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Abstract

Histopathology is the diagnosis and study of diseases of the tissues which is undertaken by

pathologists. For cancer diagnosis, they would traditionally examine tissue under the micro-

scope and provide information to clinicians regarding cancer grade, type and potential response

to treatment. However, with the introduction of digital pathology, a transition has begun away

from traditional whole slide interpretation using microscopes. Instead, slides can now be viewed

digitally, allowing for greater ease of use, rapid peer review and more e�cient storage. Also,

the availability of thousands of digitised histopathology slides facilitates the development of

Arti�cial Intelligence based tools which can provide quick and accurate patient diagnostics.

However, one drawback of these methods is, as their architectures have become more sophis-

ticated, and performance increases, our ability to explain their decisions has decreased. The

�eld of explainable AI attempts to remedy this by providing both models and tools for under-

standing the decision making process of AI solutions. In this thesis, methods for increasing the

interpretability of Breast Cancer diagnostics models are explored. The main contributions are

divided into three distinct chapters. In the �rst, a prototype based model, originally designed

for �ne-grained natural image classi�cation, is used for interpretable breast cancer sub-typing

and grading for the �rst time. The method achieves superior performance to less interpretable

methods. The second contribution makes use of an attention based approach which allows for

inspection of the most important image regions towards a classi�cation. The approach is ap-

plied to a novel classi�cation task which predicts the Nottingham Prognostic Index group. The

approach is additionally extended to utilise both a patient's primary tumour site and lymph

node image through late slide fusion, the latter of which is often neglected in automated di-

agnostic tools. The third contribution aims to combine the prototypical approach with the

attention based approach. By making use of the prototype based approach, greater explain-

ability can be provided to the attention mechanism. The methodology is used for both breast

cancer grading and lung cancer sub-type prediction. Comparable performance is found with

other state-of-the-art methods for lung cancer sub-typing and superior performance is found

for breast cancer grading.
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Chapter 1

Introduction

1.1 Overview

Breast Cancer is the most commonly diagnosed cancer and the leading cause of cancer death

among females globally. Breast cancer in women accounted for almost 1 in 4 cancer cases

among women worldwide in 2018 [19] and is the most common cancer in the UK, accounting

for 15% of all new cancer cases (2016-2018) [21]. Early detection of cancers is crucial for patient

survival and overall outcomes as early stage, less aggressive cancers are easier to treat. There

is also more time to explore e�ective treatment options, including surgery, radiation therapy,

and chemotherapy.

Detection of a possible breast cancer can be done clinically via breast examination and/or

via radiological imaging modalities such as mammography, breast ultrasound or magnetic reso-

nance imaging (MRI). Con�rmation of the diagnosis is made via histopathological examination

a of a tissue sample i.e. a biopsy. The latter is the gold standard for cancer diagnosis. Here

tissue specimens are extracted from the body and examined under a microscope by a trained

pathologist. The morphological appearance of the tissue is assessed by the pathologist to deter-

mine whether cancer is present within the tissue. Additionally, several scoring mechanisms have

been developed through examination of large cohorts of tumours with outcome data which allow

pathologists to assess the stage and aggressiveness of any present cancer, such as the Gleason
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score for prostate cancer, or the Nottingham prognostic index for breast cancer. Di�erent types

and stages of cancer require speci�c treatments. By diagnosing the type, location, and extent

of cancer, pathologists can develop personalised treatment plans tailored to the individual's

condition and increasing the chances of survival.

Due to the quantity of breast cancer cases each year there is a need for fast and accurate

diagnosis. Unfortunately, the diagnostic process is time-consuming. From biopsy extraction

and slide generation, to pathologist examination and treatment suggestion, there are many

steps before treatments can begin. Additionally, although the e�cacy of many cancer staging

scores have been shown, there is still inter-pathologist variability [54], especially for borderline

cases. This is often due to the subjective nature of some tasks such as nuclear pleomorphism

scoring for breast cancer grading where a value for the di�erence in appearance between the

tumour cells present and healthy cells is given. Other tasks such as mitotic counting also results

in variability. Due to the small appearance and overall quantity of cells present this can be

time-consuming and fatiguing and is therefore more susceptible to human error.

Computer-Assisted Diagnostic (CAD) tools have been proposed as one solution to faster

and more accurate cancer diagnostics across a variety of medical imaging domains, including

histopathology. In particular, arti�cial intelligence (AI) model based solutions [15] have emerged

as a leading tool for complex image analysis. With the introduction of digital histopathology,

tissue slides, which were traditionally analysed under a microscope, can now be viewed digitally

after being imaged by a powerful, high magni�cation scanner. This has opened up many

opportunities for CAD tools to analyse histopathology slides and assist with many diagnostic

tasks such as tumour detection, cell counting and bio-marker prediction. Ultimately the goal

of CAD systems is to improve work
ow e�ciency by streamlining the interpretation process,

allowing for faster image analysis and report generation, ultimately leading to more timely

diagnosis and treatment planning.

