resulted in leakage
of cytoplasmic mRNA [65].

ii. Outlier cells with high mitochondrial counts were excluded. Cytoplas-
mic mRNA leakage leaves mtRNA within the cell, resulting in high mitochon-
drial counts [65].

iii. Outlier cells with high counts or high feature levels were deselected to
remove potential cell doublets [65].

The application of the above thresholds results in the construction of an
unimodal covariate distribution. The threshold settings applied to each sample

are detailed in Tables 4.2 to 4.4.
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Study ID | Median Count | Lower Threshold | Upper Threshold | Median Absolute Deviation
BC18 3504 415 29609 2.5
BC20 3243 384 27365 1.9
BC23 1965 154 25068 2.95
Table 4.2: Thresholds for Total Counts
Study ID | Median Features | Lower Threshold | Upper Threshold | Median Absolute Deviation
BC18 1209 246 5934 2.2
BC20 1310 236 7262 2.25
BC23 830 166 4158 2.8
Table 4.3: Thresholds for Total Features
Study ID | Median Mitochondrial Content | Lower Threshold (%) | Upper Threshold (%)
BC18 7.19 0 20
BC20 5.02 0 20
BC23 4.77 0 20

Table 4.4: Thresholds for Mitochondrial Counts

In the forthcoming sections, QC results for sample BC18 are presented. The

presented results are representative of the QC results observed for samples

BC20 and BC23.

The covariate distributions evaluated for cell QC are shown in Figure 4.1.

Positively selected cells are highlighted by the coloured histogram bins.
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Distribution of Total Counts in Sample BRECO.BC18
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Figure 4.1: Sample BC18 Filtering Thresholds. Threshold-based preprocessing of
(a) total counts, (b) total features and (c) mitochondrial percentage for sample BC18.
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The final set of viable cells is shown in Figure 4.2. The selected viable cells

form the data set used for all downstream analysis.
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Figure 4.2: Viable Single Cell Selection. QC metrics for viable cells selected from BC18.

4.3.2 Critical Analysis of the Machine Learning Tools used in

Single Cell Biology

Following completion of sample pre-processing, the scRNA-seq analysis pipeline
consists of:

i. Linear dimensionality reduction

ii. Graph-based clustering

iii. Low-dimensional manifold visualisation

4.3.2.1 Linear Dimensionality Reduction

Arange of dimensionality reduction methods are used in the scRNA-seq pipeline

to introduce computational efficiency. A commonly used technique is Principal
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Component Analysis (PCA) [66].

PCA has its theoretical origins in Linear Algebra in which the gene expression
per cell is compressed into a linear combination of the original feature space
[67]. The original feature space is projected onto a lower dimensional space by
using the eigenvectors of the covariance matrix of the original dataset [67]. The
transformed variables, also known as principal components, are orthogonal
transformations. Therefore, each principal component is uncorrelated in the
new reduced feature space [67].

Key limitations of PCA include difficulty with interpretability. It can be chal-
lenging to ascribe practical significance to each principal component [68] [67].
PCA assumes a linear relationship between the features in the original domain
space. The assumption of linearity may not always hold in biological systems [67].
Therefore, alternative approaches such as autoencoder architectures can be ex-
plored to enable non-linear transformations to a lower dimensional latent space.

scRNA-seq analysis involves identifying the total number of principal com-
ponents required to capture biologically relevant variance in the dataset [65].
Therefore, the selected number of principal components is a hyperparameter.

The scree plot is a commonly used graphical tool for principal component
selection [68]. It demonstrates the magnitude of variance contributed by each
principal component. Principal component selection is guided by the elbow

of the scree plot (Figure 4.3).
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Figure 4.3: Scree Plot. The number of principal components selected for downstream
analysis is determined by the location of the elbow.
The number of principal components required to capture biologically rele-
vant information independently for each sample was manually identified. The

scree plot and principal components selected for BC18 is shown in Figure 4.4.
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Figure 4.4: Principal Component Selection. Ten principal components were selected
for sample BC18.
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4.3.2.2 Graph-Based Clustering

The next step in scRNA-seq analysis involves graph-based clustering [69]. Graph
based analysis is used across a broad range of disciplines [69]. They can expres-

sively capture complex relationships across individual cells [69].

The cells are embedded into a K-nearest neighbour (KNN) graph, a com-
monly used directed graph structure. In a KNN graph, each cell is represented
as a node. Cells with similar expression patterns are linked by an edge [70]
[71]. A range of metrics exist to determine the distance between the expression

patterns of cells [72].

In the analysis of this dataset, euclidean distance was used to calculate
distance between gene expression in the PCA space. Euclidean distance is the

most commonly used metric in the majority of scientific disciplines [72].

The Euclidean distance is defined as [73]:

d(x,y) =1 3 (xi = x))?
i=1

Exploration of metrics and the geometric implications on the KNN graph

lies outside the scope of the thesis discussion.

Cells are then subsequently clustered using modularity optimisation meth-
ods [74]. Modularity measures the structure of networks. A high modularity score
reflects a highly connected network [74]. In contrast, a low modularity score
reflects a sparsely connected network [74]. The Louvain hierarchial clustering
algorithm was used to perform unsupervised clustering on each sample by

iteratively grouping cells to optimise the modularity of the network [75].
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4.3.2.3 Low-Dimensional Manifold Visualisation

In scRNA-seq analysis, graph based clustering is followed by visualisation and

interpretation of the data in a low-dimensional manifold.

Uniform Manifold Approximation and Projection (UMAP) is a commonly
used technique in single cell analysis [76]. It is a relatively new algorithm, first
published by McInnes et al in 2018 [77]. [ will proceed with a critical appraisal
of the UMAP algorithm. The proposed justification for its application in the

analysis of scRNA-seq data will also be explored.

The UMAP algorithm has its roots in manifold learning and topological data
analysis. It aims to capture the true topological structure of the data and learn the
optimal low-dimensional topological representation [77]. A rigorous theoretical
perspective on the algorithm requires due consideration of:

i. Simplicial complexes and their application to a finite set of data points.
ii. Manifold learning and the required assumptions when applied to real-world
data.

iii. Learning the optimal low-dimensional representation.

4.3.2.3.1 Simplicial Complexes Continuous topological spaces are complex
[78]. Therefore to facilitate their tractable exploration, topological spaces can be
decomposed to their basic building block, simplices [78]. A simplex is a high-
dimensional generalisation of a triangle. They play a critical role in algebraic
topology and provide a geometric way to build a k-dimensional object [78].

A k-dimensional simplex is built by taking the convex hull of k+1 indepen-
dent points [78], eg 0-simplex is a point and 1-simplex is a line. In this way, a
topological space can be defined.

In order to apply the tools in topology to a set of finite data points (eg gene

expression from a set of single cells), the open cover of a topological space must
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be defined in order to construct the simplicial complex.

An open cover is a family of sets whose union is the whole space [79]. The
simplicial complex is generated by the intersection of non-empty sets [78]. The
Nerve theorem provides the theoretical guarantees that the intersection of the
sets represents the underlying topological space in a meaningful way [80]. A
detailed exploration of the Nerve theorem lies outside the scope of the thesis.

By assuming that the data points lie on a metric space (ie we can measure
distances between points), an open cover of the data points can be generated
by creating balls of fixed radius about each data point which can then learn the
topology of the space [78]. The true underlying topological space cannot be
directly accessed. Therefore, one can only expect to learn a reasonably good
approximation of the true space [78].

In practice, the space is represented primarily by 0-simplices (points) and
1-simplices (lines). It constructs a representation of the space in the form of a

graph which can be accessed in a computationally tractable manner.

4.3.2.3.2 Manifolds of Real-World Data The application of the above theo-
retical principles can be challenging with real-world data. The key challenge
relates to the distribution of data on the manifold [77].

Real-world data is rarely uniformly distributed on its manifold [77]. The
topological space is warped across the manifold according to the density of the
data distribution. Therefore, identifying the radius of the ball around each data
point is challenging [77]. Identification of the ball radius around each data point
is required to construct the open cover [77].

By applying some standard Riemannian geometry, a locally varying metric
which is equivalent to a ball of unit radius can be generated around each data
point, thereby in effect estimating the Riemannian metric of the manifold [77].

A detailed discussion on the Riemannian geometry of manifolds lies outside
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the scope of the thesis.

There are additional challenges when applying manifold learning to real-
world data which can impact on the tractability of learning. These challenges
include, but are not limited to, maintaining the property of local connectivity

and addressing incompatible local metrics [77].

