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Abstract

Colorectal cancer (CRGs the second largest cause of cancer deaths in the UK, with
approximately 16,000 per yedve 41,000 people are diagnosed annually, 488 of those
will die within tenyears of diagnosig he treatment of CRC patients relies on pathological
examination of the disease to identify visual features that predict growth and spread, and
response to clmoradiotherapy. These prognostic features are identified manually, and are
subject to inter and intracorer variability. This variability stems from the subjectivity in
interpretinglargeimageswhich can haveery varied appearances, as weltlas time

consuming and laborious methodology of visually inspecting cancer cells.

The work in this thesis presents a systematic approach to developing a solution to address this
problem for one such prognostic indicator, the Tumour:Stroma Ratio (TSR). The kpara
presented sequentially through the chapters, in order of the work carried out. These specifically
involve the acquisition and assessment of a datag:4 ahillion expertclassified images of

CRC, and multiple iterations of algorithm developmentautomate the process of generating
TSRs for patient cases. The algorithm improvements are made using conclusions from observer
studies, conducted onpaychophysics experimeplatform developed as part of this work, and
further work is undertaken toedtify issues of image quality that affect automated solutions.

The developed algorithm is then applied to a clinical trial dataset with survival data, meaning
that the algorithm is validated against two separate pathekagistd, clinical trial datasetas

well as being able to test its suitability for generatimgpendent prognostic markers.
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Chapter 1 - Introduction

1.1 Problem gatement

Colorectal cancer (CRGs the second largest cause of cancer deaths in the UK, with

approximately 16,000 per yedver 41,000 people are diagnosed annually 4886 of those

will die within tenyears of diagnosiR]. Treatmenbf patients typically involves a combination

of surgery, chemotherapy and radiotherapy, which is invasive, tmitin some cases, lethal.

Not all patients respond to therapy, and therefore it is important to identify which will benefit

from treatment before treatment decisions are made. These decisions are based on
characteristics of rdadragnosedbyapathdodis. The diagoosigofa wh i
cancer is performed on an-eiwo biopsy that has been sectionpldiced on a glass slidad

stainedfor visual inspection, traditionally under a standard microscope.

Traditional glass slides can be digitd using high resolution slide scanners to create large
images of tissue, called virtual slides. The University of Leeds Department of Pathology and
Tumour Biology has been routinely digitising slides for the past 14 years for reseaf8h,use
using LeicaAperio (formerly Aperio) digital slide scanngdry. Glass slides are typidypl

scanned at 0.5 microns per pixel, or 20x resolution, which creates an image approximately one

gigapixel in size.

Virtual slides are an excellent basis for the practical implementation of computer vision and
MachinelLearning(ML) techniques, as they facilitate high throughput, calibrated imaging of
pathology images. Manual diagnoses require laborious visual inspection of patient tissue that is
subjective and prone toter-observer variatiorand as a result, robust methodsdocurate and
reliable quantification of cancer tissue are highly desirddspite many recent attempts, no
methods for routine application to histological analysis have been widely addptEtearly

there is a need to quickly identify and accurately diagnose tGR(vide appropriate targeted

treatment to patients that will respond to invasive therapies. Therefore, successfully
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implementing strategies tooreefficiently detect and characteri€&RC will ultimately increase

patient quality of life and survival rates.

The ratio of tumour to stroma within a cancer (J8Res the ratio of tumour epitheliumite
surroundingconnective tissudo generate a quantifide metric for determining patient survival.
There are multiple methodologies for calculating TSR (discussed in 2.2.3), but the concept of
TSR in general ia consistently validated measurement in pathological analysis for determining
prognosig6-8]. However, calculating this ratio manually requires either estimation of the
guantities of tissue within a tumour, or sampling enough areas within the region of interest
(ROI) to generate reliable statistics. The process of calculating TSR is therefore time
consuming, subjective and prone to both inter and-otiserver variationAutomation of this

task using computer vision is desirable, as it offers the possibility of objective, standardised

quantification.

1.2 Research giestions

The work presented in this thesis focuses on the automation of calculating TSRs on digital slide
imageslIn order to attempt to achieve this objective, the following questions have been
identified:

I Can the manual analysis of TSR be facilitated by using virtual slides?

1 How canmanual analysis result® bbtainedo developground truth datasets for both

reliabde ML training andeffective evaluation of any automated solutions?

1 Can amutomated solutioreplicatemanualscoringwith an adequate level of

agreement, using the ground truth data?

1 What is the minimum amount of visual information requifi@dmaximisirg agreement

between observers fananualscoringof TSR?

9 Canalgorithm performancbke improved using conclusions drawn from observations of

pathologist scoring
1 What are the issues that affect automated histopathological image analysis?

1 How does the autorted solution perform when these issues are not present or

mitigated?
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1 Usingpatientsurvivaldataas the gold standard, does the algorithm outperfoamual

scoring?

These questions form the basic structure of the work conducted in this thesis, as ahsetdere
of projects which follow a sequential methodology. Each unit of work uses conclusions and

questios drawn from previous work to either improtleseor motivatenewresearch.

1.3 Thesis overview

The work in this thesis is split into 8 chapters, and t8red below.

Chapter 2 presents background research relevant tutbmated analysis of TSR on CRC
tissue providing insight into the pathology of CRd current methods for acquisition and
inspection of patient tissyéA brief history of digital patblogy is presented, arahexploration

of appropriate computer vision aMlL methods that can be applied to the automated analysis
of histopathology imageg$inally, current systems that use computer vision and ML to solve

visual pathological tasks are évated.

Chapter 3 presents the RandomSpot system, ebasddsystematic random sampling (SRS)
system for use with digital slides, asklowshow the system has helped researchers to calculate
the TSR in their own work. Thehapter then details how the syt generates data for
independent researchers, that is reusabli&dining and validatingmage analysis solutions,

and presents a repository for the exqpbaissified ground truth data, called RandomSpotDB.
Work is then undertaken to evaluate one ofdlitasets contained in the RandomSpotDB, the
QUASAR clinical trial, in terms of the image data within it, and a thresholdasgd algorithm

is applied as a first step to ascertain whether TSR can be calculated using simple image
processing techniques. Bity, aML algorithm is developed to learn features of over 106,000
pre-classified histopathological images, retrieved from RandomSpotDB as image locations
(spots). Experiments are performed to ascertain the effect of image size, classifier type and

classfier parameters on algorithm performance.

Chapter 4 explores human interaction with digital imatgeascertain optimal scoring

conditions for histopathological image analysis. This is done with the intent of mimicking these
conditions in future work, tonprove the automated solution. Out of the need to generate
groundtruth data and agreement statistics, when manipulating scoring conditions, the
Prospector system was developed. The-baeted experiment platform is presented, and used to

identify optimalimage size fomanualscoring. The results from this experiment identify an

3
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appropriate minimum image patch size for the automated solution, and lead to the conclusion
that pathologists use surrounding contextual informabaorrectly score tissue ateltentre of

the image patch. A pilot study is also presented, that looks at pathologist agreement correlated
to the tissue staining levels. Results show that stain level affects agreement, but the dataset is
too imbalanced to generate a solution for idgimg poorly stained slides automatically. This
motivates work in Chapter 6.

Chapter 5 usethe conclusions from Chaptertd,sequentially modify th#L algorithm

presentedn Chapter 3so that the impact of each algorithm modification can be indiviguall
assessed. Five enhancements to the algorithm are presented, based on conclusions drawn from
the pathologisexperimentsTheseuse local contextual analysis and global slide staining
propertiedo modify the feature vectors of each patch accordinglyupessised segmentation
algorithms are assessed for segmentation accuracy and computational speed, and a hybrid
algorithm is createdapplyingnormalised cuts to cluster superpixels using computed pairwise
similarity metrics. The final product of the chapi&a combination of the modifications

applied.

Chapter 6 focuses on the cases where algofitatinologist agreement is lowetst identify

visual artefacts that may affect image analysis. The prospector system is used to manually apply
quality control ((C) checks on all slides in the QUASAR dataaeplyingthe preidentified

visual artefacts asategories. Using only the Q&pproved slides, the final algorithm from

Chapter 5 is revaluated, in order to ascertain whether accuracy improves when removing

slides that have been flagged for issues. Finally, the dataset is used to extend the pilot study
from Chapter 4, to train 6L classifier on the appearances of suboptimal slides, to create an

automated QC algorithm.

Using a second clinical trial dataséte talgorithm accuracy is validatedChapter 7and the
algorithm is assessed for suitability as a-weatld prognostic predictor. TSRs generated are
correlated to survival using a ppeiblished method to stratify the patients into two groups, TSR
high and TSR low. Previous studies have shown that TSR high groups have better survival
statistics, and so the algorithm generated TSRs are evaluated against this agexielhashe

significance value comparing the dissimilarity between the two patienpgr

Chapter 8 concludes thieeisis by summarising the work in each of the chapters, in terms of the
achievements that the work has output. Algorithm statistics are summarised so that conclusions
can be drawn about how appropriate the presented autoswdtion is, and future work

regarding improvements and extensions to the project are outlined.
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Chapter 2 - Background

AAut omati on of the acquisition and interpret
biomedical research for almost a decade. In spite afynsrious attempts, mechanical

perception of microscopic fields with a reliability that would inspire routine application still

e | ud e-sludithPrewitt, 1966

2.1 Introduction

Interpretation of the visual characteristics of disease (phenotype) is vitalderstanding
invasivebehaviour and predicting response to therapy. The problem statement in section 1.1
outlines the need for consistent and reliable analysis of patient tissue, so that appropriate
decisions can be made in terms of treatment optioturately predicting response to
chemoradiotherapfCRT) and similar treatments facilitattengerlife expectancy where

patients are predicted to respond well, arakimisegatient quality of life where invasive and
toxic treatments will not stop or slogisease progression. Furthermore, inealthcarelimate

of efficiency savings, avoiding giving treatments to patients that will not benefit from them

reduces costs to health services.

2.1.1Chapter overview

Digital pathology has become a rapidly growingdief research, due to the advent of high
resolution digital slide scanners, capable of scanning glass slides up to and bé&yond 40
magnification & resolution 00.25 microns per pixel). The acquisition of large gigapixel images
allows patient tissue to hasually inspected on standard computer displays (which comes with

risks, discussed in 2.3), and enables researchers to develop image analysis algorithms which
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have the capacity to address some of the issues that affect manual analysis of diseasedmention
previously.The work in this chapter aims to provide a comprehensive background to the field of
digital pathology and its use in analysing CRC both manually and automafidalyhapter is

divided intosix sections:

1) The introduction, whiclprovides arief overview of the chapter, and outlines potential
benefitsof digital pathology and computer assisted diagnosis.

2) An overview ofcolorectal cancer, a brief account on the anatomy of the disease, and a
description of how it is analysed by pathologistd et er mi ne a pati ent o

3) A background on the field of digital pathology, in terms of its history, development, and
impact in clinical application.

4) A review of current image analysis techniques and methods that have the potential to
facilitate thedevelopment of computer aided diagnosis algorithms and sysiéiins
respect to CRC images

5) Exploration of currently developed solutions to automating histopathology image
analysis, and identification of the successes and limitations of those solutions.

6) A summarnybased on findings from the chaptedicating methodsvith which to direct

the research for this thesis.

2.1.2Potential benefits ofautomating phenotypeanalysis

The digitisation of cancer patient tissue facilitates the development and integrat@npfter
assistedliagnosis (CAD for histopathological examination. Successful systems have the

potential to benefit patients, researchers, clinicians and funding bodies in the following ways:

1. Provide consistent anélrablemetrics that correlate with survival, with low rates of
variability.
Increase throughput of case analyses, reducing time taken to return results to patients.

3. Identify statistical information which is impossible foanualinspection to accurately
assess without considerable effort

4. Reduce or eliminate the needn@nuallyassessoutine patient cases, so that more time
can be spent otases which require further inspection

5. Reduceor replacecosts pent on manual routine analysis.

However, the devepment and implementation of CAD algorithms and systems idrivia,
due to the complex nature of histopathology images, and large quantities of data required for

analysis. Some of these challenges, specific to this worklisressed in the next semti
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2.1.3Challenges to ComputerAssistedDiagnosis (CAD)

The successful integration of CAD systems into routine pathological workflow faces several
key issues which must be addressed before such systems are widely attestedsues
include(but are not linited to)accuracy of analysisto providetrustedoutput that is useful to

the pathologist, as well as thpeedof which those outcomes are generated. The systems must
bewe | | equi pped for handling | arge wWagl umes of
datad , a wadtofthé gystems and infrastructure that supports them must be miniised

to the complex nature of such analyses, hunwnputer interaction, diCl designmust

optimise the balance between piioity for rapid, easy to use systems, and flexibility, so that all
possible modifications can be made to customise and improve analysis. Finally, another
consideration is that traditional light microscopy is still used for training pathologists, and
thereforeuptake is slower amongst those that have either no access or no desire to use these

expensive, and currently experimental technologies.

2.1.3.1Accuracy of algorithms

The accuracy of any given automated analysis not only needs to sufficiently reducearror to
degree that is acceptable to experimental design, but also requires extensive validation on a
variety of datasets, to be trusted. Simply {itstems that are not trusted do not get ugkeahy

CAD systemgequire extensive parameter optimisation (semmes referred to as tuning) for

tasks such as nuclear, membrane or microvessel detection. This often acts as a barrier to end
users, who are not familiar with computer vision terminology or experimental design, and can
lead tosuboptimaland underperformipalgorithms Accuracy of CAD systems can be

calculated using a variety of methodologies, typically compaiggrithm output t@round

truth data, consisting of expdabelled images, and assessing the rate at vihiehand false
positive and negativelasses are detected.

2.1.3.2Speedof analysis

Automation or partial automation of the pathologist task has the potential to speed up workflow,
and return results and treatment decisions back to patients faster than with traditional human
scoring. Increased prEagres on healthcare services from growing and aging populations require
higher throughput of patient cases, and so optimising turnaround time is essential to maintaining
these services. CAD has the potential to speezhatysis time by processing imagesr to
pathologist review, highlighting are®f tissughat are more likely to require in depth attention,

and providing trusted output for routine images. The speed at which this data is generated
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requires optimised code and systearg] will benefit fom highpower processing clusters,

which can analyse these large images using distributed and parallel processing.

2.1.3.3Volume of data

Digital pathology slidesan begigapixetsizedimages that contain hundref@s thousands,
depending on magnificaticand conpressiof of megabytes of visual information. Glass slides
are producedoutinely in pathology laboratories, and have large amounts of patient data
associated with each sample. Handling this data efficiently is essential to developing efficient

anduseableCAD systems.

2.1.3.4Costof infrastructure

Implementing CAD systems requires expenditure in the supporting infrastructure to set up and
maintain systemand workflow, such as digital slide scanners, servers and appropriate end user
workstations. Adding requiremss for extra workflow steps, in terms of equipment and staff
incurs significant costs, and the financial benefits of fully digitising pathologyidatificult to
predict (see 2.3.4).

2.1.3.5HCI and design

The design of CAD systems needstmsiderthelargeamounts of visual, clinical and meta
data associated with digital pathology slidesplaying the minimum amount of data required
for specific tasks may help speed up workflow, but at the expense of comprehensive data
analysis. By using intuitive visuafiion techniques, such as hierarchical displays and content
drill-down, CAD systems have the potential to conlaegeamounts of information to end

users, that allow pathologists to make informed decisions about patients and treatment.

2.1.3.6Uptake of systems

There are many organisational, technical and financial issues that affect the uptake of CAD
systemsPathologists should be the focus when implementing digital pathology solutions, in
terms of systems design, but also expectation management. Digitabpgtisostill a relatively

new disgpline that is not routinely used in practigss suchthere are no standard praes for

training pathologists to use digital slidesd associated software, that are comparable to
traditional microscope training. Thisay lead to preference of the older imaging modalities, or
conversely, may lead to unrealistic expectations of what digital pathology and CAD systems can
do.

The issues of implementing successful CAD systems in practice are by no means limited to
these conderations. Research at Leeds is currently being conducted, studying the integration of

digital pathology into routine laboratory workflow, and is discussed in section 2.3.4.

8
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2.2 Colorectal cancer

This section providesreoverview of colorectal cancer, adfraccount on the anatomy of the
disease, and a description of how it is analysed by patholtgid$erminghe best course of

action for directinga  p a ttreagmert 6 s

Colorectal cancer (CRGs thesecond highest causécancer relatechortality in the UK,
causing 15,908eathsn 2014[9]. The diseasbas a 16/ear survival rate of 57%, due to the
late stage at which most cases are identified.didgnosisand treatment of CRC patients relies
on the visual inspection of their biopsy sampiteassess range ophenotypic properties that
pathologists se to classify the cancer in terofsthe spreadf invasion (stageandthe

deformity of the cancer cells (grade)

2.2.1Anatomy of CRC

The large bowel is the final part of the digestive tract, which consists of the colon and rectum
(ergo, 0 c o lcaon and tecumare tubulBrantsthucture, and madenoimber of
layers labelled inFigurel.

Transverse
Colon

Lumen
vvvvv Mucosa
»

e

Lamina Propria

Ascending Descending
Colon Colon :
Muscularis Mucosae
Submucosa
Cecum
Muscularis Propria
Si id erosa
igmoi
Rectum 9
Colon

Anus

Figure 17 Diagrams of colorectal anatomy and structure

Left: Labelled diagram of bowel anatomy
Right: Sclematic diagram of the structure of a cross section of the bowel
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The mucosa consists of ceflgt line the internal bowel walhndare arranged in a formatiarf
structuressimilar in appearance tmwnnectedesttubes. These structureslled cryptsare

glands which secrete mucin, and absorb water and bile salts. Coysist mainly of epithelial
cells,that form the structure of the glands, andcin is produced bgpecialised epithelial cells
calledgoblet cells. The reprodtive cycleof egdthelial and goblet cells is approximately 4 days,
through sustainable and asymmetric division of stem cells, locatedtmgbef each crypt

[10]. In CRC, the abnormal division of these cells leads to neogladianvasive tumours.

