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Abstract

Breast cancer remains the leading cause of cancer-related deaths among women
globally. Despite advances in treatment, the decision-making process for administering
neoadjuvant systemic chemotherapy (NAC) still poses significant challenges. This research
aims to improve the characterisation of residual disease (RD) in surgical specimens of breast
cancer patients following NAC. Utilising a deep learning approach to analyse
histopathological information from Whole Slide Images (WSIs), this study seeks to predict
overall survival (OS) and disease-free survival (DFS) more accurately. While RD is a known
prognostic factor, its presence does not unequivocally predict patient outcomes, as evidenced
by variations in patient response to NAC. Our study will focus on the PRIMUNEOQO dataset,
encompassing 500 patients from various cancer centres, and will later extend to the CGFL
dataset for external validation. The goal is to enhance the stratification of breast cancer
treatment, particularly in the post-neoadjuvant setting, considering the direct assessment of

chemosensitivity and the need for potential treatment adjustments based on RD.
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Glossary of Abbreviations

Abbreviation

ADC Antibody-Drug Conjugate

Al Artificial Intelligence

AJCC American Joint Committee on Cancer

AUC Area Under the Curve

BCE Binary Cross-Entropy

CDK4/6 Cyclin-Dependent Kinases 4 and 6

CGFL Centre Georges-Frangois Leclerc

CI Confidence Interval

CNIL Commission Nationale de I'Informatique et des Libertés
CPS+EG Clinical-Pathologic Stage + Estrogen receptor status and Grade
ctDNA Circulating tumour DNA

CTC Circulating Tumour Cells

DCNN Deep Convolutional Neural Network

DFS Disease-Free Survival

DL Deep Learning

DNA Deoxyribonucleic Acid

eBC Early Breast Cancer

EBCTCG Early Breast Cancer Trialists' Collaborative Group
ECIBC European Commission Initiative on Breast Cancer
ER Estrogen Receptor

ESMO European Society for Medical Oncology

H&E Haematoxylin and Eosin

HER2 Human Epidermal Growth Factor Receptor 2

HR Hormone Receptor

HRD Homologous Recombination Deficiency



IHC
MIL
ML
NAC

NGS

OS
PAMS50
pCR
PCR
PgR

RCB

SBR
SSL
SVM
TCGA
TILs
TNM
TNBC

WSI

Immunohistochemistry

Multiple Instance Learning

Machine Learning

Neoadjuvant Chemotherapy
Next-Generation Sequencing

Neural Network

Overall Survival

Prediction Analysis of Microarray 50
Pathological Complete Response
Polymerase Chain Reaction

Progesterone Receptor

Residual Cancer Burden

Random Forest

Scarff-Bloom-Richardson (grading system)
Self-Supervised Learning

Support Vector Machine

The Cancer Genome Atlas
Tumour-Infiltrating Lymphocytes
Tumour-Node-Metastasis (staging system)
Triple-Negative Breast Cancer

Whole Slide Image
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Chapter 1: Introduction and literature review.

1.1 Overview of the thesis

Despite major advances in systemic therapy, residual disease after neoadjuvant
chemotherapy (NAC) remains one of the most powerful predictors of poor outcome in early
breast cancer. Patients achieving pathological complete response (pCR) exhibit excellent
long-term survival, whereas those with residual invasive disease face a substantially increased
risk of recurrence and death, even under optimal systemic therapy.

However, the mechanisms that determine why some tumours respond completely
while others persist remain poorly understood and identified. Current post-NAC stratification
frameworks, based on residual cancer burden (RCB) or tumour cellularity, capture only a part
of the prognosis. At the same time, access to molecular testing (e.g. genomic or
transcriptomic assays) remains limited or delayed in many clinical settings. Together, these
limitations underscore a major unmet need: the ability to extract reliable, biologically
meaningful prognostic information directly from routine histology, both before and after
treatment.

This thesis develops and evaluates a set of complementary deep-learning frameworks that
connect morphology to molecular status, treatment response, and post-therapy risk in early
breast cancer.

Across the different parts of this work, we move from molecular inference (mutation
and signature prediction) to therapeutic prediction (chemosensitivity) and finally to outcome
modelling (residual disease and survival), building an integrative computational framework

for post-NAC risk stratification.

1.1.1 Thesis structure

The thesis is organised in five chapters:

e Chapter I - Introduction and Literature review: introduces the clinical problem and

some background, and then provides some details on the contributions from this work.

e Chapter II - Clinical Cohorts and Data Acquisition: provides the technical
framework and describes the datasets (PRIMUNEO, CGFL Neoadj, TCGA),

preprocessing pipelines, and computational infrastructure used throughout the thesis.

11



It details the acquisition of whole-slide images (WSIs), the annotation and

quality-control procedures , and the design of reproducible train—validation—test splits.

Chapter III — Predicting survival from post-NAC surgical histology: This chapter
establishes the methodological foundation for the entire thesis by systematically

evaluating different survival-modelling strategies on post-NAC surgical specimens.

We compared classical survival models (Cox proportional hazards, Random Survival
Forests, Survival Support Vector Machine) with deep-learning approaches such as
DeepSurv, DeepHit, and end-to-end Vision Transformer (ViT) pipelines, quantifying

their predictive performance and robustness on internal and external cohorts.

The results revealed a consistent pattern: while complex multi-task architectures
achieved high apparent performance on controlled datasets like TCGA (Tumor Cancer

Genome Atlas), their generalisability collapsed when applied to real-world data.

In contrast, simpler pipelines like foundation-model embeddings coupled with Cox
regression proved to be more stable, interpretable, and reproducible. In computational
pathology, parsimony and methodological transparency often outperform architectural

sophistication.

Chapter IV — Predicting gene and variant mutations from histology: Building on
previous work published in Scientific Reports (Morel et al.2023) before this thesis, we
extended the gene mutation prediction pipeline using histology to a more clinically
relevant solution. This chapter introduces MultiVarNet, a novel mutation
variant-aware deep-learning architecture designed to predict not only gene-level
mutation status but also specific protein-level variants (e.g., KRAS p.G12C, BRAF
p.-V600OE, IDH1 p.R132H, PIK3CA p.E545K). Cross-cancer transfer experiments and
domain-adversarial ~ (multi-DA) training revealed, however, that most
morpho-molecular signatures are tissue-specific and context-dependent, failing to
generalise beyond their originating cancer type except in shared lineages such as

LGG/GBM for IDHI gene mutations.

These findings delineate the boundaries of morpho-molecular generalisation,
suggesting that histology-based Al may ultimately evolve toward companion
diagnostic specificity where each model is validated for a particular biomarker, tissue,

and acquisition setting.

12



e Chapter V — From morphology to therapy: predicting chemosensitivity and
post-treatment prognosis. Chapter V translates the molecular and methodological
insights into an analytical validation for NAC response prediction and post-treatment

stratification. Two complementary frameworks are presented:

Chemo-prAldict Breast, trained on diagnostic biopsies, predicts intrinsic
chemosensitivity to anthracycline-taxane regimens. In TNBC, the model identifies
patients likely to respond to standard chemotherapy alone, supporting de-escalation
from carboplatin or pembrolizumab; conversely, low predicted chemosensitivity may
guide escalation or trial enrolment. In luminal ER+/HER2— tumours, poor predicted
response could inform endocrine-based strategies, while in HER2+ disease, it may

influence early intensification or sequencing of dual HER2 blockade.

A post-NAC residual-disease network, applied to surgical slides, predicts
disease-free survival (DFS) and overall prognosis. High-risk predictions correspond to
residual invasive carcinoma, necrosis, and high-grade cytology; low-risk profiles

reflect fibrotic regression and minimal residual tumour.

e Chapter VI - General discussion. The final chapter synthesises the conceptual and
methodological results of this work. It emphasises that while tumour morphology does
encode actionable biological information, its predictive power is inherently
context-specific, limited by data provenance, cohort heterogeneity, and evolving
therapeutic standards.

The discussion argues that digital pathology is transitioning toward a
companion-diagnostic era, where models are validated for specific clinical tasks,
scanners, and contexts rather than as universal predictors.

It also outlines future research directions: large-scale multicentric validation,
multimodal integration with spatial transcriptomics and proteomics, uncertainty
quantification, and the design of transparent regulatory pathways for clinical Al.
Finally, it positions biologically informed supervision, parsimony, and interpretability

as the key pillars for building trustworthy, clinically relevant Al in pathology.

1.1.2 What this work adds

13



This thesis develops a framework for predicting molecular alterations, treatment
response, and post-therapy outcomes directly from routine histology. Its contributions lie in
showing how morphology-based deep learning can complement existing diagnostic and

therapeutic pathways in precision oncology.

Mutation variant-level modelling: connecting morphology to therapeutic actionability

Most prior image-based mutation-prediction studies treat gene-level mutation status as a
single binary endpoint, overlooking the clinical reality that therapeutic decisions depend on

specific variants rather than genes as a whole.

In this thesis, the MultiVarNet framework introduces variant-aware supervision, decomposing
each gene into its protein-specific alterations (e.g., KRAS p.GI12C, BRAF p.V600E, IDHI
p-RI32H, PIK3CA p.E545K). This fine-grained approach reveals that morphological
correlates are stronger when training aligns with functionally distinct variants, improving
discrimination and interpretability without architectural complexity. Clinically, this shift

mirrors precision-therapy logic:

e KRAS p.G12C mutations are now druggable with covalent inhibitors such as sotorasib
or adagrasib'>'3® but other KRAS variants (p.G12D, p.G12V) remain resistant.

e BRAF p.V60OE is actionable across multiple organs with BRAF/MEK inhibition,
while non-V600 mutations are not.

e PIK3CA activating variants (E545K, H1047R) guide the use of alpelisib in
HR-positive breast cancer.

e IDHI p.RI32H defines glioma subtypes eligible for IDH1 inhibitors (ivosidenib,

vorasidenib).

By learning variant-specific morphological cues, MultiVarNet could therefore support
front-line triage: flagging likely drug-eligible cases when sequencing is unavailable, delayed,
or economically constrained. The method does not replace genotyping, but provides a
low-cost, scalable prescreen that prioritises confirmatory testing, particularly valuable in

low-resource or time-sensitive settings.

Defining the boundaries of morpho-molecular generalisation

Throughout Chapter IV, we explored the unique morphological nature of each variant-cancer

pair. Pairwise cross-cancer tests and Leave-One-Cancer-Out (LOCO) domain-adversarial

14



training largely failed to generalise for PIK3CA and TP53, with the notable exception of
IDH1 across LGG/GBM, tumours with shared lineage and histology'. Even with
gradient-reversal, encouraging tissue-invariance did not rescue performance, suggesting that
mutation-linked morphology is tissue-program bound and potentially
microenvironment-dependent®. This limited transferability may also reflect mutation clonality
and subclonality, which could influence the strength and visibility of morphological
correlates: clonal driver mutations are more likely to shape consistent histopathological
patterns than heterogeneous subclonal variants. These findings caution against universal
“pan-cancer” claims and strongly support the development of problem-specific, context-aware

models!6%1,

From morphology to therapy: guiding neoadjuvant and post-NAC decisions

The clinical translation of this work materialises through two independent yet complementary
frameworks:
1. Chemo-prAldict Breast: predicting intrinsic chemosensitivity from diagnostic biopsies
before neoadjuvant chemotherapy (NAC).

o In triple-negative breast cancer (TNBC), the tool identifies patients likely to
respond to standard anthracycline-taxane backbones, potentially avoiding
unnecessary carboplatin or pembrolizumab escalation when predicted pCR
probability is already high.

