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Abstract

The focus of this work is to develop machine learning systems capable of
tissue image analysis in the context of cancer diagnosis and prognosis. Such
a system can not only identify new prognostic markers, but can also serve
as a standalone clinical prediction rule, the premise being that its non–
linear, multivariate nature may be capable of identifying and employing
complex patterns that collectively provide accurate cancer diagnosis and
prognosis, better than the clinical gold standard. The task, however, is very
challenging because of the extremely high resolution of the images, highly
heterogeneous microenvironment, multiple sources of noise and artifacts,
and low–granularity of ground truth.

A starting point of related work which tackles the same task is the ex-
traction of handcrafted features. I investigate the application of machine
learning for prognosis using handcrafted features, and develop prognostic
machine learning models that demonstrate better performances than base-
lines based on clinically employed prognostic systems, in two separate co-
horts of colorectal and muscle–invasive bladder cancer patients. Moreover,
analysis of the proposed methods provides insight behind the prognostic
nature of characteristics within the microenvironment, not yet included in
the clinical systems.

The emergence of deep learning has enabled analysis with images di-
rectly. Given the laborious, expensive, and human bias inducing nature
of designing and building pipelines for handcrafted feature extraction, I
investigate the application of deep learning on tissue images directly. In
particular, I propose a framework that allows the training of models directly
from exhaustively-tiled whole slide images with only patient–level ground
truth, and demonstrate its effectiveness on colorectal cancer prognosis.

In my final work, I introduce a new type of CNN–based method, called
Magnifying Networks, for gigapixel image analysis that does not require
whole slide images to be patch–based preprocessed. Instead, MagNets dy-
namically extract patches from the tissue image based on the best magni-
fication level, field–of–view, and location according to an optimizing task,
and not based on generic, predefined or static ways. My results on the
publicly available Camelyon16 and Camelyon17 datasets demonstrate the
effectiveness of MagNets, as well as the proposed optimization framework,
on the task of whole slide image classification. MagNets process far fewer
patches from each slide than any of the existing end-to-end approaches (10
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to 300 times fewer).
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Chapter 1

Introduction

1.1 Motivation, objectives, and thesis outline

Over the past decade, the field of digital pathology, which encompasses
the processes of digitizing glass–mounted tissue specimens and analysing
tissue images, has experienced exciting growth and has flourished into a
promising avenue for computational pathology. More recently, we have wit-
nessed the development and adoption of advanced visualization techniques
(e.g. multiplex immunofluorescence), and specialized hardware, (e.g. whole
slide scanners) that allow for more data to be captured from each tissue
slide. In parallel, machine learning–based systems have dominated most
areas of computer vision, and more broadly, image analysis, demonstrating
unprecedented predictive capabilities across a wide spectrum of real world
applications. With increasingly more hospitals committing to fully–digital
workflows, new avenues for computational exploration of individualized dis-
ease tissue have emerged. If machine learning–based systems can leverage
histopathological data to effectively address clinical tasks, computational
systems for tissue image analysis will become an attractive alternative for
a complete spectrum of activities in clinical pathology [80], and will in-
evitably transform the practice of pathology.

The objective of my thesis is to demonstrate that indeed, there exists
a set of machine learning methods with nonlinear cognition capabilities
that can leverage histopathological data and provide guidance for critical
clinical questions. Due to the data–driven optimization of these systems,
one of the premises of my work is that the underlying models will be able to
identify patterns of clinical significance that have gone unnoticed to date,
or have been too complex to allow for a standardized reporting protocol
to be produced and used by pathologists. In the world of cancer diagnosis
and prognosis, the proposed methods can help improve our understanding
of the disease, and, if clinically adopted, in a very real sense, save human
lives. The other premise of my work is that histopathological data contain
information (object–based, or subvisual [16]) that is valuable to the quest
for accurate cancer diagnosis and prognosis [96, 35, 209].
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A cancer diagnosis is about identifying cancerous cells either within the
primary site (cancer’s origin), or in secondary sites for potential detection
of metastasis. Cancer prognosis, on the other hand, is about predicting
whether the patient will succumb to the disease within a specific timeline.
Precise diagnosis and prognosis are very important for the identification of
the most appropriate treatment, as well as to the subsequent clinical man-
agement of cancer patients. However, current practices and systems are
unable to provide accurate diagnosis and prognosis for all cancer patients
alike (see Section 1.1.1).

Chapters 3, 4, and 5 are concerned with the prognosis of colorectal and
muscle-invasive bladder cancer patients, and Chapter 6 with the metasta-
sis detection of breast cancer patients. An alternative separation is that in
Chapters 3 and 4, the machine learning systems are trained using domain-
specific expertise in the form of handcrafted features, whereas Chapters 5
and 6 are concerned with systems trained end–to–end with histopatholog-
ical images. This separation is discussed more thoroughly in Chapter 2
with related work. In Chapter 7, the main achievements of this thesis are
presented, and future research directions are discussed.

1.1.1 Clinical Applications

Cancer prognosis

For most types of cancer that form solid tumours, the tumour–node–
metastasis (TNM) staging system is used to determine cancer staging and,
together with a list of other factors [60], patient prognosis. “T” refers to the
depth of local invasion, and “N” and “M” to the presence or lack of node
and distant metastasis, respectively. An accurate prognosis forms the basis
for determining the best treatment approach to the cancer patient [60].

TNM, however, serves certain groups of patients unfavourably as they
exhibit higher survivability variance. Quantitative image analysis of dig-
itized tissue from these patients constitutes a promising approach in the
endeavour of cancer research (and of pathologists) to identify new prog-
nostic markers (independent of TNM). However, a more important poten-
tial of image analysis–based systems, over and above the identification of
prognostic markers in isolation, is that they can serve as standalone clini-
cal prediction rules; the premise being that their non–linear, multivariate
nature may be capable of identifying and employing complex prognostic
patterns that collectively provide accurate cancer prognosis, better than
the clinical gold standard. With an accurate patient prognosis, it becomes
more feasible to identify the most effective treatment for each patient. In
my work, I developed prognostic models for colorectal cancer (CRC), as
well as muscle–invasive bladder cancer (MIBC) patients.

Colorectal cancer CRC is the third most common cancer worldwide
and the leading cause of death among gastrointestinal tumours [67, 123].
Annually, there are 1.4 million new cases and more than half a million of
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deaths around the globe [67]. A typical CRC diagnosis requires the eval-
uation of histopathological slides from a biopsy or resected specimen by
a pathologist [133, 27, 68]. Subsequent to a positive diagnosis, prognosis
is assessed based on the TNM staging system [60]. The TNM stage is
considered by far one of the best predictors of CRC survival [68] and as a
consequence, statistics specific to the stage primarily guide therapy. How-
ever, stages that exhibit higher variability in patient survival encounter
greater uncertainty in therapy planning. The risk of disease–specific death
within 5 years for stage II CRC patients is estimated to be 20%, and rises
to 35% given a 10 year window [51, 150]. Nevertheless, there are no definite
criteria for selecting which, if any, stage II patients should undergo adju-
vant chemotherapy with different trials reaching inconsistent conclusions
[10, 132].

Muscle-invasive bladder cancer Urothelial cancer of the bladder (blad-
der cancer) is one of the most prevalent cancers worldwide with approxi-
mately 430,000 new diagnoses each year [177]. High morbidity and mor-
tality rates as well as high socioeconomic burden make bladder cancer a
debilitating and often fatal disease [106, 114]. Even though the majority
of bladder cancer patients are diagnosed with non-muscle-invasive bladder
cancer, recurrence and progression of the disease may lead to MIBC [72].
Approximately 25% of newly diagnosed patients have MIBC. MIBC is an
aggressive form of bladder cancer in which the cancerous cells have pene-
trated the neighbouring muscle tissue. Half of MIBC patients succumb to
the disease within five years of the diagnosis. The high degree of uncer-
tainty poses a huge psychological burden to these patients. To decrease the
mortality rates, patients with a high risk of disease-specific death need to be
identified more precisely, thereby allowing for better patient management
and new treatments to be tested in the high–risk group.

Whole slide image analysis

For many clinical tasks, including cancer diagnosis and prognosis of solid
tumours, tissue analysis constitutes the current gold standard [1]. Tissue
analysis can be performed by a pathologist either under the microscope or,
nowadays, digitally on whole slide images (WSIs). A WSI is a high reso-
lution image created following the scanning of a tissue glass slide. WSIs
are typically stored in a multi-resolution pyramid structure in the .tiff for-
mat. Image files contain multiple down-sampled versions of the original
image. Each image in the pyramid is stored as a series of tiles, to facilitate
rapid retrieval of subregions of the image. WSIs of tissue samples consti-
tute a data–rich source that were previously only accessible to pathologists
through a microscope [2]. In particular, prior to whole slide imaging, tissue
image analysis was limited by the need to select fields of view upon which
image analysis would be performed [80]. In addition, whole slide imag-
ing has enabled the possibility of providing pathology services to locations
with no, or limited, on–site pathology support [80], not to mention that it
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can remove the cost, time, and risk factors associated with shipping glass
slides [80]. Effective, efficient, and interpretable methods for WSI analysis
are therefore becoming increasingly sought after.

I present two novel methodologies for WSI classification in Chapters 5
and 6, with the former addressing CRC prognosis (described above), and
the latter, breast cancer (BC) metastases detection from nearby lymph
node tissue images.

Breast cancer BC is the most common cancer worldwide (> 2 mil-
lion new cases every year), with more than half a million deaths in 2020
alone [188]. Sentinel axillary lymph node metastasis is typically the first
manifestation of BC spreading [179]. Therefore, in routine clinical prac-
tice, lymph nodes are surgically removed, and subsequently examined by
a pathologist. Histopathological analysis is, however, tedious and time–
consuming with the reported overall concordance rate amongst pathologists
being a mere 75% [62].

1.2 Challenges

There are many challenges impeding the successful application of machine
learning systems in digital pathology. Some of the most important ones
are listed below.

Extremely high–resolution images The comprehensive digital ren-
dering of an entire glass slide, visible at resolutions of 0.5µm or lower pixel
size, typically translates to a multi–gigabyte image with billions of pixels
(≈ 50GB of uncompressed data, just from the highest magnification level
of each image alone). Analysis of these images therefore presents a novel
challenge to quantitative image analysis, as the images cannot be loaded,
in their entirety, into memory. The extremely high–resolution nature of
these images gives rise to what is known as the “where” problem [57]; a
problem that needs to be addressed first for image analysis to become com-
putationally feasible. Methods addressing this problem need to employ a
dimensionality reduction, or preprocessing strategy, manual or automatic,
that enables for a set of images with less than a million pixels (often called
image patches, or regions of interest (ROIs)) to be extracted from each
gigapixel image. These image patches are then amenable to conventional
image analysis methods. In other words, prior to any visual understanding
optimization (“what” problem), the spatial distribution of relevant infor-
mation from gigapixel images needs to be approximated (“where” prob-
lem). Neither the “where” nor the “what” problems are non–trivial to
solve because of the complexity of the underlying disease process. This is
discussed next.

Heterogeneous saliency Histopathological images, i.e. tissue images
with a potential pathology, in contrast to many other image types (e.g.
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radiology, cytology, natural images, etc.), display startling morphological,
and spatial heterogeneity. For a tissue containing a tumour, this is unsur-
prising considering the inherent heterogeneity of cancer [71].

Cancerous tumours are not simply a growth of homogeneous cells but
rather a heterogeneous mixture of cellular populations [42]. These cancer
cell populations differ in terms of cellular morphology, gene expression,
tumorigenic, angiogenic, proliferative, immunogenic, and metastatic po-
tential, and genetic make–up [148, 143, 193, 42]. Similarly, the rest of the
microenvironment, i.e. immune infiltrate, stromal compartment, and ex-
tracellular matrix, can be equally, if not more, heterogeneous. As a conse-
quence, collectively, the dynamic topology of the tumour and its microen-
vironment, varies significantly both between (inter–tumour), and within
the same (intra–tumour) lesions [42]. The heterogeneity of the underlying
cell populations of a tumour, and its microenvironment, can be uniquely
captured based on the morphology of tissue slides [16]. Considering that fit-
ness is context–dependent [42], i.e. the survival and proliferation of cancer is
microenvironment–dependent, understanding the entirety of the tumour–
immune microenvironment in its highly heterogeneous state is vital, and
in line with the goals of precision medicine, i.e. tailor interventions based
on individual characteristics of patients [35].

The problem of tissue image understanding, i.e. in our case that is the
finding of optimal histopathological features (handcrafted or unsupervised)
for a clinical task, is referred to as the “what” problem [57] for the rest of
this thesis.

Multiple sources of noise Artifacts can be introduced throughout the
tissue sample preparation workflow as well as during the scanning pro-
cess [116, 58]. These are generally unrelated to the underlying tissue bi-
ology, yet can occlude, or alter large parts of the final image. Common
artifacts emerge from wrinkles and folding of tissue slices, dust, uneven
tissue thickness (that can cause blurriness), and colour markings [116].
Moreover, imaging artifacts can appear from uneven illumination, focus-
ing, image tiling, and fluorescence deposits and bleed–through [58, 35].
Finally, perhaps the most common artifact comes in the form of tissue
colour variation (see Figure 1.1), and can appear as a consequence of dif-
ferent staining conditions, including that of using staining reagents from
different manufacturers, scanning conditions, etc. [116, 58, 35]. The above
artifacts, both their existence, and visual depiction, can vary significantly
both within a single cohort, as well as across different cohorts. Examples
of common artifacts are shown in Figure 1.2.

Low–granularity labels for high–level clinical tasks Low–level clin-
ical tasks are ones that address issues like region identification (e.g. necro-
sis), and object detection and enumeration (e.g. cellular subtypes, mitosis,
etc.) [103, 15]. These tasks, although often mundane and time–intensive,



14

Figure 1.1: Examples of slides from different patients that exhibit different
colour profiles.

are not difficult for the pathologist. High–level clinical problems, on the
other hand, such as patient prognosis or predicting response to treatment,
pose a much more challenging task to the pathologist [103, 15].

Ground truth annotations for tissue images typically involve the delin-
eation of object boundaries and ROIs by one or more pathologists [103].
This level of annotation precision enabled the early success of image–based
methods in digital pathology [57]. However, these annotations require large
amounts of time and effort from the pathologists for a task that is otherwise
rather mundane and cumbersome. For example, Janowczyk and Madab-
hushi [104] reported that in total more than 40 hours were spent to annotate
12,000 nuclei; a small fraction of all the nuclei present in all images. As
a result, in practice, annotations are rarely pixel–level precise, and when
they are, they are usually created at lower magnification levels which often
results in numerous false positives and negatives [104]. Moreover, for some
clinical tasks such as survival analysis, pixel–level precision ground truth
does not exist. Instead, only low–granularity, e.g. patient–level rather than
pixel–level [57], annotations can be provided. The different levels of anno-
tations are visualized and explained in Figure 1.3. Therefore, tissue–based
methods for addressing high–level clinical tasks are faced one the one hand
with the challenging nature of the task, and on the other, with the paucity
of high–level precise annotations which further limits the applicability of
conventional techniques.
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 1.2: (a–e) Examples of artifacts from brightfield image capture. (a)
Folded over section of a tissue. (b) Cutting artifact (dark pink line) and
piece of dust (gray). (c) Out of focus and incorrectly stitched image. (d)
Tear and fold. (e) Out-of-focus section bordered by a foreign object. (f–
j) Examples of artifacts from fluorescence image capture. (f) A tear in
a tissue section resulting in nonspecific fluorescence. (g) Cutting artifact
(bright lines). (h) Out–of–focus nuclei. (i) Illumination artifact resulting
in large blue squares. (j) Autofluorescence from hair in a urine cytology
sample (blue lines).
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Figure 1.3: (1): Tissue specimen is often investigated as a potential pre-
dictor of patient diagnosis, prognosis, or other patient-level information.
(2 - 3): Both in clinical practice and research, in the interest of time, a
single tissue slide, or its digital counterpart, is often assessed. Annotations
associated with a single tissue section can be provided such as whether a
malignancy is present (slide-level). (4): Consequent to the gigapixel size of
WSIs, image analysis requires further image reduction. Patches are often
extracted based on pixel-level annotations from hand-delineated regions of
interest. Information associated with individual patches is referred to as
patch-level. Images (3) and (4) were taken from the public data set of
Camelyon17 [8].
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1.3 Contributions

Stage II colorectal cancer patients My methodology in Chapter 3
was shown to outperform significantly the clinical gold standard for stage
II CRC prognosis based on two time cutoffs (5-year and 10-year). Specif-
ically, the proposed method achieved AUROC of over 77% and 94% for 5
and 10-year prognoses respectively, compared to pT stage, which stratifies
patients with the AUROC of approximately 62% both for 5- and 10-year
prognosis, and the differentiation, which achieves the corresponding AU-
ROC of approximately 62% and 65%, respectively. Moreover, the inter-
pretability of the proposed method is assessed allowing clinicians to gain
new insight by identifying prognostically the most salient features. In par-
ticular, my experiments demonstrated that a diverse set of characteristics
of the entire microenvironment have a prognostic value.

Muscle–invasive bladder cancer patients Based on standardized quan-
tification of tumour-immune features across whole slide images, and in
conjunction with clinical information, in Chapter 4, I develop an ensemble
machine learning model that correctly classifies 71.4% of the patients who
succumb to MIBC, i.e. the patients at higher risk, using a 5-year cutoff.
This is significantly higher than the 28.6% of the TNM staging system.
Post-hoc analysis of the model reveals clinically relevant, immunological
features for MIBC prognosis. The results of this work suggest that the
characterization of a broad immune cell population (e.g. lymphocytes and
macrophages), as well as their spatial organization in relation to cancer
cells, enables a better estimation of 5-year survival compared to the TNM
staging system in MIBC patients which, in turn, provides further biologi-
cal insights. Most of my findings based on whole slide immunofluorescence
images, and machine learning techniques are novel for MIBC, and also
corroborate the existing literature on other types of cancer.

Automatically Inferred Phenotypes from whole slide images A
novel deep learning–based framework for the prediction of CRC outcome
from whole slide images is introduced. This framework can be optimized
with low–granularity labels in three steps, and with an arbitrary number
of image patches from each WSI. Unsupervised learning is first employed
to categorise image patches into clusters based on (a) colour heterogeneity
and (b) morphological appearance. Then, the discriminative nature of
these clusters based on training patient-level performance is tested. To
get cluster-level predictions and ultimately predict patient prognosis, the
patch-level predictions are aggregated from discriminative clusters. Using
a real-world data set, I demonstrate the effectiveness of the method and
present a detailed analysis of its different elements which corroborate its
ability to extract and learn salient and discriminative content.
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End–to–end weakly supervised learning from whole slide images
In Chapter 6, I propose a new type of neural network called Magnify-
ing Network (MagNet), and outline an optimization protocol that enables
end-to-end learning from whole slide images with low–granularity labels.
MagNets provide a new way of solving both the “where” and “what” prob-
lems of gigapixel image analysis in an end–to–end fashion. The results on
the publicly available Camelyon16 and Camelyon17 datasets corroborate
the effectiveness and efficiency of MagNets and the proposed optimization
framework for WSI classification. Importantly, MagNets provide process
far fewer patches from each slide than any of the existing approaches (10
to 300 times less).

1.4 Publications

Chapter 3 was published in npj Digital Medicine journal in 2018 [58]. Chap-
ter 4 was published in the journal Cancers in 2021 [79]. An early version
of Chapter 5 was presented at the conference of BICOB in 2019 [217], and
Chapter 6 is under peer-review (preprint available at arXiv [56]). I have
also written a mini–review [57] and a book chapter [35] in 2019 and 2020,
each providing a comprehensive overview of the current state of tissue im-
age analysis in the context of computational pathology.



Chapter 2

Tissue slide analysis –
Related Work

In this Chapter, I discuss the current methods and practices for tissue slide
analysis in the context of the “where” and “what” problems. The former
refers to the fact that the spatial distribution of salient information within
a tissue slide is unknown [192]. Hence, solutions to the “where” problem
either attempt to approximate the aforesaid spatial distribution (e.g. the
attention models that are discussed in the following sections), or transform
the problem based on certain assumptions (e.g. exhaustive tiling with weak
supervision - assumes that the salient information available at the whole
slide level is recognizable at the patch-level [192]). The “what” problem
refers to the fact that the nature of salient information is unknown [192].
This could be addressed with the identification of visual patterns that are
salient to the task at hand. An example would be the learning of a visual
representation of cancer cell morphology by a CNN as means of classifying
tumour vs. non-tumour regions.

The majority of tissue slides are captured using brightfield illumina-
tion, such as for slides stained with clinically routine haematoxylin and
eosin (H&E). H&E is still the most important and commonly used histo-
chemical staining method for studying and diagnosing tissue diseases in
histopathology. However, imaging of H&E stained FFPE tissue has limita-
tions including the inability to quantify the complex cellular states as well
as to identify distinct cell populations in the tumour-immune microen-
vironment. With the advent of whole slide imaging and the increasing
adoption of digital pathology in the clinic [79], multiplex methodologies
have the potential to provide significantly more information about the un-
derlying tumour-immune microenvironment than single-marker (i.e. sin-
gle label immunohistochemistry) and conventional histochemical staining
based methodologies [157]. The labelling of multiple cell types and their
protein expression can be observed with multiplexed immunofluorescence
(IF) which provides valuable information in cancer research and particu-
larly in immunooncology [208]. WSI examples using multiplex IF and H&E
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are shown in Chapters 3 and 4, and Chapters 5 and 6, respectively.