4.3.2.3.3 Learning the Low-Dimensional Representation By this stage, a
topological representation of the data has been constructed. The next step
involves identifying a low-dimensional representation which has two properties:

i. It preserves similar topological structure to the high-dimensional represen-
tation.

ii. Itis a good representation.

Low and high dimensional data will lie on different manifolds. By explicitly
defining distance in both manifolds to be Euclidean distance, preservation of
structure between different manifolds can be partially achieved [77].

The question of identifying a good low-dimensional representation in essence
involves identifying the closest match to the original high-dimensional manifold
[77]. This therefore becomes a standard optimisation problem.

Each data point in the manifold is represented as a vector of probabilities
for a range of k-dimensional simplices. Since a simplex can either exist or
not, these are Bernoulli random variables. Therefore, cross-entropy loss is the
ideal optimisation objective. The optimal low-dimensional representation is
learnt by minimising the cross-entropy loss (Figure 4.5) using gradient descent
optimisation methods [77].

UMAP thereby provides one potential mathematical framework for iden-
tifying the optimal low-dimensional embedding of scRNA-seq data. The low-

dimensional embedding enables the efficient, scalable and interpretable anal-
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Figure 4.5: Cross Entropy Loss Function

ysis of the data [77] [76].

The generated UMAP plots for the three breast cancer samples collected
as part of the BRECO study are shown in Figure 4.6. The UMAP plots exhibit
intra- and inter-patient heterogeneity at single cell resolution for the breast
cancer samples.

Each point on the plot represents an individual single cell. Each cluster
represents a different cell type. The attribution of cell type identity to each
cluster is described in detail in Section 4.3.3.

Figure 4.6 shows that the samples exhibit intra-patient heterogeneity with a
distinct number of cell types per patient. Inter-patient heterogeneity is demon-
strated by the varying number of clusters between patient samples and a differing
number of cells per cluster between patients.

In summary, UMAP plots of single cell gene expression in breast cancer
samples may allow identification of features of heterogeneity which have been
previously described to correlate with treatment response and overall survival

outcomes in patients [81] [82] [83].

4.3.3 Canonical Lineage Markers for Cell Type Assignment

The next step in scRNA-seq analysis involves assignment of cell type identity
to the generated clusters using unsupervised learning approaches [65]. Cell
identity can be performed using two broad techniques:

i. Manual use of canonical lineage-specific marker sets [84].

ii. Automatic cell type identification using single cell references [84].
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Figure 4.6: Single Cell 2D UMAP Projections. UMAP plots for sample (a) BC18 and (b)
BC23. The legend details the cluster ID assigned by the KNN clustering algorithm to
each cell. It is an unsupervised clustering algorithm. The total number of clusters is a
predefined hyperparameter.

Manual annotation requires the use of gold standard markers associated with
cell type, eg CD3 is an universally accepted marker of T cells [65] [84]. Marker sets
were adopted that are associated with the major cell types previously identified
and published in breast cancer [64] [9] [85].

The markers associated with each cell type are detailed in Tables 4.5, 4.6 and

4.7. The marker sets were kindly shared by Dr. Thomas Carroll. The same markers
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have been successfully adopted in the single cell investigation of patient-derived

oesophageal tumour samples.
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Epithelium | Endocrine | Endothelium | Fibroblast
EPCAM ERBB2 VWF PDGFRA
MUC1 AR CD34 ACTA2
KRT5 ESR1 PECAM1 COL1A1
KRT6 ESR2 ADGRL4 COL4A1
KRT14
KRT17

Table 4.5: Canonical Markers for Non-Immune Cell Type Assignment

Cytotoxic T cells | Helper T cells | Plasma Cells | non-Plasma B cells

CD2 CD2 JCHAIN CD19
CD3D CD3D IGHA1
CD25

Table 4.6: Canonical Markers for Adaptive Immune Cell Type Assignment

pDC NKcells | Mast Cells | Myeloid Cells
IL3RA | NCAM1 KIT ITGAM
CLEC4C | FCGR3A | TPSABI1 ITGAX
NRP1 TPSD1 CD14
CD68
FCGR3A

Table 4.7: Canonical Markers for Innate Immune Cell Type Assignment
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Cell type annotation using canonical marker expression for sample BC18

is shown in Figure 4.7.
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Figure 4.7: Manual Single Cell Annotation. Cell types are assigned to each cluster by
expression of canonical markers. The canonical marker adopted for each cell type is
displayed in the plot title. The legend details the expression level of the marker.

(a) Epithelial cells, (b) endothelial cells and (c) fibroblasts present in sample BC18.
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Figure 4.7: Manual Single Cell Annotation. (d) T cells, (e) plasma cells and (f) myeloid
cells present in sample BC18.
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4.3.3.1 Integration of Unimodal Single Cell Datasets

The next step involves integration of separate patient samples to construct a
single breast cancer atlas.

Harmony is a recently published algorithm enabling the integration of single
cell datasets across different experimental batches and technology modalities
[37]. The algorithm uses entropic-regularised soft clustering to maximise clus-
ter diversity [37]. Batch effect is removed by applying a correction factor to
each cluster under the assumption of linearity between the batch and response
variables [37].

Optimal cluster assignment is calculated by iteratively applying the Expectation-
Maximisation (EM) algorithm [86]. The EM algorithm is applied across many
areas of statistical genomics. Results of sample integration using the Harmony

algorithm are shown in Figure 4.8.
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Figure 4.8: Single Cell Data Integration with Harmony. Integration of single cell data
from three breast cancer samples. The axes denote the (x,y) coordinate position for each

cell within the UMAP latent embedding space. Cell type heterogeneity is present across
the three samples.
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Figure 4.8 demonstrates the cell type heterogeneity of clinical breast cancer
samples. The most dominant cell populations are T cells and fibroblasts. T cells
exhibit sub-clusters which correspond to CD8" and CD4* T cells. Investigation
of T cell heterogeneity may warrant future exploration.

Heterogeneity between the fibroblast clusters may also warrant follow-up
investigation. I observed changes in the surrounding breast tissue at the time
of surgical excision for the collected patient samples. There was a marked
desmoplastic response. Differential expression analysis between the fibroblast
clusters can be performed followed by pathway analysis of the differentially
expressed genes to identity potential functional consequences of the fibroblastic
heterogeneity.

The tumour epithelial component is less extensive than expected. The tissue
samples were collected intra-operatively directly from tumour tissue. Therefore,
the epithelial component was expected to be the dominant cell population.
It is possible the epithelial component was preferentially diminished due to
technical factors related to the dissociation or single cell encapsulation process.
Exploration of factors in the experimental protocol which may have resulted in
selective epithelial cell loss may warrant further investigation.

Given the low sample numbers, the generalisability of the results is diffi-
cult to fully ascertain. The results appear to be consistent with the published
literature [64].

The generated results were compared to scRNA-seq findings generated by
Bhat-Nakshatri et al from normal human mammary tissue obtained as part
of reduction mammoplasties. The UMAP embedding from normal mammary
tissue is shown in Figure 4.9.

Comparison of the malignant vs normal mammary UMAP embeddings re-
veals several interesting observations. TNBC tissue appears to have a reduced

epithelial and endothelial population alongside a marked expansion in the
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Figure 4.9: Comparison of the UMAP Embeddings of Normal and Malignant Mam-
mary Tissue. Embedding of (a) normal mammary tissue (reproduced from [87]) and (b)
TNBC tissue.

immune and fibroblast compartments compared to normal mammary tissue. In
particular, the adaptive immune response is expanded in the malignant setting
with heterogenous T and B cell subclusters. It suggests that the host immune
response is subverted in breast cancer. However based on the presented results,
itis unclear if it is a causative or reactive relationship. The temporal sequence
of factors governing compositional transition from the normal to malignant
state is an area of active investigation and leans towards a more multisystem

perspective of both localised and metastatic breast cancer.
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4.3.4 Future Considerations
4.3.4.1 Limitations of UMAP Plots

A key component in the interpretation of scRNA-seq data is the assumption
that the PCA pre-conditioned UMAP embeddings offer meaningful and faithful
latent representations of the data. There is emerging evidence that the theoretical
propositions discussed in Subsection 4.3.2.3 do not hold in the real-world setting.

It is an important consideration for the single cell community and mer-
its due discussion. I therefore present a critical appraisal of the pre-print by
Chari et al [88].

Two components will be explored:

i. Data distortions generated by current popular embedding methods.

ii. Alternative semi-supervised structure-preserving latent representations.