TR

Figure2i1 Longitudinalsectionand crosssection views of bowel crypts

Left: Lorgitudinalsection view obowelcrypts, with the luminal aspect at the top and the muscularis
mucosa at the bottom.
Right: Grosssection view obowelcrypts

Thelamina proprissupports the mucosa, and contdimsseconnectiveissue This tissue
consists obccasionafibroblastsand elastic tissuleut also containsmallvessels and
lymphocytes, and iseparated from the mucolsg a thin layer omoothmuscle called the
muscuéris mucosa, which can be seen at the bottotineoleft image irFigure2. This layer is
significant in the diagnosis of CRC, as tumours that penetrate it chkasgédicationfrom

benign to invasive (malignantyvhich changesrpdicted outcomes and treatments for patients
Thesubmucosa supports the mucosal layer, and conyanphaticvesses (lymphatics) blood
vesselsandclusters of immune cellsyfmphoidaggregates Cancers that spreadttte
submucosa have the capacitynetastasise vigmphatics tdymph nodes (lymph node
metastasis) ovia the venous systemhich drairns through the portal system, although patterns
of metastasis vary between colon &md rectal cancerfl1]. Themuscularis propria consists of

two layers olsmooth musclethe inner circlar layerthat controls the contraction of the lumen,

10
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andthe outer longitudinal musctbat controls longitudinal movement along the bowel. The

serosa is the outer lining of the bowel.

2.2.2Tissue and dassslide preparation

Traditionally, CRC is visually ingected usinghelight microscope and glass slides. The

process of obtaining samples for analysis is comprised of four main steps:

Collection: Cancer tissue samples are retrievedies from the patient via surgical
procedure or a biopsy, from the prirpar metastatitcumour site.

Embedding: Once removed from the body, the tissue samigedd, processednd then
embedded in enountant such as paraffin waxo create a rigid structure tissue block that
preserves the state of the tumour as much aslppesand allows for sectioning.

Sectioning The block is sliced using a microtonie,produce a sectiokypically with a
thickness of 5 microns, amsgctionsarefloatedonto the surface af temperatureontrolled
bathof waterthat allows the tissue tbeattachednto a glass slidénce on the glass slide, the
tissue appears colourless, and requires statnieghance the visual features of the tissue

Staining: In order to prepare the tissue for visual inspection, specific stains are applied that
highlight structures or proteins that are to be analysed (depending on the stain used). Typically,
a primary stain is applied to enhance contrast in cellular detail, and a second stain (counterstain)

is applied to enhance the appearance of tissue morphology

2.2.2.1Haematoxylin and Eosinstain (H&E)

In CRC, the combination of Haematoxylin and Eosin stains (H&Eoutinely appliedor
morphological assessmeniganing that all tissue is stained the same higjlighting nuclear

and structural componentBhis makes H&E a relatively inexpensive stain that can be used for
general inspection of cancer tissue, allowing trained pathologists to visually inspect tissue at a
cellular level, as well as a structural level, for laaadl global contextual analysis of the patterns
of normal ancheoplastic cell growth. As a simplification, Haematoxylin stains nuclei bhug,
appears purple when-¢ocalised with the counterstaifosin whichstains tissue structures

pink. Examples of E stained tissue arghownpreviously inFigure?2.

2.2.2.2Variability in g lassslide preparation

The process of preparing glass slides for pathological analysis requires skilled laboratory staff

that understand the need for consistenadye production of glass slides. However, making

11
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these slides routinely is a repetitive and often tamtcal task, and as such, human error in

terms of inconsistencies in appearance are common. Minor inconsistencies are accepted as the
standard in himpathology, and are generally easily accounted for by pathologists that have
enough expert knowledge to understand such variation, but some variation affects pathological
analysis beyond compensation, and so glass slides are rejected and not anayisgubriiant

to factor in this consideration when developing CAD systems, since computers do not have
expert knowledge and subsequently may be adversely affected in terms of accurate and reliable
analysis outpuivhen analysing suboptimal material

Variability can be found through all stages of glass slide production, and can affect the
appearance of the glass slide tissue in multiple ways. Some are discussed below.

Collection: The process of extracting the cancer may or may not retrieve the whole tumour,
affecting how much visual information is available to analyse the invasive edge, the extent of

invasion and spread.

Fixation: Any delay in placing the tissue in a preservative such as formalin can allow
deterioration in the cells and tissue structures.|&hgth of fixation can also affect the

component biochemistry of the cells.

Embedding: The mediumnin which the tissue is embedded affects its appearance (e.g. paraffin
wax compared to frozen sections), and how well the tissue is preserved. This affetisadtr
appearance and in some cases the cell membranes may disintegrate or perforate, rendering

visual analysis of cell morphometry much more difficult.

Sectioning The microtomes used for sectioning are high precision instruments that use medical
grade lades for slicing tissue precisely at a thickness set by the operator. However, if the
machine is not calibrated or the blade is not kept sharp, the resulting tissue sections may be
inconsistent thicknesses (making stain uptake inconsistent), or tissumrsegred or torn,

instead of cleanly slice@alcium in tissues can lead to holes and imperfectanmaduring the
process of transferring sections onto the glass slides, folds may occur, which creates areas of

overlapping tissue.

Staining: The chemicatompounds used for staining tissue samples are variable in terms of the
colour yielded, depending on the batch produced or the vendor purchased from. The application
of stains to the tissue is also subject to variation, depending on the length of ttresuihés
submerged in the staif%2]. As previously mentioned, the thickness of the tissue affects the
amount of stain uptake and the overall colour of the slide. Finally, theaggrslipand storage

conditionsof the glass slides affects the stains in terms of fading.

12
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2.2.3Manual examination of CRC onglasssdlides

CRC is theend product of the neoplastievelopment of tissue within the colon or rectum,
which begins in the epithelial layer. CRC is visually assessed, and diagnosed pathologically
using phenotypic information derived fromsglovable patternsf growth (or lack thereof]L3].
Uncontrolled, &normalgrowth in the bowel isaused by excessive division of cells in the base
of one or more cryptandis referred to as neopladid4]. Neoplastic cells deviate from normal
maturation (developing from a stem cell intdiéierentiated functioning epithelial or goblet

cell), in terms of shape and behmwi Groups of neoplastic cells can be classified as beign
malignanttumours A tumour in the colorectum becomes malignant (a cancer) when it has
penetrated the muscularis mucosa, anddéiaches from the primary tumeitris considered to
have metasisised.

Traditionally, pathologists examine cancer biopstained with H&E on glass slidés assess

how much the cancer has spread (staging), and how fast the cancer is likely to spread (grading).
Once these characteristics are obtained, appropritibe @an be taken regarding treatment of

the patientThese two assessments can be made using standard methods of classification via
visual observations of the tissiMultiple methods for assessing stage and grade of CRC tissue
exist globally, but this s#ion focuses on methods used in the.

2.2.3.1Cancer gaging

Staging refers to the assessment of the curr
formally assessed using the Dukes staging system, proposed ifLAR3hisclassified

tumours into one of three grougmsed on the spread of the diseAgdimited to the bowel

wall; B) invasionthrough the bowel walbut not spread to regional nodes; C) cases where

lymph nodemetastases are presertie tumour, lymph nodesid metastasis (TNMstaging

system[16] wasdeveloped into the international systéaith variations depending on the

organisation developing)itThis system prop@s that cancer classification can be standardised

using sukclassifications of each of the three categories, illustrat@alihel [17]. TNM is well

establishd with eightmajor revisions, although version fivedsrrentlyroutinely used in the

UK [18]. Tablel lists the TNM (version five) scoring methodology with descriptions of the

categories.

13
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TNM Stage Description

T1 Tumour has grown into the submucosa

T2 Tumour has grown into the muscularis propria

T3 Tumour has grown into the serosa

T4 Tumoaur has perforated the peritoneum and / or locally
spread to other organs

N1 Tumour has spread to 3 or less regional lymph nodes

N2 Tumour has spread to more than 3 regional lymph not

MO No metastasis

M1 Presence of metastasis

Tableli TNM staging system (version 5)

Staging is grouped into these categories to minimise subjectivity angbbgerver variationso

that consistency in assessing patients can be maximised.

2.2.3.2Cancer gading

Cancer gadingrelates to the aggressivenax the tumour, and how likely it is to spread.

Grading is categorised based on the visual assessment of differentiation, wileiithad aghe
extent to which the ce{bnd subsequently the parent tissue structuliffs)s from how it

should look at raturation.Cancer grading is assessed by assigning tumours one of three
categories, well differentiatedhoderately differentiated ammborly differentiated19]. Cancer

cells that are well differentiated have reached maturity and resemble the originaliémithel
goblet) cells from which they haveen derivedPoorly differentiated cancer cells have little or
no resemblance to their original form, and structures of poorly differentiated cells deviate from
the shape of regular glandular structuddederatey differentiged are midway between the

two. Assessing the extent to which cells are deformed is subjective, and subsequently grading is
prone to intebserver variability.

2.2.3.3Phenotypicprognostic markers

In addition to cancer staging and gradimg@nyothe prognostic markers have been identified
thatcorrelate with patient surviv@20], some of which requiranalysis of data that cannot be
interpreted fran standard glass slides, such as DdARNA content, cell proteins or other
molecular markers. However, many studies hgamerateduccessful prognostmarkersfrom
phenotypic informationderived from routine glass slides of patient tissue. Phenotypic
prognostic markers in CRC include, the prdjmor of tumour to connective tisspkenown as the

tumourstroma ratio (TSR[6-8], the growth pattern of the invasive edge, known as tumour
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budding[21-28], the configuration of the infiltrating margin of the tum¢§2@], thelevel of
immune respons@0], and thepresencef lymphovascular invasiof31,32]. These phenotypes
are typically calculated manually, and are difficult to estimate as conmsmuonericfeatures
leading to large variation between observAssuch, these image properties have the capacity
to be improved by automating the task using computer vision.

2.2.3.4Stereologyand SystematicRandom Sampling (SRS)

Quantitative histology is baden observatiasiof 2-dimensional representatiorse¢tion$ of 3-
dimensional tissue structures, making the appearance of tissue structures different, depending on
how they are cut (sdeigure2). By quantifying he amount of tissuen a slide, an assumption is
inherently made that area in 2D is directly related to volume in 3D, which can lead to falsely

interpreting the content of the tissue and the growth pattern of tufid@jirs

Steeology isthe 3D interpretation oftackedD cross sections of materials or tissues
SystematicRandom @mpling(SRS is used in stereology generateinbiased and quantitative
datg with the intention osampling srial sections of tissugeneratingstimatef total
volumes and total numbeias opposed tmatios[34]. For object counts (such as nuclei), many
methods exist for generating sampling af@&$. Volume calculations are made using the
Cavalieri estimator, whichalculateghe volume of an object by summing #tandardised area

to sampling points (probeg)and multiplying by section thiclessY
®w YO O 1
Equationl - The Cavalieri estimator for stereology volumetric calculations

SRS is a sampling method that upest grids(as opposed topticalgraticule3 to generate an
equidistant set of samptiocations, that have a random starting point for the generation of the
grid. For agiven sectiorof tissue points are placed equidistantly over the region of interest, in a
uniform distribution Figure 3 illustrates an examplef a grid of sampling points placed over

CRC tissue.
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Figure 3 - Example of Systematic Random Sampling (SRS) points

Each sampling point is classified with its respective tissue type so that a quantifiable proportion of tissue
types within the image can be calculated.

The number of sampig points can be optimised by first identifying an acceptable level of
standard erroiY'@or the mean count measure of the target tissue (e.g. five peweosht)
estimating the expected volumeioanf the target tissue [36]. Equation2 calculates the
standard error relative the mean value of the count which estimabesvheren is the
requirednumber ofsampling pointshat fall on the target tissue (excluding other sampling
points)

Equation2 - Calculation for relative standard erran SRS

By setting the stndard error to 5%nd the volume estimation to%5(i.e.55% of the sampling
area should contain the target tissue can estimatthe number of pointhat are required to

fall on the target tissug, by solving theworked example ifEquation3.

- W mu
d T3t L

Equation3 - Worked example for calculating number of SRS points

The worked example shows thipts equal tal80 points whichare requiredo fall on the target
tissue being estimade The volume estimatioof the worked example is $&meaning that the
total number of points requiresl 180 multiplied by100 / 55 which equals 327 points. The

samemethodology of point estimation calculates the required number of points for a 50%
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volume estimation at 400, with larger proportions requiring fewer sampling points, and smaller

proportions requiring more sampling points, to be adequately represented.

SRSis a powerful tool for quantifying volumet measurmens from 2D image dat®y

removing inherent assumptions that are made by modelling volumetric calculations applied to
2D analysisguch as that areas of interest lapenogeneously dispersed), the metrics derived
from stereology reduce deviation from the true 3D representation (biashcapase
reproducibility (precision). However, appropriate calculations must be made to ensure the
appropriate number of sampling points are taken, so that the minimum effgeicsi@eling to
statistical powergan be satisfiefB7].

A SRS bol based on stereological techniques is presented in Chapter 3.

2.2.3.5Survival analysis ofphenotypic markers

The method of assessing a phenotypic marker for prognostic significance involves stratifying
sets of clinical trial patients into two or more groupse Groups are typically assessed as a
reference group that is least at risk, or not exposed to risk, and one or more hazard groups that
are predicted to be more at risk. These groups are based on either categorical phenotypic
information, such as patientsth poorly differentiated vs well differentiated cancers, or by
identifying an appropriate threshold (referred to asoéf)tto apply to continuous data. Section
74.2.2 details a method using modified Receiver Operator Characteristic (ROC) curves to
identify appropriate cubffs. Once grouped, their correlation to survival is computed using Cox
regression analysis, and Kaplan Meier survival curves are geng3@teso thatanydifference
between groupsan be evaluated. The most common way of assessing prognostic significance
uses a logank test and hazard ratios confirm the extent to which the hazard group has an

increased risk of death from the reference gi@9p

2.2.4The Tumour:Stroma Ratio (TSR)

The tumour:stroma ratio (TSR) is an observable mgtrantifyingthe proportiorof tumour

epitheliumto connectives r o ma wi t hi n [40]. Qoasisterggenérdtien amda nc e r
analysis of TSR igontrivial, due to the complexityariationand subjectivityof the task. TSR

is believed to be an important factor in ttevelopment angrogression of cancenhereby

stroma facilitaésgrowth of cancerous epithelial tissiseich that cancers with a higher

proportion of stroma have a poorer prognosis than camicat have less connective tissue
Researchelatingtot he fseed and s oi Iscelationsppdetieenshiesvod e s cr
[41].
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Recently,TSR has been found to bhe independent prognostic markemultiple cancergsee
section 2.2)) in breas{42-45], lung[46], oesophage§7], gastrointestingl7,48], colorectal
[6,49-51], cervical[53], ovarian[54] and endometrigb5] cancersit was observed from the
publications detailing this research that theretaredifferentreportedmethodologies for
obtaining pathological assessmeh SR (with minor variationdetween studies), whickiere:

9 Estimationbasedon visual observations

1 Systematic random samplig§RS) of a given region of interest

Visual estimations were typically made by two observers, and a large proportion of studies used
a 50% cuiff to create a scoring system comprised of two bins: lesSbfgnand greater than

or equal to 50%. Other variants used more bins, in either ten grb@P%oor twenty groups of

5%. The studies using SR$ed specific software generate a desired number of sampling

points within a region of interest, classifyingoh of the generated sampling points to create a

ratio between the sum of the tissue types counted (see the RandomSpot systerabld2).

lists the number of publications using these methods and their variations.

Method Type of data generated Studies
Visual estimabn 2 bins (<50%, >=50%) 8
Visual estimabn 10 bins (of 10%) 3
Visual estimabn 20 bins (0f5%) 1
Visual estimabn  Continuous 1
SRS Continuous 4

Table2 - Methodologiesised in TSR palications
The number of TSR studies observed are grouped based on their TSR generation methodology.

Both methods have advantages and disadvantages, most notably tudf tbetde@een time and
effort required, and accuracy of resulimalysis of reprodudility by CourrechStaalet al[56]
(not included inTable2) showed that visual estimatiaf TSRin quartiles (four 25% bins)
yielded a meakappa agreement of 0.48ross three observers, whereas grouping the scores
into two bins increased the agreement to CEéven of the studidssted inTable2 used
multiple scorers (all of which used visual estimaticargjreported agreement staiist The
meankappa valuef these reported statistiesas0.84 (S.D. = 0.04). SRS experiments did not
use double scoring, however West et al reported agreem@®7obn a subset @0 images
from their datasefl6]. The difference in agreement statistics shows that using quantifiable
metrics is more reproducible than visual estior& However the accuracy gains over
estimation are only valid if appropriate sampling calculatiased on the calculatidm

Equation3) have been made so that sampling error rates can be redismdhe resulting
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number of sampling points can be laborious and repetitive to inspect and thérefore
methodologyis prone to fatigue and inconsistés.Note that in visual estiman-based

studies survival analysis was applied to cases which were (spidtified)into two groups with

the cut-off between groupapplied ab0% whereas th&RSstudiesdentifieda methodusing a
modified ROC curveo identifythe cut off atd7% (see 7 for survival analysis detailing and

using this method)Jsing SRS to quantitate multiple types of tissue within a cancer allows TSR
to be calculated in multiple ways (see 3.3.2), and as such can be referred thffesient
terminology, such as Tumour Cell Density (TCD).