Conversely, low predicted chemosensitivity may justify treatment
intensification, such as the addition of platinum salts, immune checkpoint
blockade °, or inclusion in novel-agent trials.

o In luminal ER+/HER2- tumours, poor predicted chemosensitivity could
support chemotherapy de-escalation in favour of endocrine-based neoadjuvant
strategies (e.g., CDK4/6 inhibitors + Al), consistent with the European Society
of Medical Oncology (ESMO) 2023 guidance.

o In HER2+ disease, the model may inform early use of dual HER2 blockade
(trastuzumab + pertuzumab) or alternative sequencing of taxane phases.

2. Hence, Chemo-prAldict Breast could act as a baseline precision-triage tool, optimising
treatment intensity before systemic therapy begins.
3. Post-NAC residual-disease analysis applied to surgical specimens after therapy to

predict disease-free survival (DFS) and overall prognosis.
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o High-risk predictions correspond morphologically to residual invasive tumour,
necrosis, and high nuclear grade, features aligned with poor outcomes despite
current regimens.

o Such patients could benefit from adjuvant escalation: capecitabine, olaparib for
BRCA1/2 carriers, or T-DM1 in HER2+ disease **.

o Conversely, patients with low predicted risk, often with fibrotic regression and
minimal residual invasion, might be candidates for therapy de-escalation or

shorter adjuvant durations.

Together, these two frameworks delineate a continuum of Al-driven decision support:

e Chemo-prAldict Breast informs what treatment to start;

e The residual-disease model informs what treatment to continue or stop.
Both rely solely on standard Hematoxylin and Eosine (H&E) slides, removing the logistic and
cost barriers of molecular assays, and thus could realistically integrate into multidisciplinary

tumour-board workflows.

Human-centred interpretability and biological consistency

A pathologist-guided interpretability pipeline confirmed that both networks base their
predictions on morphologically credible features (cellularity, nuclear pleomorphism, fibrosis,

necrosis) rather than artefactual cues.

The recurrence of these motifs across pre- and post-treatment contexts implies that tumour
micro-architecture reflects stable biological traits influencing both chemosensitivity and
recurrence risk. For instance, a dense fibrotic stroma is adverse before therapy (reflecting
poor drug diffusion) but favourable after therapy (marking regression), a duality consistent

with histopathological regression frameworks ’.

This observation opens new research avenues: whether the same stromal or immune
signatures observed morphologically correspond to transcriptomic programmes (e.g.,
TGF-B-rich fibrosis, interferon-y-driven immune response) measurable by spatial-omics or

proteomics.

Methodological transparency and analytical reproducibility
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Each network was trained under a fully transparent analytical-validation framework: fixed
data partitions, nested cross-validation, independent external validation, class-imbalance
correction, and pre-defined evaluation metrics (AUC with 95% CI, p-values, and calibration).
Such rigour ensures that results are analytically valid and not artefacts of split leakage or
overfitting. This procedural clarity positions these models not as prototypes but as analytical

tools ready for further testing and on the path for regulatory-grade validation.

Publications throughout this DPhil

e Morel, LO. et al.,. (2024). MultiVarNet - Predicting Tumour Mutational Status at the
Protein Level. In: Linguraru, M.G., et al. Medical Image Computing and Computer
Assisted Intervention — MICCAI 2024. MICCAI 2024. Lecture Notes in Computer
Science, vol 15003. Springer, Cham. https://doi.org/10.1007/978-3-031-72384-1 30

e Sylvain Ladoire et al., (ASCO Abstract, 2025) Chemo-praidict eBC. J Clin Oncol 43,
e15156-e15156(2025). DOI:10.1200/JC0O.2025.43.16_suppl.e15156

e Morel LO et al., (2025). Chemo-prAldict Breast: a deep learning solution for

predicting residual disease on biopsies of breast cancer patients treated with

neoadjuvant chemotherapy. European Journal of Cancer, vol. 234. 5 February 2026,
116222. https://doi.org/10.1016/j.ejca.2026.116222

Other publications

e Nicolas Dumas, Valentin Derangére, Laurent Arnould, Sylvain Ladoire, Louis-Oscar
Morel, Nathan Vingon (2022). Inter-Semantic Domain Adversarial in
Histopathological Images. https://doi.org/10.48550/arXiv.2201.09041

e Morel, LO., Derangere, V., Arnould, L. et al. Preliminary evaluation of deep learning
for first-line diagnostic prediction of tumor mutational status. Sci Rep 13, 6927
(2023). https://doi.org/10.1 41598-023-34016-
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1.2 Introduction and literature review

Breast cancer is the leading cause of cancer-related deaths for women in Europe and
worldwide®. In 2018, 2.1 million women were newly diagnosed with breast cancer worldwide
according to the World Health Organization, causing the death of 630,000 women®.

Numerous risk factors for breast cancer are divided into two main categories:
reproductive and nonreproductive. It's crucial to consider these factors as they can influence
how patients are managed. Among reproductive risks, factors such as early onset of
menstruation, delayed menopause, usage of oral contraceptives, and external hormone
therapies are known to heighten breast cancer risk'’. Conversely, breastfeeding for an
additional 12 months reduces the risk by 4%, and each full-term pregnancy lowers it by 7%.
Women with children have a 30% decreased risk compared to those without children''. On the
non-reproductive side, age and genetic predisposition are significant. About 80% of breast
cancer cases occur in women over 50, and 5% are linked to genetic factors. Obesity tends to
decrease the risk by 20% in premenopausal women but doubles the risk in postmenopausal

women'2.

Breast cancer management follows a three-step approach. The first step is screening,
which enables the early identification of breast cancer. If an anomaly is detected, a sample is
collected through a core needle biopsy. This sample is used to determine whether it is
cancerous and to identify its type based on the microscopic analysis of the tissue (histology)
and molecular characterisation. Following this diagnosis, the third step involves treatment and
follow-up.

The European Commission Initiative on Breast Cancer (ECIBC) recommends a
mammography screening for women aged 50-69 at average risk every 2 years. A review of
randomized controlled mammography trials in the UK estimated a 20% relative reduction in
breast cancer mortality among women aged 50-70. Furthermore, recent research has shown
that initiating screening at 40 years old could reduce breast cancer mortality by as much as
50%13715.

Diagnosis is determined through histological analysis. Utilizing this characterization,
pathologists differentiate between benign lesions and carcinoma. In the morphological
examination of breast carcinoma, two crucial assessments are made. The first is to ascertain

whether the tumour is confined to the ductal-lobular system (carcinoma in situ) or has
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penetrated the surrounding stroma (invasive carcinoma). The second determination is whether
the carcinoma is of the ductal or lobular variety. The ducts and lobules are key components of
breast anatomy, particularly involved in milk production and delivery. As shown on Figure 1,
ducts are tube-like structures in the breast that transport milk from the lobules, where it is
produced, to the nipple. During breastfeeding, milk flows through a network of these ducts to
reach the nipple and feed the infant. Lobules are also known as mammary glands. They are
the milk-producing glands in the breast. Each breast contains hundreds of lobules. They
produce milk in response to hormonal signals, particularly during pregnancy and
breastfeeding. Both ducts and lobules are supported by connective tissue and fat within the

breast, and they play crucial roles in the breast's primary function of lactation'.

Intralobular
terminal duct

Terminal duct Lobule

lobular unit

Extralobular
terminal duct

Duct

:| Nipple

Fatty Tissue

Lobe

Figure 1: Anatomy of the human breast and organisation of the ductal-lobular system.

Schematic representation of the macroscopic and microscopic structures of the breast. The
breast is composed of multiple lobes separated by fatty tissue, each lobe containing several
lobules that converge toward the nipple through a ductal system. Each lobule includes
terminal duct—lobular units (TDLUs), which are the functional and pathological core of breast
tissue. TDLUs consist of intralobular terminal ducts surrounded by clusters of acini (lobules),
which drain into extralobular ducts. Most breast carcinomas originate from epithelial cells
lining the terminal ducts and lobules, making these regions the key sites of malignant
transformation. Understanding this structural organisation is essential for interpreting the

histopathological basis of breast cancer development and its representation in whole-slide
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images. Image adapted from Oliveira, Barbara (2018). “Towards Improved Breast Cancer

Diagnosis Using Microwave Technology and Machine Learning.”

The prognostic significance of the invasive criterion is far more important than the ductal vs
lobular. According to the American Cancer Society'’, invasive breast cancer represents around
80% of the cases. Ductal carcinoma in situ (DCIS), accounting for approximately 20% of all
breast cancer cases, typically offers a favorable prognosis, with most patients achieving
effective treatment outcomes. DCIS makes up about 80% of all in situ breast cancers, and
lobular carcinoma in situ LCIS about 12%. Invasive ductal carcinoma (IDC) is the most
prevalent type of invasive breast cancer, comprising about 70-80% of all invasive breast
cancer cases. In contrast, invasive lobular carcinoma (ILC) accounts for approximately
10-15% of invasive breast cancers. More precisely, the differentiation between in situ and
invasive is defined through the AJCC (American Joint Committee on Cancer) staging
system'®. It uses the TNM classification to describe the extent of cancer spread. "T" denotes
the size of the tumour and whether it has invaded nearby tissue, "N" describes the extent of
spread to nearby lymph nodes, and "M" indicates the presence of metastasis to distant body
parts. This staging ranges from Stage 0, which represents non-invasive cancers like DCIS
(ductal carcinoma in situ), to Stage IV, which indicates cancer has spread to other parts of the

body.
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Primary Regional Distant

Stage tumour lymph node metastasis
(T)* status (L) (M)
T- Tumour 0 Tis NO MO
T1 Tumour < 2 em | T1 NO MO
T2 Tumour = 2 cm but 2 5 cm TO N1 MO
T3 Tumour = 5 cm ITA T1 NI MO
T4 Tumour of any size with T2 NO MO
direct extension to chest wall
or skin
N- Lymph node 1B T N1 MO
N0 No cancer in regional node T3 NO MO
N1 Regional movable metastasis IIT A TO N2 MO
N2 Non-movable regional Tl N2 MO
metastases
N3 Cancer in the internal T2 N2 MO
mammary lymph nodes
M- Metastasis T3 N1/N2 MO
MO No distant metastases III B T4 Any N MO
M1 Distant metastases nc Any T N3 MO
v Any T Any N M1

Criteria for staging breast tumours according to the UICC ICD-10 TNM classification.

*Size measurements are for the tumour’s greatest dimension.

Figure 2 : AJCC TNM staging system for breast cancer (8th edition). The TNM

classification (Tumour—Node—Metastasis) summarises the anatomical extent of breast cancer
and remains the cornerstone of clinical and pathological staging. The table outlines the 8th
edition criteria established by the American Joint Committee on Cancer (AJCC), which
combine tumour size (T), regional lymph node involvement (N), and presence of distant
metastasis (M) to define overall stage groups (0-1V). Adapted from the AJCC Cancer Staging
Manual, 8th Edition (UICC ICD-10 TNM classification).

The second crucial histological classification is the SBR (Scarff-Bloom-Richardson) grading
system'®, which evaluates the microscopic appearance of the cancer cells, specifically looking
at three factors: the degree of tubule formation, the rate of mitotic activity (how quickly the
cancer cells are dividing), and the nuclear grade (abnormalities in the size and shape of the
cell nucleus). These factors are scored, and the scores are then combined to assign a grade
from 1 to 3. Grade 1 (well-differentiated) tumours are generally slower growing and have a
better prognosis compared to Grade 3 (poorly differentiated) tumours, which are more

aggressive and have a worse prognosis. Both systems are essential as they provide detailed
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information about the cancer's aggressiveness and spread, helping clinicians to tailor

treatment strategies effectively.