During the discussion, I will focus on UMAP embeddings. The same general

principles apply for t-SNE embeddings.

4.3.4.1.1 DataDistortions PCA-preconditioned UMAP embeddings form the
backbone of current sScRNA-seq analysis and interpretation [89]. Visualised close-
ness in the 2D embeddings is used to infer biological relationships and validate
suggested transcriptional similarity between adjacent clusters [90]. However,
these assumptions do not hold in practice. Furthermore, they ignore the effect
of PCA-coupling on the robustness of the embedded representation [91].

The most important theoretical guidance to consider in this context is the
Johnson-Lindenstrauss Lemma [92]. The Johnson-Lindenstrauss Lemma pro-
vides the sufficiency condition for low-distortion dimensionality reduction in
Euclidean space [92]. It states that:

"Pairwise distances of m points can be preserved within a factor (1 +¢) for

order loi# dimensions" [92].
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As an example, for a dataset containing 10,000 observations, distortion of
pairwise distances within 20% accuracy can be achieved for a minimum of 1842
dimensions [88]. 10,000 cells is a common sample size seen in a standard single
cell experiment. Therefore, the minimum number of dimensions required to
preserve pairwise distances as guided by the Johnson-Lindenstrauss Lemma
is much greater than the 2D UMAP embedding space.

Chiari et al proceed to quantify embedding induced distortions using real-
world scRNA-seq data. A Seurat-integrated ex- and in-utero mouse embryo
dataset was evaluated [93]. Pairwise distances between cells were calculated
and then divided into pairwise distances of:

i. Low absolute value ('near and equidistant’ set).

ii. High absolute value ('far and equidistant’ set).

The mouse embryo dataset was selected because the 2D embedding of the
ex-utero data was used to validate its representative capacity as a model for in-
utero embryogenesis [88]. The authors restrict investigation to the chondrocyte
and osteoblast cell populations [88].

Distortion of datapointsin the 'near and equidistant’ and 'far and equidistant’
groups is identified. Although the two sets of points exhibit distinct properties
in the original high-dimensional space, they appear similarly clustered in the

2D embedding as demonstrated in Figure 4.10.
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Figure 4.10: 2D UMAP Embeddings can introduce Data Distortions. Reproduced from
(88].

As a control experiment, the authors engineer an autoencoder framework
which preserves cell-to-cell distances from the original data space whilst fitting
cells to an arbitrary user-defined shape [88]. The method is named 'Picasso’ as
homage to Pablo Picasso’s skill in imitating artistic works [88].

The arbitrary shapes selected are:

i. Outline of the world map.

ii. The four-parameter von Neumann elephant.

The Picasso embeddings fitted to the ex-utero data are demonstrated in Fig-

ure 4.11.
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Figure 4.11: Picasso Embeddings of Ex Utero Mouse Embryo scRNA-seq Data. Em-
bedding fitted to the shape of (a) the world map and (b) the von Neumann elephant.
Reproduced from [88].

Correlation benchmarks for the Picasso embeddings are compared with

baseline 2D embeddings as shown in Figure 4.12.
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Figure 4.12: Correlation Benchmarks for Ex Utero Mouse Embyro scRNA-seq
Data. Correlation metrics comparing Picasso embedding with popular embedding
approaches. Reproduced from [88].

The correlation between inter-cluster points is comparable between the
Picasso and UMAP embeddings [88]. In contrast, the correlation for intra-cluster
points with Picasso outperformed the UMAP embedding [88]. Therefore, arbi-
trary user-defined shapes can represent inferred relationships with equal, or
in some cases better, performance compared to 2D UMAP embeddings [88]. It

suggests UMAP visualisations are not canonical. They should be interpreted
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with caution [88].

4.3.4.1.2 Semi-Supervised Latent Representations Current methods for
latent embedding are unsupervised. Based on the distortion findings discussed
above, Chari et al propose a new semi-supervised autoencoder architecture.

It enables ground-truth biological relationships to guide latent learning by
engineering multi-class multi-label data as input. Each cell can be assigned to
greater than 2 classes for a range of key experimental factors, such as cell type,
experimental condition, perturbation [88].

A two-layer autoencoder framework is adopted with a linear-decoder layer to
facilitate interpretability of the latent class assignment [88]. The model is trained
using the Adam optimisation algorithm on a combined reconstruction and label-
based cost [88]. Standard methods of batch normalisation, ReLU activation
and dropout regularisation are applied between the fully connected layers to

facilitate training. The model architecture, called MCML, is shown in Figure 4.13.

a X
9 Input Reconstruction

Hidden VA
cellsx genes | —=---- >

E]

N

Loss
L(X,Z,X)

\

1

1
v
Lp

Continuous Discrete econstruction® LLabelaware

Spatial Coordinates Cell Types

d
/ N -
° . . .
>

Figure 4.13: MCL Autoencoder Architecture. MCL consists of a two-layer autoencoder
architecture with a combined reconstruction and label-aware cost function. Reproduced
from [88].
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MCML aims to cluster cells within the latent embedding in a manner which
respects their biological origins, eg experimental condition, thereby improving
the interpretability of inferred biological relationships.

When applied to the ex and in-utero mouse dataset, the MCML algorithm
identified myocytes and hepatocytes as having the greatest distances between
the in-utero and ex-utero batches within the latent embedding. It suggests
ex-utero models of myocytes and hepatocytes are least representative of their
respective in-utero biology. The finding was further supported by discordance
in marker gene expression for these cell types between the ex and in-utero
batches. The differentially expressed genes between the batches for myocytes

and hepatocytes are shown in Figure 4.14.
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Figure 4.14: Differentially Expressed Genes. Myocytes and hepatocytes generated in
ex-utero and in-utero models express distinct gene expression programs. Reproduced
from [88].
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In summary, there are limitations with currently adopted 2D UMAP visual-
isations. There are emerging alternative non-linear dimensionality reduction

approaches which may more faithfully retain biologically relevant relationships.

4.4 Discussion

Breast cancer is a heterogenous disease [81]. The breast cancer ecoystem is
characterised by communication between heterogeneous tumour cells, cells
of innate and adaptive immunity, fibroblasts and endothelial cells [83]. The
homotypic and heterotypic cellular relationships ultimately shape the tumour
ecosystem and define disease progression and clinical outcomes [94]. There-
fore, a comprehensive understanding of the tumour ecosystem is critical in
identifying and developing new therapeutic approaches.

In the presented body of work, it has been demonstrated that scRNA-seq data
can be successfully collected from a cohort of three patients in collaboration
with a diverse research and clinical team. All tissue was collected prior to the
administration of systemic chemotherapy or radiotherapy.

The results demonstrate the presence of cellular heterogeneity in breast
cancer. Breast cancer is composed of a diversity of cell types: tumour epithelial
cells, T and B cells, plasma cells, macrophages, fibroblasts, endothelial cells,
NK cells and dendritic cells.

The results show that droplet based scRNA-seq can be applied to clinical
samples. Following completion of data preprocessing, a pilot dataset has been
generated which maybe amenable to future exploration. The results from several
patient samples can be aggregated in a batch-corrected manner using emerging
algorithmic approaches.

The wider question on the use and interpretation of 2D UMAP plots in single

cell analysis remains unanswered and requires future exploration.
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4.4.1 Limitations

There are several limitations with the work. The low patient number (n=3)
impacts on the generalisability of results. It is therefore not possible to explore
nuanced aspects of biology with the current dataset.

The low tumor cell number was surprising. It is suggestive of potential
technical bias in the experimental protocol. Future work may include identifying
and optimising potential sources of bias in the sample processing pipeline. It
is unclear if the factors resulting in epithelial deselection may also indirectly

introduce bias on results from the non-epithelial compartments.

4.4.2 Future Directions

Future directions for investigation would include expanding the number of
collected TNBC samples processed by scRNA-seq. A larger patient cohort would
offer a more diverse and encompassing perspective on TNBC biology. It may
improve the generalisability of results for future therapeutic development.

Breast cancer can be stratified according to the IntClust classification system.
An expanded single cell atlas stratified according to this classification system
would be invaluable to understanding the driving factors for heterogeneous
treatment response and survival outcomes.

Afurther valuable study would be a comparison of pre- and post-chemotherapy
breast cancer tissue at a single cell level. The study may provide detailed insight
into the driving factors of treatment resistance, thereby offering a data-driven
framework for developing new therapies.