2.2.4.1TSRin CRC

TSR in CRC isa strong prognostic indicator that has been consistently validated in numerous
publicationg6,50,5152,57,58] As with studies in other cancers, research has shown that the
TSR in CRC predicts poorer response to thegap/clinical outcomewhen cases exhibit

higher proportions aftroma[59]. Thisprovides a useful tool for directing targeted therapies at
patientswho will benefit from them, and avoiding giving toxic treatments to those who will not.
TSRhasthe capacity to enhantiee current TNM scoring systelisee section 2.2.3)y

including this information with routine patient assessnj@dk. The majority of CRCTSR
publications report thassesments are maden H&E stained slidesyith most studies using
visual estimationd_ocatinganappropriate sampling site fobservingT SR is consistent

amongst publications, with the consenbaig the application dROlsto the area of highest

TCD along the luminal aspeoft the tumour.

By suggesting a new prognostic metric for case reporting, extra work would have to be
undertaken by the pathologiper caseThis extra workcan be minimisetdy not requiring
extra(nornroutine)stains and making very general estimasesh as assigning a score of either
above or below 509 hiswould add very little to the pathologist workload, and could be easily
implemented. However, research has not assessedtt@ogisiagreemenlevelson cases that
fall close toeither side of th cut-off (e.g. withint10%), and it is predicted that agreement is
much lower than the reported kappa values of 0.84 on cases falling within thig¢seadee
assessment of research listed able?2). It is also not assessedhat impact thegreement (or

lack thereof)would haveon patients with TSRaround thiscut-off threshold

To dateonly research at Leedsportsusing SR3o quantitate TSR, using tfikandomSpot
system(see section 3.2), which produces a precise coniswvalueThis method requires more
time to analyse, with West et al reporting approximately 20 minutes per case, annotated with

300 sampling pointgg]. The twabin visual assessment of TSR can be simplaanually
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integrate into routine pathological assessment of patient @edsbs,expense of accuratysing

more precise metrics when assessing patients should be encouraged where possible

Finally, it should be noted that TSReb not account for tumoheterogeneityi.e. describing
whether the tumour is composed of dispersed islands of tumour, or whether the tumour
epithelium is grouped togethdysing a combination of TSR and heterogeneity would provide a
more complete assessment of a tumour and psiii@ve to be a more strongly correlated

prognostic marker.

2.2.5Summary

Analysis of CRC is nottrivial, due to the vadbleappearancef neoplasticellsand glands

Current scoring systems account for variatiomanualassessment by identifying finite

caegories with clear boundaries, such as the extent of invasion. However, these boundaries are
still open to interpretation, and the amountlbingecompared to normal cells and crypts is

made using subjective estimat@&his makes manual inspém and aalysis of the disease

prone to intefobserver variabilitywhich may ultimately affect decisions for patient treatment

Traditional scoring methods use categorical bingduce scorer variation and subjectivity,

which may be at the expense of better pasgic capabilities of more precise metrics.

The \ariability in the end product of the prepared tissaa be affected at every stage of the
process, which can drastically affect the visual characteristics of the tissue in terms of colour,
shape and comé The impact of these variations is accounted for in manual analysis, by using
expert pathological knowledge. This variation must also be considered in automated solutions,

which are more likely to have rigidly defined models of tissue.

The tumour:strom ratio (TSR) is a validated prognostic indicator in CRC and other cancers,

with multiple manual scoring methods that vary in precision and the amount of time and effort
spent evaluating images by a pathologist. SRS provides a robust and accurate method of
quantification, when appropriate calculations are made to minimise error rate in the sample size,
but as the worked example shows, 400 points are required for an expected target frequency of
50%. Analysing this many points per case is time consuming;idaisoand prone to inter

scorer variation, and so automation is highly desirable.

Despitethese challenges, there is a clear benefit that consistent and reliable automated analysis

of CRC will bring tothe pathologist workflow, and ultimately patients.
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2.3 Digital pathology

This section provides laackground on the field of digital pathology, in terofigts history,

development, as well as current and forecaisbgéct in clinical application.

2.3.1History of digital pathology

Digital pathology (DFpis a rapidly growing discipline which encompasses a wide field of
research in the histopathology domdicusingon the acquisition of digital slide imageand
thecreation anadnanagement of data that can be derived from thidmese fiéds include(and

are not limited to)mage analysis, artificial intelligence, high performance computingan
computer interactigrpsychophysigsnformatics, data management, communication
managemerdndcolour scienceThe current spike in interest this field is due to the reduction
in cost of high resolution digital slide scanners, which have been commercially available for
approximately 15 years, combined with the increase in high poweredaordtprocessing
available on single workstations ahigh-performancelusters (HPG). However, the field of
digital pathobgy extends back further to 1®5vhich saw the first attempt at digital
microscopy, called the Cytoanaly4éd]. An article from the Franklitnstitute at the time

writes,

AfThe device, call ed iceoscapygimagasrofaHe gellseautpmascallg n s
sorts them in its "mind" according to their characteristics, and classifies them as normal or

suspi ¢Rlous. 0o

The characteristics thdtd article alludes to are based on the optical density of theKiglise
4 illustrates examples of cell images ddfiy captured by the Cytoanalyz printed as
photomicrographs
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Figure 41 Examplephotomicrographimages captura by theCytoanalyzef63]

Left: Eosinophil
Centre:Neutrophil
Right: Lymphocyte

The quote at the start of the chaptfers to the failure to utilise the Cytoanady for routine
clinical practi@ [63], however, one could be forgiven for thingithat the quote could have as
easily been written in recent years, regarding image analysis solutions to modern digital slide

images.

Until the development of high throughput digital slide scanners, microsnopated charge
coupled device (CCpcameras were used to obtain low resolutimital images of
microscopic fields of vievior research into automated analysis of histopathology infagies
Since the introduatin of wholeslide scannerm the early 200Qghe digital acquisition of full
tissue samples aticroscopicmnagnification, known as whole slide imaging (\WB&s become
common inpathologyresearch environmentsnages came scanned using2@x, 40x or 8x
objective where inages scanned with2®x lensare scanned atrasolution of 0.5 microns per
pixel. One standard digital slide imageajgproximatelyone gigapixel in size, and as such
requires optimised compresasi (typically JPEG or JPEG20G0rmats) to avoid generating
images with prohibitive file size#s a resulbf the introduction of digital slide scanngtise
number of publications presentiatgorithmsthat attempt to automatgstopathologymage
analysisexponentially increasef#3,44]. However research intooutineclinical use of digital
slides for primary diagnosfer pathologisinterpretatioris ongoing[45-47], with theUS Food
and Drug AdministrationDA) approving one single system fdmical use as of 201[69].

2.3.2Digital dlides vsglass $ides

There are many advantages to using digital slides over glass[6lifleShese include
immediate benefits to the pathologist, suckvaddwide access to slides, when using web

facing digital slide servers, the ability to use computer monitors as inexpensive teaching and

22



Automatedanalysis ofcolorectalcancer Chapter 2

collaboration tools instead of multiheaded microscopes, instantaneous sharing of images for
obtaining second opinionkck of stains fading in storage and elimingtthe danger of slides

being lost or damaged in transit. Other benefits rely on successful development and integration
of CAD systems, which are not currently routinely acceptégl

However, there are drawbadksconsidemwhenassessingigital pathology as a replacement for
traditional light microscopy. The process of generating digital slides still relies on the original
laboratory workflow of glass slide production,addition to adding a process to the pipeline,

and therefore there are no efficiency gains in that respeistextra step also requires skilled
scanner operators to scan and apply quality contro) (Q€cks to every slide scannécktra
hardware and digital slide storage must not only be purchased but also maintained by skilled
technicians and network administratdpggital slides are reliant on fast network or internet
connectimsto view slides withouprogressive rendering of image tilescoming distracting

and frustrating. Alspend user hardware is not standardised, and the quality of the device used
for viewing digital slides will greatly affect the experience.

2.3.3Variability in digital dlides

In addition to thedsuef variability in glass slile preparation (section 222), the process of
digital slide productionas well as the configuration of end user deviukss further scope for

variation in slide appearance

Scanrer differences andvariation

Themake and modeif scanneinstrumentcan affect the appearance of the digital slides. Area
scanners take traditional 2D photograghyle snapshots of a section of a whole slide image, and
combine (stitch) them as image &léf the whole area is not uniformly illuminatedhis can

create issues with vignet at the edges of each tiéed can create gridlinelike appearance

over the whole slide image. Line scanngse lineatarray detectors to try to mitigate this
problem, but can instead create striping artefacts, if illumination is not opésmalith

traditional microscopes, digital slide scanners require a backlight to illuminate the tissue as the
image is captured. Earlier digital slide scanners used halogendtadiiibs which required
warming up bedre reaching optimal brightness. Alsee maximum brightness of each bulb
gradually reduces over time, meaning that slides scanned are not consist@&rihlihess and
colour calibrations intended to compensdt& such variationhowever, different scanner
manufacturersisedifferent calibration settingsvhich achieves varying images of the same

tissue
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Colour calibration and variation

Histopathological analysis relies accurate representation of colsarhatstructures in tissue
and nuclecan be identified andiagnoss can be maderhe colour of digitaklidetissuecan be
affectedby variation of physical factors, in both the glass slide production prssstson
2.2.22), and the digital slide scamg process. Colour is also affected digitdljycalibration of
scanners, which transforms the red, green and blue YR&&es inanattempt to change the
scanned image colours to the true tissue slide coldlifsThis technique maglsobe used to
digitally enhance colour or contrast to make slides easier to score, or look more fdriking
publications and medid he transformation parametécolourprofiles) are set during scanner
calibration, tyjically usinga colour calibration slide similar to a Macbeth colour cf&k52].
This allows refererg colours to be adjusted to their known values using a linear function that
can be applied to subsequent scanned ima@gésScanner calibration of this typeay or may

not be routinely enforced by scanner operators.

Variation of enduser cevices

Finally, theendpoint of the digital slide viewing pipeline affects both user experience, and the
easewith which subtleties in differences between colour can be obsgsdgdb]. These issues

are affected by monitor size arebolution, as well as contrast ratio, and colour calibration.
Colour calibration of end user devices affects the visual appearance of digital slide, msages
well asin-built calibration ofslide viewing softwargfeaturing enhancements additional

colour management profiles.

Using expensive, higresolution and higlkontrast medical grade monitors is likely to mitigate
issues with colour calibration at the display side of the pipeline, and work at Leeds is currently
being undertaken to establish toatlextent such levels of contrast improve pathologist scoring
[77]. By standardising the appearance of digital slides along all aspects of the digitisation
pipeline, more consistent diagnoses can be made, and current barriers to using digital slides for

primary diagnsis can be reduced.

However, thalisplay resolution andolour management of display devices is less relevant to
automated solutions, which obtain and process images independently afahieséevel
transformationsTherefore automating image analydissks that require expensive visual

display equipment may help to reduce future costs in routine diagnostic work.
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2.3.4Digital pathology didesfor routine clinical use

The variation irbothdigital slide production and viewing, discussed in 2.3.3 meansritat e
user experience can differ vastly between workstationsnaagles produced hyigital slide
scanning centred his variability hagontributedo the slow uptake of digital pathology for
routine clinical us¢78], and at the time of writingyne digital slide viewng system (Phillips
IntelliSite Pathology Solutiopnhas been FDA approved for routine diagnostic evaluation of
patient tissug¢69]. Obstacledo widespread implementation of digital pathology include the
additionalinvestmentand workflow steps requireth addition to existing laboratory practises
[58,59]. Most importantlyjs reassurance thtie ability to maintain (if not improve) the current
levels ofspeedaccuracy and consistency of pathologist scosngeserved with the new
technology[60,61]. Subsequentlymicroscope scoring is typically the gold standard for
comparative studies using traditional and digital pathology imaging mod{i#ips

Experiments intaeplicating fields of view similar to the microscope on high resolution displays
often find that once familiarised, pathologists can navigateseme tissue as well as traditional
methodq47,63,64], andtime taken spédrearning the interface is much quicker than that of a

microscopd86].

2.3.5Summary

Digital pathology currentlyras the potential to facilitate faster throughput of patient case
analysis, by providing fast@end morecollaborativeimaging modalities, and assistive workflow
technologies. Howevevariability of the appearance of digital slides can be affected by every
stage of the image generation pipelineom obtaining patient specimens, through to viewing
the scaned tissue on a displaeveloping accepted and robust automasiolutions require
standardisation anektensivevalidationto be accepted by national regulatory bodies, and very

few systems currently are.

Automation ofroutine visual inspectiotasks usng computer vision and machine learniregs
the capacity to increase speed, accuracy and reproducibility of rgsudts that developed
solutions arevalidated and trustedy the pathologgommunity.

25



Automatedanalysis ofcolorectalcancer Chapter 2

2.4 Image analysis

This section presenimage analys techniquesmethodsand technologiethat have the
potential to facilitate the development of computer aided diagnosis algorithms and systems

respect to CRC images

2.4.1Imageretrieval

Digital slide images at the University of Leeds are scanned usiog-Aperio digital slide

scanners, whichreateJPEG2000 compressed BigTIFF image pyramid files with a proprietary
extension, known as the SGmope virtual slide format (SVJSAt the time of writing, tlere are

over 350,000 digital slides stored on the Leeds image server, which uezalifiesTB) of

hard disk storage. All images are made accessible overehe@sing the LeicAperio

ImageServer software, which means images captbeved programmatically either over

hypertext transfer protocol (HTJPor via accessing the images directly on the seBxer.

retrieving the images over HTTP, the ImageSesadtwareretrieves the appropriatemagetiles

(set to 256x256 pixels in the scanner software) and combines them. The image is then converted
into a webfriendly JPEG format and compressed using a quality input value set by the HTTP
GET request. This method wansmission applied furtheompression to the images, creates a

high demand on server resources, and is subject to transmission errors. Therefore it is preferable
to access the slides locally, using vendeutral digital slide libraries such as OpenS|&ig,

or the Open Microscopy Environment (OME) BioFormats packdgke

2.4.2 Analysis of colour and $ain

Digital slide images represent catausing the RGB colourspace. This method uses additive
colour mixing, whereby colours that are combined get brighter. This is representative of
combining multiple wavelengths in the coloured light spectiRixels can be analysed for their
individual colair valuesusing RGB values, however, these values are not particularly useful for
separating colours based on htimnsforming RGB values into tlireie, saturation and value /

intensity HSV) colourgpacecreatesalues which are more intuitively represented by the human
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visual systemFigure5 illustrates that this transformation is useful $eparatindissuecounter

stained with Diaminobenzidine (HDAB

3D ScatterPlot of RGB Colour Space 3D ScatterPlot of HSV Colour Space

Blue

> 0.6

Blue
Intensit:

Green Saturation

Figure 5 - 3D Scatterplots of representative RGB and HSV values

The values plotted are representative of pixel values found in H&E and HDAB stained slides.

Top Left: RGB values of H&E staineddue

Top Right: HSV values of H&E stained tissue

Bottom Left: RGB values of HDAB stained tissue

Bottom Right: HSV values of HDAB stained tissue

The figure shows that HDAB staining is separable in the HSV colourspace, whereas the H&E staining is
not.

The 3Dscatterplot in the bottom right &igure5 shows that thélDAB stains can be separated
and analysed individually with linear thresholdiktpwever, this is nathe case for H&Estains

used in histopathological analysis.

In histopathology, stainthatare combined get darker, which is known as subtractive colour
mixing. By transforming th€additive)RGB colourspaceausing values that represent pure
Haematoxylin and Eosin, stain colours can be represented independently, digfialigting
the staing68,69]. The process of transforming the colourspace is ceadikalir deconvolution
and one of the most commonly used methods in histopathology uses orthonormal

transbrmation of the RGB colour spacsing predetermined vectors that represent the optical
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density (OD of individual staining componenf81]. The resulting transformation produces
images whicthave thregixel values represeintg three stain colours. Since typical
histopathology staining uses only one countérstae thirdOD vector isusuallycalculated
from the crossproduct of the other two.

Equation4 i Calculation of OD for pure stains

Equationd4 shows the calculatiof OD for colour channel, where the ratidOT 'G;, is the
intensity of transmitted light, relative to the incident light (the transmission coeffickeistjhe

concentration of stain ard is the absorption factor dlfie pure stairiTo transform the RGB

image using OD values, the OD image is multiplied by the inverse of the OD matrix.

Figure 6 - H&E stains digitally separated bgolour deconvolution

Left: Original Image

Centre: Haematoxyligolour channel

Right: Eosin colour channel

Note that the Haematoxylin channel image highlights nuclear components and the eosin channel
highlights structural elements.

Note that the separatedlour channels are singlalueintensity images, anih many
visualisationsoftenhavea prototype stain colour applied to them for visual representation
purposes only. The third colour channel (represeriggything elsgis not shown

It should be noted that colour deconvolution follows Beex mb e r t Ohmttheraima i n t
linear dependency between stain concentration and OD. However, this is not true for all stains,
most notably the brown DAB stain, which scatters ligintaking one ofhe prerequisites for

colour deconvolutiofi71,72].
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2.4.3Spatial filtering

Spatial filtering is a general image processing technique that appl@seration to each pixel
value in an imag&a , using the inensity values of the surrounding pixels in neighbourhood
0, with coordinates 6f . The operationbased on convolutiompplies a filteor kernel)Q

the same size aBb, to each pixel in the imageh€ filter values are referred asfilter

coeficients, rather than pixels. For linear spatial filtering, filter coefficients are multiplied with

image pixels at the corresponding pointin

"Qoh) o Q0AQ

Equation5T1 Linear spatial fitering

Equation5 describes the process of linear spatial filtering, wi2tdd denotes the resulting
value for pixel(u, v). The sum ofll values is taken from the pixels in neighbourhdbd

Two examples of linear spatidilters in image analysis are blurring and edge detection.
Blurring functionsuseaveraging filters, which take tlzveragevalue of the pixel values in
neighbourhoodN, such that the filtecoefficients are all set tq #livided by thenumber of
elementsn the filter. This isso thathe sum of the filteis equal to 1, and is referred to as
normalisationEdge detection filters are directionil that they are applied in both horizontal
and vertical orientations, and the mean valuafliadirectionalresults is taken per pixdtigure

7 shows examples of both filters applied to the same greyscale image of CRC tissue.