Majority of tumour (>75%) 1

Tubule and gland

P Moderate degree (10—75%

formation e LG T ) 2
Little or none (< 10%) 3
Small, regular uniform cells 1

Nuclear pleomorphism Moderate increase in size and variability | 2
Marked variation 3

n— 0-9 1

Mitotic count

(dependent on microscopic field s

area, e.g. for field area 0.264 mm* sl 2

with field diameter 0.58 mm)
>20 3

Figure 3: Scarff-Bloom—Richardson i system_for invasive breast

carcinoma. The SBR system evaluates tumour differentiation based on three histological
criteria: tubule formation, nuclear pleomorphism, and mitotic count. Each feature is scored
from 1 (well differentiated) to 3 (poorly differentiated), and their sum defines the histological
grade (I-1II). Higher scores indicate poorer differentiation and more aggressive tumour
behaviour. The SBR grade remains a key prognostic factor in breast cancer and a reference for

evaluating Al-based morphological predictions.

Standard pathology reports must also include the identification of several molecular
biomarkers. The most important are estrogen receptor (ER), progesterone receptor (PgR),
human epidermal growth factor receptor 2 (HER2) and a proliferation marker such as Ki-67,
and are assessed by immunohistochemistry (IHC) according to the American Society of
Clinical Oncology/College of American Pathologists guidelines®* and HER2 status®. These
markers define the three molecular categories of breast cancer, (1) HER2-amplified, (2)
HR+/HER2- or luminal tumours, (3) triple negative breast cancer (TNBC).

HER2-amplified tumours have an overexpression of the HER2 protein, which is involved in
cell growth and survival. HER2-positive cancers, accounting for about 20% of cases, are
typically more aggressive but respond well to targeted therapies that inhibit the HER2 protein,

such as trastuzumab (Herceptin) and pertuzumab (Perjeta)”. HER2-low cancers express
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HER?2 but at lower levels and make up approximately 55% of all breast cancers. HER2-low is
defined as IHC 1+ or 2+ and in situ hybridisation (ISH) negative in metastatic disease®.
Although HER2-low status is currently only relevant in the metastatic setting, current ESMO
guidelines recommend reporting it in early breast cancer (EBC) as a basis for possible future
therapeutic decisions, including novel agents such as antibody-drug conjugates (ADC)*.
Luminal tumours express hormonal receptors but not the HER2 protein (HR+/HER2-). They
account for 70-75% of all breast cancer cases”. We distinguish luminal A tumours from
luminal B. Luminal A tumours usually have higher levels of hormone receptor expression
compared to luminal B tumours, are typically low grade, HER2 negative and have low
proliferation (low ki-67, usually under 10%). Luminal B tumours display hormone receptor
positivity; however, they can show varying levels of estrogen receptor (ER) and progesterone
receptor (PgR) expression. They are often of higher grade and exhibit increased proliferation
compared to tumours classified as Luminal A®. Luminal tumours do not respond well to
chemotherapy, as only a small subset of tumours can achieve a pathological complete
response (pCR)' after treatment®**.

Triple negative breast cancer represents a heterogeneous group of breast cancers that lack
expression of ER, PgR, and HER2. It constitutes about 15-20% of all breast cancer cases.
TNBC can be further classified into molecular subtypes based on gene expression profiles,
including basal-like, claudin-low, androgen receptor-positive, and mesenchymal stem-like
subtypes®. It is typically associated with a poorer prognosis compared to other breast cancer
subtypes due to its aggressive nature, higher rates of metastasis, and limited targeted treatment
options. However, recent advances in treatment protocols have significantly improved its
prognosis. For instance, the baseline pathologic complete response rate has increased from
35% with traditional cytotoxic chemotherapy utilizing anthracyclines and taxanes, to 50%
with carboplatin regimens (paclitaxel)®’, and even up to 63% with pembrolizumab + paclitaxel

escalation in the KEYNOTE-522 clinical trial®.

! A pathological complete response is defined as the microscopic disappearance of the tumour on the tissue after
chemotherapy (pTONO).
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1.2.1 Early Breast Cancer (eBC) management in a neoadjuvant setting and

residual disease stratification

Treatment recommendations for early breast cancer are tailored to each patient's
histological and molecular profile. Locoregional treatment often involves breast conserving
surgery, followed by postoperative radiotherapy to target any remaining cancer cells. The
decision regarding (neo)adjuvant systemic treatment is informed by factors such as the
individual's risk of relapse and the predicted sensitivity to different treatment modalities. This
may include chemotherapy, hormone therapy, targeted therapy, or a combination thereof,
aiming to reduce the risk of recurrence and improve long-term outcomes. By integrating both
locoregional and systemic approaches, clinicians strive to optimise treatment strategies while
minimising the risk of disease progression.

Adjuvant or neoadjuvant systemic chemotherapy is a standard treatment for high-risk
early breast cancer (eBC) and consists of performing chemotherapy after or before the
surgery, respectively. Patients with HER2-amplified or triple negative (TNBC) breast cancer
are recommended to receive chemotherapy in the vast majority of cases, and when there is a
significant risk of metastatic relapse for ER+/HER2- tumours. The decision to administer
systemic chemotherapy, either in an adjuvant or neoadjuvant setting, is made by oncologists

! can be

based on individual patient risk factors for relapse. A neoadjuvant chemotherapy®
proposed to the patients in order to reduce the size of the tumour before the surgery, with the
aim to facilitate a conservative surgery, but also to administer systemic treatment very early
on, with the aim of treating any micro metastatic disease as quickly as possible. In the Early
Breast Cancer Trialists’ Collaborative Group (EBCTCG)* meta-analysis, there was no
significant difference between patients treated in a neoadjuvant scheme in terms of distant
recurrence, breast cancer mortality or death from any other cause compared to same standard
adjuvant chemotherapies. Another advantage of NAC is the ability to evaluate the
chemosensitivity of each patient's tumour to the standard chemotherapy on the surgical
specimen: Thus, patients with a pathological complete response (pCR, defined by no residual
invasive cancer cells both in breast and axillary lymph nodes: pT0 and pN0*’) after NAC have
significantly better relapse-free, and overall survival than patients with residual disease (RD)
on the surgical specimen, especially for HER2-amplified and TN breast cancer”.

Patients who achieve a pathologic complete response have a reduced risk of disease

relapse, potentially making them suitable candidates for treatment de-escalation strategies.
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Conversely, individuals with residual disease following surgery are at heightened risk of
disease recurrence and might derive benefit from supplementary post-neoadjuvant
chemotherapy treatments (Figure 4 adapted from Agostinetto et al. (2022)’%). Some systemic
post-NAC therapies have already been approved in clinical practice. For these two
HER2-amplified and TNBC cancer subtypes, patients with a RD can be selected after surgery
for post operative adjuvant treatment intensification with T-DM1 and capecitabine
respectively®®. Concerning HR+/HER2- ¢BC subtype, pCR achievement is much rarer, with
less prognostic impact. Nevertheless, the identification of tumours genuinely resistant to
standard systemic chemotherapy would help direct clinicians toward therapeutic
de-escalation. Recent studies propose combining endocrine therapy with CDK4/6 inhibitors

as a potential approach in this scenario®**”.

De-escalation?
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> T-DM1

PARPi

FE— CDKi 4/6
RCB Il

—_— Immunotherapy

RCB Il

—_—
y

ctDNA and
NGS

Gene
expression

—
m

Figure 4: Simplified overview of the post-neoadjuvant treatment workflow in breast

cancer. After neoadjuvant chemotherapy (NAC), the surgical specimen is examined to

determine whether a pathological complete response (pCR) or residual disease (RD) remains.
Pathologists evaluate multiple parameters, including Residual Cancer Burden (RCB) score,
Ki-67 proliferation index, Tumour-Infiltrating Lymphocytes (TILs), lymphovascular invasion
(LVI), and, when available, genomic or transcriptomic data such as Next-Generation
Sequencing (NGS) or gene-expression signatures. The level of residual disease stratifies
patients into four RCB classes (0-III), which correlate with the risk of recurrence. This
pathological risk assessment directly guides post-neoadjuvant therapy: Patients achieving pCR

(RCB 0) may be considered for treatment de-escalation. Those with residual invasive disease
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(RCB I-III) are candidates for therapy escalation, including adjuvant capecitabine, PARP
inhibitors, T-DM1, CDK4/6 inhibitors, or immunotherapy, depending on subtype and
molecular profile. This figure summarises the decision-making framework underpinning the
residual-disease prediction models developed in Chapter V. Adapted from Agostinetto et al.
(2022).

While the personalised approach based on the status of the post-NAC surgical specimen is
becoming the current gold standard, it also introduces significant risks. For patients who
achieve a pCR, there's a risk of not treating them despite a genuine risk of relapse. This risk
stands at 10% for HER2-positive patients, 15% for triple-negatives and over 20% for
ER+/PR+ patients. For those with residual disease, there's a potential of an unnecessary

therapeutic escalation®*3¢

and thus potential unnecessary adverse events.

It is crucial to identify low-risk residual disease. Firstly, pinpointing patients with a
high residual risk of relapse could lead to a reduction in the sample size required for
(neo)adjuvant trials, thereby reinvigorating clinical research in breast cancer’’. Secondly,
better identification of such patients could narrow the target population for which new drugs
should be approved in the adjuvant setting, resulting in significant cost savings. Approving
drugs based on large randomised trials in broad populations may lead to reimbursement
requests for large populations where most patients do not require the drug, resulting in
substantial additional costs. For instance, if we consider a drug costing 50,000 euros per year
for a disease with an incidence of around 10,000 women/year in France (such as
HER2-positive breast cancer), the annual cost of the drug could reach 500 million euros
without patient selection®®. Thirdly, such identification could significantly reduce toxicity in
women with breast cancer. Finally, it could facilitate the restructuring of healthcare delivery
for breast cancer patients by directing higher-risk patients to comprehensive cancer centres.

To improve this binary stratification, assessment of the surgical specimen after
chemotherapy is now systematic and can include a number of characteristics, such as the
Residual Cancer Burden score (RCB), the Neo-Bioscore, ki67 scoring, TILs, lymphovascular
invasion (LVI), sequencing signature and ctDNA**. However, these biomarkers are
imperfect and lack prognostic value**.

The Neo-Bioscore is derived from the Clinical-Pathologic Stage plus Oestrogen/Grade
(CPS+EQG) staging system. They are designed specifically for HR+/HER2- breast cancer

patients treated with neoadjuvant chemotherapy*’. Neo-Bioscore incorporates HER2 status
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into the previously developed CPS+EG staging. These scores give valuable information by
giving a stratified survival prediction but does not quantify residual disease. It only focuses on
the diagnosis information by integrating the clinical stage, the biopsy pathological stage and
the following tumour markers: ER status, Grade 3 and HER2 status. Although interesting, the

results might lack refinement. As described in Valderrama and Morel et al.'™

, using clinical
information within each molecular subtypes of early breast cancer does not give any
significant information on the therapeutic response. These results validated on 12 cancer
centres are robust and show that the Neo-bioscore accuracy comes from the molecular
stratification rather than the clinical staging.

The RCB scoring system is currently regarded as the gold standard for analysing surgical
specimens after neoadjuvant chemotherapy (NAC). It quantifies residual disease
post-treatment and assigns a continuous score, categorised into four classes (RCB-0 to
RCB-3), to predict long-term survival outcomes. RCB is proven to provide significant
prognostic value across various breast cancer subtypes, thereby enhancing its clinical utility.
However, there is potential for further enhancement. For instance, the univariable hazard ratio
(HR) associated with a one-unit increase in RCB ranges from 1.55 (95% CI 1.41-1.71) for
hormone receptor-positive, HER2-negative patients, to 2.16 (1.79-2.61) for hormone
receptor-negative, HER2-positive groups, indicating variability across subtypes and moderate
performances. Additionally, the evaluation process of RCB scoring can be quite burdensome
for pathologists due to the lengthy and detailed analysis required for each node and surgical
slide.