The clinical gold standard of histopathological analysis is first intro-
duced, followed by the two most–widely employed types of histopathologi-
cal analysis based on machine learning techniques.

2.1 Clinical gold standard – manual tissue analy-
sis

In routine clinical practice, pathologists analyse tissue slides either under
a microscope, or digitally, and visually recognize, semi–quantify and inte-
grate multiple morphological features from the tissue in the context of the
underlying disease [16]. Instrumental to the efficient analysis of the tissue
slide, i.e. the “where” problem, is the practice of multi–scale tissue explo-
ration, via microscope or software, that allows pathologists to explore the
tissue dynamically while accumulating scale–specific information naturally
and seamlessly [80].

With extensive, continual training, pathologists are able to rapidly ex-
tract morphological patterns associated with predefined criteria and fea-
tures (to solve the “what” problem) [16]. These patterns can be object–
based in that they can be described using cytologic terms, such as nucleus
and cell, and can point to relationships with other objects, as well as to the
adjacent tissue (benign or with invasion), glands, and other [80, 2]. When
fatigue is not a factor, pathologists rarely fall for artifacts or staining vari-
ations [35]. Again, a consequence of their extensive training, but also, of
the brilliancy of human vision and brain. The pathologists conclude upon
the diagnosis, prognosis, and treatment plan based on (semi–quantitative)
features, clinical guidelines, existing systems, and of course, their intuition,
built upon years of experience and expertise [1].

Limitations Pathologists, like all humans, are fallible to human error [16,
121]. An extensive list of common cognitive and visual errors, in the con-
text of tissue analysis, is provided in the work of Aeffner et al. [1]. It is
therefore unsurprising, that inter– and intra–observer variability in report-
ing has been a long–standing issue in manual tissue analysis for both cancer
diagnosis and prognosis [43, 62, 47]. Examples are seen on a wide range
of clinical tasks, including counting of specific cell types, mitotic cells, and
biomarker expression [43, 1, 16].

Moreover, the AJCC staging system follows a “tumour autonomous”
paradigm, in that only characteristics associated to tumour cells are consid-
ered as prognostic factors [191]. However, with the emergence of immuno-
oncology, an increasing number of studies has shown the critical role of the
immune contexture (i.e. the spatial organization, density, and functional
state of immune cell populations within the tumour microenvironment) on
patient survivability, suggesting that it could be a valuable determinant
of patient prognosis [73, 69]. Yet, despite consistent demonstration of the
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prognostic significance of immune–related features, methodological short-
comings of quantifying these features in a standardized manner obstruct
their current adoption in clinical practice [58].

Finally, histopathological reporting often requires the conversion of es-
tablished pre–defined features, otherwise quantifiable across a continuum,
into categorical ones based on population–level thresholds [35]; a practice
which eliminates information that could otherwise be crucial for personal-
izing therapy plans [180].

2.2 Machine learning with handcrafted features

Machine learning–based methods for automated, or semi–automated, tissue
analysis involve an initial extraction of so–called handcrafted features from
each tissue image. As a result, the “what” and “where” problems are
tackled within the feature extraction process.

2.2.1 Feature extraction

The “where” problem As we have established, conventional image
analysis on the original tissue image is not computationally feasible. There-
fore, for each set of handcrafted features, representative patches need to
be identified. This process can be manual (e.g. a pathologist identifies
the ROIs), semi–automatic (with the help of a computational model, yet
pre– or post– manual processing still required), or fully–automatic (typi-
cally based on pre–trained segmentation models). Therefore, the “where”
problem appears in the context of low–levels tasks, such as the identi-
fication of tumour budding, mitotic cells, invasive front, etc. for which
high–granularity ground truth, e.g. pixel–level annotations, from patholo-
gists is often provided [74, 122, 220, 57]. Ultimately, these methods return
a set of image patches, amenable to conventional image analysis, so that
handcrafted features can be extracted from them.

The “what” problem Feature extraction, in our context, refers to the
engineering and extraction of explicitly defined features, also known as
handcrafted features, from raw images. The key premise is appealing and
intuitively sensible: to use human expertise to identify what elementary,
low–level elements of an image are salient in that they capture important
discriminative information on the one hand, and are yet compact enough
to facilitate computational efficiency and reliable learning from available
data. Handcrafted features can be general purpose descriptor–based fea-
tures (domain–agnostic), or can instead exploit domain–specific knowledge,
that is, human expert knowledge of pathology (knowledge–driven).

Knowledge–driven feature extraction The first applications of image
analysis in digital pathology were the quantification of histopathological
or immunohistochemical (i.e. based on protein expression) features with
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known pathological significance. Object of interest counts (e.g. tumour
and immune cells, etc.), their morphology quantifiers (e.g. size, eccen-
tricity), or spatial statistics are some of the widely used ones [16, 15].
The appeal of these is twofold. Firstly, by their very nature they can be
reasonably expected to exhibit saliency in the context of pathology slide
analysis. Moreover, in most cases, they can be accurately measured from
images: different staining and imaging modalities or biomarkers can be
used to highlight the targets of interest, and image processing or computer
vision algorithms (such as flood fill algorithms [146], morphological opera-
tors [107], blob detectors [211], etc.) can be used for quantitative feature
extraction.

Domain–agnostic feature extraction Having demonstrated success on
a wide variety of images of so-called natural scenes [152], local appear-
ance descriptors originally proposed for more day-to-day applications of
computer vision (e.g. location recognition, synthetic panoramic image gen-
eration, object localization, etc.) have been adopted first and applied on
a diverse range of pathology image types [3, 211]. Popular and widely
used examples include local binary patterns [64], scale invariant feature
transform [135], and histogram of oriented gradients [5] based descrip-
tors, for the quantification of subvisual textural heterogeneity measure-
ments [124, 136, 203, 206, 16]. The value of domain–agnostic features is
often not known a priori and is difficult, if not impossible, to sort and
analyse by eye. Machine learning can be applied to data sets from digital
pathology in order to understand the optimal features that allow clinical
decision-making in the field of personalized medicine.

2.2.2 Short fat data

Subsequent to feature extraction on, typically, a small number of tissue
slides, the output can be very high–dimensional with a large number of
features per tissue image. We refer to this problem as the “short fat data”
problem [50]. Frameworks for the development of machine learning solu-
tions on “short fat data” often involve feature selection, model selection,
algorithm selection, and model optimization so that a good fit between
model and training data is identified [26]. However, machine learning al-
gorithms are prone to overfitting, i.e. in finding and using patterns which
arise from noise in the data. Patterns of noise, by definition, do not extend
beyond the specific data set. Testing the performance of a trained model
on unseen data constitutes the mainstay in evaluating the generalizability
of a machine learning model, and therefore that it has not overfitted, both
during (validation set) and at the end (testing set) of model development.

Feature selection It is very common for humans to generate large sets
of features with the hopes that a subset might actually carry information
about the problem at hand. Unfortunately, this is usually detrimental
due to a phenomenon known as the “curse of dimensionality”, first intro-
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duced by Bellman [13], which refers to the fact that generalizing a par-
ticular problem correctly becomes exponentially harder as dimensionality
grows [46]. The intuition behind this is straight-forward; any training set
given even a moderate number of dimensions will only cover a minuscule
fraction of the input space and as such the higher the number of dimen-
sions the harder the learning process. Feature selection is the process of
choosing the most relevant features according to a quantifiable metric, and
forms the most common type of dimensionality reduction approach in com-
putational pathology [202, 78]. The goal is to remove redundant, irrelevant
and perhaps detrimental features from the original feature set.

Model selection and algorithm selection Both model selection and
algorithm selection attempt to collectively maximize the predictive perfor-
mance of the final machine learning model. Traditionally, model selection is
the process in which a machine learning algorithm is configured. Most algo-
rithms come with a number of configuration variables, commonly referred
to as hyperparameters. Even though common hyperparameter configura-
tions can be employed, it has been observed that hyperparameter tuning
for a specific task can be the key between chance and state-of-the-art mod-
els [18]. Since manual tuning can be time consuming and counter-intuitive
in high dimensional spaces, most ML methodologies adopt automated hy-
perparameter tuning.

One of the most popular approaches to model selection constitutes grid
search where each hyperparameter is given a predefined list of values, and
the best hyperparameter configuration is selected after evaluating all the
combinations. For example, given hyperparameters A and B, and lists
VA = [1, 10, 100] and VB = [0.1, 0.5], the following combinations are eval-
uated under grid search: ∀(A,B) ∈ [(1, 0.1), (1, 0.5), (10, 0.1), (10, 0.5),
(100, 0.1), (100, 0.5)]. However, as shown by Bergstra and Bengio [17],
random sampling provides a better tuning strategy. In random search, a
number of hyperparameter configurations are evaluated by sampling from
predefined hyperparameter distributions and densities. For example, given
hyperparameters A and B with DA ∼ N(0, 1) and VB = [0.1, 0.5], where
DA is a standard Gaussian distribution, the following five combinations
could have been sampled and evaluated under random search: ∀(A,B) ∈
[(−0.12, 0.1), (−0.14, 0.5), (−0.94, 0.5),(0.44, 0.1), (−1.3, 0.5)].

Not every machine learning algorithm will perform equally well on dif-
ferent problems and different data. In addition, there is no theoretical
ranking suggesting that one algorithm is better than another [207]. Hence,
similar to hyperparameter tuning, algorithm selection is yet another meta-
optimization task that needs to be performed for maximizing predictive
performance [171].
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2.2.3 High–level clinical tasks

Machine learning methods can leverage “short fat data” to address high–
level clinical tasks with low–granularity labels. Despite the aforementioned
high dimensionality of the data, machine learning methods have already
demonstrated their impressive capacity in a range of high–level clinical
tasks [216, 140, 206, 96]. For example, Whitney et al. [206] developed
predictive machine learning models that by leveraging handcrafted, histo-
morphometric features from H&E stained WSIs, they were able to predict
the ODx risk category (a prognostic gene-expression panel) of breast can-
cer patients with high precision. However, in line with the objectives of
my thesis, machine learning–based methods that leverage histopathologi-
cal images for survival analysis are of more relevance. These are discussed
next.

Cancer prognosis Survival analysis is broadly defined as the analysis
of data that involve the time to the occurrence of an event of interest.
In the quest for cancer prognosis, the event of interest is the death of
an individual due to the disease. It differs from other types of statistical
analysis as survival data can be censored, that is, the event of interest is
only partially observed for some individuals. Given time points A and B
that define the observation period of a study, and time points C and D
that define the time a subject is at risk, Figure 2.1 illustrates the different
types of censoring.

There are different statistical approaches to survival analysis. Likelihood-
based multivariate analysis using Cox regression is one of the most em-
ployed methods for survival analysis, primarily due to its already wide
adoption and recognition in the medical community, but also interpretabil-
ity, and ability to handle censored data directly. However, Cox regression
assumes that censoring is noninformative or in other words that there
is no correlation between censoring and the event of interest [125], an
assumption that is rarely tested in most of the existing literature [66].
Moreover, the underlying proportional-hazard assumption i.e. that the co-
variate effect remains constant over time, is more often than not violated
with high–dimensional data, despite being a crucial prerequisite to to the
method [178, 66]. The application of traditional machine learning algo-
rithms for cancer prognosis therefore presents an attractive alternative for
survival analysis of high–dimensional data, both for their less strict na-
ture with data assumptions, and for their capacity to detect useful higher
dimensional, nonlinear effects between the handcrafted features [23, 26].
Even though a body of work exists in the application of machine learn-
ing for cancer prognosis [202, 23], doing so with the use of whole tissue
slide images is far scarcer, and indeed two of the publications of this the-
sis (Chapters 3 and 4) were amongst the first ones to do so. Instead, a
larger body of work exists around image analysis (for prognosis) on a dif-
ferent type of histopathological images, called tissue microarray (TMA)
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Figure 2.1: An illustration of different types of data censoring. Case 1 suf-
fers from no censoring as surveillance is possible throughout and the event
of interest occurs. Cases 2 and 3 are both right-censored but for different
reasons; the monitoring of case 2 is disrupted due to an unrelated event
whereas case 3 experiences some event only after the observation period
A−B is completed. Case 4 is completely right-censored and constitutes an
edge case where the subject becomes at risk and experiences an event only
after A − B. Case 5 is left-censored since the subject becomes at risk be-
fore the observation period begins. Cases 6 and 8 are simultaneously left-
and right-censored, also known as doubly censored, and case 7 is completely
left-censored.
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images [12, 140]. Each TMA is a collection of cylindrical tissue samples
taken from a single tissue specimen. TMA-based analysis, however, is dif-
ferent than WSI analysis (millions versus billions of pixels), and is therefore
beyond the scope of this thesis.

2.3 Deep learning

In the previous decade most approaches focused on finding ways to explic-
itly extract features from images for models subsequently to employ [135,
53]. Therefore, feature extraction and model development were two dis-
tinct, independent stages that were performed sequentially, and where the
former was based on human intuition of what constitutes a good feature.
Automating this process through the use of convolutional neural networks
(CNNs) has been shown to result in more discriminative features tailored
for the problem at hand [61, 6, 166, 199]. This is one of the reasons be-
hind the success of deep learning, and more broadly, neural network based
learning, as feature extraction became a learning process, fundamentally
intertwined with the learning of model parameters. The analysis of multi-
gigabyte tissue images with deep learning is hampered by the challenges I
introduced in Chapter 1, namely the “where” and “what” problems, as well
as the multiple sources of noise, and the varying levels of label granularity.

2.3.1 The “where” problem

Practitioners need to come up with ways for either approximating the spa-
tial distribution of the signal from gigapixel images, or performing some
form of dimensionality reduction on the WSIs themselves.

Grid–like patch-based processing (or exhaustive tiling) has been the
main method in the literature, yet for many clinical tasks such an approach
can be inadequate, time and money consuming, and difficult to scale. Ex-
haustive tiling represents a “brute force” approach to the “where” problem
by extracting image patches across the WSI at a predefined resolution,
typically in a non-overlapping grid fashion, thereby imposing an a priori
belief on the best properties of the extracted patches (magnification, field
of view, location, etc.).

Patch extraction

Strongly supervised One way of identifying and extracting relevant informa-
tion from gigapixel images relies on the use of annotations from domain–
specific experts. For example, annotated slides with careful outlining of
each lesion would provide a good approximation for the spatial distri-
bution of salient regions (“where” problem) needed for metastasis detec-
tion [8]. There exists a relatively large body of work that follows this
paradigm [131, 201, 127, 117, 113, 222, 120, 187]. Most of these approaches
extract the ROIs from a single magnification level, e.g. the largest available
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at 20× or 40×. A few, such as the approach of Sui et al. [187], instead
extract patches from annotated areas at multiple magnification levels.

The fully–supervised nature of these approaches, however, limits their
applicability to many clinical tasks for which annotations to this extent is
either extremely laborious and expensive, or simply infeasible (e.g. cancer
prognosis).

Weakly supervised In most cases ground truth labeling is done on the
level of WSIs (slide–level) as opposed to individual patches or pixel–level.
In the absence of higher granularity of labelling, the literature is divided
into three main ways of tackling the “where” problem. The most promi-
nent approach is to tile the entirety of a WSI, only perhaps excluding
patches that do not meet certain image–based criteria based on compu-
tational methods (e.g. otsu, entropy, HSV colour space transformation,
etc.) [162, 126, 194, 137, 55, 181, 192, 39, 94, 192]. The second approach
involves random sampling from a grid–like patch population [90, 48]. One
of the primary limitations of methodologies that use either of the above
two approaches emerges as consequence of analysing a large input im-
age by means of independent analysis of smaller patches. In particular,
such approaches are inherently unable to capture information distributed
over scales greater than the patch size. Explicitly modeling the spatial
correlations between the patches has been proposed as a potential solu-
tion [127, 117, 219]. A few recent works have also employed instance–level
self–supervision, under the multi–instance learning paradigm, to mitigate
for the highly unbalanced nature of tiling (i.e. having only a small number
of instances in a bag that are representative of the WSI) [126, 55].

Patch selection

Attention BenTaeib and Hamarneh employed a recurrent visual attention
network that finds sub-regions of interest within images of 5, 000 × 5, 000
pixels [14]. Notably, these high–resolution images were tiled from fixed
magnification scales. It is interesting to highlight that the processing of
higher resolution patches came as a consequence of not employing any
type of upsampling within the method. On the other hand, Qaiser and
Rajpoot [167] used an attention network on images with 1, 024 × 1, 024
pixels, and at 2.5× magnification scale, to identify, extract, and process
patches from higher, predefined magnification scales (10× or 20×). This
approach, along with many others [170, 142, 205], attempts to solve a more
complicated optimization problem, one that is non–differentiable (typically
with reinforcement learning or variational methods [108]). More recent
work has turned to differentiable alternatives [108, 170, 221, 52].

Nested attention Unfortunately, none of the above approaches can be
employed on gigapixel images directly [118], and, instead, static, prede-
fined preprocessing is still required. In parallel to our work in Chapter 6,
Kong et al. [118] were the first to introduce the concept of nested atten-
tion, and by extending the attention module introduced by Katharopoulos
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and Fleuret [108], proposed a two-layer hierarchical attention model that
enables end-to-end training of deep learning models from WSIs.

2.3.2 The “what” problem

Although other computer vision approaches exist, convolutional neural net-
work (CNN)–based methodologies have emerged as the most effective and
popular choice as a way of automatically learning image features rather
than handcrafting them [61, 6]. A CNN typically excels with image sizes
of less than one million pixels [182, 91, 189, 218, 95]. Although there have
been a few recent works that explored the use of higher resolution images
(e.g. up to 8192 × 8192 [161]), the current state of the hardware cannot
enable CNN–based learning directly from images with billions of pixels.
Therefore, most methodologies address the “what” problem in the context
of image patches (from WSIs), and not in the context of WSIs. A large
body of work has also investigated better solutions to the “what” problem
by incorporating contrastive loss [126], task-specific self-supervision [120],
or using better pretrained networks [55].

2.3.3 Multiple sources of noise

Through training, the human brain can become adept at ignoring artifacts
and staining variability, and honing in the visual information necessary for
an accurate diagnosis. To facilitate an analogous outcome in deep learning
models, there are generally two approaches that can be followed. The first
involves explicit removal of artifacts (e.g., using image filters), as well the
normalization of color variability [141]. In contrast, the second approach
takes on a less direct strategy, augmenting data with often synthetically
generated data which captures a representative variability in artifacts and
staining, making their learning an integral part of the training process.
Both approaches have been employed with some success to correct the
variation from batch effect or from archived clinical samples from different
clinics [29] though this finding has not been universal [131].

2.3.4 High–level clinical tasks

Despite the challenging nature of WSI analysis, when patch level labels are
available, patch sampling coupled with hard negative mining can train deep
learning models that in many cases match and even surpass the accuracy of
pathologists on a number of high–level clinical tasks [166, 61, 8]. However,
in many cases, sufficient ground truth cannot be attained either because
it is very laborious and expensive, or simply because it is infeasible. In
addition, this level of supervision may be limiting the potential of deep
learning models as the models can only be as good as the annotations
provided. Therefore, methods able to build deep learning solutions based
on low–granularity labels are more desirable.
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To work with slide and patient level labels, the current approaches focus
on the where problem, or in other words, on approximating the spatial
distribution of saliency. There are generally two approaches towards the
where problem. The first uses a type of meta-learning, where in order to
optimise the where problem, the what problem has to first be optimised.
The second approach attempts to optimise both what and where problems
simultaneously in an end-to-end setting. This is done by either forwarding
a set of patches through a CNN and attending on a few or by localising
and attending to a single patch at each time step.

Cancer prognosis Most early methods for deep learning survival analy-
sis employ a Cox Proportional Hazards (CPH) layer on top of a CNN [196].
By using a non–linear model, such as a CNN, non–linear relationships be-
tween the features and the risk of death can be captured. However, in
addition to certain limitations imposed by the nature of optimization that
takes place within deep neural networks (e.g. batch based estimation of
hazard ratios), the CPH layer is constrained by the nature of the method
which assumes that the effect of the input features remains constant over
time [196]. A new body of work has therefore explored different approaches,
including the use of different loss functions [147], and reformulating survival
analysis into a multitask (based on different time cutoffs) binary classifi-
cation problem [70, 195]. More recently, various groups have explored the
application of deep learning on WSIs for end-to-end prognosis using limited
annotations (further discussion is provided in Chapter 5) [109, 183, 210].