"
(5

Figure 7 - Examples of two spatial filters on CRC tissue

Left: Original greyscale imge taken from intensity channel of HSV image
Centre: Averaging filter applied, blurring the image

Right: Edge detection filter (Prewitt) applied, enhancing edges in the image
These filters form the basis of more advanced computer vision techniques.
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Other flters provide variations on these two methods, such as Gaussian blurring, and Sobel
edge detection. kdian filtering, simply sets the pixel vali@Qto the median value of all

pixels in the neighbourhodd. This method is less affected by nois¢hie neighbourhood,

when compared to tretandard averaging (or box) filter, and so can be used for noise reduction

in image analysis. This method may be particularly useful when removing sparse areas of nuclei
(such as stroma when compared to tumour), véimatysed at low power.

Convolutional Neural Networkare a form of Deep Learning, whigidependently learn spatial
filters that appropriately model image data, instead of using hgeaerated filters or features,
and are discussed in section 2.4.6.8.

2.4.4Texture analysis

Texture is an important image feature which can be used to distinguish between areas of
heterogeneous and homogeneous appeaf@dLd extures can be described as ima@es

areas of imageghat contain repeated structures, often contain a degree of randomness, and can
be modelled statisticallyThis section focuses on two common technidiies usestatistical

methodsalthough there are many othéiat fall under four categories, listed belf8&].

M Statistcal methods

The spatial distribution of intensity levels within an image
1 Geometric methods

Derision of numeric values from texture elements, called primitives
1 Model based methods

Predefining image models that can be used to analyse or syatestise
1 Signal processing methods

Applying frequency analysis, computing features from filtered images

2.4.4.1Grey Level Co-occurrence Matrices (GLCM)

Textural analysis usinGrey Level Ceoccurrence Matrices (GLCassessedifferences
between pixel pairs in a greyscale (intensity) im@gg. Initially a greyscale image is reduced
from an 8bit unsigned integer matrixith 256 grey valueso 0 grey values, (typically 8), and
an emptyd @ Umatrix is constructed. For every pixel in the desampled images
predetermined offset defines pixel gdw compare toDepending on the implementation, an
offset of [1 O] would indicate comparisona be made +1 along the x axis and 0 along the y

axis.Some implementations specify offset in degré@é® downsampled grey values of both
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pixels represent eordinates in thé @ Umatrix, andthe number of c@ccurrencesf the pixel

pair values is stedat those ceprdinates. This 2D histogram is referred to as the GLCM.
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Figure 8 - Example of an 8x8 GLCMn CRC tissue
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Left: Original greyscale image taken from intensity channel of HSV image

Centre: Downsampled image to 8 gresalues

Right: GLCM showing counts of @xcurrencedetween pixel pairs with offset [1 0]

Images with a higher proportion of pairs along the diagonal indicate a more homogeneous image.

Figure8illustrates the process of genengtia GLCM for an image with an offset of [1 O].
However, as with the edge detection convolution kernels, GLCM calculation is a directional
function, and therefore it ftenmore appropriate to repeat the process in four directams
take theaveragevalue of each GLCM cordinate.

Once the GLCM has been generated, features can be calculated from the distribution of pixel
pairs. Haralick features acalculations that quantifgroperties of texture, based on statistics of
the computed GLCMO7]. These features includeontrast which is a measure of how intensity
differs between pigl pairs over the whole imagenergy(also referred to as angular second
moment), which is the sum of squared elements in the Gl©©Wpgeneity which measures

how closely the distribution in the GLCM fits the diagonal.

GLCM texture properties are commygnlsed and robust features for texture analysis, and may
be useful for discriminating between different areas of CRC tiséethods using texture to

segment and classify tissue are discussed in 2.5.3 and 2.5.4.

2.4.4.2Local Binary Patterns (LBP)

TheLocal BinaryPatterns (LBIPalgorithmis a rotationally invariant texture descriptor, using
neighbouring pixels toralyse differences in intensif98]. Traditionally LBP is computed per
pixel using 8neighbourhood connectivity, obtamg each value as a 1x8 vector. For every value
in the vector, the current pixé| j) is applied as a thresholMtherevalueslower than the

threshold are set to zero, and values above the threshold are set to one. This yields a vector of 8
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binary digits (bits), which is converted into ai® number, and assigned as the value to pixel

@i, ))-

~
3

00y i 'Q Q¢

Equation6i LBP value for a given pixel with neighbourhood size of 8

Equation6 describes the process of generating an LBP value for a given pixel, suhisthia¢
number of sampthg points (neighbourhood size), aRds the radiusThe valuéQ represents

the intensity value at the centre of the local neighbourhood(adénotes the intensity values

of the surrounding pixel$igure9 visualises this process.

Figure9i Example of LBP operation performed on a single pixel neighbourhood

Left: Original greyscale image

Centre: Intensity values of pix@) j) with surrounding neighbourhood of size 8 and radius 1, and
thresholded values, using pixg! j) as the threshold.

Right: Resulting LBP image

The LBPalgorithm can badapted to accommodate number of neighbouring values and radius
size to act as a mudtesolutionandrotatiorally invariant measure of textuf@9]. Increasinghe
number of sampling points makes the resulting descriptor more accurate, at higher
computational cost, and increasing the radius incorporates larger scales, but loses local

information.
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2.4.5Segmentation

Image segmentation is the pess of partitioning sections of a given image into multiple
segments, typically into regions that represent the component objects of the overall image.
There are many segmentation techniques that [@xi6f, and evaluation of such techniques is
well documentediB0-85]. A selection of segmentation algorithmsgpresentedh this section
which may be useful for analysis of CRC images.

2.4.5.1Thresholding

Thresholding is a simple and computationally inexpensive operditat segments objects
based a intensity values falling above, below or equal to a threshold value. For a given
intensityimage Oty , segmentation can be performed using thresholding described in
Equation? to produce binary imagé ¢ ¢fto .

v e s “Oudo Y
0 w aw i ,

Equation7 - Binary imagethresholding

Threshold'Yis used to determine which pixels in binary imége» are set to 1 and which are
set to 0, so that foreground objects (pixels set to 1) can be analysed or further prasiegsed

connectedcomponents analysis (CGAr binary image rarphology.

Identifying thresholds that yield the best possible segmentation are critical for subsequent
processing and analysis. Howewgue to the large amount of variation in CRC digital slide

images (seatin 2.3.3),ncludingnonruniform staining and background illumination levels

across slidesdentifying adaptive techniques that provide best case segmentationstis/iabn

One common methdir solving this problem( k nown as Ousssylobaclustegiigh o d )
[107], which assumes an image is comprised of two clagiseglifferent intensity valuesand

the optimal threshold lies at the minima between the two peake dimodaHdistribution

represented by antensity histogramHowever, determining thresholds when minima between
peaksarenot well defined is difficult, and the noept of fuzzy sets is a proposed methmd t

identify thresholds where boundaries may notckeaf108]. Furthermore, with respect to CRC
images, multievel thresholding may be required to partition images into foregrossitkand
nonrinformativebackground, and then identify classes or objects within the foreground tissue.
One method foachievingthisis to remove background pixels tha¢ @ known valubefore

applying a second segmentatitmthis instancet he Uni v er deidafperinf Leeds d
scanners have a defaultdiground RGB colour setting of 240, 240, 2409], and so th

appropriate threshold value for removing background pixels in an HSV intensity image would
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be”Y (¢ 1.iThe remaining values can be analysed to identify a second threshold between

foreground and background tissue using an appropriate method.

06 o6 N 06 oty O w ol T

6w ¢y 06 afw ‘006 oh
Equation8 - Creating a foreground tissue mask

Equation8 detailsthis process,uch thatd @ ofto is the segmentation for foreground pixels,
describedn Equation7, with"Y ¢ 1.6 O is the subset dbregroundpixels in the
Haematoxylin deconvolution chanfi@lé 6w , usingthe foreground pixels i & o to
remove background pixelé & ofto is the resulting binary image segmentation of

foreground tissus O 6 afto when the threshotll using a calculation of teean values of

foreground Haematoxylin intensit@ & 6h) subtracted by half of one standard deviation of

the same distributiopO 6 o6y Tc.

Figure 107 Comparison of two thresholding methods, on CRC tissue

Both methodsssume a bimodal distribution of foreground and background tissue, after background
pixels have been removed.

Left: Original RGB CRC image

Centre: Thresholded image using Gisteethod or0D 6 6fD

Right: Thresholded image using method frEguation8on06  6hy

The Otsu method shows that more pixels around the edge of the nuclei are retained using this method.

Figure10shows a comparison of methods using adaptive thresholding bisisghset of pixels
06 oh) . The segmentation is applied to all channels in the RGB image, and the original
deconvolution resul® 6 fd can be seen iRigures6. It should be noted that thresholding and
colourmodels may be applied in multiple colourspaces, or staining chans&igg¢olour

deconvolution).

34



Automatedanalysis ofcolorectalcancer Chapter 2

2.4.5.2Minima -seededr egion-growing

Regionrrgrowing uses the concept @tpanding seed points (pixels) into segmented dmgas

adding neighbouring pixels that fifpredefined criteriomf similarity or homogeneitysuch as
difference in intensity, texture or (for deconvoluted stain channels) intensity of Btérhas

the effect of grouping pixels based on their appearance. Seed points are calculated using salient
parts of an image, depending on the desired segmentation result. In the case of CRC images,
seed points may be chosen at pixels with the lowest intensity (areas of local masinesy

could represent the centres of nuclei (not including the nucleolus).

H-minima transform

The Hminima transform is a morphological method which supresses local minima in a given
image[110]. The transform itself is performed using a #imear filter0 o (pixels insize, that

sets each pixel to the lowest value of all pixels in the filter neighbourhood. The image result is
modified with the value H added, which ensures thatatoevin the resulting image is lower

than its original value. This creates larger areas of homogeneous minima, which are useful for

seeding region growingegmentatiomlgorithms.

Watershedalgorithm

The watershed algorithia a regiorgrowing segmentatioalgorithm, which uses the concept of
viewing intensity images as topographical mgg8s91], so that lowintensity values are Veer

points (valleys), ash highintensity values are higher points (peaks). By applying region

growing to areas of miniméheconcept is likened to filling basins with water, until region
boundariesmeet At t hi s point a partition is create:
maximum intensity, representing a dam, or watershed, between two lakes, to prevent them
merging.The resulting segmentation creates partitions between objects which are likely
touching, and so is a efal tool for nuclear detectigi13] The pocess is sensitive to noise,
bothoverand undessegmentation, and is also dependent on regional minima representing the
true number of objects in the imagiégure11 shows an example of the-idinima transformed

06 ofy image, generating seeds for the watershed segmentation function, and the resulting

segmentation partitioning the thresholded im@ge 6h from Figure10.
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Figure 11 - Local minima and watershed segmentation of CRC image

Left: Original RGB CRC image

Centre: Imagé0 6 afto, transformed by Hninima function, and watershed region boundaries
Right: Segmetation imageOé 6hy from Figure 10 further partitioned by watershed boundaries
Note that the amount of clustered nuclei that have not been segmented using thid riféshlaidhlights
that the number and distributiaof seeds used for region growing are not sufficient.

It should be noted that the watershed algorithm, and other msesded regicgrowing

algorithms can be applied to pgegmented nuclébinary image)ps a function specifically to
separate touchingbgects. In this case, the seeds can be identified as minima in the complement
(inverse) of the distamctransform of the bary image, where the distaricensform is a

function that sets eaghi x ealuéts the Euclidean distance in pixels to the nealgsct.

2.4.5.3Segmentation byclustering

Clustering is the process of grouping data points in-g@iiniénsional feature space, based
their similarity or distance. The feature space can apply to pixels, areas or objects for clustering
pixels or segments intlarger segments, and also to classify objects based on their feature

similarity. This section focuses on clustering as a segmentation tool.

K-Meansclustering

The K-Means clustering algorithsittempts to identify appropriate cluster groups based on the
minimisation of the mean Euclidean distance between the prototype cluster centres and their
associated data poirfts14]. The parametefis set to determine the number of clusters to be

used, and as such, the number of clusters to find needs to be known. For each cluster, a
randomly selected start point is selected within the feature space, and data points are assigned to
the nearest ondhe mean of the distances for all associated data points to the cluster centre is
calculated for allQclustes (hence KMeans). The position of the cluster centres is iteratively

moved, so that the means can be recomputed to identify if thpoiins reduce the mean
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distance for all clusters. Because of thisMiéans clustering is thought of as a gradient descent
algorithm.Equation9 shows this formally, wherg&is the group of data point sets, arid is

the mearof points in™Y.

Equation97 K-Means Clustering minimisation of sum of squares

K-Means clustering is a fast and efficient algorithm for segmenting imesjes a giverieature
space. Usinghis technique ivarious colourspaceds a common method in image processing,
and may be useful for separating stain coladmwvever,the algorithm suffers from reliance on
appropriate initialisation of the cluster centres, andiak,st can be considergaod practiceo
run the algorithm several times to find the optimal solution. Aswe mean values are taken,

thedistancevalues are sensitive to noise.

Mean-shift segmentation

Meanshift segmentation is anotherdalised hmogenisation technique using mafistance

values tadentify optimal cluster§l15]. However, unlike KMeans clustering, Meashift does

not have a random initialisation method, and does not require a predefined number of clusters.
The algorithm analyses every data point in the feature space iteratively, aadHare

ordinate, all other points within a given radius are identified. The meandatate of all points

within the radius is calculated, and this is set as the centroid for the next iteration, which repeats
the calculation, until the convergence ofi@tations in that clustem.he appropriateness of the
radius sizas dictated bythe density of thelusters For large datasets, a number of maximum

iterations can be set (depending on the algorithm implementation).

Simple Linear Iterative Clustering (8C)

Simple Linear lterative Clustering of superpix€i.IC), is a localised clustering algorithm
which, instead of identifying cluster centres in a given feature space, usgglangrid ofE

seed points to create nearly uniform segmentafitit®]. For eactseed pointcluster centres

are created ia five-dimensional space using LA®lour and x and y cordinates. The regular
grid is deformd slightly by moving each centre to the@alinate with the lowest intensity
value within an) @ (heighbourhood. The surrounding pixels are then clustered to these new
centres based on their values in the-filu@ensional space, and connectivity is eoéal. This
method is efficient and computationally inexpeng/e7], and may be useful for segmenting

complex structures in CRC tissue.
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Figure 12 - Example of clusteringhethodologiesn CRC tissue

Left K-Means using 4 clusters
Centre: Mean shift with radius of 10 and minimum segment size of 100 pixels
Right: SLIC using a compactness value of 10 and mergingsanfil

Figurel1l2 shows examples of the three clustering algorithms applied to CRC tissue, using input
parameters that yield visually similar resultite that the clusters are coloured by their mean
RGB values.

2.4.5.4Graph-cut segmenation

Graphcut segmentatiomodels images as graphehere grapfiOcontains nodesr verticesw,
that represent pixels in the image, and ed@dhkat are weighting functiorealled costsusing
the similarity between the nodes. This is modelle@®Das wHO . Removing enough edges in a
graph to create two separgi@titions is known as a cuthich hasa calculated cosGiven two
partitionsd and®, the cost of the cut can balculatedas the sum of the edge costsin)
shown inEquationl0.

Yooy v

w 6 O 0 [

r

Equation10- The graphkcut cost function

Min -cut segmentation

The mincut (or maxflow) method identifies cuts with the minimum cost value, as the most
appropriate segmentati¢hl8]. However, since the cost is a summation of all the edge weights
betweerd and®, this method inherently penalises longer cuts, therefgnige to making

smaller partitions that are not necessarily optimal.
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Normalisedcut ssgmentation

Normalised cuts addresses the bias in theautralgorithm by normalisinthe sum of the

costs dividing them by their associatigh19]. Equationl11 shows that for a graph cut of two
partitions 619 , their normalised cut cost value is the sum of the cost value divided by the sum

of all vertices touchin@, and the cost value, divided by the sum of all vertices touching B.
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Equation11i The Normaliseaut cost function

Where®i i &hw is the total connection from the verticesito all nodes in the graph, with
i { éhd being respectively the same. Finding thaimium cost for cuts in this manner is
computationally prohibitive, and therefore an approximate minimisation @f thévalue is
made by solving a generalised eigenvalue problem.

Figure 13- Comparison ofyraph cut methodadgies on CRC tissue

Left: Original Image

Centre: Mincut method partitioning into 16 (hecontiguous) regions

Right: Normalised cuts method partitioning into 16 (contiguous) regions

The mincut example illustrates that partitions are made using cuts tna kthe lowest cost, and do not

take into account segment size. The segments from the normalised cut method are more consistent in size.