Gene expression signatures are currently widely used for predicting response to primary
systemic therapy. Genomic tests analyse tumours to see how active or modified certain genes
are. These modifications from normal state affect the behaviour of the tumour, predicting how
likely it is to grow and spread. The Oncotype DX Breast Recurrence Score Test for people
diagnosed with early-stage, oestrogen receptor-positive, HER2-negative invasive breast
cancer®®. Other signatures exist, such as EndoPredict, MammaPrint, Prosigna and others* ™',
but OncotypeDx is the most widely used. The tests vary in the genes they target and the
technologies they use, yet each is capable of identifying a group with low to intermediate risk
who may not need adjuvant chemotherapy. Gene expression assays should be reserved for
cases where clinical risk is intermediate, as determined by ImmunoHistoChemestry (IHC)
biomarkers and clinical factors. It is advisable to use just one type of assay for each patient®.

However, little work has been done with these tests on a neoadjuvant setting. In recent

27


https://www.zotero.org/google-docs/?BVCSwE
https://www.zotero.org/google-docs/?e4hQU9
https://www.zotero.org/google-docs/?hxx0Ye

studies, a high OncotypeDx risk score derived from a pre-treatment tumour sample appears to
correlate with a pathological complete response following neoadjuvant chemotherapy. This
suggests that the score could also be useful for identifying patients who are most likely to
benefit from NAC. However, these molecular signatures seem to be much less efficient in a

10 Moreover, the

neoadjuvant setting compared to solutions predicting pCR using histology
relationship between this score and the risk of relapse, as well as its analysis in post-NAC
surgical specimens, has not yet been established.

Circulating tumour DNA (ctDNA) and circulating tumour cells (CTCs) are two types
of biomarkers detectable in blood samples, often referred to collectively in the context of
"liquid biopsies". Both ctDNA and CTCs offer valuable insights into the nature and
progression of cancer, including breast cancer, though they differ significantly in their origins
and applications™.
ctDNA refers to small fragments of DNA from cancer cells that are found freely circulating in
the bloodstream®. These DNA fragments can be analysed to detect mutations and other
genetic alterations in the tumour, providing information about the tumour's characteristics
without needing a traditional tissue biopsy. The advantages of ctDNA testing include its
non-invasive nature and the ability to provide real-time monitoring of tumour evolution and
response to treatment. In a large meta-analysis™, ctDNA detection was associated with worse
DFS at baseline [HR 2.98, 95% confidence interval (CI) 1.92-4.63], after neoadjuvant therapy
(HR 7.69, 95% CI 4.83-12.24), and during follow-up (HR 14.04, 95% CI 7.55-26.11).
However, the detection of ctDNA may have low sensitivity since it occurs only in a subset of
residual tumours. Nonetheless, due to its inherent characteristics, the specificity of ctDNA
identification will be high. As described by the ESMO meta-analysis, ctDNA detection
sensitivity and specificity for BC recurrence ranged from 0.31 to 1.0 and 0.7 to 1.0,
respectively. The mean lead time from ctDNA detection to overt recurrence was 10.81 months
(range 0-58.9 months).

On the other hand, CTCs are intact cancer cells that have shed from the primary tumour or
metastatic sites and entered the bloodstream. While ctDNA analysis focuses on genetic
material, CTC assays can examine the cells themselves, potentially offering information on
the tumour cells' phenotype and other characteristics. CTCs can also be used to assess disease
burden and are important for understanding the metastatic process, as they are thought to be
directly involved in the spread of cancer to other parts of the body. The Food and Drug
Administration (FDA) recently approved the CellSearch® and mesenchymal CTCs
Parsortix® PC1 systems®. As for ¢cfDNA, CTCs sensitivity is low because of its scarcity in
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peripheral blood. In Trapp et al. (2019)’, 1087 patients were followed for detection of CTCs
2 years after completion of adjuvant chemotherapy. Overall, 43 of 1087 patients (4.0%) died
during the follow-up period and 21 (48.8%) of these patients presented with CTCs at the time
of the 2-year follow-up. As mentioned by the authors “As a standalone tool for intensified
follow-up, CTC counts may prove to be neither sufficiently sensitive nor sufficiently
specific”.

These results are very promising, yet not sufficient. The first drawback is the aforementioned
low sensitivity, but the cost is also becoming a rising issue. As an example, standard
molecular biology tests such as Polymerase Chain Reaction (PCR) or Next Generation
Sequencing (NGS) in non-small cell lung cancer (NSCLC) are often prohibitively
expensive™. This high cost deters physicians from prescribing these tests, adversely affecting
patient care®®. Recent research in NSCLC suggests that nearly half of the patients miss out on
effective targeted therapies due to these financial barriers®. PCR price for EGFR in France is
237.55€ (CCAM quotation). Large NGS panels are €1,503.90 in France (RIHN N453) and
$2,987.85 in the USA (CPT81445/450). FoundationOne CDx is $3,500, Veracyte test
between $3,000 and $4,000, new liquid biopsy test will be around $10,000 to be profitable for
high risk venture capitalists. As described in JAMA, current liquid biopsy screening strategies

are not yet cost effective (here in colorectal cancer)®'.

In conclusion, there are limited options available for enhancing the stratification of
residual disease. Existing methods are predominantly traditional, employing standard
pathological approaches that offer only a basic level of granularity. Alternatively, some
solutions have been developed for different applications and later adapted to address this
specific issue. However, inherently, these adapted solutions are not ideally suited for this
purpose and tend to deliver suboptimal performance.

In recent years, deep learning techniques have been increasingly applied to various
image analysis tasks in digital pathology, including detection and subtyping of tumours,
counting cells, classifying cell types, and RNA sequencing®®. These methods have also
demonstrated potential in predicting mutational status from digitised, hematoxylin and
eosin-stained (H&E) tissue in whole slide images®® (WSI). Such technologies could be pivotal
for refining diagnostic accuracy and treatment precision. By employing deep learning for WSI
analysis, clinicians could gain deeper insights into the histological and molecular profiles of
tumours, which is crucial for tailoring patient-specific therapeutic strategies. This approach

not only promises to enhance the evaluation of chemosensitivity and tumour behaviour but
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would also support the ongoing shift towards more personalised and effective cancer care.
Ultimately, integrating deep learning with current diagnostic practices could significantly
improve outcomes by enabling more accurate predictions of treatment response and relapse,
thus optimising both locoregional and systemic treatment plans for patients with early breast
cancer. During the course of this thesis, we will extensively utilise these methodologies to
improve the stratification of the breast cancer residual disease after neoadjuvant systemic

therapy.
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1.2.2 Predictive deep learning for histopathology

The advent of digital pathology, propelled by advancements in slide scanning
technology since the early 2010s, has revolutionised medical diagnostics. This transformation
has been further accelerated by the deep learning boom since 2012, fostering a surge in
literature focused on automating medical diagnosis processes. These technological
advancements have paved the way for more precise and efficient analysis methods, which are
essential in the fight against diseases.

The initial models in digital pathology relied on manually extracted features, such as
colour, intensity, and texture, attributes well-known to pathologists®®. Following this, a second
generation of models emerged, which were more refined and utilised characteristics
traditionally evaluated by medical experts. These models analysed aspects such as the size
and appearance of nuclei and the presence of perinuclear vacuoles, incorporating prior human
knowledge into their frameworks®”. Deep Convolutional Neural Networks (DCNNS),
introduced in pathology image analysis by Ciresan et al. (2013)", excel in automatically
extracting morphological features directly related to diagnostic tasks, without requiring
detailed human input. This capability not only streamlines the analytical process but also
unveils characteristics previously unrecognised by human experts, offering potentially better

predictions of tumour types.
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Figure 5: Deep Learning Pipeline for Survival Prediction. A. Preprocessing and
Embedding: The core component of any deep learning algorithm in computational pathology
(used for segmentation, cancer classification, or various virtual molecular biology tasks). This
stage involves preprocessing the WSI, highlighted in parts 1 and 2, where slides are
preprocessed to extract relevant patches. In part 3, each patch is transformed into an
embedding, which is then input into a multi-layer perceptron (MLP) to predict the desired
outcomes. B. Weakly-Supervised Learning Framework: This framework involves the
prediction for individual patches as outlined in part 4, followed by the aggregation of scores
from all patches into a single descriptor for the slide, as shown in part 5. This step is crucial
for synthesising localised data into a global prediction metric. C. Event Prediction for
Clinical Outcomes: Specific to survival and relapse prediction, this final part integrates the
slide descriptor into a survival prediction model to assess the risk of clinical events, such as
patient survival or relapse, as depicted in part 6. Each of these sections represents a distinct
research domain within computational pathology, offering multiple methodologies to enhance

the performance of the overall framework.

DCNNs mimic the human visual cortex's hierarchical structure, allowing for nuanced

analysis of histology images’'. Their ability to discern subtle differences in tissue structure is

vital for identifying pathological changes. The first significant applications were a mitosis

detection model and a breast cancer diagnosis model™ trained on H&E stained whole slide

images (WSI), demonstrating the potential of DCNNSs in practical diagnostic settings. Despite
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their capabilities, DCNNs face challenges due to the immense size and complexity of digital
biopsy images, often requiring the division of these images into smaller segments called
patches. Histopathology images are notably large, often reaching gigabytes in size with
dimensions up to 100,000 x 100,000 pixels, captured at various microscopic zoom levels.
DCNNs like EfficientNet are typically designed to process much smaller images, such as
224x224 pixels for EfficientNetBO or 600x600 for EfficientNetB72. Consequently, each
histopathology slide is divided into numerous smaller segments, known as patches (part 2,
Figure 5.A). These patches facilitate the automation of tasks traditionally performed by
pathologists, enabling localised annotation and performance assessment of the automated
systems (part 3, Figure 5.A). Unfortunately, annotating each individual patch is overly
labour-intensive and not feasible for large-scale application, highlighting the need for more
efficient approaches in this field. Furthermore, these localised annotations are not necessarily
obtainable, particularly when one wishes to predict characteristics not known by doctors, such
as for the classification of new disease subtypes or the prediction of a prognosis or a
mutational status (obtained by molecular biology).