However, there are several challenges which must be addressed before AI based CAD tools

can see widespread implementation into routine clinical practice. One important challenge is

Interpretable and Explainable AI (XAI). Making sure AI solutions are accurate and can provide

su�cient reasoning and explanations for predictions is extremely important, especially in a high

risk environment such as healthcare. It is imperative that pathologists and clinicians understand
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the reasons behind a model prediction in order to better inform treatment plans and to avoid

incorrect model predictions. These challenges are discussed in more depth in section 1.2.1

1.2 Research Aim and Objectives

The main aim of this work is to develop and evaluate computational models for automated

histopathology slide analysis for Breast cancer diagnosis. This is an exciting and constantly

evolving research space due to the possible bene�ts such methods could provide. From faster

and more reliable diagnosis, to development of novel biomarker prediction, the inclusion of AI

solutions in digital pathology is imperative. The focus will be on the development and validation

of interpretable models in order to overcome the limitations of opaque models. Therefore, the

main contributions and objectives of this work are as follows:

1. The e�ectiveness of Prototypical Part Networks within histopathology is eval-

uated . These are intrinsically interpretable Convolutional-Neural Network (CNN) based

models which incorporate prototype layers for modern case based reasoning. They have

been largely unexplored within the context of digital pathology but have shown success

in other medical imaging modalities. The choice of pooling function and use of an addi-

tional, orthogonal loss term are found to be crucial for e�ective prediction of both breast

cancer sub-type and grade from two open source datasets.

2. A Novel Breast Cancer dataset is explored . This dataset contains both a patient's

breast primary tumour slide and a lymph node slide. The spread of cancer to lymph

nodes is a sign of tumour growth and aggressiveness, however they are often overlooked

in automated cancer diagnosis. This dataset allows for exploration of techniques which

combine both slide types. The use of interpretable attention based multiple instance

learning (MIL) approaches are explored along with several fusion operators for prediction

of the Nottingham Prognostic Index (NPI).

3. Cross-Attention Multiple Instance Learning is proposed to provide greater in-

terpretability to the original attention based MIL approach, and additionally re�ne the

feature space using prototypes. This aims to incorporate some of the insights gained from
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the Prototypical Part Network into the attention based MIL approach. The proposed ap-

proach additionally outperforms other state-of-the-art (SOTA) methods on breast cancer

grading and lung sub-type prediction.

1.2.1 The Challenges of AI solutions in Histopathology

There are many challenges which must be overcome before AI solutions can be e�ectively

implemented into the treatment pathway and pathologists can make use of the many bene�ts

that they o�er.

The sheer size and scale of pathology slides, also known as a whole slide image (WSI), is a

major challenge for any CAD tool, as shown in Fig 1.1. Unlike other medical image modalities,

such as MRI or computerised tomography (CT) scans, histopathology images are extremely

large, often several giga-pixels in size. Because of this, they can contain a variety of di�erent

cellular and tissue structures, as shown in Fig 1.2. Each of these di�erent structures can

be individually classi�ed along with the thousands of cells present in a slide. Therefore, one

challenge is determining what information within a slide is relevant to a particular diagnostic

task. Of course, one could classify and segment all possible morphologies making use of all

the available data, however this would not only be time consuming and expensive, but the

large number of features found does not guarantee optimal model performance, as it is likely

that most are unrelated to the task at hand. Determining the level of detail required is also

an important challenge. WSI are composed of multiple resolutions or magni�cations. As the

resolution increases the level of detail also increases, but so does the size of the image. At the

highest magni�cations the images are too big to feed directly into any AI based tool, such as

a Deep Neural Network (DNN). Therefore, regions of interest (ROIs) must be cropped from

the image in order to make use of the �ne-grained details. However, in doing this much of the

slide context can be lost. Alternatively, low magni�cation images can be used to increase the

spatial context at the cost of �ne-grained detail. Finding a balance between both views which

is optimal for a speci�c medical task is a major challenge that needs to be addressed with any

CAD tool.

Annotations are also a major challenge to address in the domain. Annotations provide
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Figure 1.1: The scale of a pathology slide. Slide image is shown on the left with crops taken at
di�erent zooms on the right to show the scale and amount of detail contained in a slide.

training and testing labels, allowing for e�ective development of any diagnostic model. Labels

provide a more obvious training approach and generally produce the best performance. They

also allow for easier model evaluation. Annotations can be strong, allowing for prediction of

individual cells, tissues or speci�c bio-markers. Alternatively, annotations can be weak where

only a few labels are available per slide, or only a single prognostic factor or biomarker is

known per patient. Dense annotated data is particular expensive to collect. This is because

one, histopathology slides are extremely large so time-consuming to annotate, and two, because

annotations require domain expertise making them very di�cult to crowd-source. To overcome

this challenge streamlined and e�ective methods for data collection and annotation need to be

put in place [4], or e�ective methods for utilising as few annotations as possible need to be

explored [77].

Model generalisability is another challenge. Every medical centre has di�erent scanners and

staining protocols which results in slightly di�erent slide appearances. This is largely incon-

sequential for human observers, however automated analysis tools can be highly impacted by

subtle changes from the source image domain. Often AI tools are developed and validated

using data from a single institution and therefore do not translate well to other institutions
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