In conclusion, one preliminary contribution has been made to the wider
effort of deconvolving and understanding the breast cancer ecosystem at single

cell resolution.
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5.1 Multimodal Integration

5.1.1 Definition

Single cell multimodal integration is the simultaneous measurement of data
modalities across '-omic’ space in same or paired samples. The potential span
of integrated modalities is diverse, ranging from DNA, chromatin, RNA, protein
and spatial location.

There are two classification systems for multimodal integration: practical

and directional.

5.1.1.1 The Practical Classification System for Multimodal Integration

In some circumstances, multiple modalities are measured from the same cell at
the same point in time using specific multimodal techniques, such as CITE-seq
which simultaneously measures RNA and cell surface protein expression [95].
This is referred to as experimental multimodal integration.

Alternatively, multimodal integration can be performed using computational
tools since the majority of single cell omics techniques are unimodal and tissue
destructive. This is referred to as computational multimodal integration. In the
latter case, different modalities are experimentally measured along serial planes
from the same sample and then later computationally integrated.

There are benefits and disadvantages with each approach. Multimodal inte-
gration in experimental space offers the gold standard approach: paired mea-
surements are taken from same cell at the same time point. However, the type of
modalities available for integration are constrained by experimental availability,
the techniques are bespoke requiring specialised experience and are expensive.

In contrast, multimodal integration in computational space is practically

more achievable and so available across a wider range of research contexts.
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Tissue destructive, single modality measurements are taken close together from
within the same sample. However, intra-sample heterogeneity may make align-
ment in computational space difficult and introduce spurious alignments which
are difficult to identify and control.

I will now present a critical appraisal of multimodal techniques which were

anticipated to be explored in the absence of pandemic-related disrutpion.

5.1.1.2 The Directional Classification System for Multimodal Integration

Multimodal integration can be classified according to the direction in which
differing modalities are aligned. There are three types as shown in Figure 5.1:
i. Horizontal integration
ii. Vertical integration

iii. Diagonal integration
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.........

Cells Vertical integration (cells as anchars)

Diagonal integration (no anchors)

Figure 5.1: The directional classification system for multimodal integration. Repro-
duced from [96].

In horizontal integration, cells are aligned according to genomic anchors [96].
As an example, a set of common genes are shared between different samples
measured using the same modality. In a certain light, this may be considered
a type of batch correction. It will not be explored in more detail as an example
of multimodal integration.

In vertical integration, cells serve as the alignment axis [96]. Multimodal mea-
surements are taken from the same cell using tailored techniques, eg CITE-seq.

Finally, in diagonal integration, neither cells nor measurement modality are
common between samples [96]. It represents the most commonly encountered

example of multimodal integration but it is the most difficult to achieve and
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to benchmark.

5.1.2 Benefit

Cellular state is a core concept underpinning biology. Characterisation of the
cellular state and the identity of each cell within a multicellular hierarchial
system will provide the foundational building blocks to better the understand
the homeostatic and pathogenic processes of nature. It will offer insight into
the dynamic and complex communication networks which regulate and drive
tissue development, the maintenance of normal tissue equilibrium and the
perturbations which account for and propagate disease.

Yet for such a foundational property, cellular state remains poorly defined. To
date, there does not exist a systematic generalisable framework which captures
all the explicit and implicit properties encompassed by such a foundational
concept. The distinction between cellular state and cellular identity is unclear.
The set of all potential cellular states and how they relate to each other is not
certain. The factors guiding the transitions between states is unknown.

The insights needed to better understand cellular state and identity cannot
be gleamed from a single modality. RNA alone or protein alone is insufficient.
Instead, we must integrate across orthogonal biological axes, traversing DNA
sequence, chromatin configuration, gene expression, protein level and spatial
location in order to capture the requisite richness of information flow encom-
passed under the umbrella of cellular state. Therefore, the question of defining
cellular state in essence becomes a need to establish interpretable multimodal
integration and translation across biological domains.

The anticipated benefits would enable the field to:

i. Formally define the properties of cellular state

ii. Establish an universal topological map of cellular states
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iii. Identify new cellular states

iv. Identify new and rare cell types

v. Better understand the link between shifts in cellular state and the devel-
opment and progression of disease

We must integrate across domains in a biologically informed way. Experi-
mental design should be guided by the anticipated axes of greatest information
content and tailored to the context in which it is being applied. Technological

constraints and availability should be a secondary consideration.

5.1.3 Challenges

There are several challenges to multimodal integration [97]. The challenges are:

i. Feature discrepancy between modalities

ii. Missing data

iii. Noisy data

iv. Difficulty in identifying the ground truth

iv. Data scale and the computational cost of multimodal integration

The above challenges are a reflection that data from different modalities
come from different underlying statistical distributions and have different prop-
erties with different levels of noise and distinct batch-specific properties [98].
For example, gene expression will lie in a feature space fixed per species. The
dimensionality of the gene expression vector space for humans is ~20,000. In
contrast, the space for protein expression as measured by CITE-seq is smaller,
typically of dimensionality ~200 and exhibits inter-experiment variability.

There are also practical considerations. The size of multimodal datasets are
typically much larger than in the unimodal context. Managing large datasets
requires tailored data management tools, access to a managed high performance

computing infrastructure and additional software engineering skills.
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5.2 Current Methods

[ will present a summary of the following commonly used multimodal tools:
i. Weighted-Nearest Neighbor (WNN)
ii. MultiMap

iii. Multi-Omics Factor Analysis v2 (MOFA+)

5.2.1 Weighted Nearest Neighbour

Hao et al introduce a method of WNN analysis to learn a multimodal represen-
tation of cell identity. The tool involves four core steps:

a. Generation of an independent KNN graph for each modality

b. Intra- and inter-modality prediction

c. Determination of modality weights for each cell

d. Construction of a WNN graph

WNN analysis was applied to a CITE-seq dataset of 211,000 PBMCs integrat-

ing single cell gene and protein expression data.

5.2.1.1 Generation of a KNN Graph per Modality

Data from each modality was pre-processed individually using standard pre-
processing approaches. scRNA-seq data was pre-processed in Seurat by nor-
malisation, feature selection and dimensionality reduction by PCA. Single cell
protein expression data was pre-processed by normalisation and PCA dimen-
sionality reduction.

The pre-processing output was used to construct a KNN-graph. k, a hyper-
parameter for KNN clustering, is the number of nearest neighbours. For most

analysis, a default value of k = 20 was applied.
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5.2.1.2 Intra- and Inter-Modality Prediction

Conceptually, the RNA and protein profile of a cell is predicted based on its
surrounding neighbours using the predefined value of k. It is conducted in an
intra-modality manner, ie the RNA profile of a cell is predicted based on the RNA
profile of its neighbours, and in a inter-modality manner, ie the RNA profile of a
cell is predicted based on the protein profile of its neighbours.
Intra-modality prediction for RNA expression is calculated by:

k
n _ ijl rknnr‘i‘j
Iiknn, = T

Inter-modality prediction for RNA expression is calculated by:

k
n ijl rknnpyl-‘j
Tiknny = —
where:
r; = L2-normalised PCA-reduced vector of gene expression for cell i

pi = L2-normalised PCA-reduced vector of protein expression for cell i

The same principles apply for prediction of protein expression.

5.2.1.3 Determination of Modality Weights

The following component is a key step in WNN. It involves:
i. Calculation of distance between the observed and predicted expression
using the Euclidean metric
ii. Conversion of distance to affinities using a kernel method
iii. Calculation of normalised affinity ratios within and between modalities
Hao et al apply a kernel method to quantify the local connectivity of the graph.
A kernel is a generalised dot product. For example, if we have two vectors

x and y and a mapping ¢ : R, — R,,, then a kernel corresponds to k(x, y) =



5. Multimodal Profiling of Breast Cancer 131

P Tpw).

The kernel method is extremely useful because it allows one to perform calcu-
lations in an arbitrarily high-dimensional feature space, R,,, without undergoing
the computational cost of visiting this space. In R, the vectors become linearly
separable to allow classification.

Hao et al use an exponential kernel as utilised in the UMAP algorithm [77].
The exponent in this kernel consists of the maximum distance between a cell and
its nearest neighbour set with an additional subtraction term used to provide
numerical stability. Affinity ratios between modalities are calculated and soft-

max normalised, producing the cell-specific modality weights.

5.2.1.4 Construction of a WNN Graph

The resulting modality weight offers a new similarity distance between cells.
The weights are used to construct the WNN based on a weighted combination
of RNA and protein affinities.