Recent developments have seen an increase in the use of weakly supervised learning
(WSL) and multi-instance learning (MIL) to manage the vast amount of unlabeled data in
digital pathology”. These methods, which aggregate patch-level predictions to infer
slide-level diagnoses, are essential for analysing WSI where exhaustive labelling is
impractical. Weakly-Supervised Learning corresponds to the identification of suspicious
regions of a WSI image when the training data only contains labels at the scale of the overall
image. In this context, WSIs are treated as groups of patches, or tiles, of which the package
which constitutes their aggregation has a unique label, for example “healthy”, “cancer”,
“PIK3CA mutation” (part 4, Figure 5.B). The aggregation of these patches to predict a
global label (part 5, Figure 5.B) is called “Multi Instance Learning” (MIL)™7. Traditionally,
in the MIL framework, a collection of instances, or a 'bag', is classified as positive if at least
one instance within the bag, such as a patch in histopathological analysis, is labelled positive.
However, this classification criterion may vary based on the specific histological features or
output being predicted. The objective in this context is to utilise bag-level labels to deduce a
set of instance-level rules that can accurately classify individual patches. In the realm of
cancer biopsy image analysis, the ability to establish such rules is crucial for pinpointing
localised regions containing abnormal cells within large-scale Whole Slide Images.
Consequently, even when a slide is globally labelled, this approach enables the identification

of heterogeneity within the slide, distinguishing areas of tumour tissue from healthy regions.
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This method not only enhances the precision of diagnostic processes but also provides a
nuanced understanding of the tissue’s pathology. Various aggregation methods are used,
including averaging scores, median scores, calculating the 90th percentile, or employing
additional neural networks to optimise patch aggregation for predicting the slide’s overall
label’®””. Recent studies have demonstrated that the application of WSL and MIL yields
impressive results for identifying specific areas in biopsy images. Nonetheless, strongly
supervised models typically outperform weakly supervised counterparts in tasks where
localised annotations provided by medical experts are available. For instance, on the
Camelyonl6 challenge, which focuses on the detection of breast cancer metastases, the
state-of-the-art”” strongly supervised model achieves an Area Under the Receiver Operating
Characteristic curve (AUC) of 99.3%. In contrast, weakly supervised learning approaches on
the same dataset reach only 91.4% AUC without detailed annotations®. However, there are
numerous research questions in histology, such as predicting gene expression from
transcriptomic data and other previously cited examples where the relevant markers may not
be visually discernible on the slide. In these scenarios, while annotations might highlight
useful regions of interest, they alone are insufficient for resolving the task. Thus, weakly
supervised learning becomes indispensable, serving as a crucial methodology for advancing
machine learning applications in histology®'.

To reduce the difference in performance between weakly supervised learning (WSL)
and strongly supervised learning, Dehaene et al used “Self-Supervised Learning” (SSL)
techniques (part 3, Figure 5.A)%. One significant limitation of WSL is that its neural
networks are pre-trained on varied semantic domains. For example, DCNNs pre-trained on
ImageNet are primarily skilled in recognizing animal images. The filters they learn are
specialised for this task. Although it is possible to fine-tune the weights of these DCNNs to
better suit specific tasks, SSL offers the advantage of enabling unsupervised pre-training on a
large dataset of cancer images. This significantly enhances the semantic relevance of the
filters learned, leading to a marked improvement in prediction performance at the core of the
“foundation models” revolution. For instance, using this approach on the Camelyonl6
dataset, the AUC improved from 91.4% to 98.7%, as reported by Dehaene et al. in 2021.
Many techniques in the SSL field have been developed, such as the MoCo, SimCLR, SWAV
and the new foundation models which are pre-trained on millions of histology images®**.

The last part of our pipeline (part 6, Figure 5.C) is dedicated to the main goal of this
thesis, which concentrates on predicting overall survival (OS) and disease-free survival (DFS)

in patients with early-stage breast cancer. By doing so, we introduce an additional layer to
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deep learning-based histology analysis by integrating survival analysis with computer vision
techniques. As it complexifies the analysis workflow and data acquisition, literature is rarer
and more exploratory than the standard WSL framework.

Survival analysis is a statistical method® traditionally used in medicine to determine
the probability of an event of interest (often time-to-event data such as death or relapse) over
time. It allows us to analyse a proportion of population surviving up at a given time, the rate
at which a population is dying and helps understand the impact of covariates on survival or
find differences between populations. In the context of oncology, survival models are crucial
for predicting patient outcomes based on clinical and pathological data, with the overall goal
to distinguish between subsets of patients based on their characteristics (either clinical data or
image-based features). A good example of this is provided by Wulczyn et al. (2020)*°, where
they used a deep learning method to stratify patients in two categories depending on their

prognosis (Figure 6).
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Figure 6. Kaplan—Meier survival curves illustrating risk-group stratification. Example of

Kaplan—Meier analysis showing survival probability over time across three risk categories
(low, medium, high). Each curve represents the cumulative proportion of patients surviving
beyond a given time point, with steeper declines indicating poorer outcomes. The separation
between curves demonstrates effective prognostic discrimination, a principle used throughout

this thesis to evaluate survival-prediction models. Adapted from Wulczyn et al., 2020.

Survival analysis or time-to-event analysis is complex, as it has its own methodologies
and that complete data is not always available. Indeed, participants may be followed for
shorter periods than the study, they can drop out, they can die (considering the outcome is not

death). Missing data in survival analysis is normal and introduces the concept of censoring.

35


https://www.zotero.org/google-docs/?Fky9Gt
https://www.zotero.org/google-docs/?XpFmIJ

Censoring refers to a situation where the exact time of the event of interest (such as death,
failure, relapse, etc.) is not known for some subjects in the study. Censoring can occur in
several forms:

e Right Censoring: This is the most common type of censoring in survival analysis.
Right censoring happens when the study ends, or a participant drops out before
experiencing the event of interest. The exact time of the event is unknown but is
known to occur after the last observed time.

o Left Censoring: Left censoring occurs when the event of interest has already
happened before the participant enters the study. In this case, the exact time of the
event is unknown but is known to have occurred before a certain time.

e Interval Censoring: Interval censoring occurs when the event is known to have
happened between two time points, but the exact time is unknown. This is often the
case in medical follow-ups where patients visit at scheduled intervals.

e Random Censoring: Random censoring assumes that the reason for the censoring is
independent of the survival prospects or any other variables. This type does not
systematically bias the survival times.

Censoring can complicate the analysis because the exact event times are not known for all
subjects. However, it is a critical concept because it reflects a realistic aspect of longitudinal
and survival studies. Ignoring censored data or incorrectly handling it can lead to biassed
estimates and conclusions. Survival analysis methods are specifically designed to handle
censored data effectively. Indeed, they make use of censored data in the estimate of the
probability of event. They assume that censoring is independent or unrelated to the likelihood
of developing the event of interest, hence participants whose data are censored would have
the same distribution of failure times if they were actually observed®. Survival methods
estimate survival functions for a given sample. These methods are used for risk stratification
which will help pathologists design classifications as for cancer staging and cancer grading.
The integration of deep learning into survival analysis, especially in the analysis of
histological slides, has created new opportunities for more accurate and personalised
prognostic evaluations. However, this approach extends beyond simple binary classification.
As previously mentioned, some patients may not experience the event of interest by the
study's conclusion, or they may be lost to follow-up during the study period. These instances
are referred to as right-censored data, which must be carefully considered in our analysis.

Traditional regression models are inappropriate as they would require omitting right-censored
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cases. Similarly, binary classification models, which might categorise patients as alive or dead

after a certain number of years, fail to utilise the actual survival times effectively.

The most common method of modelling survival is the Cox Proportional Hazards
(CPH) model®™. It is a statistical technique used to explore the relationship between the
survival time of patients and one or more predictor variables, working as a regression model.
In this model, the hazard function is assumed to be a baseline hazard function, multiplied by a

function of the covariates (predictor variables):
h {f. :{] = h-[:.“:l (:}:pf_dlff-_ i J!_}:{:} | _;'J!ﬁ“_‘ P}

Where:
® /(t, X) is the hazard at time t for a given vector of covariates X.
e /0(t) is the baseline hazard, representing the hazard for an individual with all
covariates equal to zero.

e [1 ,82.....0p are the coefficients of the covariates X1, X2,...Xp. Can be represented as
BTx.

The model is called "proportional hazards" because the effect of an increase in a predictor
variable is to multiply the hazard by a factor that is constant over time, meaning the hazards
for different individuals are proportional. The Cox Proportional Hazards model remains a
cornerstone in survival analysis due to its robustness and the detailed insights it provides into
the effects of various covariates on survival times. It is widely used across many fields of
research, particularly in clinical studies to determine the influence of treatment procedures or
other risk factors on patient outcomes. However, these models often require assumptions
about the data’s hazard functions and may not capture complex interactions in
high-dimensional datasets, such as those derived from histological slides. For instance,
traditional Cox models can only handle the linear condition in the risk function®. DeepSurv®
method has been proposed to replace the exponential part B™ by a multilayer perceptron
(MLP). However, this model was designed for structured data such as clinical tables. Zhu et
al.”” added a convolutional part before the fully connected layer predicting the risk to generate

better image-based features for the survival prediction task, as shown by Figure 7.
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Figure 7. DeepConvSurv_architecture for image-based survival prediction. Schematic

representation of the DeepConvSurv model, a convolutional neural network (CNN) designed
to predict patient survival directly from histopathological image patches. The network
sequentially applies convolution and max-pooling operations to extract multi-scale
morphological features, followed by fully connected layers producing a single continuous risk
score. Unlike standard CNN classifiers, DeepConvSurv optimises a negative partial
log-likelihood loss, adapting the Cox proportional hazards framework for survival analysis.
This approach exemplifies direct end-to-end prediction of prognostic risk from pathology
images, as referenced in this literature review.

Adapted from Zhu et al., DeepConvSurv: Deep Convolutional Neural Networks for Survival
Analysis, Bioinformatics, 2016.

As the main approach in survival prediction uses coxPH derived models as a loss
function, some authors suggested developing other losses. The concordance index (C-index)
is the predominant metric used in time-to-event prediction models, calculated as the ratio of
concordant pairs to the total number of possible pairs for assessment. A pair is deemed
concordant when the model accurately predicts that one patient is at higher risk than another.
The C-index is 1 in the case of perfect ordering and 0.5 for random sorting. For deep learning
models, the loss function must be differentiable to facilitate efficient training using
gradient-based optimizers. Meier et al. (2020)* designed two specific losses to train their
NNs : 1) the Uno loss to maximise the concordance index, which specifically considers the
ability of the model to rank patients by their survival times accurately, and ii) the Logrank
loss, based on the Logrank test statistic, which is used to compare the survival distributions
between groups divided based on their predicted risks. Its optimization focuses on
maximising the difference in survival times across these groups, aiming to create a model that
is effective at distinguishing between different risk levels in a way that is statistically

significant in terms of survival curves. If the new approaches are interesting, comparisons
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between DeepSurv derived methods and C-Index or Logrank test optimization lack sufficient
literature. They are very similar as the first one predicts the risk score directly (without the
linearity assumption of the traditional CoxPH method) and the latter emphasises the model's
ability to rank patients accurately according to their risk of an event, which is based on the
risk score.

DeepHit” is a more recent approach that takes a different path by focusing on directly
predicting the survival time distribution for each individual, rather than modelling the hazard
function or relative risks. DeepHit uses a multi-task learning setup where one part of the
network predicts the survival time distribution across discrete time intervals, and another part
may predict auxiliary tasks like the cause of death in competing risk scenarios. It aims to
model the entire survival distribution rather than just the hazard function. This allows it to
provide detailed predictions about the likelihood of survival at each time point, which is

particularly useful in medical settings where detailed time-to-event predictions are needed.

While deep learning models offer significant advancements in survival prediction,
they also present challenges such as the need for large annotated datasets, computational
complexity, and the interpretability of the model outputs. Furthermore, the integration of such
models into clinical practice requires rigorous validation and explanation to ensure they
provide reliable and actionable insights. Future research in this area could focus on improving
the interpretability of deep survival models, integrating multimodal data (e.g., combining
histological images with genetic information), and developing federated learning approaches
to train models on decentralised datasets while maintaining patient privacy. Over the past
decade, digital pathology has rapidly evolved, and deep learning now enables us to extract
prognostic and therapeutic signals directly from routine histological slides, a shift we

explored here through the lens of post-NAC breast cancer specimens.