Figure13 shows a comparison between the 1ttt and normalised cuts methods in CRC tissue,
using a target number of 16 graph partitidhss evident from these examples that the-ouh
method prioritises cuts that are shorter in length. Note that the segments are coloured by their
mean RGB values.
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2.4.6Supervised karning

It should be noted thahé distinction between segmentation and classification is not always
clear, due to some segmentation methods defining their own prototype classes based on
similarity, homogeneity or distance, and grouping pixels by those metridss respect,
clusterirg may be considered a form of unsupervised learning, in that the clusters are made
without any input on what they should béni§ section focuses on classification of imagsisg
expertlabelledimages andfeaturedo train machine learnin@ML) algorithms

2.4.6.1Image features

Image features are descriptors thatameterisa specific characteristmver an entire image, or
at a particular location within an imadgeeatures are often continuous variables, but are not
limited to sirgle values, and so can be histograms, vectors, matetoe$-eatures arelected
for their ability to discriminate between classes, and theréfieraccuracy of the classifier is
dependent on the features choseif a single feature set of néatures is described as
W,
~ 1l

>
1K

o "*3
e
wo U
and a feature set is representetiyas "OROM "Q] where each vectdfhasa classification
label. The desired outcome is a trained classifi@ng™ Qo predict its classitation,
independent of the label. Using regression and model fitting techniquesariieiguate to a
probability that the feature vector belongs to a class, for example, tumoua & £33 . In
the case of binary predictions, thetputvalue is thresholded (typically at 0.5), and in multi
class predictions, the highest value is seledbdreare a number of prominent supervised
learning algorithms that use feature vectors and training labels to generate statistical models

representing gbct classefl20]. Some of these are explored in this section.

2.4.6.2Naive Bayeg<lassifier

A Naive Bayeglassifier (NB is based on Baye$heoremanduses conditional probability of

the frequency of classifications in the training data (class labels), given some predictive and
independent observations (featurés)predict outcomefl21]. This makes the predictor unable

to function when given unseen values, which results in a probability outcome of zero (known as
the zerefrequency poblem) and is solved using a smoothing function such as Laplace

estimation122]. For a given set of observations, their probability of resulting in a specific class
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is modelled, based on the combined probability of the observed outcomes airting) idata,

normalised by the total frequency of the observed event occurr@estsjuationl2).

NB can be used for categorical or continuous observations, where, an assumption is made that
continuous observations are normallgtributed, which would not be the case in most CRC

image featuredf the classifier uses the assumption that a threshold of 0.5 separates the data
appropriately, the probabilitgyn imagesegment being tumougiven two continuous values

thresholded at.8, can be computed as
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Equation12i Naive Bayeslassifier computing probability of tumour, givésatureswo and ®

wherew andw are features in feature vect@ The features correspondttee mean intensity
outputs from colour deconvolution in the haematoxylin chan@ed 6h) andthe eosin
channet 06 6h) from 06k , which is a subsetf the whole imagéOafto . The
corresponding probability calculatiésycomputed for the probability of those values being

stroma, and the classification is selected based on the highest value.

TheNB is known as a bad estimator, as it is limited by theese assumptiorthat it builds the
model on, making the algorithinflexible, affecting accuracji23]. However,due to this
simplicity, NBs arecomputationally inexpensive. As such, it may be useful to use an NB as a

benchmark to compare against@t ML algorithms for CRC image data.

2.4.6.3Logistic Regressioras aclassifier

Logistic regressionses linearegressiorin conjunction with a sigmoid (logistic) functida
modelclass featuresand fit a probability distribution between zero and éie.eah feature in

the feature vector, regression is used to identify a model that fits the distribution of data between
one observed variable (feature)and the dependent varialleThe generated regression
modelsarestraight lines with an intercepaind a gradienthathave the capacity to prietl

values above and below zefithe model is normalised to fit a continuous scale of zero to one

using the logistic functiarshown inFigure14.
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Figure 14 - LogisticRegression classificatioof tumour usingone feature

Left: Linearregression model applied to the binary dataset (extending beyond 0 and 1 in the y axis)
Right: The resulting model with the sigmoid function applied, and a threshold idefdifiedmber of
nuclei per mriwhere y = 0.5

Using the model, thprobability of c(tumour) can be made from the featurénumber of
nuclei per mrf), and a classification threshdik splitting the datas typically determinedat
= 0.5.Logisticregression is aomputationally efficient method for modelling features,
however, the linear model means that more complexinear data cannot be accurately
represented. Also, the methogsamedhat there is10 error inthe output variablevhen trainimg

and is thereforeensitive to noise

2.4.6.4Support Vector Machines(SVM)

Support Vector Machines (SVMonceptualise muHilimensional space in order to attempt to
create partitions between clusters withifLR4]. Foreachelementwin a given feature vectén
the value is treated as a-omdinate in one dimension, such that a feature vector of siaa be
plotted as a single point indimensional space. The classifieses a optimisatiorfunction to
identify a hyperplanedr splittingthe& dimensional data inttwo (binary)classesby
maximisingthe distance (margin) between tingerplane and theearest poist(support

vectorg in the feature spac€igurel15 visualises this concept for twodeiresw andw ,

showing examples of successful hyperplane partitions, each of which yields the same
classification result, and the optimal hyperplane, which maximised the margin between the

hyperplane and the support vectors.
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Figure 15 - Optimising the hyperplane margin for S\dlssification

Left: Examples of multiple successful candidate hyperplanes
Right: The optimal hyperplane for the data points, by maximising the margin between the hyperplane and
the nearest datagints (support vectors)

Traditional SVMs provide binary classifications, which may be useful in CRC for separating
tumour and stroma tissue, however, malidss SVMs can be developed using different
methodologies. One of the simpler methodologies usetipheubinary SVM classification
models, and combines the predictions, making multiclass SVMs more computationally
expensivg125]. SVMs also work omonlinealy separablelata,by extending the optimisation
problemto incorporate misclassification as a new variableghatildbe minimised By

extending the SVM implementation ¢tassify norlinearly separable datapmplex datauch

as CRC tissue features may be appropriately modglRs].

2.4.6.5Decision rees andRandom Forests(RF)

The concept of ecisiontrees issimple and widely usefr both classification and reggsion,
whereby tassification trees generatategorical dependant variablesnd regression trees

outputcontinuous dependent variab[@27].

Decision tees

Classification And Regression Tré@ART) analysiss conceptually similar to a flow diagram,
whereabinary decision tree represents a Boolean function, using feature values as amfitut to

the data into two groug428]. Binary trees are made up of multipledes whereby each node
represents a test to perfoon a given attributdn random decision trees, the attibwsed for
splitting is chosen at random from the training dataset, and the threshold used to make the split
IS generated using regression to minimise the error in the resulting class predi¢tetrsee

begins at a singl@oot) node,andthe first spit is made Subsequent nodes split the data ferth

43



Automatedanalysis ofcolorectalcancer Chapter 2

and stop splitting the data when some stopping criteria has been met, such as the number or
proportion of data points in the resulting class distributfonode that reaches the stopping
criteria is knevn as @erminalnode or leaf node, and eatdaf node is assigned a cl#gsation

or a number, depending on the type of CART analysis. For classification heepediction

class is set to the classification found most frequently in the resultisgtsaffidataFigure 16

shows the visual representation of-aldss dataset with two splits on the left, and the equivalent
decision tree process on the right.
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Figure 16 - Binary tree classification of-dimensional feature data

Left: Preclassified twedimensional data, with two partitions
Right: Binary tree representation with the resulting class distributions at each node

Note that in this example, optimum performance of the algorithm is dependeiitiomgsw

beforew . The process of splitting the data is known as growing the tred aplits occur
independentlyand are not limited to a specific number of nodé® process of fully growing
decisiontree means that all leaf nodes in the traeghvyeached their stopping criteria. This

typically generates large trees that are too specific for application to other datasets, or have
overfitted the training datéPruning is a process that reduces the complexity ditlyegrown

tree,in anattemp to create a more generalised model capable of being applied to other data.
Pruning can be achievéy removing nodesased orthe effect the removal has on the overall

error rate of the predictions, as well as more complex mefi@8% Decision treesrea useful

ard intuitive ML tool, that is unaffected by ndimear data. However, they are prone to

overfitting training data, and can be sensitive to variance, to the extent that noise in the data will
change the entire structure of the tree. Decision trees are also sensitive to&iassitice the
stopping criteria will be met sooner, if the training data is imbalanced. The concept of using
multiple trees as an ensemble classifier attempts to mitigate these issues, and Random Forests is

one of the most commonly used methods.
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Random Forests

Random Forests (Rfs a ML technique based on the conceptadtbtrap aggregation

(bagging)i that multiple weak predictors can combine to form a more robust one, by averaging
noisy models to create a model with low vaga[130]. In RF, a collection of trees are

grown, using randomly selectsdbsetgwith replacementirom the training dataFor each

node in each tree, a predefined numbex déatures are selected at random, and the feature that
provides the split of data with the lowest errorhissen. Each of the treesarefully grown

without pruning and for each feature vector testedthe fully trained classifieevery tree is

used to make a prediction. The predictions madeach of thelassification models are
aggregated as votes, athé modal average is used to select the final classification. For
regression, the mean value of all predictions is taken.

Since each tree in the RF uses a subset of the featutfeesetused portion of the dataset,
known as the oubf-bag samples, care used to calculate the error rate of the model, and
internally optimise the RF resldy minimising the oubf-bag errof131].

Because of this methodology, RF is known as an ensemble classifier. Since the predictions are
aggregatd overe number of trees, the issue of overfitting is reduced, and so pruning is not
necessary. This means that highly specific trees can be used and datasets with high
dimensionality can be computedtire sameanannerHowever there is very little control over

how models are generatgB2], and the process of generating the trees is still sensitive to
imbalanced datédata containing more examples of one class than angdtbiqugh this can be
mitigatedusingbalancedsampling of the dataset, preproduction of feature vectors in the

minority class, or applying a cost function to the dataset, based on the proportion of data in each
class[133].

RFsare regarded as a computationally efficient and flexible solution for ML solutions, and have
the capacity to learclasses vith complex and high dimensional feature space, which makes
them appropriate for application to CRC image data. However, independent analysis should be

taken to assess whether RF are the most appropriate solution for learning CRC [fE2dlires

2.4.6.6Boosting

Boosting is an umbrella term for improving a given ML algoritimough combining multiple
classifiers to make a more accurate predidi@d]. Like bagging in RF, boosting is an
ensemble classification technique, used to average over noise and variance in the multiple
models that have been generated. Boosting differs from baiggihgt the output generated

from each classifier is weighted, based on the out of bag error rate that each classifier generates.
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For Qclassifiers each ensemble classifi@is weighted by its error rate. Equation13 shows

the difference between bagging and boosting calculations.

L} p L} L} 14 €,
Q = Q Q Q
IQ U
Bagging Boosting

Equation13- Bagging vdoosting

Boosting may also include an extra step, which is to discare: exdissifiers if their error rate is

too high, such as the AdaBoost method, which uses-aficat 50%[136]. Boosting is a useful
technique for further avoiding bias in ensemble methods, by removing classifiers which contain
higher levels of bias or noise. However, if the models are overfitting higéer weighting is

given to the models with the higher accuracy, anbegming isoften more effective.

2.4.6.7Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN utilise the concemf biological neural networks to mode|

web of classifiers that resembles interconnected neurons in thgX8@nAn ANN consists of

a graph structure, where neurons are represented by nodes, and connections are represented by
edgesThe network is structured in layers, with an input layer, multiplednddyers and an

output layer (se€igurel?).

Input Layer Hidden Layers Output Layer

'® /@
SR>

NN

Features Classification

KL=
;‘;z 20 )"\’; ;
W

Edge

V
A

Forward Propagation

Figure 17 - Visual representation of an Artificial Neural Network (ANN)

Each neuron in theetwork represents classifierand edges model the relationshbetween
the neurons in different layerslaSsification resu#t are passefrward (forward propagation),

starting withfeatures athe input layerpassing the output from each neuron to the hieiden
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layer,until classification results are returnieg the output layefThe classification is compared
to the ground truth training datanda cost is generatetkpresentinghe difference between the
ground truth and the classification. The netwisrkptimised using edge weightnd neuron
biases, with the aim of minimising this cogt38].

The optimisation processcrementally alters weights and biases in the netweek many
training examplesand assesesthe impact on the classification resdlhe rate at which
changes to the weight or bias affects the cost is known as the gfad@n® higher (steeper)
gradient indicatedhtit changes to the weight or bias have a larger effect on thewdsd low
(shallow) gradient requires larger changes to the weight or bias to have the samastfect
changes are performed iteratively, functions with higher gradients take lesisiteto

optimise, reducing training time.

The optimisation is performed backwards through the layers (back propad@iohso thata
gradientat any point in the network is the plactof all previous gradients up to that point.
Therefore having mordayersin the network leads texponentially smaller gradienits earlier
layers. This ultimatelynears that changing weights and biaseshese layerkas very little
effecton the ost and taksmuch longer to optimis& his problemis known as the vanishing
gradient{141], and has limited the use lafgeANNS in practie until the advent of Deep
Learning

2.4.7Deep Learning(DL)

Deep Learning (DLis an umbrella term for a range of ML algorithms thiat to improve
traditional specific classificatioalgorithms requiring predefined image features and large
amounts ohandlabelled training datfil42]. The architecture of DL algorithms is structurally
similar to ANNSs, but uses Restricted Boltzmann Machines (RBMs) to optimise layers in the
network individually By automatically dining featuresindependent of human intervention
(and therefore error and biasesqining data is partitioned into unlabelled sets, which can then
berefined into labelled classes using relatively few hiaelled examplefl43]. Two

commonDL methodologies exidbr image processinghich are calledDeep Belief Networks

and Convolutional Negral Networks These are discussed in the following sections.

2.4.7.1Unsupervisedlearning using Restricted Boltzmann Machines

Restricted Boltzmann MachiséRBM) are shallow, twdayer restricted networks, that process
daa via both a forward and a backward passtiempt to reconstruct the original input data

[144]. The network is restricted in that no two nodes of a single layer are connected. Input
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feature data is processed using weights and biases, in the same way as ANNSs (section 2.4.6.7),
but instead of generating output predictions and costslatizeis fed backwards, in attempt to
reconstruct the input features ($égurel8).

Forward Pass Backward Pass

Input Layer Hidden Layer Input Layer Hidden Layer

Process Features Reconstruct Features

Figure 18- Restricted Boltzmann Machine (RBM) structure and behaviour

The reconstructions are directly comparechtr input features, using Kullbadkiebler (KL)
divergencgrelative entropy, so that the weights and biases can be optimésedpposed to
using the ANN method of calculatimgsts beween output and ground trufhhis means that
the data does not neamlbe labelled, and therefore human classification error is eliminated.
Also, features that do not reconstruct adequately after optimisation can be etisozalling the

RBM a type of feature extractor, called an autoencidss.

2.4.7.2Deep Belief Networks(DBN)
Deep Relief Networks (DBN) are structurally similar to ANNs, but used stacks of RBMs to

internally pasself-trained RBM outpugfrom their respectivédnidden layes to the input layeof

the next RBM146]. This means that eatdyeris optimised before passing thetput to the

next layer, and so does not require back propagation, eliminating the vanishing gradient
problem. By circumventing the vanishing gradient problem, DBNs can stack many layers in the
(deep) network without requiring exponentially more res@ait@@ptimiseweights and biases

in earlierlayers. The result is an optimised set of layers that improve in accuracy as data is

passed along the network

Since features are automatically selectedpuat classes from the network are initially
unlabelled andsorequiresmall examples of labeld input data to be classified. This small
training set can also be usedhtake final adjustments to the weights and biasése network,

and increase accuracy further.
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2.4.7.3Convolutional Neural Networks (CNN)
Convoluional Neural Networ& (CNN) are inspired byvork by Hubel and Weisel (1968)

describing tharchitecture of monkey striate corteyich categorises cells attributedvisual

sensory informabn in a hierarchical sticture[147]. Cell functions arelescribedassimple,

complex or hypercomplex, referring to thecessingf simple lines anédgesand combining

them into shapesliltimatelycombining those shapes intomplexobjects Receptive fields are

defined as small areas of the overall visual field, wheregzging of such an area will activate
neurons based on its properties. The paper discusses that smaller receptive fields are associated
with more highly developed brains (comparing monkeys to cats), and hierarchical processing of
a visual field requires eoplex layered connections of many receptive fields.

Local connections withreceptivefields

As opposed to traditional NN architecture, neurons in CNNs are not connected to every neuron
in the next layer, as performing such operations on individuanall groups ofpixels would

be computationally prohibitivelhen processing large imagésstead, images are processed

using atwo-dimensional windovef a predefined sizevith each window being referred to as a
receptive fieldEach receptive field is pressed by one node in one layer of the network, using
the thredypes of processing layersonvolution transformation of the resulting images using a
nonlinear function such aRectified Linear Units (ReLU)xnd poolind148], illustrated in

Figurel19. Note that the order of thetsyersis not limited to the order shown.

Receptive Field Convolution RelLU Max Pooling Votes
|
— /:r‘.* W\
o N i
B YL . \J\w
LY ]

R

\

Figure 19 - Visualisation of the types tH#yersin a Convolutional Neural NetworfCNN)

The illustration showsa receptive fieldontaining CRC epithelial nuclei, which is processed by four
rotated varants of the Prewitt edge detection convolution kefeet 2.4.3)with the resulting four
images being normalised by Rectified Linear Units (ReLU), and negdlsé result using max pooling.
The pixels in the output images after max pooling are reshaped list and their values are used for
classvoting

Note that these images di@ illustrative purposes only pixel values areolourised using a heatmap
receptive fields are typicallymaller,and filters are randomly generated.
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Convolutioral layer

A number of onvolution kernelgalso referred to a#ters orweight matriceare randomly
generated and applied to the receptive field (see 2.4.3 for spatial filtering). This results in as
many output images as there are filt@iise filters are initited randomly, anRBM

autoencoding selects the most appropriate ones for identigjimgducible edges and basic
shape$149]. The result is aet of convolution filters thaihodel generalisable Io¥evel image
features that can be used to identify basic properties of the receptiveNieleshat the filters

in Figurel19 are rotated variations of the Prewitt filter, described in 2.4.3, and are for illustrative

purposes only.