Chapter 3

Stage II colorectal cancer
prognosis - handcrafted
features

3.1 Problem formulation

In present clinical practice, the main prognostic factors for colorectal cancer
(CRC) comprise: (T) depth of tumour penetration through bowel wall, (N)
presence or absence of nodal involvement, and (M) presence or absence of
distant metastases. These form the basis of the five stage TNM staging
system [28]. Stage 0 is least severe, with all the lesions restricted to the
mucosa and the lamina propria. Local excision or simple polypectomy with
clear margins is the most common treatment option. In Stage I, cancer may
have grown into the muscularis mucosa or into the muscularis propria but
has not spread deeper into the colon muscle wall, to nearby lymph nodes
or other distant sites. Because CRC at this stage is still localized, it also
has a high cure rate with wide surgical resection and anastomosis. Stage II
characterizes CRC that has spread to or beyond the serosa and may have
grown into nearby tissue or organs, but not to the lymph nodes and has not
metastasised. Surgical resection is again the standard treatment, however
high-risk patients may be offered chemotherapy. Stage III is characterized
by lymph node involvement and the standard treatments are wide surgical
resection and anastomosis, and adjuvant chemotherapy. Stage IV disease
is characterized by metastatic disease. The treatment of CRC at this stage
largely depends on the sites of metastatic disease.

In this chapter, I consider the problem of patient prognosis in the con-
text of stage II CRC. Stage II patients do not experience nodal (N) or
distant (M) metastasis of their cancer and so only the depth of local inva-
sion (T) is reported under TNM staging (as either T3 or T4). The risk of
disease–specific death within 5 years for stage II CRC patients is estimated
to be 20%, and rises to 35% given a 10 year window [51, 150]. Nevertheless,
there are no definite criteria for selecting which stage II patients (high-risk
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patients) should undergo adjuvant chemotherapy [10, 132]. It is therefore
imperative that better prognostic models for stage II CRC patients are
developed to better aid clinical guidance, reduce the survivability variance,
and ameliorate treatment research.

The aim of this work is to investigate whether machine learning models
can leverage information from histopathological features of each patient
to better assess their risk of disease–specific death when compared to the
current clinical gold standard. The prognostic value of multiple features
that are quantified across a continuum at patient–level, is difficult and la-
borious to sort and analyse by hand. Hence, machine learning is applied
in order to identify and understand the optimal features that allow pa-
tient stratification. In particular, the present work makes the following
contributions:

• A novel, principled framework for data–driven machine learning based
personalized prognosis of stage II CRC cancer outcomes.

• Prognostic models that perform significantly better than the current
clinical gold standard based on internal validation.

• Clinical insights into the disease, and empirical evidence behind the
prognostic value of novel histopathological features.

The process of feature extraction from the patient images was per-
formed prior to this work by collaborators, and was reported in previously
published work [36, 37]. The automated segmentation of objects of interest
involved manual examination of all segmented objects by domain-specific
experts to ensure high quality segmentation. In addition, Definiens pro-
prietary software (Tissue Studio® and Developer XD™) was used, and as
such, reproducibility using open source software cannot be guaranteed.

3.2 Methods

3.2.1 Cohort

My cohort consisted of 180 Scottish patients who had been diagnosed with
CRC and who underwent surgical resection, with a minimum follow-up of
11.5 years. Patients that succumbed within five days of the surgery were
excluded to ensure that surgical complications did not contribute to the
cause of death, as were the patients that received adjuvant chemotherapy
due to potential effects on survival [154]. In total, seven patients from the
initial cohort were removed. Table 3.1 summarizes the key clinical and
demographic characteristics of the remaining cohort (173 patients). In the
cohort there were 86 males and 87 females. Six patients were diagnosed
with T1 stage, 7 with T2, 122 with T3, 37 with T4, and for 1 person,
the T stage could not be determined. Most patients (163) experienced no
nodal involvement (N0). There were 8 patients diagnosed with N1, and
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Table 3.1: Summary of patient cohort statistics.

Number of patients 173
Age at surgery (years)

Range 62.5± 33.5
Median 67

Gender
Male 86 (50%)
Female 87 (50%)

T Stage
TX 1 (1%)
T1 6 (3%)
T2 7 (4%)
T3 122 (71%)
T4 37 (21%)

N Stage
N0 163 (94%)
N1 8 (5%)
N2 1 (1%)
N3 1 (1%)

M Stage
MX 9 (5%)
M0 161 (93%)
M1 3 (2%)

Site
Rectum 56 (32%)
Colon 117 (68%)

Differentiation
Undetermined 3 (2%)
Poor 25 (14%)
Moderate 138 (80%)
Good 7 (4%)

1 patient for each of N2 and N3. Similarly, most patients were free of
metastasis (161), with only 3 having being diagnosed with M1, and for 9
patients the M stage was not determined. The tumour site of origin was the
colon and rectum for 117 and 56 of the patients respectively. Finally, the
differentiation was poor, moderate, and good for 25, 138, and 7 patients,
and for 3, differentiation could not be determined.

The use of tissue samples was approved by the East of Scotland Re-
search Ethics Service (13/ES/0126). Further ethical clearance was not
required as the acquired data was anonymized.
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3.2.2 Feature extraction – handcrafted features

The digitization of the tissue samples, and subsequent quantification and
extraction of histological features is described in the works of Caie et al. [36,
37]. For completeness, both processes are briefly described hereunder.

Tissue samples were prepared for multiplex IF with pan cytokeratin
(panCK) and D2–40 antibodies, along with DAPI stain. These allowed
for the detection of epithelial cells, lymphatic vessels, and cell nuclei. De-
tecting epithelial cells within lymphatic vessels (known as lymphatic vessel
invasion) is what motivated the inclusion of the D2–40 marker, since it
has been associated with nodal metastasis and poor prognosis in multiple
carcinomas.

The invasive front was manually identified through the panCK chan-
nel of each WSI as captured at 4× magnification level. Fifteen evenly
spaced high–resolution (20× magnification) images were captured across
the invasive front of each sample. Regions of interest (ROIs) (including
stroma, tumour glands, invasive tumour subpopulations, lymphatic vascu-
lature, and cell nuclei) were detected and segmented from each imported
image using Definiens AG image analysis software package. Each ROI was
described by a collection of morphometric, spatial, and fluorescence related
characteristics resulting in 123 histopathological features. A comprehensive
list of the features is provided in Appendix A. Tumour buds are PanCK+

objects with 5 or less associated nuclei, whereas poorly differentiated clus-
ters (PDCs) have more than 5 PanCK+ associated nuclei. PanCK+ objects
with no associated nuclei are small objects (below 50µm2) often depicting
necrosis.

For each patient, pathological and demographic data was collected as
well. The former set comprises the level of differentiation, site of primary
tumour, and the corresponding disease stage, and the latter the patient’s
age, gender, survival status, and time until either death, or the end of
study. Except for the last two survival features, which were combined to
provide the dependent variable of this work, the remaining features were
only used for the analysis of experimental results, and not for the actual
learning and prediction.

3.2.3 Survival analysis

Herein, the event of interest was the death of an individual due to CRC.
In the cohort, some patients were right-censored either because the end
of study was reached and the event of interest did not occur, or because
the patients succumbed to a cause other than CRC (abbreviated as OTD–
censoring) [125]. The problem at hand was formalized as a binary, super-
vised classification task, whereby the prediction was that of a good or bad
prognosis, i.e. survived or not, respectively. Commonly used statistics of
prognosis (5–year and 10–year) were investigated [215]. The addition of
the 10–year survival cutoff was motivated by my interest in investigating
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whether more long term prognosis is possible, and if so, whether features
associated with long term prognosis could be identified. Patients that suc-
cumbed to CRC within the designated cutoff were denoted as patients with
a bad prognosis whereas those that survived were denoted as patients with
a good prognosis. Inevitably, patients that died to an unrelated cause prior
to the prognostic cutoff, i.e. they were part of the OTD–censored data, had
to be excluded. In particular, there was a 17% patient exclusion for the
5–years prognostic cutoff, and a 32% for the 10–years, reducing the patient
cohorts to 143 and 117 respectively. It is worth mentioning that removing
these patients does not introduce bias since time to censoring was ran-
dom, i.e. OTD–censoring was not known a priori. A consequence of this
approach is that survival analysis was turned into a binary classification
problem. Furthermore, due to removing censoring, traditional ML models
were readily employable.

3.2.4 Data preparation

I followed the standard approach to algorithm training and evaluation, by
splitting the cohort into non-overlapping training, validation, and test sub-
sets. In particular, data was first randomly (with stratification) split into
two, 70% and 30%, the latter being the test subset. Using tenfold cross-
validation, the former, large subset was in each iteration of the process fur-
ther randomly split into training and validation subsets. It is worth noting
that, given the key aim of the present work, while the evaluation corpus
contain only stage II patients, patients of different stages were included in
the training data set (see Table 3.1). My hypothesis was that in spite of
not being the target population for the prediction, useful pathological pat-
terns could be learnt from this data too, allowing a degree of interpolation
to take place. Stratified sampling was employed in order to maintain the
prognosis distribution of each cohort as a means of countering the imbal-
anced nature of the data, and thus avoid class under-representation [115].
Lastly, features were normalized to zero mean and unity variance.

The training set for 5-year prognosis has 99 patients (78/21 patients
with good/bad prognosis). For 10-year prognosis, the training set has 81
patients (54/27 patients with good/bad prognosis). The testing sets for 5
and 10-year prognosis have 44 (37/7), and 36 (25/11) patients respectively.
In the testing set for 5-year prognosis, all patients are stage II with 34
having a T3 stage, and 10 having a T4 stage. In the training set for 5-year
prognosis, there are 9 Stage IV patients, 1 Stage III patient, 76 Stage II
patients (60 with T3 and 16 with T4), and 13 Stage I patients (6 with
T1 and 7 with T2). In the testing set for 10-year prognosis, all patients
are stage II with 34 having a T3 stage, and 10 having a T4 stage. In the
training set for 10-year prognosis, there are 9 Stage IV patients, 1 Stage
III patient, 58 Stage II patients (48 with T3 and 10 with T4), and 13 Stage
I patients (6 with T1 and 7 with T2).
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3.2.5 Baseline classifiers and performance assessment

I adopted several well-understood baseline classifiers, with different under-
lying assumptions (explicit or implicit) and mathematical underpinnings.
In particular, I compared classifiers based on support vector machines
(SVMs) (with LSVM translating to a linear kernel SVM, and RSVM to an
SVM with radial basis function as kernel), random forests (RFs), k-nearest
neighbours (KNN), näıve bayes (NB), and logistic regression (LR) [35].
Elastic cox (proportional hazards) regression (CPH) was also implemented
for the purpose of comparative analysis with the ML-based models and
prognosis binarization.

In an effort to capture performance adequately on a highly imbalanced
data set, the area under the receiver operating characteristic curve (AU-
ROC), as opposed to accuracy [128], is adopted as the primary performance
measure. This is also in line with related work in literature, i.e. associated
with survival analysis, wherein the so-called concordance index (C–index)
or C–statistic is employed with the latter being a generalization of AUROC
over regression problems with censored data [138]. Given the aforemen-
tioned preprocessing steps, i.e. censoring is eliminated, and regression is
turned into binary classification, AUROC is equivalent to C–index. It is
worth mentioning that recent work has reported that AUROC may in fact
not be the best metric when working with imbalanced data sets [40]. For
the sake of consistency with related work and ease of comparative analysis,
I also report specificity and sensitivity, and accuracy for the final models.

3.2.6 Model selection

The capability of a model to represent information, as well the efficiency
of its learning is governed by a number of parameters. These parameters,
referred to as hyperparameters, need to be set prior to training. However,
finding the optimal or close to optimal set of hyperparameter values is
challenging. The commonly used and probably the simplest approach, in
the form of a grid search has limited applicability due to its intractability
for complex models. A random search over predefined ranges of hyper-
parameters often produces better results while being computationally less
demanding [17]. However, both techniques are näıve as they do not take
into account historical patterns.

Sequential model based global optimization (SMBO) techniques adopt
a more sophisticated approach, approximating the often computationally
expensive fitness function with a simpler surrogate [19]. Different SMBO
approaches optimize different criteria which then guide the surrogate of the
fitness function. The one adopted herein is tree-structured Parzen estima-
tor (TPE), which optimizes the so-called “expected improvement”. Con-
ceptually, TPE initially behaves like a random search, subsequently refining
the search so that hyperparameter values associated with poor performance
are not re-visited [19, 98]. This process is guided probabilistically, using
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suitable densities or distributions associated with the type of each hyper-
parameter. Those used in the present work are summarized in Table 3.2.
Finally, as the loss function (of TPE) I used the negated AUROC (or con-
cordance index for CPH) resulting from tenfold cross-validation, averaged
over 20 independent runs, and ran the optimization for 500 iterations.

3.2.7 Feature selection

To mitigate for the so-called curse of dimensionality, which becomes of in-
creasing concern with “short fat data” (see Chapter 2 for the definition),
I examined the use of dimensionality reduction in the context of the prob-
lem at hand [86, 44]. In particular, motivated by their successful use in
the existing literature [85], I employed sequential floating forward selection
(SFFS) and sequential floating backward selection (SFBS) [85, 165, 102].
SFFS and SFBS constitute more sophisticated methods than the strictly
monotonic sequential algorithms known as sequential forward selection
(SFS) and sequential backward selection (SBS). Given an empty feature
set, SFS sequentially adds the feature that improves a specified metric the
most until the desire number of features is reached. SBS works in the same
manner except that it begins with the whole feature set and proceeds by
removing features. The main downside of both is that they do not recon-
sider the value of each added (SFS), or removed (SBS), feature, down the
line – this is known as the “nesting effect”. SFFS and SFBS attempt to
address this by allowing the recursive removal or addition, respectively, of
features at each step of the process. The implementation is provided in
Appendix A.

3.3 Results

3.3.1 Full feature set based prognosis

Each baseline classifier’s hyperparameter values are learnt by maximizing
the corresponding average AUROC on the validation data corpus. Table 3.3
summarizes the results. The average AUROC across all classifiers was 0.89
both for 5 and 10-year prognosis. One-way analysis of variance (ANOVA)
and Tukey’s honest significance difference test (THSD) showed no statisti-
cal significance between classifiers for 10-year prognosis. The only statis-
tically significant difference is that between NB and LR based approaches
for 5-year prognosis (ANOVA p-value< 0.01, THSD p-value< 0.003).

To demonstrate the importance of model selection, I also compared the
performance of all classifiers using hyperparameter values which were learnt
as described in the previous section, and with the a priori set hyperparam-
eters values based on the scikit–learn library [159]. As expected, using the
latter approach a drop in the average AUROC was observed both for 5 and
10-year prognosis, to respectively 0.82 (approximately 8.0% drop) and 0.85
(approximately 4.5% drop). The results are visualized in Figure 3.1.
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Table 3.2: The search space of each classifier based on the distributions over
its hyperparameters (n.b. F denotes feature count; for biased categorical
distributions, tuples (ps, v) designate the sampling probability and the
value assigned). C is a hyperparameter for regularization (smaller values
specify stronger regularization), K is the number of neighbours in KNN,
and P is the power parameter for the Minkowski metric. For CPH, the
estimated set of alphas is retrieved based on an initial fit of the model on
the training set, i.e. differs between different training subsets.

Classifier Hyperparameter Distribution Values

LSVM C Log-uniform [ln (1e−5) , ln (1e2)]
Class weight Categorical Balanced or none

RSVM C Log-uniform [ln (1e−5) , ln (1e2)]
Gamma Log–uniform [ln (1e−3) , ln (1e3)]
Class weight Categorical Balanced or none

LR Type of penalty Categorical L1 or L2
C Log–uniform [ln (1e−5) , ln (1e2)]
Class weight Categorical Balanced or none

RF Number of trees Log–uniform
integer

[10, 1000]

Criterion Categorical Gini or entropy

Maximum fea-
tures

Biased cate-
gorical

[(0.2,
√
F ), (0.1,

ln (F )), (0.1, F),
(0.6, U[0, F])]

Maximum depth Biased cate-
gorical

[(0.1, 2), (0.1, 3),
(0.1, 4), (0.7, None)]

Bootstrap Categorical True or False
Class weight Categorical Balanced or none

KNN K Log–uniform
integer

[1, 50]

Weights Categorical Uniform or Eu-
clidean distance

Metric Categorical Balanced or none
P Categorical Balanced or none

CPH C Uniform [0, 1]
alpha Categorical Proposed categories
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Table 3.3: Average AUROC and standard deviation (for n = 200) of
trained classifiers on the training set using 20–times repeated 10–fold cross-
validation.

5-year 10-year

LSVM 0.89± 0.12 0.89± 0.13
RSVM 0.89± 0.13 0.89± 0.12
LR 0.91± 0.12 0.90± 0.13
RF 0.89± 0.13 0.89± 0.12
KNN 0.88± 0.12 0.89± 0.13
NB 0.86± 0.14 0.88± 0.12

(a) (b)

(c) (d)

Figure 3.1: Tukey’s significance difference test. No hyperparameter learn-
ing was employed in the experiments corresponding to the plots (a) and
(b), in contrast to (c) and (d).
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3.3.2 Reduced feature sets

Feature selection

The evaluation of each subset of features was performed by 10–fold cross
validation on the training data. To reduce outcome variability caused by
stochastic effects I adapt the method proposed by Dune et al.[59]. In
particular, I performed SFFS and SFBS 40 times using different random
partitions for the cross validation, each time retaining the feature subset
that achieved the best performance. The optimal feature subset, i.e. the
one corresponding to the highest 10–fold cross validation, from all the runs,
were then aggregated (see Figures 3.2 and 3.3).

Figure 3.2: Frequency of occurrence of each feature from the 20 runs of
SFFS and SFBS each for 5-year prognosis. Only features with at least one
occurrence are shown for clarity.

Feature subsets from SFFS and SFBS were combined and sorted based
on the frequency of occurrence. Starting with an empty set, features were
added in incremental fashion based on their ranking using 20 times repeated
10-fold cross validation. The subset of features that achieved the highest
averaged AUROC was selected for each prognostic term, see Table 3.4.

Experiments

I followed the same approach to classifier training, model selection, and
evaluation as in the previous section (Section 3.3.1). The sole difference is
that instead of the full feature set, for this set of experiments a reduced set
of selected features (as described in the previous section) was used.

As expected, a significant improvement in performance is observed al-
ready at the coarsest level of analysis, with the average AUROC across
classifiers reaching 0.94, both for 5 and 10-year prognosis. In line with
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Figure 3.3: Frequency of occurrence of each feature from the 20 runs of
SFFS and SFBS each for 10-year prognosis. Only features with at least
one occurrence are shown for clarity.

Table 3.4: Features of significance to both prognosis terms, and those which
were specific to a particular term; six features were used for both 5 and
10-year prognosis.

# Features

Unique to 5-year prognosis 4 Nuclei in tumour mean DAPI inten-
sity, number of CK objects with no
associated nuclei, average DAPI in-
tensity (tumour area)

Unique to 10-year prognosis 3 Nuclei in tumour mean D240 inten-
sity, mean compactness of tumour
glands, number of PDCs

Common to both prognoses 3 Nuclei in tumour bud mean DAPI
intensity, tumour gland relative area
(%), sum area of vessels

CK pancytokeratin, PDCs poorly differentiated clusters

my previous findings, no statistically significant difference was observed
between different classifiers, except for the inferiority of RFs for 10-year
prognosis (ANOVA p-value< 0.0001, THSD p-value< 0.01). Just as in the
previous set of experiments, my data driven approach to hyperparameter
selection was found to effect a statistically significant improvement over
their being set a priori ; see Figure 3.4.
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(a) (b)

(c) (d)

Figure 3.4: Tukey’s significance difference test. No hyperparameter learn-
ing was employed in the experiments corresponding to the plots a and b,
in contrast to c and d.

Table 3.5: Average AUROC and standard deviation (for n = 200) of each
trained classifier using only features selected by SFFS and SFBS. The ex-
periments were performed by 20 times repeating 10–fold cross–validation.

5-year 10-year

LSVM 0.95± 0.08 0.95± 0.08
RSVM 0.95± 0.08 0.95± 0.08
LR 0.95± 0.08 0.95± 0.08
RF 0.93± 0.11 0.92± 0.10
KNN 0.95± 0.08 0.95± 0.07
NB 0.93± 0.10 0.94± 0.09
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3.3.3 Final evaluation – internal validation

It can be readily seen that classifiers trained on the subset of features se-
lected by SFFS and SFBS performed better, as illustrated in Tables 3.3
and 3.5. Though simple, the best performing classifier was found to be
KNN based classifier (with the Minkowski distance metric) both for 5-year
(k = 36) and 10-year prognosis (k = 28), as measured by the 20-times
repeated 10-fold cross validation AUROC. The threshold was defined as
the cutoff at which the sum of true positives and true negatives maximizes.
Based on the training data set, the threshold was set to 0.222 for 5-year
prognosis and 0.250 for 10-year prognosis. It is interesting to observe that
the KNN based classifier performed poorly when the default hyperparam-
eter values (of scikit–learn) were used. This observation further highlights
the importance of properly tuning machine learning models to the task and
data at hand [21].