1.2.3 Research aims

The aim of this research is to better characterise the residual disease (RD) on surgical
specimens (SS) of breast cancer patients after neoadjuvant chemotherapy (NAC) using a deep
learning approach that utilises histopathological information. Our goal is to better stratify
patients according to their risk of recurrence and survival. The characterisation of the residual

disease must be fine-tuned and take into account tumour heterogeneity (molecular subtypes
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and if possible genomic alterations). The ultimate goal would be to apply these insights

clinically to improve patient treatment plans.
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1.3 Proposed plan

A vital consideration is that neural networks, which derive predictions from Whole Slide

Images (WSI), are essentially 'black boxes'. They have several limitations, such as sensitivity

to data shifts and adversarial examples and an inability to explain their predictions. These

issues are key roadblocks for the incorporation of predictive Al into clinical practice, as they

undermine the trust clinicians place in such systems. In this thesis, we plan to develop a deep

learning pipeline dedicated to analysing Whole Slide Images (WSIs) of tumours. Our

methodology aims to encompass a comprehensive scope to align closely with clinical

practice. To achieve this, our strategy will follow three interlinked pathways:

i)

i)

End-to-end post-NAC surgical specimen stratification: We will design a neural

network that performs end-to-end analysis of post-NAC surgical specimens WSIs,

thereby facilitating stratification using deep learning methodologies.

Integration of Molecular Data and Inference of Missing Molecular Information:

Leveraging available molecular data, we will utilise neural networks to infer absent
molecular biology information based on morpho-molecular correlations. Besides
advancing tissue stratification, our method aims to elucidate potential molecular

underpinnings, bridging the divide between histology and molecular biology.

Identification of Prognostic Correlated Pathological Markers: Our last objective is
to develop a tool that pinpoints markers traditionally used by pathologists that have

the highest correlation with prognosis. Such an endeavour ensures that our solution
maintains a degree of interpretability, essential for both clinical utility and

trustworthiness.
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Chapter 2: Material and Methods.

In this thesis, we will use two main data types as inputs for our prediction tasks: biopsy and
surgical specimens whole slide images. They come from 3 different datasets: the PRIMUNEO
dataset, the Centre Georges Francois Leclerc (CGFL) breast cancer neoadjuvant dataset and
the Tumor Cancer Genome Atlas (TCGA) project. The cohorts and experimental setups are
described in this Material and Methods section. Specific adaptations are covered in the

dedicated sections throughout this thesis.

2.1 Neoadjuvant early Breast Cancer Datasets

Our main task is to stratify the residual disease of post-NAC early breast cancer patients. To
do so, our main dataset are sourced from two distinct eBC patients cohorts: i) the
PRIMUNEO dataset, a French multicentric prospective dataset from the PRIMUNEO study
(ClinicalTrials.gov Identifier: NCT01513408), conducted between May 2012 and February
2015 at different cancer centers in France, and dedicated to the identification of
predictive/prognostic histopathological factors in eBC patients treated with standard NAC
(this study was funded by a grant from the French Ministry of Health PHRC-K2011); and ii)
the CGFL breast cancer neoadjuvant dataset, a retrospective single-center database generated
from the neoadjuvant treated population in a single French cancer center (Centre Georges

Francgois Leclerc, Dijon) between the early 2000s and 2022.

This study was conducted in compliance with the Declaration of Helsinki and received
approval from the Institutional Review Board and the CNIL (French national commission for

data privacy). Informed consent was obtained from all participants and/or their legal

guardians.
Variables PRIMUNEO (N=326) CGFL breast cancer P value
neoadjuvant database
(N=490)
Age, median, range 51[25-79] 5223 - 88] 0.4591
Menopausal status 0.9046
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Premenopausal 163 (52.9%) 246 (53.4%)

Postmenopausal 145 (47.1%) 215 (46.6%)

Missing 18 29

Breast surgery 0.6483
Radical 158 (48.5%) 239 (50.1%)

Conservative 168 (51.5%) 238 (49.9%)

Missing 0 13

Type of NAC <0.001
Others 3(0.9%) 20 (4.1%)

Taxanes 44 (13.5%) 97 (19.8%)

Anthracyclines 2 (0.6%) 81 (16.5%)

Anthracyclines and

taxanes 277 (85.0%) 292 (59.6%)

Ki-67 percentage <0.001
<14% 20 (16.3%) 8 (15.7%)

> 14% and < 30% 33 (26.8%) 15 (29.4%)

>30% 70 (56.9%) 28 (59.9%)

Missing 203 439

Mitotic index <0.001
Low (0 to 6 mitoses) 49 (36.0%) 217 (67.6%)

Medium (7 to 12

mitoses) 37 (27.2%) 59 (18.3%)

High (> 12 mitoses) 50 (36.8%) 45 (14%)

Missing 190 169
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tumour Molecular <0.001
Subtype

HER2+ 80 (24.5%) 220 (44.9%)

ER+/HER2- 138 (42.3%) 156 (31.8%)

™ 108 (33.1%) 114 (23.2%)

ER expression 0.3734
Negative 148 (45.4%) 207 (42.2%)

Positive 178 (54.6%) 283 (57.8%)

PR expression 0.7134
Negative 203 (62.3%) 274 (55.9%)

Positive 123 (37.7%) 216 (44.0%)

Nottingham <0.001
Combined Histologic

Grade

1 6 (1.9%) 45 (9.6%)

2 121 (38.4%) 220 (46.8%)

3 188 (59.7%) 205 (43.6%)

Missing values 11 20

cT stage 0.01947
TO 2 (0.6%) 2 (0.4%)

T1 28 (8.8%) 36 (7.4%)

T2 188 (58.9%) 314 (64.3%)

T3 60 (18.8%) 54 (11.2%)

T4 41 (12.9%) 82 (16.8%)

Missing 7 2

cN stage <0.001
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NO 148 (49.3%) 164 (33.8%)

N1 139 (46.3%) 207 (42.7%)

N2 5(1.7%) 47 (9.7%)

N3 8 (2.7%) 67 (13.8%)

Missing 26 5

cAJCC stage 0.00687
I 16 (5.2%) 13 (2.7%)

I 214 (69.0%) 301 (61.2%)

111 80 (25.8%) 171 (35.3%)

Missing 16 5

pT stage <0.001
TO 81 (26.2%) 101 (20.6%)

T1 133 (43.0%) 262 (53.5%)

T2 69 (22.3%) 102 (20.8%)

T3 20 (6.5%) 23 (4.7%)

T4 6 (1.9%) 2 (0.4%)

Missing 17 0

pN stage 0.2339
NO 197 (60.8%) 261 (53.8%)

N1 77 (23.8%) 132 (27.2%)

N2 37 (11.4%) 72 (14.8%)

N3 13 (4.0%) 20 (4.1%)

Missing 2 5

PAJCC stage 0.7091
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0 81 (25.3%) 111 (22.9%)

I 82 (25.6%) 124 (25.6%)

I 100 (31.3%) 149 (30.7%)

111 57 (17.8%) 101 (20.8%)

Missing 6 5

PCR/RD status 0.01741
RD 245 (75.2%) 402 (82.0%)

pCR 81 (24.8%) 88 (18.0%)

Table 1. PRIMUNEO and CGFL breast cancer neoadjuvant dataset characteristics for
PCR prediction using the initial biopsy.

NAC, neoadjuvant chemotherapy; HER2, human epidermal growth factor; HER2+, HER2-positive; HER2-,
HER2-negative; ER, estrogen receptor; ER+, estrogen receptor positive; TN, Triple Negative; PR, progesterone
receptor; AJCC, American Joint Committee on Cancer; c, clinical; p, pathological; T, tumour; N, node; RT,

radiotherapy; pCR, pathological Complete Response.

Table 1 summarizes the clinical and pathological characteristics of all patients included in the
study. We tested the differences in characteristics between the two datasets and found no
statistically significant difference in menopausal status (P=0.9046), breast surgery type
(P=0.6483), ER expression (P=0.3734), PR expression (P=0.7134) or pathologic node stage
and pathologic tumour stage (pAJCC), with p-values of 0.2339 and 0.7091, respectively.
However, we found statistically significant differences in clinical tumour stage (P=0.01947),
clinical AJCC stage (P=0.00687), the Ki-67 percentage, Mitotic index, clinical node stage and
pathologic tumour stage (P<0.001), Nottingham Combined Histologic Grade (P<0.001),
tumour molecular subtype (P<0.001), NAC treatment protocol (P<0.001), and pCR status
(P=0.01741). Notably, the PRIMUNEO dataset exhibited a higher incidence of patients
achieving pCR compared to the CGFL dataset, at 24.8% and 18% respectively. Regarding
treatment, most of the patients received a combination of anthracycline and taxane therapies,
85% in the PRIMUNEO cohort and 59.6% in the CGFL dataset (‘Other’ category in Table 1

also including intensified treatments combining both anthracyclines and taxanes). All patients
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with HER2 amplification were treated with tailored trastuzumab therapy along with standard
chemotherapy. All patients in our training and validation cohorts were treated before 2022,
i.e. before the widespread adoption in France of KEYNOTE-522-type regimens combining
anthracycline—taxane chemotherapy with carboplatin and pembrolizumab in triple-negative
breast cancer (TNBC), and before routine dual HER2 blockade (trastuzumab + pertuzumab)

in HER2-positive disease. No patient received neoadjuvant carboplatin, pembrolizumab, or

pertuzumab.
Patients in PRIMUNEQ dataset Patients in CGFL Breast Cancer
(n = 500) Neoadjuvant database (n = 640)
Patients excluded in the internal
validation of our approach (n = 62)
1
i A Internal Patients excluded in the external
Validation setup validation of our approach (n = 150)

Patients included in the internal ]
validation of our approach (n = 438) : Without mol
Train and test
split based on
sample origin

laboratory center:

HERZ+ (pCR = 43, RD = 73)
ER+/MER2- (pCR = 20, RD = 171)
TN (pCR = 42, RD = Bg)

Patients excluded in the external
| validation of our approach (n = 112)

Patients from CGFL center (n = 112)
B “Exiernai™
Validation setup
Patients included in the external Patients included in the external
validation of our approach (n = 326) validation of our approach (n = 490)

Train set

Figure 8. Workflow for patient inclusion and dataset partitioning in the PRIMUNEQO

and CGFL Breast Cancer Neoadjuvant cohorts. The flow diagram summarises patient

selection, quality control, and dataset allocation for the internal and external validation setups.
(A) Internal validation: patients from the PRIMUNEO cohort (n = 500) were screened for
eligibility, excluding cases lacking pCR annotations, molecular subtype information, or
adequate image quality. The resulting 438 patients were randomly partitioned into training and
test subsets based on their laboratory of origin to prevent site-specific data leakage.

(B) External validation: to ensure full independence, patients from the Dijon centre

(PRIMUNEO) were excluded from the training pool, and the external test set was composed
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exclusively of patients from the CGFL Breast Cancer Neoadjuvant cohort, coming from Dijon
(n =490).

For each setup, the number of patients with pathological complete response (pCR) or residual
disease (RD) is reported per molecular subtype (HER2+, ER+/HER2—, TNBC). This
workflow ensures reproducible cohort curation, minimises cross-centre bias, and defines the

foundation for the analytical validation presented in later sections.

Following the patient selection procedure to keep all patients with an initial biopsy slide and a
surgical specimen with pCR information, as detailed in Figure 8, our study cohort was
refined to 928 participants from the initial 1140. This included 438 from the PRIMUNEO
dataset and 490 from the CGFL Breast Cancer Neoadjuvant database.

2.1.1 PRIMUNEO Database

A total of 500 patients who received NAC between May 2012 and February 2015 in 12
different cancer centers in France were enrolled in the PRIMUNEO study. Briefly, the main
inclusion criteria were female patients between the ages of 18 and 80 years, with proven
localized breast cancer, regardless of the histological type or molecular subtype
(HER2-amplified, ER+/HER2-, TNBC); treated with standard NAC incorporating taxanes =+
anthracyclines (treatment protocol at the physician's discretion, see Table 1 for more
information). The main exclusion criteria were metastatic breast cancer; neoadjuvant
radiotherapy; patient not amenable to surgery; and ongoing therapy for any other type of
cancer. A total of 438 hematoxylin and eosin (H&E)-stained slides were used from this
dataset; 62 patients were excluded because they met the original PRIMUNEO study exclusion
criteria (n=17) or had no available molecular subtype status (n=15), no available pathological
response report (n=31) or no information of the laboratory origin (n=4) (Figure 8a). Some

patients had more than one exclusion criteria.