An overview of the graph construction pipeline is shown in Figure 5.2.
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Figure 5.2: WNN Analysis. Reproduced from [99].
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5.2.1.5 Application of WNN

WNN enabled characterisation of lymphoid heterogeneity amongst PMBCs. It
was applied to time-series CITE-seq PBMC data from 8 patients enrolled on a
HIV vaccine trial to construct a new multimodal atlas of human PBMCs.

Lymphoid cell states not normally reported from scRNA-seq data were identi-
fied. Specifically, sub-populations of double negative T cells, yé T cells and CD8*
memory T cell populations, normally only reported in solid tissue, were identi-
fied.

It suggests multimodal data can give insight into a greater resolution and
diversity of cellular states compared to unimodal data. In this specific context,
it captured the transition between circulating lymphoid cells to tissue resident

T cells, a state which has hithero been difficult to capture.

5.2.1.6 Limitations of WNN

WNN offers a valuable contribution to the single cell field. It is a rigorously
developed tool which can easily be integrated into existing single cell workflows.
Hao et al have also developed online visualisation tools to enable the wider
community to access and use WNN for in-house unpublished data.

Nevertheless, there are some limitations with the WNN tool. At its core,
WNN assigns weightings to each modality based on the predicted information
content and essentially uses the most weighted modality to define cell state.
From a purest perspective, multimodal integration should ideally incorporate
the mostinformative sub-components of each modality to provide a truly holistic
assessment of cellular state.

It is a particularly pertinent consideration for when dimensionality imbal-
ance is present between modalities. It is likely dimensionality imbalance will

be frequently encountered. From an algorithmic perspective, KNN clustering
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is sensitive to changes in dimension size. It would be expected that WNN is
biased towards preferentially weighting the higher dimension data modality.

Investigation into the impact of dimensionality imbalance may be warranted.

Cells for which conflicting states are identified through multimodal inves-
tigation have the potential to offer the greatest biological insight into how we
understand cellular state. Such examples may challenge and reshape the very
definition of cellular state. WNN uses a weighted linear combination of modali-
ties for final graph construction. It is therefore unlikely to identify cases of state

incongruence across modalities.

The intention is for WNN to be employed as input for standard single cell
visualisation tools, such as tSNE and UMAP. The use of 2D visualisation tools,
although good from the perspective of facilitating human interpretability, intro-
duce data distortions with the risk of introducing artefactual biological conclu-
sions. Itis an aspect of single cell analysis discussed in further detail in Chapter 4.

It may be constructive to explore alternative tools to facilitate data interpretation.

There are more technically oriented considerations of the WNN algorithm.
The key step in the algorithm is the determination of modality weights. Currently,
the exponential kernel is adopted. The theoretical justification for selecting this

kernel, as inspired by the UMAP algorithm, is unclear.

In most contexts across disciplines, the Gaussian kernel is used because it
has well-studied, universally stable properties. It would be helpful to further
explore the factors guiding the selection of the exponential kernel, the theoretical
properties which favour its application in the multimodal integration context
and compare its performance with a range of commonly used kernels. It is

possible different kernels may be best suited for specific modality pairings.
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5.2.2 MultiMap

A distinct but complementary technique is MultiMap published by Jain et al [98].
It is a multimodal generalisation of the UMAP algorithm. The multimodal graph
is constructed in manifold space, M, from which a low-dimensional embedding
is then estimated.

There are three core steps to the algorithm:

i. A fuzzy set representation of the observed high-dimensional data is pro-
jected onto manifold space. Intuitively, one can consider a fuzzy set as a math-
ematical object which generalises soft clusters

ii. A joint neighborhood graph, the MultiGraph, is constructed on the mani-
fold.

iii. MultiGraph is projected to a low-dimensional embedding space.

5.2.2.1 Data Projection onto a Manifold

MultiMap is a multimodal generalisation of a manifold. It assumes that the
observed datalies uniformly on an underlying manifold. Multimodality is accom-
modated by assuming that the underlying manifold contains multiple distinct
ambient spaces.

However, it does not assume that data between modalities arise from the
same feature space. It does not assume equal dimensionality between data
from different modalities nor that distance can be defined between every pair of

points.

5.2.2.2 Construction of MultiGraph

A key component in constructing the joint neighborhood graph involves de-
termining distances between data points both within and between modalities.

Intra-modality distance is calculated by normalising distance with respect to
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a neighborhood distance specific to the dataset. Inter-modality distance is
calculated by first mapping the data into a shared feature space, identifying
the neighborhood parameter in this shared space and then normalising distance
with respect to this neighborhood parameter.

The above calculated distances are then used to construct the neighborhood

graph in M, referred to as the MultiGraph.

5.2.2.3 Construction of Embedding Space

MultiGraph is then mapped to a low-dimensional embedding space by minimis-
ing the cross-entropy loss between the manifold and embedding space using
stochastic gradient descent optimisation.

Downstream analysis and visualisation can then be performed on either the
embedding or manifold space, offering user-specific flexibility.

A schematic of MultiMap is shown in Figure 5.3.
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Figure 5.3: MultiMap Algorithm. Reproduced from [98].

5.2.2.4 Application

Jain et al apply MultiMap to arange of synthetic and experimentally-generated bi-

ological datasets. One of the applications included integrating Drop-seq scCRNA-
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seq and STARmap in situ spatial data of the mouse frontal cortex. [ will focus on
this application since it is most directly linked with the objectives of my DPhil.

The datasets demonstrate differences in feature size (Drop-seq encompasses
the entire transcriptome and STARmap targest 1020 genes) and the number of
cells (71640 for Dropseq and 2137 for STARmap). A summary of the results

is shown in Figure 5.4.
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Figure 5.4: Multimap Integration of Spatial Transcriptomics and Gene Expression
Data. Reproduced from [98].
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Clustering using MultiGraph reproduced clusters corresponding to estab-
lished cell types (Figures 5.4a and 5.4b).

MultiMap also enabled reannotation of a cell type. It was previously believed
cortical layer 4 neurons do not exist in the murine frontal cortex [100]. The layer
4 neurons were identified on the STARmap data. Using multimodal integration,
they were also later identified in scRNA-seq after being re-annotated from layer 5
to layer 4 neurons (Figure 5.4c). Therefore, MultiMap has demonstrable capacity
to identify new cell types.

Multimap integration also improved clustering quality as determined by
an increase in the Silhouette score of the embedding space (Figure 5.4e), and
enabled spatial localisation of cell types in the STARmap data in a manner

consistent with known cortical architecture (Figure 5.4d).

5.2.2.5 Advantages

There are several advantages to MultiMap. Unlike WNN in which data is PCA-
reduced, MultiMap enables non-linear mappings. It can incorporate informa-
tion from features across all modalities to improve the quality of data integration
into the common embedding space. It is robust to working with datasets of
varying dimensionality across modalities.

Furthermore, it is computationally scalable because the optimisation objec-
tive for mapping into the embedding space scales linearly with the number of
data points, @ (n). In contrast, methods such as WNN ran into out-of-memory

errors despite access to 218 GB RAM [99].

5.2.2.6 Limitations

MultiMap is based on the Multimodal Manifold hypothesis. The hypothesis

has two assumptions:
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i. If multimodal data is considered to represent the same underlying system,
then data from different modalities is assumed to be uniformly distributed on
the shared manifold.

ii. The multimodal manifold is assumed to demonstrate coordinate invari-
ance. If data points lie close together in a manifold space, then the same data
points will lie close together in the empirical coordinate system.

Assumptions one and two are strong. The original UMAP publication by
Mclnnes [77] explicitly discusses that real-world data will rarely be uniformly
distributed on a manifold. The consequential algorithmic challenges and poten-
tial avenues to, at least partly, maintain local connectivity on an non-uniformly
distributed data are explored in the original publication.

If challenges with data non-uniformity are present in the unimodal setting,
it would intuitively be expected such limitations will be present or possibly
amplified in the multimodal context. Therefore, it seems both appropriate and
necessary to formally prove that real-world multimodal data can and does lie
uniformly in a manifold space.

Assumption two is important. MultiMap estimates the geodesic distance
between data points. It is a difficult problem because it relies on knowing the
Riemannian metric which is unknown in the naive case. Therefore, Jain et al use
assumption two to render calculation of geodesic distance into a tractable com-
putation. Without assumption two, it would otherwise be extremely challenging
to construct MultiGraph, a core component of the MultiMap algorithm.

The assumption of coordinate invariance may require further exploration.
There is experimental evidence that coordinate invariance does not hold when
mapping between high-dimensional and manifold space as discussed in chapter
4. The implications for MultiMap may warrant investigation.