Kaplan-Meier (KM) survival curves were employed to visualize the dif-
ference in survivability between the predicted prognosis groups, and, for ob-
ject quantification, the log-rank test was used (summary tables A.1 and A.2
are also provided in the appendix). For 5-year prognosis, my KNN based
approach achieved the AUROC of 0.77, effecting a good separation patients
into high and low risk (p-value< 0.02). On 10-year prognosis, the classifier
demonstrated performance which can be described as nothing short of out-
standing, achieving AUROC of 0.94, and even better separation between
high and low risk patients (log-rank test p-value< 0.0001). The sensitiv-
ity of 42.9%, specificity of 89.2%, and accuracy of 81.8% were achieved
for 5-year prognosis, and the sensitivity of 100%, specificity of 84%, and
accuracy of 88.9%, for 10-year prognosis. In comparison, the differenti-
ation (poor/moderate vs. good), which is considered a prognostic factor
independent of TNM, and T stage discrimination (T3 vs. T4) results are
summarized in Figures 3.5, 3.6, and 3.7, as well as in Table 3.6.

To compare my method against CPH, I followed the same approach to
hyperparameter tuning as with the machine learning models. Moreover,
(i) the patients in the testing sets for 5 and 10–year prognosis are kept
the same, (ii) both the full feature set as well as the reduced one (for each
prognostic cutoff) are used, and (iii) I train CPH models with and without
prognosis binarization, where in the latter case, I include the previously re-
moved censored patients in the training set (the training sets size increases
from 99 patients to 129, and from 81 to 137 for 5 and 10-year prognosis
respectively). The results are shown in Table 3.7. For 5-year prognosis,
CPH models performs better without feature selection, whereas for 10-year
prognosis, no difference is observed. When including censored patients in
the training set, surprisingly, no substantial gain in performance is ob-
served, and in fact in most cases, there is a drop. The best CPH model for
each prognostic cutoff is evaluated in the testing set. It can be readily seen
that the KNN models performed better than the CPH models for both
prognostic cutoffs.
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Table 3.6: Summary of low vs. high risk patient separation results.

Differentiation
(5/10-year)

T stage (5/10-
year)

KNN (5/10-year)

Specificity 0.95/0.88 0.82/0.84 0.89/0.84
Sensitivity 0.39/0.36 0.43/0.46 0.43/1.00
Accuracy 0.84/0.72 0.75/0.72 0.82/0.89
AUROC 0.62/0.62 0.62/0.65 0.77/0.94

Table 3.7: Comparison between the proposed machine learning method
and CPH with and without feature selection for both 5-year and 10-year
prognoses. A “-” means that there was no binarization and that censored
data were included in the training set. FS stands for feature selection.

Method FS 5-year 10-year Train set Test set

KNN ✓ 88% -
KNN ✓ ✓ 95% 77%
CPH ✓ ✓ 72% -
CPH ✓ - 71% -
CPH ✓ 81% -
CPH - 83% 71%

KNN ✓ 89% -
KNN ✓ ✓ 95% 94%
CPH ✓ ✓ 84% 71%
CPH ✓ - 82% -
CPH ✓ 84% 70%
CPH - 82% -

Figure 3.5: ROC curves for the two prognostic terms of interest.
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Figure 3.6: KM curves for 5-year prognosis.

Figure 3.7: KM curves for 10-year prognosis.
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3.4 Discussion

Colorectal cancer is a highly heterogeneous disease which limits the prog-
nostic accuracy of the simplistic TNM staging system or singular features
such as tumour budding [93], or lymphatic vessel invasion and density
[33]. Prior work on the use of automated image analysis and machine
learning, and other types of cancer has focused on parameters solely from
tumour cells [204, 198]. However, the evidence from an increasing number
of studies suggests that the tumour microenvironment is just as informa-
tive [186, 38, 92, 100] which motivated us to use information not only from
tumour nuclei but also from numerous hierarchical features such as tex-
ture, morphology, fluorescence intensity, and spatial relationships across
the entire tumour–immune microenvironment.

Hence, I introduced a novel and carefully crafted machine learning
based framework capable of personalized prediction of survival for stage
II CRC patients. My methodology was shown to outperform significantly
the current gold standard in the form of TNM staging. Specifically, an
AUROC of over 77% and 94% for 5 and 10-year prognosis respectively was
achieved, compared to the clinical gold-standard of T stage, which stratifies
patients with the AUROC of approximately 62% both for 5 and 10-year
prognosis, and the differentiation, which achieves the corresponding AU-
ROC of approximately 62% and 65% respectively. When compared to
CPH, the most widely employed method for multivariate survival analysis
in the literature, my models performed better consistently across various
setups. When evaluated on the testing set, there was a 6% difference in the
AUROC for 5-year prognosis, and a 13% difference for 10-year prognosis.
Finally, high interpretability of the proposed approach was demonstrated
(see Table 3.4), allowing clinicians to gain new insight by identifying prog-
nostically the most salient features.

Confirming findings from prior empirical research as well as one of the
premises of the present work, my experiments demonstrated that a di-
verse set of characteristics of the entire microenvironment have a prognos-
tic value. This explains the outstanding performance of my method and
the major improvement on the current state of the art which focuses on
a single aspect thereof (usually tumour cells). DAPI intensity within the
nuclei of tumour buds was consistently found to carry the greatest prog-
nostic weight, which too agrees with previous empirical findings [24, 139].
Furthermore, this feature was highly correlated with tumour bud nuclei
morphometry whereby features linked to larger and more irregular shaped
nuclei were associated with poorer prognosis. Tumour gland nuclear mor-
phometry, also found to be of major prognostic importance, has also been
identified in the past [149, 63]. Other selected features included known
histopathological features such as the number of PDCs [11], the number
and area of lymphatic vessels [33], and the shape and area of tumour glands
[99, 169].

It is interesting to observe and comment on my finding that certain
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features were specifically associated with a particular prognostic term; a
hypothesis that is relatively under explored in the literature, yet, if proven
right, can have significant implications [212]. Having looked at this in de-
tail, I found high correlation between these features and survival outcomes,
suggesting that the features are not specific to set survival times per se but
are rather associated with poorer outcomes. For example, the number of
small pan cytokeratin positive objects with no associated nuclei was found
to be an important feature for 5-year survival. On the other hand, the
number of PDCs was found to be an important prognostic feature for 10-
year survival. Nevertheless, both were highly correlated with the number
of tumour buds.

The proposed method is likely far from clinical adoption primarily due
to the semi-automated nature of the feature extraction approach. Feature
robustness against differences in staining and sectioning would need to be
assessed in new cohorts. Moreover, further validation would be needed for
the machine learning models to ensure that they are not confounded by any
subtle differences in scanning, staining, etc. It is likely that a more refined
methodology might be needed for feature extraction, one that involves deep
learning. As future work, the problem could be reformulated into a single
multitask binary classification problem (based on different time cutoffs)
rather than two independent problems [70, 195].

3.5 Implementation details

The machine learning framework was implemented using the following
packages in Python: Pandas [145], Numpy [89], scikit-learn [159], mat-
plotlib [97], SciPy [200], hyperopt [18], and lifelines [54]. The feature selec-
tion algorithms SFFS and SFS were implemented as shown in Appendix A
(SFBS and SBS were omitted for brevity). Other key code sections are
also provided in the appendix. The CPH models were implemented using
scikit–survival [164].





Chapter 4

Muscle-invasive bladder
cancer prognosis -
handcrafted features

4.1 Problem formulation

Like in the previous chapter, the primary goal of this work is to develop
prognostic models that leverage patient–level data (herein, WSIs and clin-
ical records) in order to identify those patients that are at risk of disease–
specific death. In particular, the problem of MIBC prognosis is addressed.
As described in Chapter 1, patients with MIBC face a rather poor prog-
nosis, with half succumbing to the disease within 5 years. To decrease
mortality rate, patients with a high risk of disease-specific death need to
be identified more precisely, thereby allowing for better patient manage-
ment and new treatments to be tested in the high-risk group.

MIBC prognosis is a fitting problem for the machine learning framework
I proposed in the previous chapter, given its challenging nature [175, 81].
Based on the same framework (with minor modifications) as in the pre-
vious chapter, I develop machine learning based prognostic models for 5–
year prognosis with different combinations of image, clinical, and spatial
features. In particular, the contribution of this chapter is threefold:

• This is the first work where machine learning is applied on histopatho-
logical features that were derived from across entire MIBC tissue sec-
tions with multiple fluorescence immune markers and across both the
tumour core and the invasive front of whole slide immunofluorescence
images.

• Using image, spatial, and clinical features, the proposed machine
learning methodology improves the accuracy of 5–year prognosis for
MIBC patients by a large margin when compared to the current gold
standard, TNM.

49
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• My findings reinforce the importance of the immune contexture in
cancer prognosis.

The processes of feature extraction from the patient WSIs, including
that of cell nuclei detection, epithelial cell segmentation, and cell classifica-
tion, were developed and executed by our collaborators in Definiens GmbH.
The robustness of these methods (including segmentation) has been tested
in previous works (e.g. the work by Brie et al. [30]) and is therefore not
examined in this chapter.

4.2 Methods

4.2.1 Cohort

Tissue specimens from patients with MIBC who underwent radical cys-
tectomy at Royal Infirmary and Western General Hospital in Edinburgh
between the years 2006 to 2013 were collated into a cohort. Patients were
excluded from this study either due to incomplete clinical records, extensive
tissue section artefacts, or data censoring. The final study cohort was com-
prised of 78 patients. Archived formalin-fixed paraffin-embedded (FFPE)
tissue blocks presenting the deepest invasion of cancer were selected for
each patient based on both macroscopic and microscopic examination of
haematoxylin and eosin (H&E) stained slides by a pathologist and a re-
search scientist. The corresponding unstained tissue sections were collected
from the NHS Lothian NRS BioResource Research Tissue Bank, conform-
ing to protocols approved under the ethical status granted by the East
of Scotland Research Ethics Service (Ethical Approval Ref: 10/S1402/33)
and with written informed consent from all the patients. All experiments
were performed in accordance with the relevant guidelines and regulations.

Clinicopathological data that included age, sex and TNM stage status
along with survival data was retrieved from available electronic medical
records. Patients were followed up for a total time of 113 months with a
median survival time of about 24 months. Median age of the patients was
68 years (range 29–87 years) with 43 males and 35 females. According to
the TNM staging system guidelines [4], my cohort consists of 17 stage II,
29 stage IIIA, 5 stage IIIB, and 27 stage IV patients. Twenty seven pa-
tients had distant metastasis at time of surgery. No positive lymph nodes
were found in 57 patients and 1–2 lymph nodes contained tumour cells
in 21 patients. Of the 78 patients, 53 patients died due to bladder can-
cer. The clinicopathological characteristics of the cohort are summarised
in Table 4.1.

In order to maintain the anonymity of the patient information, the
samples were de-identified prior to conducting this study.
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Characteristics Summary

MIBC patients N = 78
Median survival (range) 19 (1-113) months

Age 66± 11 years
Gender 55% Male; 45% Female

TNM stage
II 17 (22%)
IIIA 29 (37%)
IIIB 5 (6%)
IV 27 (35%)

Tumour (T)
T2 18 (23%)
T3 39 (50%)
T4 21 (27%)

Node (N)
N0 57 (73%)
N1 13 (17%)
N2 8 (10%)

Metastasis (M)
M0 51 (65%)
M1 27 (35%)

Table 4.1: Patient cohort characteristics.

4.2.2 Feature extraction – handcrafted features

A different member of the team implemented the processes that were
needed for feature extraction from immunofluorescence WSIs. Hereunder,
a brief overview is given. A more in–depth discussion is provided for the
spatial feature extraction process since I was involved in its implementation
(including the Ripley’s K and L functions).

For each patient, immunofluorescence was performed on two serial 3µm
thick sections of FFPE tissue sections. Primary antibodies against PanCK,
CD3, CD8, CD68, CD163 and PD–L1 were used to label urothelial cells,
general T-cells, cytotoxic T-cells, M1/M2 (total) macrophages, M2 macrophages
and immune checkpoint ligand PD-L1, respectively. Nuclei were counter-
stained with Hoechst. The multiplex immuno–labeled tissue slides were
scanned at 20× magnification and digitized into whole slide fluorescence
images using a Carl Zeiss AxioScan.Z1 scanner (Zeiss, Göttingen, Ger-
many). Examples are shown in Figure 4.1.
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(a)

■ cancer ■ nuclei ■ PD-L1 ■ CD3 ■ CD8

(b)

■ cancer ■ nuclei ■ PD-L1 ■ CD68 ■ CD163

Figure 4.1: Examples of (a) TILs (Nuclei: Cyan, Cancer: Red , PD-L1:
Green, CD3: Purple, CD8: Yellow) and (b) TAMs (Nuclei: Cyan, Cancer:
Red , PD-L1: Green, CD68: Purple, CD163: Yellow) visualized using
multiplexed immunofluorescence.
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Detection of cell nuclei For nucleus detection, the methodology de-
scribed by Brieu and Schmidt [32] was used. The methodology is com-
prised of four distinct stages: (a) training a classification RF on manually
annotated foreground and background regions, defined as regions with or
without cell nucleus respectively [31], (b) training a regression RF to gen-
erate proximity maps using coordinates from manual annotations of cell
nuclei, (c) training a regression RF to generate surface area maps using
manual annotations [32], and (d) localizing nuclei centers based on the
proximity and surface area maps that were generated in (b) and (c) [32].
A proximity map encloses the distance to the closest nucleus center for
each pixel of the input image. A surface area model provides a mask of the
initial image wherein each pixel is either zero, if it is not a part of a nu-
cleus, or a positive real number, if it is part of a nucleus. The positive real
number is the area of the corresponding nucleus. Data augmentation with
varying scale, rotation, as well as intensity for both PanCK and Hoechst
IF channels was implemented in all stages.

Segmentation of epithelial cells for the identification of tumour
buds For the quantification of tumours buds (TBs), segmentation of ep-
ithelial cells was required. The CNN–RF methodology described by Brieu
et al. [29] and extended in the work of Brieu et al. [30] was adopted. Briefly,
a convolutional neural network was trained on an annotated data set of ep-
ithelium and non-epithelium images. The Hoechst, PanCK, CD3 and CD8
IF channels were normalized following the approach described by Brieu et
al. [29]. Once trained, the convolutional neural network produced a coarse
segmentation mask of epithelium regions. The predicted epithelium prob-
ability layer was used together with the original immunofluorescence chan-
nels as input to a RF. Finer-grained segmentation masks were produced
by the RF, enabling a more accurate segmentation of the epithelium. As
detailed in previous work [30], the output of the CNN–RF is ensembled
with the output of a semantic segmentation network [176] to generate the
final epithelium segmentation results. Tumour buds (TBs) were classified
as epithelium objects containing one to four nuclei [30].

Cell classification For cell classification, given normalized immunoflu-
orescence channels (normalized as described by Brieu et al. [29]), each cell
nuclei is defined as the center of a 11× 11 pixels region and the mean nor-
malized intensity of the region is computed for each immunofluorescence
marker (CD3, CD8, CD68, CD163, PD-L1 and PanCK). Cells are classi-
fied as positive or negative for a given IF marker if the corresponding mean
intensity is above or below a determined threshold (the threshold for all
the IF markers was set to 32/256 = 0.125 based on optimization on a small
subset of the training set), respectively.
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(a)

■ CD3+PanCK+ ■ CD3+PanCK- ■ CD8+PanCK+ ■ CD8+PanCK+

■ TB ■ PD-L1+PanCK+ ■ PD-L1+PanCK-

(b)

■ CD163+PanCK+ ■ CD163+PanCK- ■ CD68+PanCK+

■ CD8+PanCK- ■ TB ■ PD-L1+PanCK+ ■ PD-L1+PanCK-

Figure 4.2: Nuclei localization of (a) TILs (CD3+PanCK+: Brown,
CD3+PanCK-: Red, CD8+PanCK+: Green, CD8+PanCK-: Blue, TB:
black, PD-L1+PanCK+: Pink, PD-L1+PanCK-: Yellow) and (b) TAMs
(CD163+PanCK+: Brown, CD163+PanCK-: Red, CD68+PanCK+:
Green, CD68+PanCK-: Blue, TB: Black, PD-L1+PanCK+: Pink, PD-
L1+PanCK-: Yellow) across the WSI.
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Fully automated feature extraction The entire FFPE tissue sec-
tion of each MIBC patient was digitized into a WSI, encompassing both
muscle-invasive urothelial carcinoma as well as adjacent benign tissue.
Multiplex immunofluorescence enabled the detection of tumour infiltrating
lymphocytes (TILs) (general CD3 and cytotoxic CD8 T-cells), tumour-
associated macrophages (TAMs) (total CD68 macrophages and M2 CD163
macrophages), PD-L1+ cells, cell nuclei (Hoechst), and epithelial cancer
cells (PanCK) including TBs across the WSI of each patient. Machine
learning-based image analysis (as described in the previous paragraphs)
allowed for the exhaustive localization of each cell (across the core and in-
vasive front), subsequently classified depending on its immunofluorescence
signal as either a: 1) TB (panCK+ i.e. marked as epithelial cancer cell), 2)
M1 macrophage (CD163-CD68+), 3) M2 macrophage (CD163+), 4) total
macrophage (CD163+CD68+), 5) general T cell (CD3+CD8-), 6) cytotoxic
T cell (CD3+CD8+), or 7) PD-L1+ cell. Other than PD-L1, the rest of the
categories are mutually exclusive to each other. Based on the above seven
classes, a total of 186 quantitative features were extracted from the tumour
core and invasive front of each WSI including the number and density of
different cell types, the total size of tumour areas, as well as the pairwise
spatial distributions between immune and cancer cells. The tumour core
is defined as the main tumour mass and the invasive front as the border of
the tumour core with a width of 1000µm (500µm inside and 500µm out-
side of the border defining the invasive frontin and frontout, respectively)
as shown in Figure 4.8. Feature extraction was performed using Definiens
Tissue Phenomics® software (Definiens AG, Munich, Germany) [88, 25, 7].
A comprehensive list of the features is provided in the Appendix.

Spatial statistics The point coordinates of cell nuclei and immune check-
point ligand PD-L1 expression were localized across the WSIs as shown in
Figure 4.2. The Ripley’s K function [174] was adopted for investigating
how TBs, PD-L1, and the different populations of immune cells are dis-
tributed around each other. Given two populations X and Y , Ripley’s
K function estimates the density of Y within a circle of radius r around
points X. As illustrated in Figure 4.3, assuming a Poisson distribution,
the Ripley’s K function can identify whether a population Y is dispersed,
randomly distributed, or clustered around another population X. The K
function is given as:

Kxy(r) =
1

λy
E[number of points y within a distance r around a point x]

(4.1)

where E[·] encloses all of the points of type y within a distance r of a
randomly selected point of type x and λy is the number of points y per
unit area in the region of interest. Theoretically, if the point pattern of
points Y around X follows complete spatial randomness, also known as
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a homogeneous Poisson process, the value of K function is πr2. The L
function [22] is a modification of equation 4.1, so that the expected output
value is r, i.e. :

Lxy(r) =

√
Kxy(r)

π
(4.2)

This enables a more intuitive interpretation of the function’s output value
in relation to r. The L function was calculated for TIMs, TAMs, and
PD-L1 surrounding TBs as well as PD-L1 surrounding TAMs and TILs
for a series of increasing distances r where r ∈ {20, 50, 100, 150, 200, 250}
µm. While some approaches calculate the area under the curve of the L
function against different r values [41], I provided the pairwise spatial
distributions between PD-L1, TBs, and the immune populations directly
to the ML classifiers as distinct features.

4.2.3 Binary survival analysis

As with the previous chapter, patient survivability was binarized based on
a specific time cutoff. In particular, given the highly aggressive nature of
MIBC, only the 5-year prognostic cutoff was investigated [58, 112, 153].
Patients that succumbed to MIBC within 5 years were denoted as patients
with a bad prognosis whereas those that survived the 5 year cutoff were
denoted as patients with a good prognosis. Inevitably, patients that died
to an unrelated cause prior to the prognostic cutoff, i.e. they were part of
the OTD–censored data (see the previous chapter for more information on
censoring) had to be excluded (19% patient exclusion, i.e. from 96 to 78).