Rectified Linear Unit(ReLU) layer

Convolution filtersin CNNs have a randomly generasat of weights with aumeric range of
-1 to 1.Applying the filters to an image therefore may result in output images with negative
values. Approximating the values to Rectified Linear Units (Reikla form of normasation,
described by the formuka | A @i ,whichsimply converts alhegative numbers to zero
[150]. Theprocess is also referred to as activation, where the resulting image is called an

adivation map.

Pooling layer

Pooling reducethe size of the convolution resuolt activation maps biaking a single value of

a sliding window of a predefined sjznd iterates over an image with a giwep size. Max
pooling is most common in CNMhRie b computational efficiengywhere for each windowthe
maximum value in that area is tak&uoling is applied to reduce computational overheads and

to prevent overfitting.

Fully connectedayer andvoting

The final layeiin the CNNconversthe resultingnax-pooled images into a discretised list of
numbers and their values are used for voting for a cldag& numbers are discretised using a
softmax function(similar to the sigmoid function in logistic regression, in section 2.4.6.3), and
the resulting vlaes are used as votes for classifications, typically wusigmax to get the most

likely class

CNN structure andhierarchical layering
The structure of a given CNN can be altered by changing the order dfy atatking multiple
layers, depending on tliesign choices made by the programmer. By applying multiple sets of

layers,activation images begin to contain models that represent higher level shapes and objects.
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Regularisation

Also, referred to aslropout regularisationandomly turns neurons offéts weights to zero), to
force the network to learn multiple representations of the same thing, increasing the
generalisation of the trained network, and reducing overfitting.
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2.5 Application of image analysis todigital

pathology slides

This section provids an overview ofurrently developed solutionsrfautomating
histopathology image analysis, and identification of the successes and limitations of those

solutions.

2.5.10verview

With the advent of digital slide scanners and kighformance computing in thast 15 years,
research in the field of image analysis on histopathology images has substantially increased
[43,44,130-136]. This section highlightsome ofthe current statef-art applications and
technologies in this area, with a focus on how these technologies might be used for CRC

analysis.

2.5.2 Stain (colour) correction

The variable appearance of digital slides can be affday biological, histological or digital
issues, at all levels of the digital slide production workflow, discussed in sectionCo®ar
normalisation is the process of transforming the original image colourspace, for digital
enhancement or standardisa, using a set of reference values to normali§&38]. The
normalisation process fgaditionallybased on the assumption that the colours can be corrected
via a linear transformor rotation of the colourspacehich may be derived using colour
deconvolutior[138-141], although nodinear methods also exift42,143]

Magee et al present a method for normalising calsung context iraddition tocolour
deconvolutio165. The met hod takes a O0target i maged a:
it can be mapped to a 0t r arnd#ifllpachassifierstgieed, t ha
on an unrelated datasasingfeaturevectors calculated pepixel. The vectorgonsist of the
RGBvalues,c mbi ned wi t h A&asal omlowdengnsional enage cotoudr

histogramof the whole image. For training, vectors are calculated amghasisto one of three
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classes: stain 1 (haematoxylin); stain 2 (eosin or DABgkground. The classes are assigned to
pixels via manual segmentation and labelling. The labelled featureaggtlisd to ML, using

an implementation of thRelevance Vectdvlachine methodRVM), which uses a
methodologysimilar in principle to SVM, but outputs probabilistic classificatifb66]. One

RVM istrained on each of the three classes, sopitetictions on unseen images outuiee
probability value perpixel, and each of the three valuefiormalised according t&quation

14.

0640

Equation141 Normalisation of RVM pixel class predictions

Whered & & i"Yo cpfXd @fOad G Q°Q1 andd ‘® s'Qis the probabilistic output from
the RVMtrained on pixels frond & @ i(wiith the other two classes being grouped as the
negative examples), given the combined feature véQtandQis the number of elements in

Oawi i

RGB valuesifom pixels classifiedvith a probabilityvalue above a predefined threshold
(reported in the paper as 0.99) are used to generate the OD vectors for colour decoifgetition
section2.4.2) If less than 200 pixels satisfyirtigis criterionare present irhe image, then

pixels with the top 200 probability values are choséms should be noted when reviewing the
example images iRigure20 andFigure21.

Using the colour deconvolution methodology desettin 2.4.2 both the target and the
transform images derive OD values for independent colour deconvolution, ustligssiéed
pixelsin each image. It is noted that OD values need to be derived independently, due to the
variation of stain that may exi@iscussed in 2.3.3or both target and transform image, the
three staining probability maps are generated, and pixels are classified, bAdgakibimm 1.
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for each stain channel n
for each pixel p
if all RGB OR DCchannels inn(p) < t(black)
Class = Black
else if n(p) > t(white)
Class = White
else if RVM P(background) > t(background)
Class = Background
else if RVM P(stain(n)) > t(foreground)
Class = Stained
else
Class = Other
end
end
end

Algorithm1 - Classification of pixels using RVM probability and DC channels

By classifying pixeldnto these groupshe black and white classified pixels can be ignored so
that they remain unchanged whenppiag Statistics are generated from the remaining pixel
classes (mean, and upper and lowepércentiles), which are used to map the transform image
values to the target image values. Finally, the mapped values are transformed back into RGB

using the clour deconvolution transform methdeigure20 shows examples of original

transform images and their normalised outputs.

Figure 207 Example of colour normalisation on SBRCimages

Top: Transform image

Bottom: Normalised images

The normalisation process transforms the colour of each image to the colours of the target image (not
pictured).

It is important to note thgdas mentioned previously) if less than 200 pixela gfven class can
be found ineach image using theombinedRVM classification methgdcolour deconvolution
OD vectors will be generated fro2®0 pxels with thehighest probability ofhat class
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Thereforedigital slide imagegxhibiting characteristicsutside ofexpected colour ramgdue

to issues discussed in section 2.8 not adequately be compensated for usiogmalisation
techniquesFigure21 shows examples of images too extreme in terms of weak staining, causing
colour artefacts, or simply cauag the algorithm to failAlso, note that if large areas of lumen
dominate the image, then the algorithm idendiiackground as foreground, and normalises it.

Figure 21 - Example of colour normalisation underperforming onGRCimages

Top: Transform images

Bottom: Normalised images

In these examples, there is not enough colour information in the original images to transform to a
meaningful result.

Five of the sixmages inFigure21 are extreme exaples of weak staining that arerpaf the

dataset presented @hapter 3, and identified as not scorable in pathologist interaction studies in
Chapter 41t is important toconsiderthat correction of stain does not account for other artefacts
such as tisue folds, or tears, and identification of such artefacts may be useful for application to

digital slides before normalisation and subsequent andl{/6&g

The Magee et al colour normalisation algorithm is us@étlénimage processing algorithms

presented ilChapter 3.

2.5.3Nuclear and celular detection in CRC images

In CRC analysisthe ability to delineate between boundaries of tissue types and cells is a
prerequisite to classification, staging, grading and diagnosis of disease. In automated analysis of
CRC, he segmentation task is tgplly split into twodisciplinesi segmentation ofells and

nuclei, and segmentation of tissue structures such as glands, vessels and nodules.

Cell and nuclear segmentation is a discipline over 50 yeaf$Jolilethods of segmentation

have changed with imaging modalities and technological advances, yet the problem is not trivial
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to solve, due to the variable appearance and characteristics of histopathological tissue (see
section 2.2 and 2.3CRC tissue contains various types of cells and nuclei which have different
visual characteristicgnd thedetection of these cells typically involves segmentation or
separation, and classification based on appeardhteseparation is namivial due to the
deformable size and shape of the nuclei, as well as touching and overlapping dgjEctd.
solutions developefibr the problem of nuclear detection includeresholding morphologgcal
filtering and connected components analysee section 2.4.5.1)47-149]; texturebased
segmentation (see section 2.4¥50,151], watershed transform (see section 2.4.5.2)
[89,92,152155]; clustering (see section 2.4.5]3)6]; graph cuts (see section 2.4.5.4)

[157,158]; active contoursand deformable model fittind.59-161]. Recently, statef-the-art
technologyknown asDeep Learning has also been used to identify n{8di]. One issue with
mostreported methods is a lack of standardised benchmarks for evaluation, as solutions are

typically onlydevelopedand teste@n datasetthat researchers have accesd 82].

2.5.3.1The Bennett et al algorithm

Bennett et aJ183] present a nuclear tction algorithm based on thetigh transfornjl84],
extending the paramet@nd subsequently aemulator)space to detect more complex shapes
[185], so that nuclei edge segments can be joined by the highest probable lines in the
accumulator spadé86]. Initially, colour deconvolution (see sectior 2) is applied to

digitally separate the H&E stains, and the haematoxylin (nuclear) staining channel is used for
analysis. The Canny edgetdction filter (see section 2.4.3) is applied to generate a binary
image of disjointed nuclear edge segments. Edges that are within dQ@aharother edge are
joined recursively until the merged edge is greater than léngtid then any edges I¢ffiat are

shorter than length s are discarded.

To account for the varying elongation and rotation of nucleiHihegh transform is applied
multiple times with differenhypothesis orientatian Hypothesis orientation is quantised into 4
angles| it bw fp o vto reducethe number of iterationand increase computational
efficiency. For each edgsegment, only the centre pixeplotted ina 5-dimensionaparameter
space, using focation y location nuclear aspect ratio, edge directions, #uedypothesis
orientation and the voting direction is specified towards the negative gradient direction, such
that:

rlllc‘lvl

m Al Ouw O E4+uw

Equation157 Hough transform for edge segment voting in the negative gradient direction
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where—is the angle of the image gradient®fto , with respect tehe x axis The voting space
for each pixel ixreatedusinga pyramidal kernelvith voting directionsb and scalé  to
i . The votes within the kernel area are weighted by a 2D gaussian kernel centred over the

centre point of th@yramid kernelFigure22 visualises this voting space

Theprocess is repeated for each of the hypothesis orientationsptsdave aggregatecbin
all four accumulator spaces. Centroids are then identified using the maaagshithm (see
section 2.4.5.3). To reduce over detection, centroids that do not overlap binary objects in the

haemat oxylin channel i mage, thresholded by

(xy)

“aw QN‘;:sfti
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Figure 227 Pyramid wting kernels for nuclear segment centroid voting

with 2D gaussian weighting /

» 'Missing Boundary

Coiidiee —%ed segment

Left: Pyramid kernel witlfmagentaD gaussian filter for onedgesegment
Centre: Combined pyramid kernels for all segments showing centroid probability
Right: Detected nuclear centroidg® deconvolutiotnaematoxylin imagafter mean shift clustering

Edges are grouped by the centroids that they voted for, and the segments are then combined
usingellipse fitting. The process joins the edges, minimising the distance measure of the set of
points, using leasgiquares error minimisation. Finally, some of the false positive detections are
removed by identifying overlapping segmentations, and identifying the levels of haematoxylin
inside the segmentation boundaries, compared to outside the bourfeigties23 shows

results from the algorithm detections.
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Figure 23 - Nuclear detection results for the Bennett et al algorifth88]

Top: Original H&E stained images
Bottom: Nuclear detection results

The algorithm performs well on clearly separable nuclei, and copes adequately with densely

clustered nucleiwith no input parameters (tuning).

The Bennett et al nuclear detection algorithmsed inAlgorithm A, presented i€hapter 3.

2.5.4Glandular detection in CRC images

Due to the complex and deformable nature of cancerous tissue, detecting glands and structures
in CRC is a notirivial task Segmenting tissue structures such as tumour epitheian be

attempted usingaditional feature based methods, sucteagire[168,169], or traditional
unsupervised segmentation such i@l cutgsee section 2.8.4)[170-173]. More recently,
publishedmethodologyappliesmulti-scaleanalysisusinge i t h e vd oavnidt ap pr oac h,
whereby characteristics of thedige types are ascertained using general features of the tissue
(typically at a scaled view, rather than native magnificatip®#$,175]or a FAulpodt t om
approach, that uses segmentatibnative resolutiofsuperpixels, clustering, nuclei detection)

and combines visually similar regiofi95]. Methods that use the bottom up approach have
modelled glands as polygons using nuclei centres-asdinateg177-179], and are typically
represented as graphical models sudilakov Random Flds(MRF) [199].
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Table3 lists publications that focus on detecting tumour in various cancers, recording the tissue
type, stain, image size, number of images used in the development and testing of the algorithms,
and their reported accuracy rating.

Image Image Image
Primary auhor Year Tissue ype Stain type size count Accuracy
Reis[200] 2017 Breast H&E ROI 12x12 224 0.84
Bejnordi[201] 2017 Breast H&E  WSI - 646 0.96
KainZ202] 2017 CRC H&E ROI 775x522 165 0.95
Kather[203] 2016 CRC H&E ROI 150x150 5000 0.99
Wang[198] 2016 Lung H&E  TMA 300x300 9 0.80
Wang[198] 2016 Lung IHC TMA 500x500 9 0.78
Chen[204] 2015 Breast H&E ROI 1360x1024 1150 -
Rogojany205] 2015 CRC H&E ROI - 50 0.97
Biancon{206] 2015 CRC IHC ROI 161x161 1412 097
Hamilton[207] 2015 Lung H&E  WSI 31x31 136 0.97
Paakkonerj208] 2014 Prostate H&E  TMA 1280x960 - 0.79
van Engeleffi209] 2013 Brain H&E ROI 800x800 13 0.76
McKenng210] 2013 Breast IHC TMA 76X76 64 -
Angell[211] 2013 CRC IHC ROI - 65 -
Mattfeldt [212] 2013 Prostate H&E ROI 512x512 103 0.82
Linder[213] 2012 CRC IHC TMA 80x80 1376 0.97
Doyle[214] 2012 Prostate H&E ROI 256x256 2000 0.86
Beck[215] 2011 Breast H&E  TMA - 1444 0.89
Law[216] 2011 Endometrial IHC ROI 200x200 60 0.85
Eramian217] 2011 Oral H&E ROI 1300x1300 73 0.85
Signollg218] 2010 Ovarian IHC ROI 512x512 61 0.72
Yang219] 2009 Breast IHC TMA 1200x1200 3789 0.89
Huang[220] 2009 Prostate H&E ROI 512x384 205 0.95
Naik[221] 2008 Breast H&E ROI - 54 0.82
Datar[222] 2008 Prostate H&E ROI 1024x768 109 -

Table37 List of published algorithms for segmenting tumour epithelium in histopatholages

List is sorted by year of publication. Some values are not reported in the publications, these are marked
with a hyphen. Image type ROI = region of interest, TMA = Tissue MicroArray core image, WSI = Whole
Slide Image, typically analysed in smafidge tiles / patches.

The data in this tablerovides a clear and concise set of data for drawing benchmark levels and
noticing trends between types of analyses. For exaimjgere 24 plots accuracy results of all
algorithms, graped by stain type. This shows that a reasonable state of the art benchmark level
of accuracy is 86.5%and that results on IHC images are slightly, but not significantly higher
thanresults orH&E images (p = 0.79) but the spread of distribution is highand therefore

reported accuracy results are not as consistent.
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Figure 241 Boxplots of published algorithm accuracies, grouped by stain type

Left: Image analysis applied to routine H&E images (mean = 0.87, median = 0.865 8.08)

Right: Image analysis applied to IHC images (mean = 0.86, median = 0.87, S.D. = 0.10)

The plot shows reported accuracy levels with state of the art algorithms. Image analysis results using
IHC are slightly higher than on H&E, but not as consisten

The slight increase in average accuracy on IHC image may be due to the tumour component of
the tissue being highlighted by histochemical staining. In the case of antibodies such as
cytokeratin (CK), this makes the tumour epithelium appear brown, andastilue. In terms of

the segmentation task, this is simpler problem thad&B. However, the spread of the

distribution suggests that complicating factors may exist, such as quality of stain, or other issues

relating to image variability, discussed i3 3.

Figure25 shows a scatterplot of image size used and accuracy reported in attempt to identify if
there is a trend between the two. The x axis is plotted on a log scale due to the variability and

spread of the number of imagesed.
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Figure 2571 Scatterplot accuracy vs total number of images use in the studies liStedle8

The overall trend shows a weak positive correlatioh<R.18). Note that the x axis is plotted @tog
scak. The correlation suggests that algorithms using larger datasets lead to higher accuracy levels.

The scatterplot shows a weak positive correlatict=(®18), which is exaggerated by the log
scale in the higher numbers of the x axis. This iegpthat accuracy is likely to increase when

using more imagesind thathe idealnumber should b the thousands, rather than hundreds.

2.5.4.1The Kather et al algorithm

A large proportion of published tissue classification algorithms that are not based on
sgmentation use texture features to discriminate tissue cldssles82-188]. Kather et al

(2016) present a methodology for mudtass texture analysis in CR203], performed on
greyscale images derived from H&E slides. The texture statistics generated were from six
different methods: lower and higher order histogram feaf@@g; GLCM (see section

2.4.4.1); LBP(see section 2.4.4.2); Gabor filt¢P28]; Perceptrodike filters [206]; Combined
feature sets. The features were tested against four different classifiers, 1 Nearest Neighbour
(kNN) [229], two variants of SVMs and a decision tree classifier. Each classifier was trained
using the texture features and one of eight hand labelled classes: Tumour epithelium; Simple
stroma; Complex stroma; Immune cells; Debris (inglgdiecrosis, haemorrhage and mucus);
Normal mucosal glands; Adipose tissue; Background-fokhcrossvalidation is performed on

a dataset of 10 haddbelled slides, split into 5,000 150x150px images, and report 98.6%

accuracy for the combined texturaferes using SVM with a radial basis function.