Finally, there is the general question of applying Manifold theory in biology

which could be considered in a partly philosophical light. A manifold is a specific
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mathematical construct. It is a topological space that is locally Euclidean mean-
ing that around every data point, there is a neighborhood which is topologically
the same as a open unit ball in R, [101].

The local Euclidean property is useful because it means a manifold can be a
well-behaved type of space to work in. However, it also places a responsibility on
every researcher applying Manifold theory to different disciplines. The first step
of analysis should include a formal and mathematically rigorous demonstration
that the data inherently retains this local Euclidean property. It is a not a data
property which should be forced. If the property does not hold, then alternative
analytical approaches should be pursued.

The UMAP algorithm and related techniques are becoming increasingly used
across a range of single cell tools. It may be constructive to pause and reflect
fully on the theoretical justification for becoming increasingly dependent on
this branch of Mathematics. Every algorithm has its strengths and weaknesses.

The applications best suited to manifold-based tools remain to be determined.

5.2.3 Multi-Omics Factor Analysis v2

MOFA+ involves the application of Bayesian statistical principles to matrix
factorisation in the multimodal setting [102]. The input data consists of stacks
as shown in Figure 5.5. Vertical stacks of matrices correspond to multimodal
views in the same cell (View 1 - M) and horizontal stacks of matrices correspond
to the same multimodal observations across different cell batches (Group 1 - G).

The assumption of matrix factorisation is that the observed data is a realisa-
tion of a lower-dimensional representation expressed by K latent factors. The
latent factors capture the axes of variance in the global data. The latent factors
are linked from the observed high-dimensional space to the underlying low-

dimensional representation through a matrix of weights. The weight matrix
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Figure 5.5: Structure of data input for MOFA+. Reproduced from [102].

connects each feature, such as a gene, to each latent factor and quantifies the
strength of this connection [102].

Formally, matrix decomposition can be expressed as:

_ T

where Y, is the observation matrix, W, is the weight matrix, Z, is the
factor matrix and eg,, accounts for stochastic noise.

The defining property of the MOFA+ algorithm is the application of hierar-
chial priors to both the factor matrix, Z and the weight matrix, W [102]. A prior
imposes a pre-defined statistical distribution on unknown model parameters. A
hierarchial prior is a two-layer prior, ie a prior on a prior. It offers greater flexibility
to engineer a better tailored model. It also acts as a form of model regularisation.

In MOFA+, the two layers of priors consist of:

i. Automatic Relevance Determination (ARD) prior to model factor activity across
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both data modalities and sample batches [102]. It is a type of Bayesian ridge
regression which enables input variables to be ranked based on their importance
to predicting the output.

ii. Spike-and-slab prior to induce sparsity to the factor and weight matrix [102].
Sparsity helps with interpretability since it pushes the contribution of latent
factors in most cells across most features to zero, thereby enabling the researcher
to focus most of their efforts on the latent factors with a relevant connection
to the inferred underlying generative process.

The graphical model for MOFA+ is shown in Figure 5.6.
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Figure 5.6: Graphical model for MOFA+ multimodal matrix factorisation. Reproduced
from [102].
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Grey circles are observed variable. White circles are latent variables. There
are five plates, each representing a separate dimension. M are the number of
modalities, D,, for the number of features in each modality, K for the number
of factors, G for the number of groups and N, for the number of samples in
group g [102].

The graphical model shows that in essence, MOFA+ uses hierarchial priors
to control how sparsity is introduced across modalities, features and datasets to
then aid learning via Stochastic Variational Inference (SVI). The learning process

is discussed in Section 5.2.3.1.

5.2.3.1 Model Training

The MOFA+ model is trained using SVI [102]. SVI is adopted because model
inference in the probabilistic setting is often intractable. Therefore, the aim is
to identify good approximate solutions.

Sampling based methods, such as Markov Chain Monte-Carlo (MCMC),
are popular and are guaranteed to find a globally optimal solution. However,
they have a key limitation. They are very slow and computationally expensive
to train. Consequently, it may not be possible to identify a good solution in
polynomial time.

Alternatively, the variational family of algorithms can be used for approximate
inference. Variational inference recasts inference as an optimisation problem.
The original distribution p is intractable. Instead, one solves over a class of
tractable variational distributions Q. The aim is to identify a g € Q which best
approximates p and then use g for downstream inference.

Unlike sampling-based methods, variational inference will never find the
global optimal solution. However, it is guaranteed to converge with identifiable

bounds on the accuracy of convergence, ie the Evidence Lower Bound (ELBO).
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SVlis a type of VI. Rather than using the entire dataset for training, SVI uses
smaller random batches of data to optimise the parameters of the variational
distribution. Therefore, it is computationally more efficient and quicker to train.

The optimisation objective for MOFA+ is:

x(t+1) — x(l’) +p(t)VF(x(l’))

where x are the variables to be inferred, F(x) is the ELBO and p(1) is the step
size which determines the 'speed’ of model training [102]. p(?) is an adaptive
step size, adjusted at each training iteration [102]. MOFA+ is designed to enable

GPU-accelerated training for working with large datasets.

5.2.3.2 Variance Decomposition

The above training process identifies the optimal decomposition of the observed
data matrices into the underlying factor and weight matrices. To facilitate inter-
pretability with the factorisation output, it is possible to identify the variance

explained by each latent factor k across modalities and sample groups [102].

5.2.3.3 Application of MOFA+

MOFA+ was applied to investigate the transcriptional heterogeneity of mouse
embryogenesis using time-series sScRNA-seq data. Seven latent factors were iden-
tified which account for 35 - 55% of transcriptional cell-to-cell variance [102].

It was possible to attribute factors to specific cell states. Factors 1 and 2
represent extra-embryonic cell types and factor 5 represents epiblast to meso-
dermal transition via the primitive streak. For each factor, the top feature weights
disproportionally represented lineage-specific markers [102].

Further insights of embryogenesis were inferred by MOFA+. Variance at-

tributed to factor 1, a factor representing an extra-embryonic state, remained
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constant throughout development [102]. It suggests that extra-embyronic fate

commitment occurs early during embryogenesis.

MOFA+ was also applied to investigate the epigenetic profile of neurons by
comparing methylation signatures in CpG and non-CpG islands across different
brain regions [102]. Cells were grouped according to their position in the cortex:
deep, middle and superficial cortical layers. Factor 1 distinguished between
excitatory and inhibitory neurons. Factor 3 showed greater diversity amongst ex-
citatory neurons situated in the deep cortical layer compared to superficial layer,

thereby providing evidence for spatially-driven neuronal heterogeneity [102].

5.2.3.4 Limitations of MOFA+

There are several limitations to MOFA+. MOFA+ can be considered to be a
generalisation of sparse PCA. Like PCA, MOFA+ can only identify linear directions
of maximum variance, thereby imposing an assumption of linearly on the under-
lying model. Linearity can be useful since it aids with improving interpretability.
However, it can be restrictive in biology where non-linear relationships and

mappings are widespread.

As a statistical model, it models genes as independent variables. In practice,
gene regulatory networks exhibit a high degree of correlation between features.

Therefore, the assumption of independence may not be valid.

From a practical viewpoint, MOFA+ can only be applied when multimodal
measurements are taken from the same cell. It has experimental implications
since specific multimodal assays, such as CITE-seq, must be used in the data
generating phase. These multimodal assays require specialist expertise, are
best conducted in an environment with established multimodal expertise and

are expensive.
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5.3 Future Methods

Multimodal integration should have its roots in Representation Learning. The
tools of Representation Learning are naturally synergistic and aligned with the
modelling requirements for multimodal integration.

I propose a more foundational approach to the challenge of multimodal
integration through a critical appraisal of key ML inspired multimodal papers.
In particular, inspiration has been taken primarily from the field of deep gen-
erative modelling.

I will focus on two types of models:

1. Multimodal variational autoencoders (MMVAE)

2. Diffusion models

From a practical perspective, the development of techniques for multimodal
integration will require two distinct but interlinked components:

i. Algorithms which enable multimodal integration.

ii. Approaches which transform the output from multimodal integration
into an interpretable output. Much less progress has been made on this front,
partly due to its technical and theoretical difficulties. However it is, at the very
least, an equally important domain requiring advance. Multimodal integration
which is difficult to translate into real-world translational significance will limit
the potential for scientific discovery.