4.2.4 Model selection, algorithm selection, and performance
evaluation

Both model selection and algorithm selection attempt to collectively max-
imize the predictive performance of the final ML model. However, ML
algorithms are prone to overfitting, i.e. in finding and using patterns which
arise from noise in the data. Such noisy patterns do not generally ex-
tend beyond the specific data set since noise is typically random. With
both a small data set and a complicated model, the likelihood of overfit-
ting increases. Testing the performance of a trained ML model on unseen
data constitutes the mainstay in evaluating the generalizability of a ML
model, and therefore, in identifying whether a model has overfitted. As
such, a subset of the initial cohort was kept aside as the testing data set.
In particular, using stratified random sampling, two subsets were created,
the training set with 75% of the initial data (58 patients), and the testing
set with 25% (20 patients). The testing set was only used at the per-
formance evaluation stage to avoid introducing bias to the generalization
performance estimate.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.3: Schematic representation of different immune cell distributions
from the nuclear centre of a tumour bud (a, c, e), and their corresponding
L function values at different radii (b, d, f). The immune cell population
is either (a–b) dispersed, (c–d) randomly distributed, or (d–e) clustered
around the TB.
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Classifier Hyperparameter Distribution Values

LSVM C Log-uniform [ln (1e−5) , ln (1e2)]
Class weight Categorical [Balanced. None]

RSVM C Log-uniform [ln (1e−5) , ln (1e2)]
Gamma Log–uniform [ln (1e−3) , ln (1e3)]
Class weight Categorical [Balanced. None]

LR Type of pernalty Categorical [L1, L2, Elastic
net, None]

C Log–uniform [ln (1e−5) , ln (1e2)]
L1 ratio Uniform [0, 1]
Class weight Categorical [Balanced. None]

DT Criterion Categorical [Gini, Entropy]
Maximum
features

Uniform integer [1, max features]

Maximum depth Categorical [2, 3, 4, None]
Class weight Categorical [Balanced. None]

RF Number of trees Log–uniform in-
teger

[10, 1000]

Criterion Categorical [Gini, Entropy]
Maximum
features

Categorical [1, max features]

Maximum depth Categorical [2, 3, 4, None]
Bootstrap Categorical [True, False]
Class weight Categorical [Balanced, None]

KNN K Log–uniform in-
teger

[1, 50]

Metric Categorical [Balanced, None]
P Uniform integer [1, 6]

Table 4.2: The search space of each classifier based on predefined distribu-
tions and densities over its hyperparameters.
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Finally, for hyperparameter tuning, the same approach as the previ-
ous chapter is followed. In particular, 200 hyperparameter configurations
were randomly sampled and evaluated for each machine learning algorithm
using TPE. The distributions and densities used are shown in Table 4.2.
Furthermore, each machine learning algorithm was first tuned using 5–
fold cross validation and then compared against each other using 2–fold
cross validation. This nested cross validation translates to optimizing the
hyperparameters of each ML algorithm twice, and then measuring their
performance on the corresponding evaluation folds (see Figure 4.4). Sub-
sequently, the ML algorithm which performed better than the rest across
two different training and validation folds is selected. It is important to
highlight how in most cases each ML algorithm is evaluated based on two
different hyperparameter configurations. Nevertheless, once the ML al-
gorithm has been selected, yet another hyperparameter tuning phase is
implemented to find an optimal hyperparameter configuration based on
the whole training data set.

4.2.5 Baseline classifiers and performance assessment

Five machine learning algorithms with different theoretical underpinnings
were selected to investigate whether the extracted features could predict
5 year survivability in MIBC patients; decision tree (DT), RF, SVM, LR,
and KNN. The optimizing metric throughout experimentation was the area
under the receiver operating characteristic (AUROC). At the final evalu-
ation phase, classification accuracy, sensitivity, specificity, F1 score, and
hazard ratios were also computed for ease of comparative analysis. It is
important to highlight that in this work a true positive is defined as a
correct prediction for a patient with bad prognosis, whereas a true nega-
tive is a correct prediction for a patient with good prognosis. In order to
compute the aforementioned metrics, optimal threshold values were auto-
matically selected at the final stage based on the training set performance.
Hazard ratios and the associated confidence intervals were calculated using
univariate Cox regression.

4.2.6 Stratified sampling

In order to avoid sampling subsets with different class distributions (classes
are based on survival with a 5 year cutoff) than the original cohort, strat-
ified sampling was used. Intuitively, when sampling from a data set with
stratification, proportionally many patients from each class are sampled.
As an example, given a data set with 75 patients of class C1 and 25 patients
of class C2, a 20% sample would contain 15 patients from class C1 and 5
patients from class C2. In my case, the classes C1, C2 refer to patients with
good and bad prognosis.
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Figure 4.4: Pictorial representation of nested cross validation with an inde-
pendent testing set. (A) Performance Evaluation: The best ML algorithm
(selected by the outer cross validation, see B) was trained on the training
data set and subsequently evaluated on the testing data set. (B) Algorithm
Selection: Each ML algorithm (with hyperparameters tuned based on the
inner cross validation, see C ) was trained and tested on the correspond-
ing training and evaluation folds respectively. The best ML algorithm
was selected based on the average performance of both evaluation folds.
(C) Model Selection: ML models with randomly sampled hyperparameter
configurations were trained and tested based on a fivefold cross validation.
The best hyperparameter configuration for each ML algorithm was selected
based on the performance on all five evaluation folds.
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4.2.7 Feature space and feature selection

In order to capture multiple aspects of the disease, features from both clin-
ical reports and whole slide immunofluorescence images were quantified.
Herein, the number and density of PD-L1 positive and negative immune
cell populations, as well as of TBs from the WSIs are labelled as “image
features”. The pairwise spatial distributions between immune cells and
TBs are termed “spatial features”. And lastly, clinicopathological features
such as age, gender, and TNM stage are termed “clinical features”. Alto-
gether 201 features were quantified – 126 image, 60 spatial, and 15 clinical
features. To investigate whether smaller feature spaces result in better ML
models, I ran the same ML workflow over different feature sets. In partic-
ular, my experiments were based on the following 7 feature sets: (i) image,
(ii) spatial, (iii) clinical, (iv) image and spatial, (v) image and clinical, (vi)
spatial and clinical, (vii) image, spatial, and clinical.

4.3 Results

Training set Testing set
Evaluation metrics Ensemble TNM Ensemble TNM
AUROC 98.398.398.3 71.6 89.389.389.3 64.3

Accuracy 94.894.894.8 65.5 80.080.080.0 50.0

Specificity 89.589.589.5 89.589.589.5 100.0100.0100.0 100.0100.0100.0

Sensitivity 97.497.497.4 53.8 71.471.471.4 28.6

F1 score 96.296.296.2 67.7 83.383.383.3 44.0

Hazard ratio 45.945.945.9 4.4 32.532.532.5 3.3
(6.26.26.2, 341.1341.1341.1)∗ (2.3, 8.6)∗ (3.93.93.9, 270.3270.3270.3)∗ (1.0, 11.0)∗

Table 4.3: Comparison between the ensemble model and TNM staging.
∗ 95% Confidence Interval.
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Prognosis Prognosis
Bad Good Total Bad Good Total

Ensemble
Bad 38 2 40 Bad 10 0 10
Good 1 17 18 Good 4 6 10
Total 39 19 58 Total 14 6 20

Bad Good Total Bad Good Total

TNM
Bad 21 2 23 Bad 4 0 4
Good 18 17 35 Good 10 6 16
Total 39 19 58 Total 14 6 20

Table 4.4: The confusion matrices produced by the proposed ensemble
model and TNM staging on the training set (left) and testing set (right).
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F LR KNN LSVM RSVM DT RF
I 69.8± 13.3 61.8± 5.7 ∗ ∗ 72.8± 0.3∗ ∗ 72.8± 0.3∗ ∗ 72.8± 0.3 60.8± 8.2 63.3± 3.3 57.8± 3.2

C 58.1± 0.158.1± 0.158.1± 0.1 59.8± 7.2 55.9± 5.9 48.6± 5.6 50.1± 2.4 56.6± 9.1

S 46.8± 3.3 46.2± 4.7 42.7± 1.8 38.0± 0.0 49.2± 3.349.2± 3.349.2± 3.3 43.7± 13.0

{I, C} 62.0± 0.6 55.3± 4.4 56.5± 8.5 50.1± 11.5 ∗ ∗ 68.8± 0.8∗ ∗ 68.8± 0.8∗ ∗ 68.8± 0.8 70.4± 7.9

{I, S} ∗ ∗ 70.2± 14.7∗ ∗ 70.2± 14.7∗ ∗ 70.2± 14.7 59.9± 2.4 49.0± 2.5 58.6± 11.9 51.0± 1.5 64.1± 7.6

{C, S} 44.3± 9.8 49.4± 3.2 57.9± 2.457.9± 2.457.9± 2.4 47.1± 4.4 44.8± 2.7 46.6± 15.4

{I, C, S} 56.3± 0.2 55.0± 4.0 60.2± 8.2 61.4± 4.6 66.6± 9.1 ∗ ∗ 67.3± 5.8∗ ∗ 67.3± 5.8∗ ∗ 67.3± 5.8

Table 4.5: Results for algorithm selection from the nested cross validation on the training set with AUROC as the performance
metric. For each feature space, the best ML classifier is indicated in bold. Amongst the best classifiers of each feature space (in
bold), my ensemble model uses those with a marked difference in performance (**). F, I, C, and S are abbreviations for feature
space, set of image, clinical, and spatial feature, respectively.
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4.3.1 Proposed ensemble model

For each of the tested feature sets, the classifier with the highest average
AUROC on nested cross–validation was selected. In case of similar average
AUROC between two ML classifiers using the same feature set, I selected
the one exhibiting the least variance. The results are shown in Table 4.5.
Since multiple classifiers exhibited competitive performance, yet used dif-
ferent underlying feature sets, instead of employing a single classifier, I
combined the best ones into an ensemble model. In particular, my ensem-
ble model consists of a linear support vector machine (LSVM) that uses
image features (72.8 ± 0.3 AUROC), a DT that uses image and clinical
features (68.8 ± 0.8 AUROC), a LR that uses image and spatial features
(70.2±14.7 AUROC), and a RF that uses all features (67.3±5.8 AUROC).
Following hyperparameter tuning for each one of the selected classifiers on
the whole training set, without cross validation, the ensemble model was
evaluated on the independent testing set achieving 89.3% AUROC and a
highly significant separation of patients into low and high risk groups (p
value= 7e− 06). Patients were classified as having a bad prognosis by the
ensemble model if two or more of the submodels predicted a bad prognosis.

On a sidenote, although reversing the predictions of the RSVM model
with spatial features, which achieved the worst results (38.0± 0 AUROC)
across all feature combinations and algorithms, would have been an inter-
esting experiment to pursue, further validation would be needed to ensure
that I hadn’t in the meantime introduce bias in model selection.

4.3.2 Pessimistic bias

The large difference between the generalization estimates of algorithm se-
lection and performance evaluation (see Table 4.5 and Table 4.3) can be
mostly attributed to pessimistic bias [171]. Given an already small data
set, withholding half of the training data set for evaluation, due to twofold
cross validation, increases the chance that a ML model will underfit, i.e.
its maximum representation capacity will not be reached [171]. There-
fore, the generalization estimate from performance evaluation (Table 4.3)
is more reliable since the whole training set was used.

4.3.3 Comparing against TNM staging

In order to compare against the gold standard in clinical practice, TNM,
patients had to be stratified into low and high risk groups. Based on a
pairwise log-rank test comparison in the training data set, stage II and III
patients were considered as the low risk group whereas stage IV patients
were considered as the high risk group. The Kaplan-Meier and ROC curves
of TNM staging and the proposed ensemble model on the testing set are
shown in Figure 4.5. To allow further comparative analysis, Kaplan-Meier
curves of other clinicopathological features, such as age (threshold opti-
mized in training set) and gender, are shown in Figure 4.6. In addition,
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(a) (b)

(c) (d)

Figure 4.5: Kaplan-Meier and ROC curves on the testing set for the ensem-
ble model and TNM. Separation was significant based on the (a) ensemble
model (p value = 7e− 06, NLowRisk = 10 & NHighRisk = 10) and (c) TNM
(p value = 0.04, NLowRisk = 16 & NHighRisk = 4).

the Kaplan-Meier and ROC curves of each submodel of the ensemble model
are shown in Figure 4.7.

4.3.4 Post-hoc analysis of features

For each classifier of the ensemble model, post-hoc analysis was conducted
to reveal the features guiding survivability prediction. The feature con-
sidered at each node of a DT is readily interpretable. For the LR, its
coefficients determine the importance as well as the positive or negative
effect of each feature on patient prognosis. Mean decrease in Gini index
was calculated for each feature of the RF based on the underlying decision
trees [134]. Finally, since the selected SVM had a linear kernel, feature
ranking coefficients were readily available [87]. A threshold was set to fil-
ter out features with low feature importance. In particular, the threshold
was set to two times the mean importance of all features for the DT, LR,
and RF, whereas two times the median importance was used for the LSVM.
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(a) (b)

(c) (d)

(e)

Figure 4.6: Kaplan-Meier curves of (a) Age (p value = 0.57, N<61 = 5 &
N≥61 = 15), (b) Gender (p value = 0.62, NFemale = 12 & NMale = 8),
(c) Tumour (p value = 0.25, NT2/T3 = 10 & NT4 = 2), (d) Node (p value
= 0.36, NN0 = 16 & NN1/N2 = 4), and (e) Metastasis (p value = 0.04,
NNo = 16 & NY es = 4).
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(a) (b)

(c) (d)

(e) (f)
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(g) (h)

Figure 4.7: Kaplan-Meier and ROC curves on the testing set for each of
the ML classifiers used in the ensemble model. (a–b) Image features (p
value = 6e−05, NLowRisk = 15 & NHighRisk = 5), (c–d) image and clinical
features (p value = 1e− 04, NLowRisk = 9 & NHighRisk = 11), (e–f) image
and spatial features (p value = 5e− 05, NLowRisk = 13 & NHighRisk = 7),
(g–h) image, clinical, and spatial features (p value = 8e−06, NLowRisk = 11
& NHighRisk = 9).

There were 8, 10, 25, and 16 important features for DT, LR, RF, LSVM,
respectively which are listed in Tables 4.6 and 4.7.

Classifiers Bad Prognosis Good Prognosis
LR Density of TB frontin/core Density of CD8+ frontin/frontout/core

Density of CD3+ frontout/core
Density of CD68+ frontin/frontout
L(TB, CD3+, 20)

LSVM Density of TB frontin/core Density of CD8+ frontin/frontout/core
Density of CD3+ frontin/frontout/core
Density of CD68+ frontin/frontout/core
Number of CD3+ frontin
Number of PDL1+CD163-CD68+ frontout
Number of PDL1+CD163+CD68+ frontout

Table 4.6: The features that contribute to a good and bad prognosis ac-
cording to the LR and the LSVM. L(x,y,r): the L function value of y in
respect to x for distance r.

For the LR and LSVM submodels, high density of TBs in both the inva-
sive frontin and tumour core is highlighted as an indicator of bad prognosis.
On the contrary, high density of CD8+, CD3+ and CD68+ cells is consis-
tently identified as a marker of good prognosis. In addition, high number
of CD3+, CD68+PD-L1+ and CD163+PD-L1+ cells in the invasive front
as well as the presence of CD3+ cells within a distance of 20µm from TBs
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Classifiers Important Features
DT Number of PD-L1+ frontout

Density of CD163+ frontout
Density of PD-L1+CK+ core
Number of TB frontout
Density of CD3+ frontout
Number of CD68+ frontout
Density of CD68+ frontin/frontout

RF Number of CD68+ frontout
Density of CD68+ frontin/frontout/core
Number of CD3+ core
Density of CD3+ frontout
Number of CD8+ frontout/core
Density of CD8+ frontout/core
Number of TB core
Density of PD-L1+ frontout
Density of PD-L1+CK+ core
Density of PD-L1+CK- frontin/frontout
Number of CD163+CD68+ frontout
Number of NucleiCK+ frontin
TNM IIIA
TNM IV
L(TB, CD3+, 20)
L(TB, CD8+, 20)
L(TB, PD-L1+, 20)
L(TB, CD8+, 50)
L(CD163+, PD-L1+, 150)

Table 4.7: The most important features for estimating patient prognosis
by the DT and the RF. L(x,y,r): the L function value of y in respect to x
for distance r.

are associated with good prognosis.

For the DT submodel, low density of CD68+, high PD-L1+ expression,
and high number of TBs (all in frontout) lead to bad prognosis, whereas,
given a low density of CD68+ and PD-L1+ expression in frontout, prognosis
depends on the number of CD68+ in frontin. Finally, the majority of the
patients with good prognosis had high CD68+ in frontout, nonzero PD-L1+

expression in core, low CD163+ in frontout, and high CD3+ in frontout.

Similar to the previous submodels, TBs and CD68+ cells were the most
important predictors of 5 year prognosis for RF. In addition, RF employed
more spatial features than any of the other submodels including but not
limited to PD-L1+ expression within a distance of 20µm from TBs and
150µm from M2 macrophages as well as the presence of CD3+ and CD8+

cells within a distance range of 20− 50µm from TB.
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(a)

(b)

Figure 4.8: (a) Whole slide immunofluorescence image based on the PanCK
channel, (b) Segmentation of the corresponding tissue (a) into tumour core
(blue), invasive frontin (red) and frontout (green) using the PanCK chan-
nel.
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4.4 Discussion

In the last decade, advances in the rapidly growing field of tumour im-
munology have provided further insights into the dynamic nature of the
multifaceted immune response throughout the various stages of cancer ini-
tiation, evasion, and progression. Concomitantly, multiple research groups
have successfully leveraged this new knowledge to improve cancer prog-
nosis, thereby providing evidence for the clinical relevance of immuno-
oncology [156]. Accurate patient prognosis is crucial for improving the sur-
vival rates of cancer patients since it is a prerequisite to delivering the most
effective treatment for each patient. In fact, multiple papers have shown
that the quantitative characterization of the tumour-immune microenvi-
ronment components, including TILs, TAMs, and immune checkpoints,
can yield information of prognostic relevance [83, 214, 111]. Particularly,
tumour cells surrounded by a large number of prominent intra-tumoural
and peri-tumoural TILs and M1 macrophages have been related to better
prognosis in several types of cancer [144], whereas a high content of M2
macrophages and TBs has been associated with poorer outcome [214]. In
addition, related research has reported the significance of PD-L1 expres-
sion on tumour tissues as an independent poor prognostic factor [213]. In
this paper, I have investigated for the first time the prognostic relevance of
immune system biomarkers, TILs, TAMs, TBs, and PD-L1, across whole
slide immunofluorescence images of MIBC patients.

H&E is still the most important and commonly used histochemical
staining method for studying and diagnosing tissue diseases in histopathol-
ogy. However, imaging of H&E stained FFPE tissue has limitations includ-
ing the inability to quantify the complex cellular states as well as to identify
distinct cell populations in the tumour-immune microenvironment. With
the advent of whole slide imaging and the increasing adoption of digital
pathology in the clinic [34], multiplex methodologies have the potential
to provide significantly more information about the underlying tumour-
immune microenvironment than single-marker (i.e. single label immuno-
histochemistry) and conventional histochemical staining based methodolo-
gies [157]. The development of single protein-based biomarkers to explain
patient-level behaviour is hindered by the vast signalling network medi-
ating the heterotypic cell-cell crosstalk between cancer, stromal and im-
mune cells. Instead, with multiplexed methodologies, various proteins can
be simultaneously captured on a single tissue sample, encapsulating the
tumour-immune architecture from the cellular level down to the subcellu-
lar, ultimately providing more information about the microenvironment.

In the proposed approach, multiplexed immunofluorescence was used to
visualize TBs, general and cytotoxic T-cells, M1, M2, and total macrophages,
and their co-expression of immune checkpoint ligand PD-L1 in order to
quantify their numbers and densities, as well as their pairwise spatial dis-
tributions across defined areas (tumour core, invasive frontin and frontout)
within a WSI. Over the last decade, multiple studies have investigated the
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topographical distribution of the immune cells within the tumour microen-
vironment [110, 119]. It is known that tumour-infiltrating immune cells are
scattered in the tumour core and the invasive front whereas their density in
each tumour region is correlated with patient outcome [75]. Furthermore,
the analysis of multiple tumour regions (tumour core and invasive front)
was shown to improve the prediction accuracy of patient survival compared
to single-region analysis [76, 75]. In addition, Immunoscore, a classification
system based on the quantification of two lymphocyte populations (CD3
and CD8) within the tumour core and the invasive front of tumour, has
been shown to have a prognostic significance superior to that of the TNM
staging system in patients with colorectal carcinoma [77, 76]. The image,
spatial, and clinical features contain a multitude of information about the
state of the disease and collectively portray a more holistic view of each
patient pathophysiology. I hypothesized that these features can predict the
aggressiveness of MIBC, and therefore suggest whether a patient should be
considered low or high risk of disease-specific death.

ML contains a plethora of classifiers that have been employed with
success in multiple instances, including diagnosis, segmentation, prognosis,
and even therapy planning [140]. In the proposed methodology, survival
analysis is turned into a binary classification problem, thus enabling tradi-
tional ML algorithms and workflows to be readily employable. In addition,
to counter the possibility of overfitting due to having a small data set yet
high dimensional feature space, nested cross validation with a separate
testing set was adopted. The proposed ensemble model significantly sur-
passes under all metrics – AUROC, Accuracy, Specificity, F1 score, Hazard
ratio – (89.3%/80.0%/71.4%/83.3%/32.5) the gold standard, TNM staging
(64.3%/50.0%/28.6%/44.0%/3.3), as summarized in Table 4.3. The con-
fusion matrices are shown in Table 4.4. The ensemble model consists of a
LSVM that uses image features, a DT that uses image and clinical features,
a LR that uses image and spatial features, and a RF that uses all features.
It is interesting to note that the DT performed almost on par with the
ensemble model on the testing set. It only underperformed on the log rank
test. It even achieved a higher accuracy than the ensemble model and
correctly classified one more instance of bad prognosis than the ensemble
model. However, the correctly classified instance became the last to suc-
cumb in the high risk group (the effect can be observed by comparing the
last patient to succumb to the disease within the high risk group between
DT in Figure 4.7 and the ensemble model in Figure 4.5), extending the
confidence intervals of the high risk group, and thus decreasing the separa-
tion of the two groups. Further validation would be needed in order to test
the hypothesis that the DT and the ensemble model perform equally (since
this was observed on the testing set, rather than the validation set), and
that perhaps the spatial features as well as the complexity of an ensemble
model are both unnecessary.