The Kather et al algorithm uses patwdised analysis to train classifiers using eight classes of

CRC tissue. Of all the published algorithms found in the literature, this algorithm is the most
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similar to Algaithm A presented in this research (Chapter 3). A comparison between the

algorithms developed in this work and the Kather et al algorithm is madesedthen8.2.4.

2.5.4.2The Gland Segmentation (&aS) challenge

CRC gland segmentation was the focus of the bMadmage Computing and Computer

Assisted Intervention society (MICCAAannual conference in 2015, launching the colorectal
glandsegmentation challenge (GE&30], which invited researchers to submit their algorithms
for benchmark testing against other state of the art solutions, by validating developedsoluti
on the same datas€ne dataset was released prior to the challenge which allowed participants
to train and test their algorithnd80 images)whereas an unseen datg@€& imagesjvas

released on the day of the challernarticipants had a 4Binutewindow to process them.

All but one of the top ten submissions used Convolutional Neural Network Y @&é¢hhology
(see 2.4.73s a classifief148], with the other method using-Means clustering (see section
2.4.5.3) and a naive Bayes classifier (see section 2.4.6.2). The niae astng CNNs differed
in the preprocessing and pegrocessing methodologies, the depth of the network, and the
tissue class number and definitioRgyure26 shows the distribution of accuracy results for all

algorithms on th@rereleased dataset and the unseen dataset.
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Figure 26 -Boxplots of GlaS challenge accuracy results, reported by dataset

Left: Prereleased test data results (mean = 0.82, median = 0.87, S.D. = 0.10)

Right: Unseen test data rdsi(mean = 0.63, median = 0.69, S.D. = 0.14)

The graph shows that the algorithms developed on thegheased test data were not generalised
enough to repeat the same level of accuracy on the unseen dataset.
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Accuracy in this case is reported agdnsore which is calculated as the harmonic average of
precision and recall. Automatically segmented gland objects that intersect with over 50% of a
ground truth gland are considered true positive, otherwise the object is considered a false
positive.Algorithms performed significantly better on thepeéeased test set compared to the
unseen dataset, with means of 0.82 and 0.63 respeciivehdistributions of the results were
statistically significantly different to each othgttest p < 0.01). Most ohe methodologies

used data augmentation to increase the number of training examples, in attempt to improve the
generalisation of the algorithms. The results presented for the unseen dataset imply that the
variation of image data was not adequately comgeddar by this method. It is therefore an
important message that adequate numbers of training examples and validation images are

requirel when evaluating algorithm performance.
A comparson ofsegmentation algorithms for CRC images is presented in CHapter

The GlaS challengeepresents the general trend@dearch into CRC classificatighifting
towards using CNNs as a black box to automatically identify visual features without bias in
model or parameter creatift93]. Alternatively, Levenson et al hypothesise that understanding
the cognitive and visual systems of animals may be useful as a gateway to understanding the
processes involved jpathologically assessing imad@83]. The paper explores the concept

that pigeons have the capacity to distinguish between malignant and benign tumgessa

and using a touch sensitive interface, trained Columba Livia pigeons by automatically
dispensing pellets to reward pecks on the screen that corresponded with a correct diagnosis.
After 20 days training, pathologipigeon agreement rose to 88% orages presented at 20x
magnification. The levity of this concept detracts from the message of thei phpér
understanding their performance on visual tasks may assist in guiding future vision research.
However, coi ni-angu it dien dgnierodsobrtirg)aedisoggesting pigeons

have the potential to be cost effective medical image observers does not help.

CRC classificatioralgorithms are developed in Chapter 3, 5 and 7 in this work to identify CRC
tissue on digital slides, and also in @tex 4 and 6 for the application of automated Qi

work presented in these chapters predates the popularity of the deep learning methodology.

2.5.5Automated TSR analysis

Due to the emerging research into TSR as a prognostic madkarticleshave been pdished
focusing on automating the task. TSR can be generated asraduct ofgland segmentation

(assuming TSR is the ratio of gland area to other tissue detected in the Bnaged such is
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reported in three of the previously referenced publicat@ltispugh it is not the focus of the
studieqg203, 206, 207]Hamilton et a[207] reportTSR analysis on 10 slidegelding a high
correlation to ground trutfR? = 0.97), using a pathologist to count over 500,000 cells as the
benchmarkThisis compare to theirobservations of human intebservewariability, which is
less wellcorrelated R? = 0.32). Kather et a[203] present a similar methodology to the work
presented in Chapter 3 and Chapter 5, using folal¢is image patches to learn sldsses of
tumour and stroma tissue. TSR values and ground truth correlations are not reported but
mention that their work cddi be used to generate TSRshould be noted thahis work was
published after the development of the algorithms in this thHBsisconi et a[206] report a
0.97 accuracy rating using a two class system (tumour and stroma), generating confusion
matrices on a pgpatch basis, but show no correlations to patholagiserated ratiost should
be noted that the study uses IHC images which have ieutucomponent stained with DAB,
and are more visually distinguishable than H&E imafreall three publications mentioned,
SVM classifiersare used to learn image features pretlict the classifications of image patches

retrieved, in small image tile eas.

2.5.6Quality assessment

The scope for variability of digital slide imageas beemutlinedin section 2.2.2 from a
histological and slide preparation perspective, and in section 2.3.3 in relation to digital slide
scanning, and calibration of devic&hes factorscaninfluence the appearance of digital
slides, and subsequently, how image gsialsolutions perform on thefResearch intaolour
standardisatiofdiscussed in 2.3) andstainnormalisation(discussed in 2.5.2) allows
algorithms to process imges that have a mocensistenappearancdo improve accuracy.
However, as seen from the adverse normalisation performance shbigniie2l, extreme
deviations inmage qualitylead these techniques to exacerbate the isatlesr than improve

them.

Quality assessment is a visual inspection task assigned to scanner operators, and the Quality
Control (QQ procedurdypically involves identifying slides that have digital scanning artefacts,
such as oudf focus areas or incorrect stitching of image tiles (striping artefacts on line

scanners). However, histological issues on the slides themselves cannot be accounted for, such
as weak staining, tissue folds, tears, or even permanent marker on thesslidey vesearchers

to delineate regions of interest. These issues have the potential to negatively affect image
analysis solutions, whilst being considered a QC pass, and therefore should be considered when

designing automated solutions.
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There are few doeuented examples of research into this area in the literatud&ypically QC
algorithms focus on replicating the work of the digital slide scanner opesasduating

scanning artefacts such as irregular illumination, overall brightnessasprolou separation

and blur as opposed to the content of the img$2] [235]. Ameisen et a]236] present a

method of whole slide image analysis for automation of the QC ttastkanalyses a given slide

using each layer of the tiled pyramid. Initially satwatin the HSV colourspace is used to

identify background and weakly stained tissue, and image tiles considered to contain foreground
objects (including artefacts) are further processed for blur, contrast, brightness and colour, and a
threshold is set foraeh in order to pass or fail the slide on that met#eanaki et a[237]

present work on developing an algorithm to REh scanning and histological artefaasing

two separate estimators

The issue of image quality is addressed in Chapter 6.

2.5.7Validation againstclinical data

The pathological image analysis methods presented in this section (2.5) are based on existing
computer vision methods, and model human methods of scoring, which are evaluated against
images scard by a human. As mentionadthe problem statement in 1.1, these methods are

prone to inter and intracorer variation, meaningat most algorithm validation ferformed on
imperfectground trutthe f f ner et al refer to this[238,r obl e
which points out thatomputer vision systems require validatagainst the pathologist as the

gold standardio achieve validity however suchsystems ardevelopedut of a need to

address th#aws in human analytical methodandso to compa them to humans as ground

truth is not ickal

By regressing the problem back to the original reason for pathological assesgmaghiction
of patient survival and response to therdgy should be considered thifile more appropriate
evaluation strategy for automated pathological assessment is whether the algorithms perform

this task better or worse than a human.

Currently, computer vision researchers have limited access to existing gold standard data, and
generéing suchdata is laborious and time consuming for pathologigtss has led taalls for

shared repositories of data between resear{h®@$ Survival data othe other hand, is

generated by expensive clinical trials, that require years of patient fopadata, and therefore
clinical trial data centretypically do not disclose survival dataithout certain controls

Researcherareblinded tothe data, so #itindependent statisticiamanperform hypothesis
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testing ortheir behalf, so as not to ovengineer solutions to the datasets. Validation of image

analysis algorithms against clinical datasets should be performed with this in mind.

Beck et a[215] remark that human pathological scoring relies on minimal observatinds

that vast amounts of compuigenerated image feature data have the capacity to identify
phenotypic prognostic markers that are aattgeunknown, due to their complexity and

infeasibility for the visual inspection task. The Computational PathologiBaff) system is

presentd as a computer vision system that identifies 6,642 features from two breast cancer
cohortsusingH&E stainedTissue McroArray (TMA) digital slide imagestotalling 576 patient

cases, with a mean value of 2 TMA cores per patiéhg GPath system wasdelopedasa

processing pipeline using tleefiniens DevelopeXD image analysienvironmen{240], and

as such, the exact methodology was not reported in the paper. The process of tissue analysis has
been broken down intille steps outlined iAlgorithm 2.

for each H&ETMA core image i (total n = 158)
Partition i into superpixels
for each super pixel p
Segment nuclei in p
CGenerate feature vector v (size = 31)
Append v to feature set f
end
end

Train Logistic Regress ion classifier on f

Algorithm 27 Beck et alumourstroma classifier using Definiens Developer XD

The31features generated Algorithm 2 are based omtensity texture sze, shape and
relationalproperties oheighbouing superpixels. The subset ofgliinages was hand labelled,
and combined with the feature set to trairLaregularised logistic regressiatassifier(see
section 2.4.6.3or logistic regression241], and reported 89% accuracy usinfpRl cross

validation.

Using the trainedlassifier, the entire dataset of 57&ea was automatically partitioned into

tumour, stroma and unclassified regions. Within those regions, nuclear detection was applied so
that their shape metrics could be used to identify regular and atypical epithelial nuclei, stromal
round and spindled nle, and unclassified round and spindled nuclei. The s@i6df2 features

was generated fro these statistics, in combination with the features used in the previous
classifier, and their spatial characteristics (such as distances of one nuclear tgiffetord

type, or distance between tumour or stromal regions). For all metrics, the mean, standard

deviation, minimum and maximum was calculated.
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To compare against survival data, a Boolean set of training labels was made per case, splitting
patients inb groupsialive at five yeardandfinot alive at five years The labels were combined
with the final feature set and were trained and tested udiolgl 8ross validation on a second
L;-regularised logistic regression classifier. The trained and tegfexdthin was validated on

an unseen dataset, where the algorithm stratified the patients into groups predicted to live
beyond five yearsr not.KaplanMeier curve§242] and logrank tests confirmed that the

model had statistically significant prognostic capabilitiebothn ofthe datasstused p < 0.01

for both). Hazard Rtios(HR) were notpresented

Thevisualfeaturesn the second classifieised wereeportedndividually for their prognostic
significance using their coefficient estimateSf the 6,642 features used, 11 (0 @)¥ielded

estimates witf®5% confidence intervals that did not overlap Zesvo or negative probability)

Seven of the top 11 were relational features assessing contextual relationships, such as distance
between nucledr regions. In the supplementary materials provided witlpéper, coefficients

are provided for 41 of the 6,642 features in descen@ipgplute humerical orderandFigure

27 shows the absolute values of these features.
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Figure 27 - Beck et al coefficient estates of 43 algorithm features

Of the top 11 features, 3 were related to stroma, and an independent model built on these three
features alone was as strong a prediatoone built on all 6,642. The top three features were

alsostronger than the remainirgght epithelial features combined.

One thing to note is the number of TMA core images is reported in the-didéycases with a
totd of 1286 core imageTissue MicroArraygan contain upwards of 400 cores per slide and so
the entire dataset may havedn analysed using 3 or 4 slides, which would mean the algorithm

does not account for histological or digital variability discussed in previous sections.
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Chen et al presentsimilar approach, using 730 features generated from a combination of
image featugsover 230 patient digital slide image3VM classifiers and watershed nuclei
detection, and 12 features were significantly associated with suf2o4|

The algorithms developed in this thesis are evaluageihst clinical data in Chapter 7.

2.5.8Summary

Computer vision and Muwithin digital pathology research is an exogiand rapidly developing
field, tackling a variety of subjects including stain normalisation, nuclear and structural

segmentation, tissue skification, quality assessment, and automatic prediction of survival.

Image analysis provides a logical method for automating quantitation of subjective and
laborious taskswith consistent and predictable accuracy.

Many automated solutions exist for sifiecproblems in histopathological analysé)d as such,
arenot generalisable to other task¥assifiers used farreatingmodels of tissue are

traditionallybuilt using haneselected features, of varying types and quantities.

Methodology for alidationof computer vision and ML algorithms is typically limited to using
cross validationand the number of image used varies dramatidaflyhe papers analysed in
this chapter, numbers dfgital slidesranged from 1@r potentially fewer (see discussion on
Beck et ,@230.s wor k)

There are many algorithms that exhibit promising accuracy statistics, yeit#keaof an
accepted solution in this area is ongoing. Without appropriate levels of validity in terms of the
number of datasets used for validatiand perhaps even survival statistics, these solutions

cannot be fully trusted.
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2.6 Summary

The work presented in this chapter is alresgijnmarisedn the appropriate sectionand is

briefly listed below.

Colorectal cancer
1 CRChas a high economic cosbrldwide.
1 CRC is nontrivial to analyse
1 Pathologists provide recommendations for CRC treatment based on prognostic
indicators
1 The current rathodology for identifying prognostic indicators relies on manual
assessment

T Subjectivity and fatigue cause interdceintra scorer variability

However, despite these challenges, there is a clear benefit that consistent and reliable automated
analysis of CRC will bring to the pathologist workflow, and ultimately patients.

Digital pathology
1 Digital pathology is an exaitg and modern innovation that@mpasses a broad
spectrum of research fields
1 The dgital slide creation pipeline crosses between laboratory practice and computer
scienceand there iscopeto createvariationin bothareas

1 Digitisation of glass slidesffers the capacity tdevelop automated solutions.

Automation of routine visual inspection tasks using computer vision and machine learning has
the capacity to increase speed, accuracy and reproducibility of results, given that developed

solutions are Vaated, and trusted by the pathological community.

Computer vision
1 Computer vision is applied to digital slide images for enhancement, detection,
classification, quantification and prediction
1 Many solutions exist, but not enough widely available dataséssfor robust

algorithms to be extensively validated.
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9 Survival analysis can be replicated by machine learning, and has the capacity to learn
new prognostic markers.
Thesis aims

Moving forward,the work in this thesis aims to:

T

1
1
1
1

Generate a large datasétpathologist scored CRC images, representativeutine
work, to use as a robust bank of gold standard data

Automate the pathologist scoring task for prognostic features

Address issues with image quality that may affect image analysis

Validate the autmated solution okarge amounts of data from the dataset developed

Automate survival prediction

Thesdfive tasks are split across the néxe chapterq3 to 7) involving algorithm

development, refinement, web systems development, human computerimtegsperimental

design.algorithm refinement, automated image quality assessment, and survival amsihgis

the automatically generated prognostic markers
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Chapter 3 - Automation of systematic
random sampling

3.1 Introduction

3.1.1 Chapter overview

The work in this chaer presents a systematic random sampling (SRS) system based on

stereological methods (see section 2.2.3.4), for the manual analistopfathology images

The system is used to collect ground truth data to make a large repository of labelled image

data which is then used to develop an automated system for application of SRS to digital slides.

The chapter is divided infiive sections:

1)

2)

3)

4)

5)

The introduction, whiclbuilds on thedescriptionof SRSand stereology from 2.2.3.4,
and discusses how SRS can be weS&zttively for the analysis of CRC.

Presentation ahe RandomSpot systemS&S toofor manual quantitation afigital
slidetissue and how it has been used in clinical trial research to determine prognostic
factors in CRCand a dscription ofRandonSpotDR a repository for ground truth data
relating to manually scored images using the RandomSpot system.

An overview of one CRC trial which used the RandomSpot system, the data that it
generated, and how this data can be aseah inputo trainimage aalysis algorithms
with exploratory analysis of the dataset, and assessment of basic image processing
techniques for their suitability of application to the dataset.

Development of a machine learnifigL) algorithm, which uses the original clinical
trial image label datas a training set, fdearring the appearace of tumour and stroma
tissue.

Discussion of the work presented in this chapter and conclusions. The discussion
focuses on the how well the algorithms perform compared to a human, the main

challenges of processifgstopathologicaimage data, the quality control issues
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involved when processing a longitudinal dataset and how validation can be flawed when

comparing against subjective assessments.

3.1.2 Systematic random ampling for CRC tissue

See se@bn 2.2.3.4 for a background on stereology and systematic random sampling.

Recap of 2.2.3The manual quantification of tissue containing highly complex cellular
structures within regions of interest (ROI) on pathological slides is laborious and prone to
interobserver and intr@bserver variation. Current quantification methods (scoring) rely on
experienced pathologists to make informed estimations of the proportions of tissue, either on a
Whole Slide Image (WSI) or within a giverregion of interesfROI). These estimations are
subjective, and require broad category binaintain inter and intra scorer consistency

(typically three to four bins).