Table 2. Describes the repartition of pCR and RD for each molecular subtype in the
PRIMUNEQO dataset. As known in the literature, ER+/HER2- tumours have significantly less
pCR compared to the other type, although it is not as well linked with survival compared to

TNBC or HER2+ tumours.
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HER2+ ER+/HER2- TN
Total
Center patients pCR RD pPCR RD| pCR RD
DITJON 112 13 23 5 48 6 17
STRASBOURG 69 10 3 4 24 9 19
REIMS 48 5 11 3 17 4 8
RENNES 23 2 4 0 6 2 9
NANCY 38 3 8 2 10 7 8
CAEN 34 3 6 0 14 3 8
NICE 26 2 4 4 8 2 6
PARIS 30 1 3 1 12 4 7
TOULOUSE 25 1 3 1 15 3 2
ST CLOUD 23 2 3 0 13 2 3
BORDEAUX 9 1 2 0 4 0 2
CLERMONT 1 0 1 0 0 0 0
TOTAL 438 43 73 20 171 42 89

Table 2. Description of the PRIMUNEO Database, including the number of patients

exhibiting either pathological complete response (pCR) or residual disease (RD), categorized

by the tumour's molecular subtype within each center.

Regarding survival outcomes, Table 3 displays relapse and deaths events for each molecular

subtype for the PRIMUNEO dataset.

Cancer |DFS (0N} Total
Subtype |(censored) DFS (relapse) |Total Patients [(censored) |OS (death) |Patients
HER2+ |92 24 116 108 8 116
HER2-/

RH+ 150 41 191 167 24 191
TNBC |[86 45 131 95 36 131

Table 3. Patients that present the event or are censored in the DFS and OS task stratified by
molecular subtype in the PRIMUNEO dataset.

OS and DFS data distribution in the PRIMUNEO dataset are shown in Figure 9 and Figure

10.
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Figure 9. Distribution of survival events and censoring over time in the PRIMUNEQO

dataset. Stacked area plot showing the number of patients at risk, censored, or deceased at
each monthly interval. “Death” corresponds to the occurrence of the event of interest, while
“Not event” indicates patients still under observation, and “Censored” those lost to follow-up
or whose observation ended before an event occurred. This visualisation illustrates the

censoring pattern and follow-up duration used in subsequent survival analyses.
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Figure 10. Distribution of relapse events and censoring over time in the PRIMUNEO

dataset. Stacked area plot showing the number of patients at risk, censored, or presenting a
relapse at each monthly interval. “Relapse” corresponds to the occurrence of the event of

interest, while “Not event” indicates patients still under observation, and “Censored” those
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lost to follow-up or whose observation ended before an event occurred. This visualisation

illustrates the censoring pattern and follow-up duration used in subsequent survival analyses.

2.1.2 CGFL Breast Cancer Neoadjuvant dataset

The CGFL breast cancer neoadjuvant dataset comprises 1319 digitized WSI of initial
diagnostic tumour biopsies obtained from 640 patients who received NAC between January
2000 and January 2022, some patients having more than 1 slide per tumour. Of these, 150
were excluded. Exclusion was for the following reasons: poor quality WSI (n=5), no
molecular subtype status (n=51) or no available pathological response report (n=110) (Figure
8b). Some patients had more than one exclusion criteria. A more detailed description of this

cohort is provided in Table 1 and Table 4.

Cancer Number of

subtype patients pCR | RD Prevalence
HER2+ 220 47 173 0214
ER+/HER2- 156 6 150 0.038
TN 114 35 79 0.307
Total 490 88 402 0.180

Table 4. CGFL breast cancer neoadjuvant database description according to tumour molecular

subtype.

Regarding survival outcomes, Table 5 displays relapse and death events for each molecular

subtype for the CGFL Neoadj dataset.

Cancer DFS (ON) Total
Subtype | (censored) | DFS (relapse) | Total Patients|(censored)|OS (death) Patients
HER2+ 161 59 220 202 18 220
HER2-/
RH+ 97 59 156 131 25 156
TNBC 57 57 114 91 23 114

Table 5. Patients that present the event or are censored in the DFS and OS task stratified by

molecular subtype in the CGFL Neoadj dataset.
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OS and DFS data distribution in the CGFL Neoad;j dataset are shown in Figure 11 and Figure
12.
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Figure 11. Distribution of survival events and censoring over time in the CGFL Neoadj

dataset. Stacked area plot showing the number of patients at risk, censored, or deceased at
each monthly interval. “Death” corresponds to the occurrence of the event of interest, while
“Not event” indicates patients still under observation, and “Censored” those lost to follow-up
or whose observation ended before an event occurred. This visualisation illustrates the

censoring pattern and follow-up duration used in subsequent survival analyses.
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Figure 12. Distribution of relapse events and censoring over time in the CGFL Neoadj

dataset. Stacked area plot showing the number of patients at risk, censored, or deceased at
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each monthly interval. “Relapse” corresponds to the occurrence of the event of interest, while
“Not event” indicates patients still under observation, and “Censored” those lost to follow-up
or whose observation ended before an event occurred. This visualisation illustrates the

censoring pattern and follow-up duration used in subsequent survival analyses.

When examining the distribution of survival events across the two datasets, notable
differences emerge. In the PRIMUNEO dataset (Figures 9 and 10), the number of death
events is relatively low and occurs more gradually over time, whereas the CGFL Neoadj
dataset (Figures 11 and 12) shows a higher and more immediate incidence of such events,
with more censored events. These differences reflect the nature of the cohorts: PRIMUNEO is
derived from a controlled clinical trial environment, where patient selection criteria,
follow-up protocols, and treatment regimens are standardised and closely monitored. In
contrast, CGFL Neoadj represents real-world clinical practice, where patient populations are
more heterogeneous and may include higher-risk or less tightly managed cases. The higher
event rate observed in CGFL reflects the variability of clinical reality, including factors such
as comorbidities, variable treatment adherence, and differential access to post-operative
therapies. These differences must be considered when interpreting model generalisability and

comparing performance across cohorts.

2.1.3 Internal and External validation study design

The complete flowchart of internal and external validation sets is provided in Figure 8a - 8b.
In order to ensure that the site of origin was not biasing the prediction performance, as
previously shown by Howard et al. (2021)", we used a stratified grouped cross-validation
approach for the internal validation (Figure 13). We used 4 distinct training and test sets
preserving similar pCR prevalence in each subset and without site overlap between a training

set and its associated test set.
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Figure 13. Overview of data partitions. patient distribution, and pathological complete
response (pCR) rates in the internal validation study. Each panel represents one of the four

cross-validation partitions used to train and test the models. Within each partition, patients are
stratified by molecular subtype (HER2+, ER+/HER2—, and triple-negative), and their
corresponding pCR rates (%) are reported for both the training and test subsets. Colours
indicate the contributing pathology laboratories across France, ensuring balanced
representation and mitigating centre-specific bias. This figure illustrates the consistency of

subtype and institutional distribution across folds, supporting robust internal validation.

The PRIMUNEO dataset (Figure 13), comprising 438 patients categorized into HER2+
(n=116, with a 37.1% pCR rate), ER+/HER2- (n=191, 10.5% pCR rate), and TN breast cancer
(n=131, 32.1% pCR rate).
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internal validation study. (A) Disease-Free Survival (DFS) and (B) Overall Survival (OS)
data distributions are shown for each molecular subtype (HER2+, ER+/HER2—, and TNBC)

across the four training and testing partitions used for cross-validation. Each stacked bar
represents the number of patients contributing to the survival analysis, distinguishing between

censored cases (blue and orange) and patients with observed events (red and green). The
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consistent height of bars across partitions demonstrates balanced sampling and equitable
representation of censored and event cases between training and testing subsets, ensuring

methodological robustness for downstream survival modelling.

Figure 14 illustrates the distribution of patient samples per partition across molecular
subtypes (HER2+, HER2—/RH+, and TNBC) for the internal validation. The distributions
show balanced partitioning across folds, both in terms of event occurrence and subtype
representation, which supports the robustness of the cross-validation setup. HER2—/RH+ is
the most represented subtype, followed by HER2+ and TNBC, reflecting their respective

prevalence in the dataset.

For the external validation stage, we used the CGFL Breast Cancer Neoadjuvant database
comprising 490 individuals characterized as follows (Table 5): HER2+ (n=220, 21.4% pCR
rate), ER+/HER2- (n=156, 3.8% pCR rate), and TN breast cancer (n=114, 30.7% pCR rate).

Whole slide images of patients with a pCR were included in the training, but excluded in the

analysis, serving as a data augmentation strategy.
2.2 Complementary datasets

The Cancer Genome Atlas (TCGA)™ is one of the most comprehensive and widely used
resources in cancer genomics, providing large-scale, multi-omics and clinical data across a
broad range of tumour types. The dataset includes high-quality H&E-stained diagnostic slides
from many different cancer types, extensive molecular characterisation (including mutations,
gene expression, methylation, and copy number alterations), and annotated clinical outcomes,
including overall survival. This combination makes TCGA particularly valuable for
developing and benchmarking deep learning models that aim to uncover morpho-molecular
correlates from histology and prognosis predictors. However, it is important to note that
TCGA primarily reflects early-stage, treatment-naive tumours collected at the time of
diagnosis, and is not designed to capture treatment response or long-term real-world
follow-up. As such, while TCGA is ideal for tasks like mutation prediction or molecular
subtype inference from baseline histology, its utility for post-treatment survival modelling or

chemo-sensitivity studies is limited. In this thesis, we leverage TCGA as a training ground for
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inferring molecular profiles (e.g. HRD and PAMS50) but rely on PRIMUNEO and CGFL
Neoadj cohorts for modelling treatment response and survival outcomes in the neoadjuvant
setting. Hence, they are used separately to train models which are then transferred into the
prediction task on the PRIMUNEO or CGFL Neoadj datasets. For more detailed information,
see Chapter 4 Material and Methods section.

2.3 Pathological evaluation

All tissue sections, initial biopsies, and surgical specimens after NAC were examined
microscopically by experienced pathologists (LA, AB, FB). For each patient included in the
study, a tumour block from the initial biopsy and a representative block of residual tumour
was chosen by the reference pathologist in each investigating center. Depending on the quality
of pathological response, this representative block could come from an area of complete
tumoural regression (in case of pCR), an area of partial tumour regression, or an area of
unmodified residual tumour (in case of non-pCR). Pathological complete response (pCR) was
defined as the disappearance of an invasive tumour on the surgical specimen and in the lymph
nodes after NAC (pTO pNO). The pathological response was dichotomized as pCR vs residual
disease (RD).