The results of this work suggest that the characterization of a broad
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immune cell population enables a better estimation of survival compared
to TNM staging system in MIBC patients which in turn provides further
biological insights. Most of the findings based on whole slide immunoflu-
orescence images are novel for MIBC, and also corroborate with existing
literature on other types of cancer [84, 173, 111, 9, 45, 151]. In particular,
I found that high content of TBs in the invasive frontin, frontout, and tu-
mour core as well as low number of CD68+ cells and high PD-L1 expression
in the invasive frontout are indicators of bad prognosis [84, 30, 173, 111].
High density of CD8+, CD3+, and CD68+ cells in the invasive frontin,
frontout, and tumour core was associated with good prognosis by the pro-
posed models [9, 45]. In addition, high number of CD3+ and CD68+ cells
as well as high number of CD3+ cells clustered within a distance of 20µm
from TBs were linked to good prognosis [151]. Finally, I found that high
density of CD163+ cells without PD-L1 expression in frontout is associated
with bad prognosis by the DT submodel, whereas the LSVM submodel em-
ployed high number of CD163+PD-L1+ cells in frontout as an indication
of good prognosis. Number and density, although often found to be highly
correlated, capture different types of information, and often turn out to
be both beneficial with an additive benefit when both included. However,
density is fundamentally a more standardised type of feature to measure
since it generalizes over variable size tissue by definition, i.e. measured as
pixels of object of interest divided by total number of pixels of the tissue
image (or region of interest). Whether density is more likely to generalize
to new data sets (perhaps ones created in different institutions), or whether
the exclusion of number as a type of feature could result in more robust
classifiers, remains to be explored in future work as more empirical data
would be needed.

In summary, I have demonstrated that ML classifiers using image and
spatial features from WSIs combined with clinical features from medical
records can separate MIBC patients into low and high risk groups for 5 year
prognosis. The present approach outperforms the current clinical staging
system, TNM, reinforcing the importance of standardized quantification of
immunological features across WSIs, as well as the adoption of ML into
the clinic. Moreover, my findings show that investigating features from
the tumour-immune microenviroment in relation to survival can provide
further insights for histopathological studies, thereby contributing to better
ways for predicting survivability and enabling better quality of care.

4.5 Implementation details

The machine learning framework was implemented using the following
packages in Python: Pandas [145], Numpy [89], scikit-learn [159], mat-
plotlib [97], SciPy [200], hyperopt [18], and lifelines [54]. The spatial feature
extraction process was implemented in R. Code sections of the methodology
can be found in Appendix A.





Chapter 5

Stage I and II colorectal
cancer prognosis - billions of
pixels

5.1 Problem formulation

In this chapter, I consider the problem of CRC prognosis and propose a
deep learning based method, trained on unannotated whole slide histopathol-
ogy images, that predicts the disease–specific survivability of CRC pa-
tients. The whole slide histopathological images survival analysis (WSISA)
framework, introduced by Zhu et al. [223], was one of the earliest and
most promising WSI–based methods for high–level clinical task optimiza-
tion with low–granularity labels. The framework described herein extends
WSISA in the following ways:

• A more sophisticated approach to reducing the dimensionality of im-
age patches prior to clustering is introduced that is based on (i) colour
heterogeneity and (ii) morphological heterogeneity.

• An effective way to aggregate patch–level predictions to slide-level
to patient-level (two-step aggregation) using machine learning tech-
niques is proposed.

One of the principal contributions of this work is a deep learning–based
system that is able to extract and learn salient, discriminative, and clin-
ically meaningful content from a real–world data set (CRC WSIs) with
low–granularity labels (patient prognosis). A subset of stage I and II CRC
patients succumbs to the disease within 5 years of the diagnosis (20% of
stage II and 9% of stage I). By identifying those patients that are at higher
risk, treatment options, normally given to patients diagnosed with a higher
stage, can be considered. Note that in this chapter I extend the methodol-
ogy presented in my published work [217], and conduct further experiments
on a larger cohort of patients (from 34 to 110) and WSIs (from 34 to 209).

75
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(a) (b)

Figure 5.1: Chromatic normalization examples (left & right: original &
normalized tiled strips).

5.2 Methods

5.2.1 Cohort

In this work, I utilize digitized whole slide images of archived diagnos-
tic histopathological tissue sections stained with haematoxylin and eosin
(H&E); see examples in Figure 5.1.

The WSIs are from patients operated in NHS Lothian hospitals between
the years of 2002 and 2007. In particular, my data set comprises WSIs of
tissue sections from archived FFPE tissue blocks of CRC stage I and stage
II patients who underwent surgical resection. For each patient, there is
either one or (typically) two WSIs associated with them. When there is
only one WSI available, it is always of tumour tissue. However, when two
WSIs are available, one of the two may contain normal tissue (more details
were not available). This work was conducted in accordance with the
declaration of Helsinki and no patient identifiable information was provided
to the researchers. Ethical approval was obtained after review by the NHS
Lothian NRS BioResource, REC approved Research Tissue Bank (REC
approval ref: 15/ES/0094), granted by East of Scotland Research Ethics
Service.

Apart from the WSIs, each patient data sample is accompanied by
follow-up information, including date of death, and whether this patient
dies of CRC. All CRC patients were either stage I or stage II at the time of
surgery. For almost half the patients, there is no other clinical information
available. For a subset of the patients (114 out of the initial 223) for which
incomplete clinical records were available, about 75% of the patients were
stage I, and 25% were stage II. Beyond the stage, however, no other infor-
mation (representative of the final data set) could be extracted from the
records. The original slides were stained using H&E at the time of treat-
ment, and were scanned using a ZEISS Axio scan Z1 (Zeiss, Oberkochen,
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DE) whole slide scanner with a 40× objective. The scale of a single pixel
represents 0.111µm × 0.111µm of the actual size. The digital camera used
was a Hitachi HVF2025SCL with an exposure time of 200µs.

The entire data set contains 223 patients with a total of 343 WSIs.
Unfortunately, the files of many of these WSIs were corrupted (85 patients
had to be removed). The smallest image is 1GB and the largest one is
13GB, with an average size of the WSIs being 8GB, which is approximately
300, 000 pixels by 200, 000 pixels. The bit depth is 24 with 3 channels.
The original data was in the CZI format. To handle WSIs in the CZI
format, the Python libraries bioformats [129] and javabridge (available at
https://github.com/LeeKamentsky/python-javabridge) were used.

5.2.2 Binary survival analysis

Similar to the previous chapters, patient survivability was binarized based
on a 5-year prognostic cutoff. Patients that succumbed to CRC within 5
years were denoted as patients with a bad prognosis whereas those that
survived the 5 year cutoff were denoted as patients with a good prognosis.
Inevitably, patients that died to an unrelated cause prior to the prognostic
cutoff, i.e. they were part of the OTD–censored data, had to be excluded
(28 patients removed).

5.2.3 Data preparation

Following the binarization of prognosis, and removal of corrupted WSI files,
the portion of the data set that was usable for this work contained 110
patients with a total of 209 WSIs. A subset of the patients was kept aside
as the testing data set. In particular, using stratified random sampling,
two subsets were created, the training set with 75% of the initial data (82
patients, 154 WSIs), and the testing set with 25% (28 patients, 55 WSIs).
There were 51 patients (94 WSIs) with good prognosis, and 31 patients (60
WSIs) with bad prognosis in the training set. In the testing set, there were
17 patients (33 WSIs) with good prognosis, and 11 patients (22 WSIs) with
bad prognosis.

Chromatic normalization Histopathological tissue sections or WSIs
are often examined individually by pathologists, who mainly focus on rel-
ative colour and pattern differences within a single tissue section. It is
rare to compare directly different slides in order to make a diagnosis; each
slide is examined to identify particular spatial or pattern characteristics.
However, in the application of quantitative analysis and medical statistics
for diagnosis and prognosis, different overall absolute colour value can have
a detrimental effect especially when the slide count is low (as in my case).

The variation in terms of colour distribution is ultimately the difference
in the amount of light absorbed; Figure 5.1 shows examples of slides from

https://github.com/LeeKamentsky/python-javabridge
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different patients. As can be seen, the colour profile exhibits great inter–
patient variability. While it is true that the use of greyscale would address
this problem, it also effects a loss of valuable histopathological information.
I instead apply the Reinhard normalization; a colour normalization method
with low computational overhead and memory requirements [172] that, de-
spite its simplicity, has been show to yield good results in histopathology
images [155]. The implementation of Reinhard normilization was adopted
from https://github.com/Peter554/StainTools. Code is provided in Ap-
pendix C.

Patch extraction Patches are extracted after the entire WSI has been
down-sampled and normalized. In particular, tiles of size 224× 224 pixels
are extracted from the 1/16 resolution image (n.b. 40× magnification level
was used in acquisition at 0.111µm/pixel). To construct an end-to-end
pipeline, I approach the problem of relevant patch selection through the use
of fully automatic clustering which does not assume or require application
of human prior knowledge.

Data augmentation To prevent the model from over–fitting, I apply
heavy data augmentation during training. This design choice was inspired
by the recent work of Pohjonen et al. [163], and others [65], who proposed
a heavy augmentation strategy as a way of improving the generalization
performance of neural networks against distributional shifts (e.g. stainings
with different colour profiles). Specifically, the transformations used in this
work can be categorised into three clusters:

• Trivial augmentations that do not alter the content of the image, e.g.
90◦ rotations, vertical and horizontal reflections.

• Non-trivial augmentations that alter the content of the image, e.g.
Gaussian blurring, elastic deformation, etc.

• Colour augmentations, e.g. randomly changing the brightness, con-
trast, etc. of the image.

During training, a transformation from each one of the clusters is ran-
domly sampled and used to augment each image. Examples for all trans-
formations in isolation and combined are shown in Figure 5.2. The code at
https://github.com/gatsby2016/Augmentation-PyTorch-Transforms was used
for the implementation of the transformations in PyTorch. The parameters
of each transformation are included in Appendix C.

5.2.4 Patch clustering

A major problem for patch–level based classification approaches is that
there is no ground truth label for each individual patch. In order to
overcome this issue, I broadly consider a patch either to be (sufficiently)

https://github.com/Peter554/StainTools
https://github.com/gatsby2016/Augmentation-PyTorch-Transforms
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Figure 5.2: Data augmentation examples in isolation (first row; in column
order (i) no augmentation, (ii) elastic transformation, (iii) affine transfor-
mation with mirror padding, (iv) Gaussian blurring, (v) brightness and
contrast adjusted, (vi) brightness, contrast, hue and saturation adjusted,
(vii) adjusted in the HED space) and randomly combined (remaining rows
with the first column showing the image prior to any augmentation).

discriminative or not. This alone does not get one much further as it is
very difficult to extract the discriminative subset of patches without expert
knowledge and intensive human labour. Therefore, to obtain a collection
of discriminative patches, an unsupervised learning method is used to clus-
ter similar patches into several groups. In particular, I apply the k–means
algorithm to group the patches from a subset of WSIs in the training set.
To increase the robustness of the result to the random initialization of
parameters I perform multiple clusterings using different random starting
parameters, and adopt the one associated with the lowest loss, thereby
avoiding sub-optimal local minima. In this work I adopt two clustering
approaches (implementations provided in Appendix C), described next.
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Figure 5.3: Examples from each cluster (k = 3) based on information density clustering. The third cluster (framed in red) was
found to be the most discriminative.

Figure 5.4: Examples from each cluster (k = 5) based on phenotype based clustering. The fifth cluster (framed in red) was found
to be the most discriminative.
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Figure 5.5: Examples from each cluster (k = 10) based on phenotype based clustering. The tenth cluster (framed in red) was found
to be the most discriminative.
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Table 5.1: Summary of data flow and transformation at different stages
of the proposed algorithm employing phenotype clustering based patch
selection.

Operation Input dimension

Pre–trained VGG16 bn 224× 224× 3
Global average pooling 7× 7× 512
Dimension reduction (PCA) 512
k–means clustering 50

Information density clustering Information density is a simple but
efficient way to group the extracted patches. In particular, since peripheral
patches tend to contain large uniform areas, they are suited for compression
by the DEFLATE algorithm used by the PNG image format.

The information ratio is defined here as the inverse of data compression
ratio, IR = 1

CR = Sc
Su

where Su is the bit size of an uncompressed image.
For a 224 × 224 pixel RGB 8-bit image, Su is 150, 528 bytes, and Sc is
the size of the corresponding losslessly compressed PNG file. Examples
are shown in Figure 5.3. Similar to my previous work (see Figure 5.6),
most patches fall into one of the three clusters (CR–1 = 0.1, 0.4, 0.7).
However, it is important to note that this does not necessarily imply that
they are more pertinent for prognosis i.e. the ultimate task. For example,
the spatial arrangement of immune and cancer cells in peripheral regions
around the tumour is known to be informative in this regard.

Phenotype clustering I also developed a new phenotype clustering ap-
proach. The motivation behind phenotype clustering stems from the ob-
servation that the extracted patches exhibit significant heterogeneity; see
Figure 5.6(b). Because it is computationally expensive to perform clus-
tering in the original 150, 528 dimensional space (224 × 224 × 3), herein
(instead of performing simple down-sampling) I used an ImageNet pre-
trained CNN (VGG16 bn from PyTorch’s torchvision.models subpackage)
to generate phenotypes and then principal component analysis for dimen-
sionality reduction. A summary of the process is shown in Table 1 and
visual examples in Figures 5.4 and 5.5.

5.2.5 Patch–level CNN prognosis

CNN based classifiers are trained with patches from different clusters and
used to determine which clusters are discriminative. The well-known InceptionNet-
v3 network is employed as it outperformed other CNN architectures (most
ResNets, DenseNets, and VGG-like architectures from the torchvision.models
package) in preliminary experiments based on one-epoch training, and eval-
uation at the patient level (both using the training set).

I optimize the CNN at patch level and regard the ground truth la-



Stage I and II colorectal cancer prognosis - billions of pixels 83

(a)

(b)

Figure 5.6: (a) Distribution of patch memberships (left) across different
information ratio based clusters and the corresponding visual examples
(right). (b) An example of a WSI (left) and sample patches (right) from
the different phenotype based clusters inferred automatically.
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bel of the patient, i.e. 5-year prognosis, as its label. The fact that not
all patches contain discriminative features (for survival prediction) moti-
vated my choice to train a network for each cluster separately and in-
dependently. During optimization, at every epoch, I also calculate the
patient-level statistics on the training set using the aggregation methods
that are described in the next section. The clusters which correspond to
the networks that have the highest patient-level accuracy on the training
set for each clustering technique (ID, PH5 and PH10) are inferred to be
discriminative. Note that for most of the clusters, convergence was either
not possible, or the patient-level training accuracy was worse than random
guessing.

The CNNs are trained using Stochastic Gradient Descent (SGD) for 4
epochs. A batch size of 256 is employed. The initial learning rate is set
to 0.02 (based on the learning range test described in the work of Smith
and Topin [184]; implementation provided in Appendix C) and is decayed
using a cosine annealing scheduler. A momentum of 0.9 and a weight
decay of 0.0001 are used. The InceptioNet-v3 networks are initialized using
pretrained networks on ImageNet. Two fully connected layers are placed
on top of the CNN (a hidden layer with 512 neurons and the output layer
with 2 neurons). The first layer is randomly initialized, whereas the weights
of the second layer are set to zero, and the bias to log(ngp/nbp) where ngp

and nbp are the number of good and bad prognosis patients, respectively,
in the training set.

5.2.6 Aggregation of predictions

After the patch levels predictions (of a specific cluster) are made for the
WSIs of a patient, these are aggregated into patient level predictions. Since
each WSI has different numbers of tiles from a given cluster, and each
patient has one or two WSIs, patch level predictions are represented by
normalized histograms, thus effecting a homogeneous representation.

With the normalized histograms for every patients as input, an SVM
classifier is trained to learn the cluster level outcome. Hyperparameter
tuning with grid–search is employed (kernel: “linear” or “rbf”, C: [0.001,
0.01, 0.1, 1, 10], and for rbf, gamma: [0.01, 0.003, 0.001, 0.0003, 0.0001,
0.00003, 0.00001]) with the loss function being the negated accuracy re-
sulting from tenfold cross-validation, averaged over 30 independent runs.
Majority voting is also implemented as a baseline.

5.3 Results and Discussion

In the past few years (following the publication of the early version of this
work [217]) various groups have explored the application of deep learning on
WSIs for end-to-end colorectal cancer prognosis [109, 183, 210]. Kather et
al. [109] employed patch-level supervised learning and trained CNNs using
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Table 5.2: Summary of results; prefixes ID and Ph refer to respectively
information density and phenotype based clustering, followed by the corre-
sponding number of clusters. The train set is divided into training (75%)
T and validation (25%) V subsets for patch-level evaluation, yet for the
patient-level performance, the entirety of the train set is used for the train-
ing, tuning, and evaluation of the SVM.

Patch–level Patient–level Patient–level

T V Train set Test set

Acc Acc Acc F1 Acc F1

ID3–CNN–Vote
0.68 0.64

0.62 0.01 0.61 0.00
ID3–CNN–SVM 0.58 0.56 0.64 0.62
Ph5–CNN–Vote

0.75 0.55
0.73 0.52 0.74 0.63

Ph5–CNN–SVM 0.70 0.64 0.67 0.61
Ph10–CNN–Vote

0.78 0.54
0.75 0.57 0.68 0.47

Ph10–CNN–SVM 0.80 0.73 0.75 0.70

pixel-level annotations of nine different tissue classes; (i) adipose tissue,
(ii) debris, (iii) lymphocytes, (iv) muscle, (v) cancer-associated stroma,
(vi) colorectal adenocarcinoma epithelium, and (vii) mucus, (viii) normal
colon mucosa, and (ix) background. A “deep stroma” score calculated
from tissue decomposition of the first five of these classes was found to be
an independent prognostic factor of overall survival. Skrede et al. [183]
turned to both weak supervision (using the label of the slide for each of its
constituent tiles) and multi-instance learning for training CNNs, and had
them evaluated in large, independent patient populations - both CNNs
were found to be strong predictors of cancer–specific survival. Notably,
they also used a segmentation network (trained with pixel-level annota-
tions) as a preprocessing strategy for identifying areas within a given WSI
with high tumour content [183]. Similarly, Wulczyn et al. [210] used a seg-
mentation network that classifies a given a region as tumour vs. normal.
Tumour regions from each WSI were then used to train CNNs in a weakly
supervised fashion. Finally, human-interpretable histologic features were
generated using a deep-learning-based image-similarity model [210]. The
feature described as ”poorly differentiated tumor cell clusters adjacent to
adipose tissue” was found to be the most prognostic in isolation. In con-
trary to the above works, I approach the problem of relevant patch selection
(defined as the “where” problem in previous chapters) through the use of
fully automatic clustering which does not assume or require application of
human prior knowledge.

I start my analysis by examining the overall prediction results and, in
particular, the effect that different clustering and aggregation techniques,
and their parameters have. For comparison, in addition to the SVM based
aggregation described in the previous section, I also present results for
majority voting based aggregation. A summary is provided in Table 5.2.
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There are several important observations that are readily apparent from
the table. Firstly, for all approaches, a better patch-level accuracy on the
validation set does not correspond to better generalization performance at
the patient-level. The availability of two WSIs for most patients, with one
of them potentially containing no tumour regions, increases the label noise
when translated from the patient-level down to the patch-level. Therefore,
patch-level accuracy did not guide the selection of the most dicriminative
clusters (as it did in my previous work [217]). Instead, at each epoch,
the network is evaluated at patient-level by first training and tuning an
SVM and then using it to get patient-level predictions on the entirety
of the training set. Training set patient-level accuracy (highest between
the SVM and majority voting aggregation techniques) was therefore the
guiding metric for the selection of the most discriminative cluster of each
clustering technique. Secondly, phenotype based clustering with larger
k performed best at the patient-level in both training and testing sets.
Interestingly, the manner of decision fusion played an important role in
two out of the three clustering techniques. SVM based fusion dramatically
improves algorithms with both information density and large k phenotype
based clustering, achieving (64%/62%) and (75%/70%) accuracy and F1
score respectively. For the phenotype based clustering with k = 5, the
manner of decision fusion (majority vote vs. SVM based) had a lesser
effect on performance.

Finally, I sought additional insight and examined the best cluster from
each method (image samples from all clusters are shown in Figures 5.3, 5.4,
and 5.5). What I found was that the semantics of some of the clusters were
easier to interpret than others. For example, the discriminative cluster of
the phenotype based clustering with k = 5 (bottom row of Figure 5.4)
could be easily interpreted as adipose tissue with clusters of tumour and
lymphocyte cells appearing in some of the images. On the other hand,
the most discriminative cluster of the large phenotype based clustering ap-
proach, and the one that performed the best, was harder to summarize into
a single category (bottom row of Figure 5.5). Cancer-associated stroma,
colorectal adenocarcinoma epithelieum, and muscle is seen in most of the
sampled examples (for reference I used the examples shown in the works
of [109, 210]).