Virtual slide viewing software solutions often provide inbuilt tools for drawing boundaries
around tissue tygs, or counting cells with mouse clicks. Although applying these techniques to
gigapixel resolution images is possible, due to the number of cells per imagpplication is

not practical. SRprovides a feasible alternative to manual whole slide digatton, butcan

be prone to biases when choosing areasémnpling.

Systematic Randomagpling(SRS allows accurate@nbiasecdestimation of thgroportion of
classesvhile minimising the number of measurementsdeeeT raditionally, systematic

random sampling involveslacing a fixed grid (usually on an optical graticule) at a ransiesa

point on a slide and counting objects under the points on thg§iidlrhe efficacy of the SRS
technique fundamentally relies on selecting an appropriate density of the sampling points within
the grid. The density of the grid should be based on the estimatioa @flative proportions of
tissue within the area being analysed (low vs high frequency), as well as the distribution of

those proportions (sparsely vs densely distriby@4i3].

With an appropriate number of sampld® true frequency of objects in the whole tissue can be
estimatedeffectivelyfrom the sampled frequency using the ¢88,208], which ensures higher
reproducibility andcconsistency in scoringee 2.2.3.4 for a worked example calculating optimal
number of samplesHowever systematic random sampling is still laborious, requiring the user
to make hundreds of measurements using a conventional microscope and an optigkd.grat

Errors are easilyjnade,and it is difficult to pause and recommence work.
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3.2 Systematic random sampling and ground

truth acquisition

3.2.1AIim

To develop a tool that applies SRS to digital slide images, within a given ROI, allowing
researchers to quantiathe area and ratios of tissue types within that area.

3.2.2Methods

TheRandomSpot systef@45] is a webbased HTMLESRStool designed tgenerata
uniform distribution ofdiscrete, quantifiable targetgthin a given region of interest (RPI
Thesetargets are used for systematic sampling of cancer tigsgenerate an estimation of the

relative area of features within a given region.

3.2.2.1The RandomSpot &gorithm

Spots are created using a MATLAB compiled executable program, which initially generates a
grid with an arbitrary number of spots, with a random seed to initiate the fir§edphtSpots

are spaced equidistantly using a hexagonal meskhvidniteratively increased or decreased in

size until the number of spots within the ROl matches the number chosen by the user, within the
percentage tolerance specified.

Initially the minimum and maximum x and y values of the ROI are padded with ba@beéief

the width and height respectively (degure29). A single ceordinate, randomly generated

within the bottom left corner of the bordgihe seed point are& used tanstantiatehe seed

point for the gridThis random sed point ensures that sampling points are randomly (as well as
systematically) placeddorizontal gid spacingdistance)s defined bythe constaniQ and

vertical grid spacingis defined a&2 'Q O Eil wherei is 60 degrees, expressed in
radiars, to generate an equidistant set of points, based on a hexagonal mesh s#ucture.
hexagonal mesh structure is chosen over squdr@angle in order to reduce sampling bias

from edge effects of the grid shape, caused by having higher ratios of petorataPoint

distanceQis initialised using the following formula:
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Equationl16 - Initialisation of RandomSpot mesh grid point distance

Wherel is thewidth of the polygon andis the target number of spoRointsare generated

along each row and column, with the stopping criteria set as the maximum ROI x or y value

plus the 10% border.
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Figure 281 RandomSpot mesh grid generation

Top Left: Original ROI drawn by a pathologist

Top Right: Tle isolated ROI showing the maximum and minimum x and y values, with the 10 height and
width borders, and the randomised seed point area

Bottom Left: Example sampling grid with random seed point and sampling distance d

Bottom Right: Example sampling gridttvihe same random seed point and a smaller value for d

Points are created alotigex axis with a spacing dRpixels, and every row is created using a
spacing ofQpixels. To create the hexagonal mesh, alternating ronspaced witfQ  'COI¢

pixels
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After the mesh grid is generated, and stopping criteria are met, the number of sampling points
within the ROI boundary are calculated. If the number of points falls within the target namber,
the tolerance value (set as a percentage of the target nuthbarjhe algorithm converts the
sampling points to XML(eXtensible Markup Languagahd saves them in the Leiégerio
annotations file format. If the number of points within the ROI is too thergrid is

regenerate with Qset toQf p& 'Q, and if the number of the points is too highis set to

Q  p® Q,whereQis a randomly generated number between 0 and T4 process is

repeated until the target number of points is fitted in the ROI, within theatale specified.

3.2.2.2The RandomSpotsystem

RandomsSpot is a welasedSRSsystemdesigned by Wright et al at Leedsing HTML5,
jQueryand PHP, with a MySQL database and MATLAB compiled executable programs used
for background data processing. As a result system is both platform and browser

independentRandomSpot is primarily modelled on two simple use cases:

1) Creating SRS points for a given region / several regions of interest

2) Collecting handabelled SRS points as expert classifieebcdinates

These 8e cases are explained in the following sections.

3.2.2.3Usecase 1: Generating jgots

Use case one utilises HTML5 aj@ueryto create a simple, uséiendly interface for

uploading XML regions of interest (Rl Regions of intes can be rectangular, elliptical or
polygonal. Once uploaded, the RandomSpot algorithm places equidistant, systematic, randomly
distributed spots within the ROIs. The number of spots required will rely on the expected
frequency of the tissue type beingasared. By default, the system sets 300 as the target

number of spots, as this is optimal for minimising the coefficient of variation for a target

frequency of 50% i.e. a normal two class sys{eee section 2.2.3.4)
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Figure 29 - Example of a virtual slide annotated using the RandomSpot software

Top Left Hand-annotated polygonal ROI delineating a tumour boundary
Top Right:The resultant spotsdded to the ROI by RandomSpot

Bottom Left: Zoomed in view of sampling points

Bottom Rght: Single Sampling point at 20x magnification

Figure28 shows the ROI illustrated irigure29, overlaying the hexagonal mesh grid. The
number of hexagons within the ROI is 373, which falls within ther&nce limits of the target
number of spots set (400 + 15%). Decreasing the tolerance level typically requires more

iterations to fit the mesh grid to the ROI, increasing time taken to generate to sampling points.

Figure29illust r at es how t he software systematicall\
equidistantly within the ROI, and depicts the resolution at which a single spot is manually

viewed and scored.he process of scoring involves manual visual inspection of eaeh gi

spot, and recording the type of tissue at that location. The types of tissue (classes) that are
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recorded are subject to the organ from which the tissue has been taken. Typical scoring systems
involve giving a spot a number that corresponds to &@igelection of tissue classes, designed

by the investigator. An exampté thetissue classassedfor TSR scoring in CRC can be found

in Figure33.

Each spot within the ROI is visually inspected and a classification is givéimefoype of tissue
at that spotThe number ofpotstypically ranges from 50 to 300 per region on the slidés
number is dependent on the frequency of the observed objects in order to achieve a low
coefficient of error (see 2.2.3.4)

Once all spots havbeen visually assessed and scored, statistics can be produced regarding the
proportion and distribution of tissue types. One such metric igrtportion of epitheliatells

to stromal cells within a cancémown as the tumotstroma ratio (TSR)Sincethe introduction

of this sampling system, reseaatleedshasshown that the proportion of tumour to stroima

a prognostic marker icolorectal cancdi6], and that the level of tumour cell density is a
prognostic indicator of response to preoperative thelz$sj.

3.2.2.4Usecase 2: Collectingground truth d ata

Use case two focuses on retaining the value of the hand annotated data, by encoseegjiog u
submit their completed XML files after they have used the data for their own research. As with
creating spots, XML files can be uploaded individually or as a zip archive. These files are
processedand each spot is added to the RandomSpot dataliResedomSpotDB. These hand
labelled locations are processed and stored as text classifications, paired with the URL strings
containing x and y cordinates of the spot that has been scored, as well as the location of the
virtual slide which the spot rela¢o. In addition to uploading XML files, users are encouraged
to submit a scoring key, which matches the shortcut keys they used whilst scoring, to the actual
semantic text classifications that are used when analysing the data. Also, to add further value
RandomSpotDB, each time the user submits their XML files, they are asked which type of
tissue it is that they have scored. Having an extensive sermfallyscored images, which is

searchable by tissue type is extremely useful for training compgiendlgorithms

3.2.2.5Collation of ground truth data into RandomSpotDB
The aim of the RandomSpotDB is to create a repository for the spot counting data that has been
generated by experts for clinical trial studies and other research, so that the data esade re

for purposes such as image analysis and ML.

Using the annotation data collected from the RandomSpot system (section 3.2) a database of

spot ceordinates and manually classified labels was created. As per the usage guidelines of the

77



Automatedanalysis ofcolorectal carcer Chapter 3

RandomSpot system,ach XML annotation file was saved
unique file name (the Aperio SVS number). These XML files were grouped by the project that
they were generated for, if available, the pathological data (tissue type, disease type), the stain
applied to the slide, and the sampling method. The XML files were parsed using a custom script
written in MATLAB, which extracted the XY cordinates of each spot, along with a numeric

score that had been used to denote different types of tissue. Diffevgrcts used different
numbering systems, so a key was generated for each pi@étt4 shows an example of a key

used to convert numeric labels to text descriptions to store in the database.

Numeric Value Tissue Type

o

Norrinformative
Tumour

Stroma or Fibrosis
Necrosis

Vessels
Inflammation
Tumour Lumen

Mucin

0 N o o b~ w N P

Muscle

Table4 - Example scoring key for one of the RandomSpotDB projects

Once the data was fully parsed, a MySQL ielsl database was populated with each spot

saved as one record, using the schema descritkégLire 30.

¥ slide MES
“, project_id D~ <, slide_id iac Al ., spot_id
project_name ~on slide_project_id “"~o0 spot_slide id
project_info slide_svs_number spot_diagnosis
slide_stain spot_sampling_method
slide_tissue_type spot_x
|Referenced objects ) slide_disease type spot_y
slide_ga
slide_url
slide_sampling_method |Referenced objects x|
[, slide (slide_id)

|Referenced objects x|
@; project (project_id)

Figure 30- ER Schema for RandomSpotDB

Note that the sampling methods field was stored in the &ible, meaning that if one slide was

scored using multiple sampling methods, the spot data would be kept separate.
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Once inserted into the database, the integrity of the data was checked by extracting each record
and overlaying a coloured dot represegtine classification label on a scaled thumbnail image

of its parent slide at its correspondingly scaled XYoodinate. The labels were grouped into

three groups, tumour (red), stroma (green) and other classifications Hijue®31 shows

examples of data that has been collated and overlaid on their parent slide thumbnail image.

Figure 317 Examples of RandomSpotDB ground truth data

Images visualising manuatores added to the Spot Counting traindtajabaserom multiple clinical
trials (red dot = tumour, green dot = stroma, blue dot = other)

The images are from four separate studies and have been sampled in different ways. Once the
output images from the database had been generated, they wellg irispakted (per database
project) and verified.

3.2.3Results

RandomSpot has been used extensively at Ljgd&¢ and is continually being improved
iteratively, in response to user feedbasiance the introduction of this sampling system,
research ateeds has shown that the leeétumour cell density is a prognostic indicator of
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response to preoperative thergp47]. It has also been used in studies which have successfully
identified the prognostic significance of traio of tumour to stroma in bredd®] and upper
gastreintestinal[48] cancers. Currently the system has been adopted by over 40 actsje user
which have generated over 21,000 sets of spots, with an estimated total of 6.3 million
classificationsgssuming300 spots per ROI, and only one ROI per set). These sets of data are
being used extensively by researchers, research studentscindtal trials [7,213-217]. After
publication, the clinically valuable datasets have been reused and colleRatliomSpotDB.

With all the data parsed and inserted into the database, the total amount of data stored in the
repository consisted of over 2.4 million expeldssified XY ceordinates (spots).able5
shows the number of records in each table.

Spot Counting Database Contents
Projects / Trials 32
Slides 11,989
Spots 2,470,628

Table5 - The number of trials, slides and spots in the Spot Counting Database

3.2.4Summary

The RandomSpot system provides a reproducible, quantitative method of estimating tissue
proportions within CRC. However, manually inspecting eachispotimeconsumingask,

with each spot taking an experienced pathologist an estimated five seconds (see section 4.2.4).
Also, manually inspecting and classifying each spot still suffers from subjectivity, with mean
pathologist agreement of 89% (see sat#.3). Therefore, automatia the spot counting task

is highly desirable.

RandomSpotDB is a valuable resource for extensive training and validation of image analysis
algorithms on histopathology images, containing over 2.4 million extessified imges over

approximately 12,000 digital slides, used in 32 independent clinical trials and research projects.
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3.3 Exploratory analysis of the QUASAR dataset

3.3.1Aim

To gain a better understanding of PEASAR dataset, by analysing descriptive statistics of the
SRS data from RandomSpotDB

To identifyissues which may affect automated solutions, using visual features of the digital
slides, using statistical analysis and basic image processing techbigaatomaing TSR
generatiorand identifying images wheperformance is poorest

3.3.2Methods

3.3.2.1The QUASAR CRC clinical trial

The QUick And Simple And Reliable (QUASARial [253] was a multicentre clinical trial

that aimed to identify any survival benefits from applying chemotherapy to patients after
curative resections of colon or rectal cancer. The trial consisted of 3239 patients, 2291 of which
had stage Il colon cancer, who were recruited between 1994 and 2003. Patients were
randomised so that half received chemotherapy after surgery, and halt.ditietrial was a
longitudinal study, wheréve-yearmortality and recurrence was recorded per patient.

Therefore, when combined with patient demographics and pathological data, the trial is a
valuable resource for applying statistical tests in ordafemotify prognostic indicators for CRC
[254].

3.3.2.2Image data
All patients in the QUASAR trial had pathological data recordedramdhalinFixed, Paraffin

Embedded (FFPBbiopsies or blockswerecreated for each patierithe blocks were sectioned
into 5-micron thick samples, and stained with Haematoxylin and Eosin (&ilgntify
tumour regions. Glass slides were s&hasing an AperfoAT scanner at 20x objective zoom

(0.5 microns per pixel)

'The QUASAR glass slides were scanned before Leic
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3.3.2.3Staining variation
Presented in this section are some example cases from the dataset. These have been grouped by
similarity in terms of staining levels. This is to illustrate éfiect of staining on the clarity of

tissue structures within digital slides.

B RS WON O
PEANRGS
<5895

DI,

Figure 32 - Example cases, grouped by perceived levels of staining

Staining levels were subjectively assessed by a pathotogistre displayed inadumns (left to right) as
over stainedvell stainedlow levels of haematoxylitgw levels of esin and weakly stained overall.

Based on the performance of the colour normalisation algorithm in 2.5.2, it is likely that the
variation exhibited in these eges is too extreme for the trained RVM to identify enough
relevant foreground pixels in the weakly stained slides to apply colour deconvolution and stain

mapping.

3.3.2.4Scoring data
The RandomSpd@RSsystem gection3.2) was applied to digital slides from tQBJASAR

datasetfo assess the prognostic capabilitieshef tatio of tumour to stronf&2]. For each of

the colorectal cancer cases scanmed Z,211), tumoursvere identifiedby a trained

pathologist and annot&nsweredrawn around the whole tumodin addition,a 3x3mm square

was placed over the area with the highest perceived tumour cell density. A subset of 145 cases
were sampled using 300 spots per region of int¢REI), and all cases were sampled using

target of50 spots per RQWwith a tolerance of 15% his was to minimise the overall workload

of the pathologist, whilst maintainingsults that were statistically similar to the methodology
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using 300 spotslable6 shows thdull amount of scoring data generated by this study, held in
the RandomSpotDB.

Sampling Location ROI Boundary Type # Sampling Points # Cases
Whole tumour Freehand polygon 300 145
Whole tumour Freehand polygon 50 2210
Highest areaf TCD 3x3mmsquarehighest TCD 300 145
Highest areaf TCD 3x3mmsquare highest TCD 50 2211

Table6 - Pathologistscored data generated by the QUASAR TSR study, available for image analysis
training

Once the sampling points were generated, eaclhvaséndividually assessed by either a trained
pathologist or technician, according to the available scoring categories detailed in the key in
Table4. The scoring categories used were all-slasses of the tumour or stroma catéem

andFigure33illustrates examples of the different sclasses for both tumour and stroma.

Tumour Patches

Tumour Lumen Necrosis

Stroma Patches

Stroma Muscle Inflammation Blood Vessel

Figure 33 - Subtypes of tumour and stroma classes,

Green arrowdllustrate the exact centre that determines theessification of each patch
Top: Left to right tumour, lumen, necrosis, mucin

Bottom Left to right stroma, musd, inflammaitbn, blood vessels

Images shown are 256x256 pixels in sind extracted at 20x objective zoom.

Note that each of the sampling points were generated using the RandomSpot SRS system, and
therefore classifications only apply to the centre of the images sfadwhe tip of the
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arrowhead). Examples of the four different sampling methods are shdsguire34, applied
to the same digital slide. The TSR is slightly different in each of the examples (approximately
0.46 tumour to 0.32 sima).

Figure 341 Sampling methods used on the QUASAR trial data

The same tumour sampled by a pathologist, using the four methods desciilabieih

Top Left:300 spots on the whole tumour

Top Right:50 points on the whole tumour

Bottom Left:300 points within a 3x3mm square placed over the area with the highest TCD
Bottom Right50 points within a 3x3mm square placed over the area with the highest TCD.

Red dots indicate tumour labels, green dotlidate stroma, and blue indicate other types of tissuay
informativeareas

The method of placing a 3x3mm box over the highest perceived area of tumour cell density was
applied to the full dataset in the original study. This was because the stdgsities] from this
technique were more strongtprrelated with survivaland therefore of higher clinical value.

Note that because the-point sampl& ROIs were applied to the full dataset and that the
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