In the general multimodal context, text-image translation has been an area
for which recent practice changing advances have been made. I propose these
advances could guide multimodal integration in the biological domain. The core
principles behind image-text translation are broadly similar to the requirements
of multimodal translation in biology. Domain-specific adjustments tailored
to the nuances of WGS, RNA-seq, ATAC-seq, spatial transcriptomics and pro-

teomics data will undoubtedly be required.
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5.3.1 Multimodal Variational Autoencoders

The aim of multimodal modeling is to learn generalisable representations of
the key information content shared between different modalities which in turn
captures semantically meaningful knowledge. The flow of information is bidi-
rectional: from observation to representation and vice versa [103].

Variational autoencoders (VAE) provide the fundamental tools required for
such an endeavour [104] but require optimisation and refinement for application
in the multimodal context.

The key criteria required for a generative model in the multimodal context is
[103]:

i. Latent factorisation: the latent space factorises into subspaces which
contain vector spaces shared between modalities as well as modality specific
vector spaces.

ii. Coherent joint generation: generation from the same latent vector exhibits
coherence across modalities.

iii. Coherent cross generation: data generated for one modality by condi-
tioning on a second modality is coherent.

iv. Synergy: the quality of the shared representation improves due to learning
across modalities.

Every multimodal model should be benchmarked according to these four
criteria. Assessment metrics can be associated with each criteria to facilitate a
consistent and reproducible method for model evaluation.

In the work of Shi et al, a Mixure of experts Multimodal VAE (MMVAE) is
proposed for multimodal integration [103]. A variational posterior consisting of
a sum of Mixture of Experts (MoE) encompassing the broad range of modalities
is trained to both jointly embed and generate multimodal observations.

Conceptually, the optimisation objective is the same as a standard VAE:
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the ELBO is optimised using SGD. Modifications are made to the optimisation
objective to provide a tighter lower bound on the loss by using an appropriately
weighted multisample estimator (such a model is known as an Importance
Weighted Autoencoder) which is extended across modalities through stratified
sampling to ensure pan-modality training gradients are equal.

A Laplace prior-posterior pair is used to model the distribution of the ob-
served and latent variables. The standard Gaussian-Gaussian conjugate pair
is not used because the Laplace distribution offers comparable distributional
flexibility with the added ability to break the rotational invariance of the Gaussian
in order to facilitate latent factorisation [105].

To assess model performance, Shi et al explore model performance on the
Caltech-UCSD Birds (CUB) dataset. It is a challenging image-language dataset
since the images are detailed and the caption descriptions are succinct. To
improve the computational burden of model training and sample generation,
the dimensionality of the images and text are reduced by working within the
feature space of a pretrained CNN and using word embeddings respectively.

With MMVAE, Shi et al demonstrate meaningful reconstructions can be

generated across paired images and text (Figure 5.7):
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vision —» vision language — language
3 this small whi bellied bied 'h: mnh:::s ::;;k 8 black bird with & curved g 5l sized bird hat has
has & brown head and a = “:;W'Mb'm neck. and & long ST 5 yegow facial marking with
read spped beak ey & beak with blue eyes 3 painted bill
and a ysllow eyabrow
it Wk b thisbid has awhee & karge bird with biack a sl bird with &
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red beak. and a and and beaic.

Figure 5.7: MMVAE generates meaningful cross-modality reconstructions. Repro-
duced from [103].

Figure 5.8 shows that the joint and cross generation performance is coherent.
The correlation either from a common latent point or between modalities is
consistently higher than the correlation performance for comparative models
such as a Multimodal VAE (MVAE) [106]. However, the cross-modality corre-
lation value still remains low, at a maximum of 0.135 and may benefit from

further exploration.

Table 4: Correlation of Image (I)-Sentence (S) pair for joint and cross generation.
Joint Cross (I —+S) Cross (S —I) Ground Truth

MMVAE 0.263 0.104 0.135 0273
MVAE —0.095 0.011 —0.013 '

Figure 5.8: Correlation values for MMVAE. Reproduced from [103].

5.3.2 Diffusion Models

Diffusion models are the next generation of generative models which could have
application in the multimodal context. They are probabilistic denoising models.
Diffusion models are conceptually similar to VAEs. Both types of models

project data into a latent space and then use an optimisation objective to recover



5. Multimodal Profiling of Breast Cancer 149

the information content. However, VAEs suffer from challenges in modelling the
ideal loss function. They can therefore be difficult to train and produce subop-
timal reconstructions. At a high level, diffusion models address this limitation
by modelling the noise distribution instead of the data distribution as in VAEs.
Modelling the noise distribution turns out to be mathematically more stable.

Diffusion models have their origin in non-equilibrium thermodynamics, a
branch of Statistical Physics which deals with entropic transport processes in
systems which are evolving over time or space. The core tenant of diffusion
models involves using a Markov chain to convert a well-characterised known
distribution, eg a Gaussian distribution, into a complex target distribution.

It involves two steps: the forward process and the reverse process as shown in

Figure 5.9.

pe(xi—1|xt)
Og O _6g" ﬁ@

fI(XF\XF 1)

Figure 5.9: Directed Graphical Model for Forward and Reverse Diffusion Processes.
Reproduced from [41].

In Figure 5.9, the forward process, g(x:|x;-1, is depicted by the dashed arrows.
It involves taking the original data, a face in the example shown, and injecting
noise with ¢ steps to generate a noise distribution, xr. The forward process
does not involve training.

The reverse process, pg(x;-1l1x;) involves taking the noise distribution to
generate the original image as shown by the solid lines. The reverse process
requires estimating the previous less noisy state given the current state which
necessitates knowledge of the gradients for the previous steps. Therefore, unlike
the forward process, the reverse process requires training a model.

The most commonly used model is the UNET [107], an encoder-decoder

neural network which is widely used throughout Computer Vision. The UNET is
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useful in this application because the input and output layers are of equal dimen-
sion and equal to the size of the data dimensions. The final layer produces two
outputs, mean and variance, which is required for reconstructing a distribution.

The mathematical derivation of optimisation objective for the reverse process
is elegant. It is easy to implement since it has been reformulated as a linear
combination of KL-divergences together with an easier reparameterisation of
the mean [108]. A detailed discussion of the derivation of the optimisation

objective lies outside the scope of the thesis.

5.3.2.1 Application of Diffusion Models

As a proof of principle, I explored the multimodal generative capacity of diffu-
sion models for application in the biomedical domain. I explored a range of
commercially available and open-source options: DALL.E 2, Midjourney and
Stable Diffusion. These models can conduct text-to-image translation.

A selection of five texts were identified focusing on histological descriptions
of colorectal cancer or descriptions of spatial transcriptomics results. The texts
are representative of descriptions commonly found in clinical pathology reports.
Some of the texts, Text ID 4 and 5, are descriptions taken directly from the

published scientific literature. The text descriptions are shown in Table 5.1.
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The text captions were used as the sole input for each pre-trained diffusion
model. The training datasets for the models are proprietary. It would be expected
that the training images are derived from non-biomedical domains. Outside of
the text description, there were no additional cues to guide the image generative

process. The results are shown in Figures 5.10 to 5.14.
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This adenocarcinoma is arising in a villous adenoma. The surface of the neo-
plasm is polypoid and reddish pink. Hemorrhage from the surface of the tumor
provides for detection with a stool test for occult blood. This neoplasm was
located in the sigmoid colon, just out of reach of digital examination, but easily

visualized with sigmoidoscopy.

(a)

“ (e)
(d)

Figure 5.10: Diffusion generated image of the gross pathology of colorectal cancer.
(a) Text embedding for the image (b) Original image (c) DALL.E 2 image (d) Midjourney
image (e) Stable Diffusion image
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The edge of the carcinoma arising in the villous adenoma is seen here. The
neoplastic glands are long and frond-like, similar to those seen in a villous

adenoma. The growth is primarily exophytic (outward into the lumen) and
invasion is not seen at this point.

(a)

(d)

Figure 5.11: Diffusion generated image of the microscopic pathology of colorectal

cancer. (a) Text embedding for the image (b) Original image (c) DALL.E 2 image (d)
Midjourney image (e) Stable Diffusion image
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The tumour cells are polygonal displaying abundant cytoplasm, hyperchromatic
enlarged nuclei with high N/C ratio, prominent nucleoli and nuclear irregular-
ity/marked nuclear atypia. The tumour cells are forming nests, pseudo gland
formation,trabecular and macro-trabecular patterns.