The earlier version of this work was one of the first to address one of
the most challenging problems in the emerging sphere of digital pathology
– that of using images not previously annotated by a pathologist to de-
velop algorithms that can be applied automatically to generate diagnostic
and prognostic information from WSIs. Almost all current applications of
CNN for WSI CRC prognosis require careful annotation of tissue images
by a qualified pathologist (examples covered in the first paragraph), and
this is a rate limiting step. The novel algorithm I introduced addresses the
overwhelming amount of data by automatic, unsupervised discriminative
patch selection and inference of prognosis on the level of the patient us-
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ing decision fusion based on SVMs. On a real-world corpus my phenotype
based clustering employed in conjunction with the aforementioned tech-
niques achieved promising performance both in terms of overall accuracy
and F1 score.

5.4 Implementation details

The framework described in this chapter was implemented using the follow-
ing packages in Python: PyTorch [158], Numpy [89], Pandas [145], mat-
plotlib [97], Pillow [49], and scikit-learn [159]. To handle WSIs in the
CZI format, the Python libraries bioformats [129] and javabridge (avail-
able at https://github.com/LeeKamentsky/python-javabridge) were used.
The implementation of Reinhard normilization was adopted from https://
github.com/Peter554/StainTools. The code at https://github.com/gatsby2016/
Augmentation-PyTorch-Transforms was used for the implementation of
the data augmentation in PyTorch. The learning rate range test was im-
plemented using the package at https://github.com/davidtvs/pytorch-lr-
finder. Key code sections are provided in Appendix C.

https://github.com/LeeKamentsky/python-javabridge
https://github.com/Peter554/StainTools
https://github.com/Peter554/StainTools
https://github.com/gatsby2016/Augmentation-PyTorch-Transforms
https://github.com/gatsby2016/Augmentation-PyTorch-Transforms
https://github.com/davidtvs/pytorch-lr-finder
https://github.com/davidtvs/pytorch-lr-finder




Chapter 6

Breast cancer metastasis
detection - billions of pixels

6.1 Problem formulation

Like the previous chapter, I consider the use of DL on images with billions
of pixels. Most of the published methods preprocess these high–resolution
images into a set of smaller image patches, thereby imposing an a priori
belief on the best properties of the extracted patches (magnification, field
of view, location, etc.). As an alternative to gigapixel image classification,
herein, I introduce a new family of neural networks, henceforth referred to
as Magnifying Networks (MagNets).

MagNets learn to use an attention based mechanism to decide on a
coarse to fine basis the regions of the gigapixel image that need to be anal-
ysed at an increasingly fine scale. Incidentally, this is conceptually similar
to a pathologist’s knowledge and attention based use of magnification with
a brightfield miscroscope. A microscope has multiple magnification set-
tings that enable the user to view a specimen at different scales. Starting
at the lowest magnification setting, the entire specimen can be observed.
As the magnification is increased, finer detail is accessed, while at the same
time, a smaller part of the specimen is displayed. During a visual exam-
ination, the clinician finds areas of interest at lower magnification levels
and then examines them further at higher and higher magnification levels,
accruing in the process information from all magnification levels that col-
lectively enable a clinical decision to be made. Similarly, a MagNet starts
at the lowest magnification level and recursively identifies, magnifies, and
analyses areas of interest with more fine-grain detail (see Figure 6.1).

While remaining within the realm of weakly supervised learning, a
MagNet nests spatial transformer modules [101] (with a differentiable up-
sampling mechanism) such that patches from higher magnifications are
recursively extracted based on the assessment of lower magnification im-
ages. Depending on the amount of magnification at the current magnifying
layer, a version of the WSI at a higher resolution can be accessed by the

89
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Figure 6.1: An Illustration of the architecture of MagNet. The depicted
model consists of four magnifying layers and a classification layer. For
each ROI of each magnifying layer, the right level of image resolution is
set based on the level of magnification so far. Note that the ROIs of the
last layer can span across different magnification levels, and with varying
levels of fidelity, thereby providing information across multiple resolutions,
and multiple fields of views.

subsequent layer, as illustrated in Figure 6.1.

MagNets provide a novel way of solving both the “where” (i.e. the
identification of informative patches within a WSI) and “what” (i.e. visual
understanding of an individual patch) problems of gigapixel image analysis
in an end-to-end fashion [57]. Importantly, as I show in my experiments,
my models can be optimized without the need for extra supervision for the
“where” problem (e.g. boundary boxes). I conduct experiments by bench-
marking MagNets on the Camelyon data sets. In particular, 3– and 4–layer
MagNets are trained and evaluated on the task of WSI classification [57]
using the publicly available data set of the Camelyon challenge [8]. Mag-
Nets offer an attractive alternative to gigapixel image analysis, especially
in the context of digital pathology, as they come with innate transparency
(embedded hard attention), no preprocessing requirements (i.e. end-to-end
training capability with gigapixel images), and an ability to perform both
localization and classification tasks with no additional information (only
slide-level information is used). My contributions are:
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• In the context of WSI classification of metastases, I propose the pos-
sibility of identifying and magnifying ROIs starting from a very low
resolution downsampled version of the WSI (3 channels, 56× 56 pix-
els), and experimentally show that recursively identifying and mag-
nifying ROIs allows for the extraction of informative areas across
magnification levels, without having to preprocess billions of pixels.

• Without leaving the weakly supervised paradigm, I explore nested
attention using the spatial transformer module for gigapixel image
analysis.

• To the best of my knowledge, this is the first work that automatically
finds, and fuses information from multiple learnt magnifications on
WSIs. The proposed method is able to exploit rich contextual and
salient features, overcoming the typical problem of patch–based pro-
cessing that poorly capture the information that is distributed beyond
the patch size.

6.2 Methods

6.2.1 Cohort

The Camelyon data sets contain WSIs from surgically resected lymph nodes
of breast cancer patients. These WSIs were independently curated across
multiple hospitals [61, 130]. Camelyon16 includes images from 238 nor-
mal and 160 cancerous tissue sections whereas the publicly available por-
tion of Camelyon17 has a total of 500 WSIs (318 normal, 182 cancerous)
grouped into artificial patients [8]. In addition, in the case of metastasis,
metadata is available as to the extent of the metastasis (macrometastasis,
micrometastasis, or isolated tumour cells (ITC)). Since only a few cases
contain the much more difficult ITC type of metastasis (36 cases, i.e. ≈ 4%
of all cases), it is unlikely that they are sufficiently representative of the
ITC class. Therefore, they are excluded from the training data set.

I follow the protocol described in the Camelyon competition website,
and in addition set aside 25% of Camelyon17 as a testing set [187]) (73
WSIs with metastases, 36 with ITC, 17 with micro-, and 20 with macro-,
and 88 WSIs of normal tissue). I shuffle the remaining WSIs from Came-
lyon17 with the Camelyon16 WSIs, and train on the 80% and validate
the better models from the remaining 20%. The best MagNets (based on
the validation set) are retrained on both the training and validation data,
and evaluated on the testing set. Since ITC cases were excluded and the
models were trained for WSI classification, rather than patient–level pN
prediction, the MagNet models were not evaluated on the privately held
testing set.

The pixel-level annotations that are available for some of the WSIs of
Camelyon are not used in my work, other than to gain insights in post-
processing, e.g. as in Figures 6.6 and 6.7. During training, I only use
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the binary slide-level label that indicates the presence, or lack thereof, of
cancerous cells within the gigapixel image.

Figure 6.2: Randomly sampled WSIs from each hospital.

6.2.2 Data preparation

A significant advantage of MagNet over the methods described in the ex-
isting literature is that no preprocessing is required for the input WSI.
Therefore, no data preparation stage was needed.
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6.2.3 Magnifying networks

AMagNet consists of N magnifying layers followed by a classification layer.
The magnifying layers are responsible for identifying the information rel-
evant to the task at hand within a WSI (in the form of image patches),
whereas the classification layer is concerned with the visual understanding
of the extracted information.

Magnifying layer

Consider a single gigapixel image I0 that will pass through a MagNet.

Resizing and padding As I subsequently employ convolutional layers
expecting 56×56 pixel images, input I, either as a single input image (e.g.
I0) or a set of images, is resized to 56 × hi or wi × 56, based on bilinear
interpolation, with the smaller side, hi or wi, then symmetrically padded
(new pixels are black to match the filter, see Section 6.3) so that hi = 56 or
wi = 56 accordingly. For the purpose of up-sampling (explained shortly in
detail, see the “Sampling” paragraph), a larger version I ′ (112×112 pixels)
is also generated using the same protocol. Note that although preliminary
experiments were conducted using larger images as input to the magnifying
layers (I and I ′ with 112×112 and 224×224 resolutions respectively), single
GPU training of multiple, stacked magnifying layers was not possible with
these resolutions.

Convolutional layers. Salient regions in each image patch vary sig-
nificantly in size. This comes as a consequence of the varying levels of
metastasis, but also of the lack of standardization in WSI digitization
across different institutes and scanners (see Figure 6.2). Therefore, the
right kernel size for the convolutional operations varies depending on I.
Hence, I stack convolution layers with different kernel sizes similarly to
InceptionNet–v3 [190].

Let Conv2D be a n × n convolution layer (with padding set to 1),
followed by Batch Normalization and a ReLU nonlinearity. MaxPool is a
max pooling operation with a 3×3 kernel and padding. I define a “Branch”
as the simultaneous forward pass of the input through five layers where a
layer sequentially applies a number of Conv2D and MaxPool operations.
In particular, the five layers are:

• 1× 1 Conv2D

• 1× 1 Conv2D ⇝ 3× 3 Conv2D

• 1× 1 Conv2D ⇝ 3× 3 Conv2D ⇝ 3× 3 Conv2D

• 1× 1 Conv2D ⇝ 3× 3 Conv2D ⇝ 3× 3 Conv2D ⇝ 3× 3 Conv2D

• MaxPool ⇝ 1× 1 Conv2D
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The outputs of all of the layers above are concatenated into a single
tensor. Since padding is employed, the output has the same height and
width as the input. MagNets use patch and layer–specific “Branches”, e.g.
a 2-layer MagNet with two patches extracted at each magnifying layer has
six of these layers (two at the first layer, and four at the second).

The first “Branch” takes an input with 3 features (e.g. an image), and
outputs a tensor with 15 features, i.e. each of the five layers outputs ten-
sors with 3 features. The second “Branch” takes the output of the first
“Branch” and outputs a tensor with 40 features (8 from each of the five
layers). In the third “Branch”, given the input of the second “Branch”,
1 feature is extracted from each of the five layers, and the concatenated
output is forwarded through a 1× 1 Conv2D that returns a tensor with 1
feature. Given that the input images in my experiments had a 56×56 pixel
resolution, the output from the third “Branch” is a tensor with 56× 56× 1
dimensions. An implementation of “Conv2D” and “Branch”, as described
above, is provided in Appendix D.

Spatial transformer. A spatial transformer network (STN) is used to
transform hard attention based cropping into a differentiable process. An
STN consists of three parts; a localization network, a grid generator, and
a sampler [101].

The localization network in the literature is typically a fully connected
or a recurrent neural network [185] that receives an input from a CNN, and
its role is to output a spatial transformation of the coordinate space of the
original image [170]. However, due to their high demand for GPU VRAM,
owing to their large number of parameters, both options are impractical for
employment within MagNets. Instead, MagNets utilize a spatial sparsemax
at the last convolutional layer whose output can be used to infer the spatial
transformation (hard attention based cropping) parameters (s, tx, ty) di-
rectly. In particular, the dimensions of the output of the last convolutional
layer are the same as the input image, i.e. 56 × 56 pixels. Following the
application of the spatial sparsemax operation, the output can be thought
of as a probability mass function with the expected L1 norm translating to
the scaling parameter (s), and the translation parameters (tx, ty) obtained
by expected value over indices of the x-axis and y-axis respectively.

Given the transformation parameters s for isotropic scaling and tx,
ty for translation along each axis, I further constrain the parameters as
follows:

s = max(s, 0.05) (6.1)

tx = tanh(tx) (6.2)

ty = tanh(ty) (6.3)

with θ of spatial (affine) transformation Aθ:

θ =

[
s 0 tx
0 s ty

]
(6.4)
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The tanh constraint on the translation parameters implicitly forces the
network to favour centre extraction, whereas the minimum bound imposed
on the scaling helped ensure that I do not get vanishing gradients for some
STs during the early stages of training. An implementation of the above
technique is provided in Figure D.3.

The grid generator then creates the desired grid by multiplying θ with
a 56 × 56 pixel meshgrid. Finally, an image can be interpolated onto the
grid using a sampler.

Sampler A sampler takes a set of sampling points along with an image,
and applies a differentiable sampling kernel (e.g. bilinear) to produce the
sampled image. Bilinear interpolation is a poor choice for a sampling kernel
for my work as shown in the empirical analysis below (performed on the
training set), and also supported by the literature, e.g. it performs poorly
under severe scale changes [105], with poor gradient propagation. Wei
et al. [105] proposed an alternative sampler, Linearized Multi-Sampling,
whose gradients are resilient to the amount of scaling. I use the original
implementation of this sampler provided by Wei et al. [105].

The empirical analysis of bilinear interpolation and Linearized Multi-
Sampling was performed on a subset of the training set, with similar results
observed given any WSI. In particular, given a downsampled WSI, I iter-
atively move part of the image to a specific location (locations defined by
a grid as shown in Figure 6.3), and use the ST to get the gradients based
on an L2 loss that will allow the part to be moved back to its original
place. I observe that the quality of the gradients suffers when the image
is downsampled and bilinear sampling is employed. On the other hand,
the method that was introduced by Wei et al. demonstrates high qual-
ity gradient estimates even in extreme cases of downsampling as shown in
Figure 6.3.

Sampling This is the part that makes each layer “magnifying”. Mag-
Net applies the transformation Aθ on I ′ instead of I, thereby allowing the
output to contain information (finer-grain) that was not present in I. An
example of a magnifying layer that outputs two patches is shown in Fig-
ure 6.4. By stacking multiple magnification layers together, MagNets are
able to retrieve information from increasingly higher magnification levels.

The magnification level from which I ′ is extracted is set dynamically.
In particular, given h0, w0 as the height and width of a WSI (at the highest
magnification level, i.e. pyramid level 0), and hc, wc as the height and width
of a requested ROI (based on the affine transformation of the STN), the
magnification level m is calculated as follows:
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Figure 6.3: Gradient analysis of using bilinear sampling (Left) versus the
Linearized Multi–Sampling approach [105]. In order from top to bottom,
the image is not downsampled, downsampled by a factor of 4, and down-
sampled by 8.

Rh =

⌊
log2

(
ho
hc

)⌋
,

Rw =

⌊
log2

(
wo

wc

)⌋
,

R = max(Rh, Rw),

m = max(mmax −R, 0),

where mmax is the total number of magnification levels of the WSI. For
example, given a WSI with 50, 000 × 100, 000 pixels, and 9 magnification
levels, access to a specific magnification level depends on the requested area
(width × height) as follows:
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Figure 6.4: An illustration of a single magnifying layer that outputs
two patches. The convolutional layers are independent between the two
patches. The red squares illustrate the affine transformation based on the
outputted thetas. Note that if this was the last magnifying layer, the image
size of the patches would have been 224× 224.

Width Height WSI resolution level
≥ 25, 000 and ≥ 50, 000 171× 391 pixels 8
≥ 12, 500 or ≥ 25, 000 391× 782 pixels 7
≥ 6, 250 or ≥ 12, 500 782× 1, 563 pixels 6
≥ 3, 125 or ≥ 6, 250 1, 563× 3, 125 pixels 5
≥ 1, 563 or ≥ 3, 125 3, 125× 6, 250 pixels 4
≥ 782 or ≥ 1, 563 6, 250× 12, 500 pixels 3
≥ 391 or ≥ 782 12, 500× 25, 000 pixels 2
≥ 171 or ≥ 391 25, 000× 50, 000 pixels 1
< 171 and < 391 50, 000× 100, 000 pixels 0

The above assumes that the spatial resolution of the WSI is halved at
each subsequent level, which is indeed the case for the Camelyon data set.

Classification layer

The images of the last magnifying layer are sampled using a grid with
224 × 224 pixel resolution (instead of 56 × 56 pixels). These images are
forwarded through an ImageNet–pretrained CNN (InceptionNet-v3) that
outputs a feature map into a Gated Recurrent Unit (GRU) network. The
output of the GRU is passed through a FCNN (two layers with 512 and 256
hidden neurons respectively) to output a slide–level ŷ estimate on whether
the given WSI contains cancer or not.

Auxiliary classifiers

A form of both self–supervision and weak–supervision is introduced by
using two auxiliary classifiers. These are ImageNet–pretrained ResNets–
18 networks [91] that output a slide-level prediction using the extracted
images from magnifying layer 1 and layer 3 respectively. Cross-entropy is
used between the slide-level labels and the ResNet-18 outputs in a weakly–
supervised fashion. In addition, the paradoxical loss was also employed



98

as a form of self–supervision [142]. The premise of the paradoxical loss
is that information presented at layer 3 images should provide an equally
good, or better, prediction than that from layer 1. Under this assumption,
instances where the opposite is observed are viewed as “undesirable and
paradoxical” [142]. The paradoxical loss over M inputs is computed as
follows:

L1 =
1

M

M∑
i=0

max(P1 − P3, 0),

where P1, P3 is the estimated probabilities of identifying the true class
label (slide–level) by patches from layer 1 and 3 respectively.

Configurations

The network consists of L magnifying layers each of which can access in-
creasingly higher magnification scales as determined dynamically from the
degree of zooming (i.e. s) thus far. At each layer l, Pl number of patches
are extracted (ROIs).

A consequence of the recurrent nature of MagNets is that an exponen-
tial number of patches are extracted and analysed from a single gigapixel
image, if more than 1 patch is extracted per layer. In particular, given a
constant P across the layers:

Total patches extracted in layer l =

{
l, if P = 1.

P l, otherwise.

I find that a combination of [2, 3] for Pl, (i.e. 2 ROIs are extracted in
some magnifying layers, whereas in others, 3 ROIs are extracted) provides
a balance between a sufficient rate of expansion (breadth), while allowing
for up to 4-layer MagNets (depth) to be trained on a GPU with 24 GB of
VRAM.

6.3 Evaluation

Data augmentation For any given image (both during training and
inference), I apply a filter that sets grey image pixels (including the de-
generate form of grey that is white) black. In particular, these are pixels
for which the corresponding red, green, and blue channel values differ from
each other by less than 15 (scale 0 . . . 255). This filter removes background
and the various scanning artefacts (smudges, etc.) which are most strongly
visible in otherwise nearly uniform regions of the slide. I employ neither
colour normalization nor random colour perturbation [131]. I find the lat-
ter to be ineffective (based on the validation set), whereas the former is
avoided since it would add a significant computational overhead to WSI
analysis. Synthetic data augmentation I perform during training involves
horizontal and vertical mirroring, and rotation by 90, 180, and 270 degrees.
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Training The final networks were trained using the Adam optimizer for
200 epochs. However, during both hyperparameter tuning and the ablation
experiments, the models were only trained for 20 epochs. A batch size of 16
and 8 was employed for MagNet networks with 3 and 4 layers respectively.
The initial learning rate was set to 3×10−5 and was decayed using a cosine
annealing scheduler. Both ResNet-18 and InceptioNet-v3 networks are
initialized using pretrained networks on ImageNet. The ST convolutional
layers are randomly initialized.

“Frozen” patch Some WSIs have already been preprocessed so that
they only contain regions with tissue, whereas others depict all of the tissue
slide. This diversity comes as a consequence of the differences in the clinical
pipelines leading to the creation of WSIs, e.g. due to different scanning
profiles (see Figure 6.2). In order to mitigate for the above variance, I
freeze the 1st patch of the 2nd layer so that it always attends to the whole
input image. This allows for the image to catch-up in quality in the cases
where a large amount of zooming was required at the first magnifying layer,
i.e. when the WSI shows the whole tissue slide (this can be observed in all
of the examples in Figure 6.6, as indicated by the vertical, orange arrow).

Loss functions I employ the paradoxical loss function (L1) as a form
of self–supervision for the convolutional layers in the weakly–supervised
STNs. In addition, cross-entropy is used between the slide-level labels and
both the last output of the GRU (L2) as well as the ResNet-18 outputs(L3).
The final loss function is computed as the sum of L1, L2, and L3.
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Table 6.1: The results of MagNets on the testing set against baselines and existing competitive methods. Given X/Y percentages,
X corresponds to AUROC, and Y to accuracy.

# patches Macro (%) Micro (%) ITC (%) Macro (%) & Micro (%) All (%)

Mean RGB Baseline [192] - 59/- 57/- - 58/- -
DSMIL-LC [126] > 5000 - - - 92/90 -
HAS [118] > 5000 - - - -/83 -
3-layer MagNet 28 95/88 71/78 57/69 84/77 71/64
4-layer MagNet 64 91/89 76/83 63/70 84/81 75/66



Breast cancer metastasis detection - billions of pixels 101

Table 6.2: Ablation experiments for different components of a 3-layer Mag-
Net using three random seeds, and random training-validation splits. AU-
ROC decreases when a smaller number of patches is used, and when L2,
L3, or “Frozen” patch are omitted.