RD can be subdivided into two groups: "no response" and "partial response". "No response"
was defined as cases where the AJCC stage either remained the same or progressed compared
to the stage at diagnosis. "Partial response" referred to cases where the AJCC stage decreased
but remained above stage 0 compared to the initial diagnosis. Tumour infiltrating lymphocyte
(TIL) quantification, and Residual Cancer Burden (RCB) information were not available in
these two cohorts. The estrogen receptor (ER), progesterone receptor (PR), and HER2 status
were assessed by immunohistochemistry (IHC). HER2 status was defined as positive only
when IHC (3+) or IHC (2+) and HER2 amplification by fluorescence in situ hybridization
(FISH), while breast cancer with IHC (0/1+) or IHC (2+) without HER2 amplification by
FISH were considered as HER2-negative disease. ER/PR positivity was defined as positive
nucleus staining in more than 10% of tumour cells. The nuclear grade was assessed based on
the Nottingham grading system, and clinical staging according to the American Joint

Committee on Cancer (AJCC) classification.
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2.4 Clinical Variables

For all analyses involving clinical information, we compiled a comprehensive set of
patient-level variables describing demographics, tumour biology, pre- and post-treatment
status, and pathological response. These features were used for all models relying on clinical
data, including CoxPH, DeepHit, and image—clinical fusion frameworks. Categorical
variables were one-hot encoded, continuous variables were standardised, and missing

information was encoded as zero vectors.
The clinical variables included:

e Age at surgery, time from diagnosis to surgery (in months), and the interval between
diagnosis and surgery.

e Pre- and post-neoadjuvant chemotherapy molecular subtypes: Binary variables
indicating HER2+, HER2—/HR+ (hormone receptor-positive), and TNBC
(triple-negative breast cancer) status both at diagnosis (subtype) and on the surgical
specimen (psubtype).

e Histological grade: Scarff-Bloom-Richardson (SBR) grade before neoadjuvant
chemotherapy and post-treatment SBR grade (PSBR) assessed on the surgical
specimen.

e Staging: Pretreatment clinical stage (AJCC) and post-treatment pathological stage
(PAJCC) according to the American Joint Committee on Cancer classification.

e Pathological complete response (pCR): Binary variable defined as no residual

invasive disease in the breast and axilla (ypTO ypNO) after neoadjuvant chemotherapy.

This unified clinical feature set was used consistently throughout the survival-prediction
experiments whenever clinical information was included, allowing direct comparison across
modelling strategies and facilitating integration with image-derived risk scores in later

chapters.

2.5 Image processing
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As for the surgical specimen, the H&E-stained WSIs of initial biopsies were obtained using a

Hamamatsu Nanozoomer 2.0HT scanner at 40 x magnification.
2.6 Metrics

To assess the performance of our survival prediction models throughout this thesis, we
employed a combination of discrimination-based metrics, including concordance indices and
area under the curve (AUC), as well as aggregated metrics designed to account for censoring
imbalance and temporal consistency. The following metrics were used across the various
tasks, with evaluation intervals tailored to the clinical endpoint of interest: years 2—5 for

Disease-Free Survival (DFS), and years 3—5 for Overall Survival (OS).
Harrell’s Concordance Index (C-index Harrell)

The C-index, introduced by Harrell, is a widely used metric to evaluate the discriminative
power of survival models. It measures the proportion of all comparable pairs of subjects
whose predicted risk scores are correctly ordered in accordance with observed event times.

The index ranges from 0.5 (random performance) to 1.0 (perfect concordance).

C-index Harrell is formally defined as:

> i W < T;) - 1(n; > i) - 6;

O —
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Equation 1

Where:
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s T;,T}: observed time-to-event for patients i and j
* 1j;, 7);: predicted risk scores
. 53-: event indicator (1 if patient j had the event, 0 if censored)

. 1(-): indicator function

This metric evaluates whether, for any pair where one patient has experienced an event and

the other has not, the model assigns a higher risk score to the event patient.

Uno’s Concordance Index (C-index Uno)

C-index Uno is a modified version of the concordance index that adjusts for censoring using
Inverse Probability of Censoring Weighting (IPCW). It is considered more appropriate when

the censoring distribution is non-uniform or when the censoring rate is high.

It is computed via IPCW estimators as described in Uno et al. (2011). Although similar in
interpretation to Harrell’s C-index, it generally provides a more robust assessment of model

performance in censored data.

Time-Dependent AUC (AUCYt)

To assess model discrimination at specific time points, we computed the Area Under the
Receiver Operating Characteristic Curve (AUC) for each year t, denoted as AUCt. It
evaluates the model’s ability to rank patients who will experience the event at time t against

those who will not.

The overall performance is reported using the mean AUC across the clinically relevant time

windows:

e Years 2-5 for DFS
e Years 3-5 for OS

The AUCs at each year are computed using IPCW-adjusted estimators to account for

censoring.

Weighted Mean AUC
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The Weighted AUC Mean is a summary measure that averages the yearly AUCs across
multiple time points, assigning weights based on the number of uncensored patients (at risk)
at each time t. This approach avoids bias introduced by imbalanced event occurrence across

years.

ZE 'I_UL " AUC"
Z; Wi

Weighted AUC =

Where wt is the number of uncensored patients at risk at time t.
C-t Index (DeepHit)

The C-t Index is used to evaluate ranking performance over time in discrete-time survival
models such as DeepHit. It computes concordance at each time point by comparing predicted

survival scores for all patient pairs and aggregating over the full prediction window.

Similar to the C-index, a higher C-t Index indicates better temporal ranking of risk,

particularly in multi-output neural networks.
Weighted Mean C-t Index

As with the AUC, the C-t Index can also be averaged over time points with weights
proportional to the number of patients at risk. This allows a time-aware evaluation of the

model’s temporal consistency and ranking quality.
Risk Score

The Risk Score is the output of the survival model (typically the CoxPH log-risk or the final
sigmoid activation in a neural survival model). It serves as a latent representation of predicted

hazard and is used for:

e Stratifying patients into high- and low-risk groups
e (alculating pairwise concordance

e Generating Kaplan—Meier curves for clinical interpretation

These scores are continuous and uncalibrated, and require post-processing (e.g. thresholding)

to produce clinically actionable stratifications.

61



Having defined the datasets, preprocessing workflows, pathological evaluation standards, and
performance metrics to be used throughout this thesis, we now present the first set of
experimental results. Chapter 3 focuses on the central clinical question of residual disease
stratification after neoadjuvant chemotherapy. Using the PRIMUNEO cohort for development
and the CGFL dataset for external validation, we systematically compare a wide range of
survival modelling strategies from classical Cox proportional hazards models to advanced

deep learning approaches applied to post-NAC whole-slide images.
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Chapter 3: Breast cancer residual disease
stratification.

Abstract

In Chapter 3, we systematically developed and evaluated a deep-learning pipeline for
predicting overall survival (OS) and disease-free survival (DFS) from post-neoadjuvant
chemotherapy (post-NAC) surgical specimens. We began with a baseline model using
pre-computed embeddings and a Cox proportional-hazards framework to establish reference
performance. We then explored a range of machine-learning-based survival models (e.g.,
Random Forests, Survival SVM) and compared them to more advanced deep-learning
survival approaches, including DeepSurv and DeepHit, assessing their predictive accuracy
and stability. To complement image-derived predictions, we investigated the predictive power
of clinical variables alone, building a Clinical Model and analysing its contribution both
independently and in combination with histological features. In parallel, we explored
unsupervised pre-training strategies, including contrastive learning and self-supervised Vision
Transformer (ViT) backbones, to enhance feature extraction. We further developed and tested
an end-to-end survival-prediction model, directly mapping raw histological input to
survival-risk scores, and benchmarked its performance against modular architectures. Finally,
we conducted an external validation of our best-performing pipelines using an independent
dataset (CGFL NeoAdj), evaluating the generalisability and robustness of our approach in

predicting long-term outcomes from surgical histology.

The methodological benchmarking performed in this chapter revealed a recurring pattern: in
controlled datasets such as TCGA, sophisticated deep architectures, multi-task survival
networks and end-to-end whole-slide approaches, can achieve very high apparent
performance, yet they overfit severely when applied to unseen, real-world data. In contrast,
simpler pipelines, notably foundation-model feature extraction followed by Cox
proportional-hazards regression, generalised more reliably. This finding tempers the optimism
of much of the recent methodological literature: apparent improvements on public
benchmarks often reflect data familiarity rather than generalisable learning. It highlights that
model simplicity, transparency, and clinical plausibility may outweigh incremental AUC or

C-index gains from highly parameterised architectures. For the field, this advocates a shift
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from benchmark-driven performance inflation toward prospective, cross-site validation as the

true gold standard for evaluating survival-prediction models.
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3.1 Introduction

As extensively covered in the literature review (Chapter 1), breast cancer remains one
of the most prevalent health concerns globally, with significant morbidity and mortality rates,
impacting millions of persons each year. Despite advancements in screening, diagnostic tools,
and targeted therapies that have contributed to better patient outcomes, challenges persist,
particularly concerning overall survival (OS) and disease-free survival (DFS), which are
crucial measures of therapeutic success and disease prognosis”. OS, defined as the duration a
patient survives following a cancer diagnosis, and DFS, indicating the period during which a
patient remains cancer-free post-treatment, are essential endpoints in oncology research and
practice'®.

Accurately predicting OS and DFS can significantly help clinicians in crafting tailored
treatment regimens, tracking patient responses, and designing personalised care plans. OS, as
a gold-standard outcome in clinical trials, often serves as a benchmark for regulatory drug
approvals. When OS data are challenging to obtain due to time constraints, surrogate
endpoints like DFS or, in a neoadjuvant context, pathological complete response (pCR), are
frequently employed to approximate long-term survival outcomes.

Traditional prognostic factors like tumour size, lymph node involvement, hormone receptor
status, and histological grade have long been instrumental in OS and DFS prediction

models'?H192,

Our objective in this chapter is to develop a solution, or a range of solutions, to assist
clinicians in selecting the most appropriate treatment strategies. We specifically focus on the
neoadjuvant setting, targeting high-risk tumours, including luminal B (which accounts for
30% of all luminal tumours, representing 70% of breast cancer cases), as well as
triple-negative and HER2+ breast cancers, each constituting approximately 15% of all breast
cancer cases. Consequently, our solutions aim to cover approximately 50% of all breast

cancer cases, addressing a substantial portion of the patient population.
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Figure 15. Molecular subtypes and therapeutic response patterns in early breast cancer.

This schematic summarises the major intrinsic subtypes of early breast cancer: luminal
(ER+/HER2-), triple-negative (TNBC), and HER2-positive (HER2+). Luminal tumours,
representing approximately 70% of cases, are subdivided into Luminal A (good prognosis,
limited benefit from chemotherapy) and Luminal B (poorer prognosis, = 80% resistant to
standard regimens). TNBC accounts for 15% of cases, with about 35% showing resistance to
anthracycline—taxane chemotherapy, while HER2+ tumours (15%) exhibit resistance in
roughly 25% of cases despite targeted therapy. These subtype-specific response profiles
motivate the development of predictive models for chemosensitivity and residual-disease risk

explored in subsequent chapters.

Each breast cancer subtype presents distinct therapeutic challenges. Recent advances in deep
learning are revolutionizing predictive capabilities, enabling more refined and accurate
survival prognostications by identifying intricate patterns within imaging data'*'™*. However,
to develop the most effective solutions, it is essential to integrate these technological

advancements within the broader clinical context and decision-making pipeline.

Treatment strategy for Luminal B Breast Cancer

For luminal B tumours, the standard treatment approach consists of neoadjuvant
chemotherapy based on an anthracycline and/or taxane regimen, followed by surgery and
adjuvant hormonotherapy (Figure 16, Case 1). Recently, CDK4/6 inhibitors have emerged as
promising therapeutic agents for high-risk patients. In advanced ER-positive, HER2-negative
breast cancer, these inhibitors have significantly improved outcomes, doubling
progression-free survival (PFS) and yielding clinically meaningful overall survival (OS)

benefits across both first-line and subsequent treatment settings'®.
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However, their role in early breast cancer remains uncertain due to mixed results from clinical
trials. The PALLAS