(a)

Figure 5.12: Diffusion generated image of the microscopic pathology of hepatocellu-
lar cancer. (a) Text embedding for the image (b) Original image (c) DALL.E 2 image (d)
Midjourney image (e) Stable Diffusion image
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Tumor cells in nascent carcinomas (C-CIA) appear to be highly proliferative, clus-
tering with Ki67 (cluster 1, Fig. 7e), while having weak spatial associations with
immune cells (clusters 2), a trend that continues in CRC. Compared to benign
adenomas, tumor cells in CRC have significantly weaker spatial associations
with cytotoxic T cells, and significantly lower abundances of cytotoxic T cells
and TNF-q, suggesting that the anti-tumor response has been suppressed in
CRC, which frees tumor cells to divide at higher rates (increased CK/Ki67 spatial
association).

(a)

gy HEsEanaar RO

| e e e 22
Coerapetib simolesthat ®

(b)

(d)

Figure 5.13: Diffusion generated image of tumour-immune dynamics in colorectal
cancer. (a) Text embedding for the image (b) Original image (c) DALL.E 2 image (d)
Midjourney image (e) Stable Diffusion image
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Metastatic subclones occupied distinct immune microenvironments.Relative to
P2-orange cells, P2-blue cells resided in neighbourhoods enriched for T cells and
B cells.P2-blue cells frequently formed clusters around B cell-rich germinal-like
centres.P2-orange regions frequently resided inside the lymph node sinuses that
were lined by endothelial cells expressing CD34 and PDGFRB.

(a)

JUms PLare na tox tNGs aeti 2obn Rearvsiobhe tia thsene

tolenpl €ewlie Sire Freshst nemnenirsézoy otiran Tee Hre s%inag

(©

(d)

Figure 5.14: Diffusion generated image of the spatial transcriptomic subclonal
architecture in breast cancer. (a) Text embedding for the image (b) Original image (c)
DALL.E 2 image (d) Midjourney image (e) Stable Diffusion image
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The generated images are surprising. For each image, some features con-
sistent and congruous with the original text are evident. Performance is best
with histological descriptions. In particular, image 5.12c, a generated image of
the microscopic appearance of hepatocellular carcinoma, shows unexpected
similarity with the original image.

The ability to reconstruct even a small set of features in such a specific
biomedical context for images which are distinct from standard computer vision
training datasets suggests these models have the capacity to learn fundamental
principles of nature. This is significant. I believe we are witnessing the early

beginnings of a new approach to scientific discovery.

5.3.2.2 Limitations of Diffusion Models

Certainly, the randomly generated images are not faithful recapitulations of the
original image. As expected, performance was noticeably sub-optimal when us-
ing texts describing detailed tumour-immune spatial relationships from spatial-
omics technologies. In their current state, the generated images may be con-
sidered as cartoon representations of the real-life image. We are still far away
from diffusion models being ready and available for routine use in biology or
medicine.

However, I do not believe it is an insurmountable challenge. There is the
potential to make large strides with simple measures: adding specific biomedical
datasets, egimages from large-scale histology collections, to the training datasets
and identifying and developing the optimal text descriptions tailored for use
in generative models. In the first instance, I would focus solely on generating
H&E images from standard, routinely used pathology descriptions.

Diffusion models do present unique practical challenges. They are formidable

models, costing a minimum of £100,000s to train, requiring the latest hardware
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and technical support plus leading deep learning expertise. There are a hand-
ful of places in the world with the resources to deliver on these requirements.
It is an endeavour which would cross traditional academic-commercial and

interdisciplinary boundaries.

5.4 Conclusion

In summary;, a critical appraisal of currently available multimodal approaches
has been presented. The benefits and limitations of WNN, MultiMap and MOFA+
has been discussed in detail. Future perspectives on the use of generative tools,
MMVAE and avant-garde diffusion models, for multimodal integration have
been considered.

It is a dynamic space. I expect to witness significant advances within the
short-term future which may have downstream translational tractability. I am

most excited by the insights deep generative modelling tools may be able to offer.
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The presented body of work describes the application of dissociated single
cell sequencing and spatial transcriptomic technologies to clinically-derived
breast cancer samples. It is accompanied by a review of the core supporting
literature, focusing on the application of machine learning tools in the analysis of
high-dimensional datasets and the insights gained from the most contemporary
and relevant clinical breast cancer studies.

Droplet-based scRNA-seq, Slide-seq and CARTANA in-situ sequencing were
applied to an aggregate collection of five breast cancer samples. Analysis of
the scRNA-seq data reveals tumour heterogeneity which is congruous with the
published literature.

Reflections on potential implications of the key reviewed literature may offer
guidance on avenues for future investigation. The high-dimensional spatial
profiling of 700 breast cancer samples from the METABRIC study conducted
by Danenberg et al is an important contribution to the field of spatial-omics. It
provides a template of multicellular TME structures. The presence of these same
TME structures can be investigated across a broader range of tumour types and
perturbational clinical settings (e.g. before, on and after treatment). The study
also provides guidance on the practical framework and infrastructure required
for a large-scale spatial-omics study.

The study by Risom et al applied MIBI and a multiplex antibody panel in a
cohort of patients with breast DCIS and stratified samples according to the sub-
sequent development of invasive breast cancer. The findings of the study suggest
that a thin myoepithelium in DCIS is less frequently associated with the future
development of invasive breast cancer. The first step would be to reproduce
this observation across a wider cohort of clinical DCIS samples from a range of
clinical sources across a panel of complementary spatial-omics technologies.
Furthermore, in such a context, a comparison could be conducted between

the use of Ki-67 and the multivariate score of global proliferation (MPI score)
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as proposed by Gaglia et al. Previous work has shown Ki-67 to be a predictive
marker for recurrence in breast DCIS. Therefore, it would be constructive to
explore for improved predictive performance with the MPI score.

If the findings remain reproducible, it would then be constructive to (1)
explore the mechanistic factors underpinning this observation and (2) inves-
tigate the relationship between myoepithelial thickness and detailed clinical
relapse/survival outcomes. Conditioned on reproducibility and detailed mecha-
nistic insight, the longer-term aim may be to develop myoepithelial depth as
a biomarker for stratification of adjuvant therapy.

Detailed evaluation of commonly used algorithms used in the analysis of
scRNA-seq data suggests caution in utilising methods which are based on precisely-
defined high-dimensional vector spaces, spaces which have characteristic a
priori types of 'behaviour’. Different types of data ’live’ in different types of
vector spaces which results in different data properties. Dataset-algorithmic
pairing should be based on the properties of data under exploration. Shotgun
algorithmic pairing is best avoided.

A novel component of the thesis is the application of diffusion models on
histopathology text descriptions for text-image translation. The experimental
results presented are unidirectional but there is certainly scope for bidirectional
translation (i.e. text-image translation and image-text translation). Diffusion
models are arapidly developing tool in the field of generative deep learning tools.
They have shown potential for more traditional applications of image generation.
Their utility in a biomedical context remains as yet to be determined.

Questions remain surrounding the challenges in developing the infrastruc-
ture to develop scalable machine learning tools for clinical use which is accom-
panied by the requirement for data collection, curation and harmonisation
within and across different IT systems. Furthermore, all such progress is to

be conducted whilst maintaining ethical practices which respect the diversity
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inherent to clinical datasets and safeguard data confidentiality.

The marriage between medicine and machine learning has just begun. It
is a pivotal moment. As a field, we have the opportunity to establish a strong
framework which is guided by robust practices and shaped by factors specific to
the nuances and types of bias common to biomedical datasets. Decisions made
now on how the frameworks will be designed and operate have the potential to
contribute to constructive advance in the future. It is an exciting opportunity
to be part of and witness the reshaping of our field. The call for action has

been made by the field.
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192 A.

ADAM17 FGFR1

ADAM GBE1
AK3 HEGF
ALDOA HK2

ANGPTL4 | KDM3A
APOBEC3A KRT7
APOBEC3B | KRT19
APOBEC3C | LDHA
APOBEC3D | LDLR
APOBEC3F MIF
APOBEC3G | MKI67
APOBEC3H | MTFRI1

AREG MUC1

BNIP3 NDRG1
CA9 P4HA1

CDH1 PFKP

CHCHD2 PGK1
CXCL12 PYGL
DDIT4 SF3B5
EGFR SLC16A1
ENO1 SLC16A3
ERBB2 SLC2A1
ERBB3 SLC6A8

EREG TFRC
ERO1A TGFA

ESR1 TGFBR1
FGF13 TPI1

FGF7 VEGFA

Table A.1: HUGO gene names for the CARTANA hypoxia-immune bespoke panel.
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