# patches L2 L3 Frozen patch AUROC [%]

3, 2, 3 ✓ ✓ ✓ 68.8
2, 2, 2 ✓ ✓ ✓ 63.1
2, 3, 2 ✓ ✓ ✓ 66.1

3, 2, 3 ✓ ✓ 67.3
3, 2, 3 ✓ ✓ 68.0
3, 2, 3 ✓ 66.9
3, 2, 3 ✓ ✓ 62.4
3, 2, 3 62.9

Figure 6.5: A visualization of a forward pass of a WSI with micro metastasis
(from the testing set) through a 3–layer MagNet model. The background
of the images is shown in white for visualization purposes. The 18 image
patches that are extracted at the last magnifying layer are passed forward
through the classification layer.

6.4 Results & discussion

To evaluate the proposed method, using the optimization framework de-
scribed in the previous section I trained 3-layer and 4-layer MagNets on
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Figure 6.6: Cancerous regions of macro, and micro–metastasis as identified
by the 3–layer MagNet model (on the left), and of micro–metastasis as
identified by the 4–layer MagNet (on the right). The pointing red arrows
show cancer regions based on the annotations provided by the pathologists
at the highest magnification scale.

the task of cancer metastasis detection from WSIs. A summary of the
results is presented in Table 6.1 which shows the AUROC – the standard
evaluation metric used in related literature [201, 192, 61, 130] – and the
accuracy (threshold was set to 0.5). The inclusion of loss functions L1 and
L3, the “frozen“ patch, as well as the specific MagNet configuration (i.e.
patches per layer) was supported by the outcomes of the ablation studies
in Table 6.2. In parallel to my work, Kong et al. [118] were the first to
introduce the concept of nested attention, and by extending the attention
module introduced by Katharopoulos and Fleuret [108], proposed a two-
layer hierarchical attention model that enables end-to-end training of deep
learning models from WSIs. Although conceptually similar, MagNets fur-
ther extend the idea of nested attention by allowing an arbitrary number of
attention layers (called magnification layers herein), and by not enforcing
any a priori properties on the selected patches. For ease of comparative
analysis, we include a baseline encoder as reported by Tellez et al. [192]
based on average colour intensity (termed RGB baseline), as well as the
dual-stream multiple instance learning network (DSMIL) [126] and the two-
stage hierarchical attention sampling method (HAS) [118] as evaluated on
micro- and macro-metastases (Camelyon16). DSMIL constitutes one of the
most competitive methods in the weakly supervised paradigm, but involves
extensive preprocessing steps; namely, the extraction of millions of patches
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Figure 6.7: A WSI from Hospital 3 wherein the 4-layer MagNet correctly
identified a cancerous region, whereas the 3-layer MagNet produced a false
negative.

at different magnification scales [126]. On the other hand, HAS has no
preprocessing steps. Nevertheless, in contrary to MagNet, it requires a
large number of patches to be dynamically extracted from each attention
layer (50–100), with each layer specific to a predefined magnification scale
(as selected prior to training), and each patch loci predefined in a grid-like
fashion. Although I make no argument against this design, I hypothesise
that MagNets are able to solve the “where” problem more efficiently (as
indicated by the much smaller number of patches explored and magnified)
due to the lack of such constraints. The 4-layer MagNet almost meets the
accuracy of the best model of HAS (81% vs 83%) on classifying tumour vs
normal WSI with 54% sensitivity, 94% specificity and 65% F1 score.

MagNets exhibit robust and effective exploration capabilities, namely
attending to image content in an attention driven manner, exploring slides
at varying magnification levels best suited to the task at hand and learn-
ing how to fuse relevant information both within the same WSI region
and across different regions and magnification levels. In addition, the clas-
sifier (in the form of InceptionNet) demonstrates an excellent ability to
distinguish normal from cancerous tissue across irrespectively of the mag-
nification scale. Examples corroborating this are shown in Figure 6.6.
Interestingly, both MagNets perform well on ITC cases despite the lack of
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Table 6.3: The results of my MagNet models on WSI subsets of the testing
set (the percentages correspond to AUROC) sorted by their hospital of
origin.

3-layer MagNet Macro- & Micro- Macro- Micro- All

Hospital 1 89% 95% 80% 73%
Hospital 2 60% 77% 54%54%54% 58%
Hospital 3 96% 97% 95%95%95% 91%
Hospital 4 87% 98% 81% 68%
Hospital 5 - 92% - 79%

4-layer MagNet Macro- Micro- Macro- & Micro- All

Hospital 1 88% 97% 84% 76%
Hospital 2 85% 77% 85%85%85% 74%
Hospital 3 84% 97% 58%58%58% 78%
Hospital 4 75% 93% 65% 68%
Hospital 5 - 92% - 79%

ITC examples in the training set.

I re-evaluate the final MagNet models (both the 3-layer and the 4-layer)
against the testing set of WSIs but this time I take into consideration the
different hospitals they WSIs came from. There are (15,11,3,4), (13,7,6,2),
(19,2,2,4), (14,8,6,3), (16,8,0,7) of normal tissue, ITC, micro- and macro-
metastases cases, respectively, for hospitals 1 to 5 (see examples from the
different hospitals in Figure 6.2). A summary of the results is provided
in Table 6.3. I compute the ranking capabilities (AUROC) of MagNets
between normal and tumour cases scanned from the same hospital for all
five hospitals independently. No or minimal discrepancy is observed be-
tween the performance of the models for Hospitals 1, 4, and 5. However,
the 4-layer MagNet performs better than the 3-layer MagNet on micro
metastasis cases from hospital 2 (54% vs 85%), and for cases from hospital
3, the opposite is observed, i.e. 3-layer MagNet performs better (95% vs
58%). For Hospital 2, with 6 micro metastasis cases, the false negatives
(i.e. classification of a WSI with cancer as being normal) from the 3-layer
MagNet was the source of the discrepancy. The extra magnifying layer of
the 4-layer MagNet provided higher resolution images that, for the above
cases, was needed for the cancer to appear in the patches. In Figure 6.7
we show an example of a WSI which is incorrectly classified as negative by
a 3-layer MagNet, but correctly as positive by a 4-layer MagNet, together
with explanatory visualizations corresponding to the two networks. For
Hospital 3, the discrepancy came down to the decision of one case with mi-
cro metastasis (hospital 3 only had 2 micro metastasis cases). The 4-layer
MagNet misses the part of the WSI that had cancer from the very first
magnifying layer, whereas the 3-layer MagNet correctly classifies it (this
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example is shown in Figure 6.5).

I also investigate the scaling that is typically learnt by the 4-layer Mag-
Net across the different hospitals and different cases (normal vs different
types of mestastases). No major difference is observed between layers 2, 3
and 4 with the average scale learnt being 0.5. Nevertheless, the standard
deviation ranges significantly from 0.1 to 0.3. For layer 1, a mean scale
difference is observed between the different hospitals, with the average and
standard deviation being 0.21± 0.13, 0.31± 0.15, 0.32± 0.22, 0.25± 0.13,
and 0.32 ± 0.22 for hospitals 1 to 5 in order. Since there are no univer-
sal scanning settings (see Figure 6.2, e.g. hospitals 1, 2 and 4 scanned the
whole tissue slide whereas hospitals 3 and 5 applied a form of cropping in
most cases), the shift in the mean scale seems to be the model’s approach
to generalizing across different hospitals.

MagNets do not require WSIs to be patch–based preprocessed. Instead,
the network starting from the lowest magnification level, can dynamically
explore a WSI in continually higher magnification levels, as seen fit by Mag-
Net and in the visual context of the specific WSI. The premise being that
the patches with the best magnification level, field–of–view, and location
according to the optimizing task will be dynamically extracted. Indeed for
the task of breast cancer metastasis detection, my MagNet models per-
formed extremely well given that they only had to process from 28 to 64
image patches per WSI, far less than any of the existing approaches (10 to
300 times less) [126].

6.4.1 Limitations

The experimental results we present in this work concern the use of Mag-
Nets as effective predictors for whole slide image analysis. However, for
completeness and future use in mind, we have also investigated them in
terms of efficiency. Traditionally, a PyTorch dataloader is accessed once
per mini–batch. In contrast, because of the magnifying nature of MagNet,
during a single forward pass through a MagNet, the WSIs in the mini–
batch would need to be accessed multiple times to progressively retrieve
smaller regions of the original WSI at a higher magnification level. As a
result, I had to implement a stateful Dataset class with the “ get item ”
changed so that it returns the right patches based on the dynamically
changing metadata. As can be expected, the addition above introduces a
time overhead, a consequence of not using the PyTorch dataloaders in the
traditional, heavily optimized, way.

This overhead can be an impediment to training on images with much
larger than, say, 56× 56 pixel resolution (during the magnifying layers), or
training on much larger data sets, given that my MagNet models on average
needed 30 minutes per training epoch. Therefore, in cases where higher
resolution is needed to be able to see where to zoom, training MagNets
may be very computationally expensive. However, it is worth mentioning
that the above overhead does not constitute an issue for MagNet’s clinical
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adoption. It takes on average less than 5 minutes to get predictions for the
whole testing set, i.e. ≈ 2 seconds per slide when using a mini–batch of 16.

The Camelyon data set provides a fitting optimization challenge for
MagNets, that of breast cancer metastases detection, considering the vary-
ing granularity that needs to be assessed in having to predict macro–
metastases, micro–metastases, and isolated tumour cells (ITC) from WSIs.
However, it could be argued that the configurations of MagNet I explore
herein are not adequate for clinical adoption. In particular, due to the
unconstrained and non–exhaustive nature of exploration, a MagNet could
miss a region containing a metastasis early on, thus producing a false nega-
tive. With clinical adoption in mind, a more exhaustive exploration would
be required by perhaps increasing the number of patches that are extracted
at each magnifying layer. Moreover, although the Camelyon data sets are
useful and indeed the most appropriate public corpora for the evaluation
of MagNets on the task of gigapixel image analysis, it is important to ap-
preciate that they were collected for a very specific set of analytical tasks,
namely the localization of tumour regions and the holistic classification of
WSIs as cancerous or not. However, the above results cannot guarantee the
same efficacy of MagNets when applied on a problem where “identification
of patches to zoom-in” is not as clear-cut. Moreover, since the hospital
origin of each WSI was not considered while creating the testing set, it is
possible that generalization of the trained models may not extend beyond
these 5 hospitals.

6.5 Conclusions

In this work, I introduced the MagNet – a neural network consisting of
fully-connected, convolutional, and recurrent layers that employ STs in a
novel manner so as to facilitate attention and data driven recurrent ex-
ploration and, ultimately, end-to-end learning over gigapixel images. The
built-in hard attention mechanism of MagNets makes them well suited for
clinical use. In particular, the explanations generated by MagNets are vi-
sually intuitive, e.g. as shown in Figure 6.6), for a domain-specific expert
to interpret (as they visually depict a subset of the original WSI) and can
be generated on the go without any additional overhead. Moreover, Mag-
Nets can be optimized without extra supervision (e.g. bounding boxes) for
the task at hand. This is of high significance since for most clinical tasks,
collecting ground truth data required for a higher degree of supervision is
either extremely laborious and expensive, or simply not possible, e.g. in
the case of patient prognosis.

6.6 Implementation details

MagNets and the optimization framework were implemented using the
following packages in Python: PyTorch [158], OpenSlide [82], Scikit-
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Image [197], Numpy [89], matplotlib [97], Pillow [49], and scikit-learn [159].
The sparsemax implementation was adopted from https://github.com/
deep-spin/entmax [160]. The attention layer was inspired by the imple-
mentation at https://github.com/TolgaOk/Differentiable-Hard-Attention-
Module. Key code sections are provided in Appendix D.

https://github.com/deep-spin/entmax
https://github.com/deep-spin/entmax
https://github.com/TolgaOk/Differentiable-Hard-Attention-Module
https://github.com/TolgaOk/Differentiable-Hard-Attention-Module
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Conclusions

Pathology has embraced the era of digitization, with volumes of digitized
tissue being archived across the world and emerging research demonstrating
its potential use in the sphere of image analysis and computational pathol-
ogy. Tissue images present novel challenges to image analysis, namely, ex-
tremely high–dimensionality, heterogeneous saliency, and multiple sources
of artifacts and noise. For supervised approaches, a family of learning
techniques that has revolutionized both image analysis, and the learning–
from–data paradigm more in general, tissue image analysis for a clinical
task can be difficult to apply, given the paucity of ground truth labels, and
often low precision. Despite these challenges, a large body of work exploits
these images (e.g. by identifying and extracting patterns and morpholog-
ical information), and applies machine learning for a handful of clinical
tasks. From the perspective of histopathology, this is unsurprising, given
the known association between histopathology and a wide spectrum of clin-
ical outcomes. From the perspective of the machine learning engineer, this
is also unsurprising, given the successful application of machine learning on
seemingly every branch of science, and known superiority over traditional
statistical methods when it comes to high dimensional data.

The first achievement of my thesis is the successful application of learning–
from–data, i.e. machine learning, methods for cancer prognosis. Cancer
prognosis based on histopathology is the gold standard in the clinic for
solid tumours. Yet, the censored nature of data associated with survival
analysis precludes the use of traditional machine learning models. The
framework I introduced in Chapter 3, and later reused in Chapter 4, offers
a straightforward, yet rigorous and principled method for developing prog-
nostic machine learning systems using short fat data. Unlike much of the
existing prognostic models based on machine learning and Cox regression,
I take the needed measurements to account for overfitting, and internally
validate the final model of each work. Moreover, I highlight the impor-
tance of model and algorithm selection, and propose approaches to each.
On the clinical side, based on feature selection strategies and techniques,
as well as the innate interpretability of my models, I unveil clinically use-
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ful information behind the underlying prognostic modelling. Indeed (as
per my first premise), the underlying models identify prognostic patterns
that would have been too hard to obtain otherwise, both due to the high
dimensional nature of the data, and the highly–correlated covariates. A
future modification of my framework in Chapters 3 and Chapters 4 would
be the use of multitask survival analysis, which is a generalization over my
current approach in that binary classifiers trained on multiple cutoffs are
combined so that time–to–event is not lost completely, while still using as
much censored data in each cutoff problem as possible [70, 195].

The second achievement of my thesis is the successful application of
deep learning on whole slide images with minimum ground truth. It is
important to differentiate from my works above wherein, although mini-
mum ground truth is used in the optimization of the prognostic models,
the feature extraction process involved training models for low–level tasks,
such as nuclei identification and tissue segmentation, based on high preci-
sion annotations from domain experts. Instead, deep learning methods are
able to learn directly from the high–dimensional (> 100, 000 dimensions)
space of images, i.e. the “what” problem can be solved end–to–end. How-
ever, WSIs are not your typical images, as they often reside in a space of
billions of dimensions, far exceeding the capabilities of the current state
of hardware (not to mention the scalability issues that will emerge in the
optimization of the network) for end–to–end analysis. Therefore, a fun-
damental aspect of tissue image analysis is the approach taken to address
the “where” problem. A solution to this problem is non–trivial due to the
underlying complexity of the disease. The heterogeneity of cancerous cells
from the same tumour, between tumours or different sites of a patient,
and between patients of the same stage is indeed staggering. Fields like
molecular immuno–oncology, a field that aims to provide better therapies
based on cell–level molecular analysis, are coming in terms with the real-
ization that a single (or even a dozen) cell(s) cannot plausibly represent
the state of the disease. Besides, the microenvironment surrounding tu-
mour cells is equally important. For example, tumour cells surrounded by
a large number of prominent intra-tumoural and peri-tumoural TILs and
M1 macrophages have been related to better prognosis in several types
of cancer [144], whereas a high content of M2 macrophages and TBs has
been associated with poorer outcome [214]. In Chapter 5, I construct a
multi–step pipeline that is able to address both the “where” and “what”
problems effectively, and with low–granularity labels (patient–level).

In particular, in an attempt to introduce a way to filter out unnec-
essary parts of the WSI, while remaining within the weakly supervised
paradigm, and requiring no manual input, clustering is explored given ex-
haustively tiled WSIs. However, clustering approaches do not work well
with images due to their high–dimensionality. Two types of image descrip-
tors are introduced; one to capture the morphological heterogeneity, and
one to capture the colour heterogeneity of the image patches. A CNN
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is trained with each cluster, and based on the training performance at
patient–level, clusters with relevant information are annotated as discrimi-
native. Since the initial WSI was partitioned, in order to produce a decision
at the patient–level, patch–level decisions need to be aggregated. I refor-
mulate the problem into a binary classification problem (a method I also
adopted in Chapters 3 and 4), thus enabling the use of machine learning
algorithms. By accumulating the patch–level CNN output of the filtered
(i.e. ones that were in discriminative clusters) patches of a WSI into a
normalized histogram, a SVM could be trained directly with the patient–
level labels. Following internal validation (on a hold–out testing set), I
demonstrate that the proposed method is able to extract and learn salient,
discriminative, and clinically meaningful content from a real–world data
set. There was one fundamental limitation to this method, however, which
I sought to improve in my work in Chapter 6. In particular, the initial step
of exhaustive tiling assumes that information is only available at a single
magnification level. Moreover, there is also a loss of spatial information
effected by the separation of patches and the arbitrariness of the loci of
patch boundaries with respect to the imaged physical tissue.

In Chapter 6, I introduced a new type of CNN–based method, called
MagNet, for gigapixel image analysis that does not require WSIs to be
patch–based preprocessed. Instead, the network starting from the lowest
magnification level, can dynamically explore a WSI in continually higher
magnification levels, as seen fit by MagNet and in the visual context of
the specific WSI. The premise was that in this way, the patches would
be dynamically extracted with the best magnification level, field–of–view,
and location according to the optimizing task, and not based on generic,
predefined or static ways. Indeed for the task of breast cancer metastasis
detection, my MagNet models performed extremely well given that they
only had to process from 28 to 64 image patches per WSI, far less than any
of the existing approaches (10 to 300 times less). However, the recurrent
application of attention layers, especially ones which are partly differen-
tiable and weakly supervised, is by no means an easy process to optimize.
In fact, the quality of gradients that pass through billinear sampling was
shown to decrease catastrophically when using increasingly more down-
sampled versions of an image. Therefore, an optimization framework is
also proposed, under which multi–layer MagNets can be successfully opti-
mized. Given the innate transparency of the hard attention in MagNets,
no patch–based preprocessing requirements, and ability to perform both
localization and classification tasks with low–granularity labels, MagNets
offer an attractive alternative for gigapixel image analysis. Further vali-
dation of the method is paramound; the effectiveness of MagNets can be
explored on different WSI data sets, and under different clinical settings.
I am particularly interested in exploring the ability of MagNets to provide
patient prognosis next, a clinical problem that was the main focus of my
first three works. In particular, the cohort of Chapter 5 would provide
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a challenging next direction for MagNets. Since the patients can have a
couple of WSIs, an aggregation step would be needed for fusing the slide-
level decision into patient-level. Another interesting direction would be the
optimization of MagNets on the task of mutation prediction [168].
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Appendix A

This is the appendix of Chapter 3.

Table A.1: Summary table of survival for the groups of the final KNN
model on the 5–year testing cohort.

Low risk patients

Months 0 20 40 60 80 100 120 140
At risk 37 35 34 33 30 25 20 1
Censored 0 0 0 0 3 8 13 32
Events 0 2 3 4 4 4 4 4

High risk patients

Months 0 20 40 60 80 100 120 140
At risk 7 5 5 4 3 2 2 1
Censored 0 0 0 0 1 2 2 3
Events 0 2 2 3 3 3 3 3

Table A.2: Summary table of survival for the groups of the final KNN
model on the 10–year testing cohort.

Low risk patients

Months 0 20 40 60 80 100 120 140
At risk 21 21 21 21 21 21 21 1
Censored 0 0 0 0 0 0 0 20
Events 0 0 0 0 0 0 0 0

High risk patients

Months 0 20 40 60 80 100 120 140
At risk 15 13 12 9 8 7 4 0
Censored 0 0 0 0 0 0 0 4
Events 0 2 3 6 7 8 11 11
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Table A.3: A list of the 123 image analysis-based features imported into
the machine learning workflow for Chapter 3. ck = pancytokeratin, pdc =
poorly differetiated clusters, lvi = lymphatic vessel invasion.

Number of vessels (sum)
Sum area of vessels (sum)
Lymphatic vessel density (mean)
Mean intensity of d240 in vessels (mean)
Number of tumour buds (sum)
Sum area of tumour buds (sum)
Tumour bud density (mean)
Number of tumour buds containing partial nuclei (sum)
Nuclei in tumour bud asymmetry (mean)
Nuclei in tumour bud border index (mean)
Nuclei in tumour bud meanck intensity (mean)
Nuclei in tumour bud meand240 intensity (mean)
Nuclei in tumour bud meandapi intensity (mean)
Nuclei in tumour bud mean area (mean)
Nuclei in tumour bud mean ellipticity (mean)
Nuclei in tumour bud mean ratio of ck intensity (mean)
Nuclei in tumour bud mean ratio of d240 intesnity (mean)
Nuclei in tumour bud mean ratio of dapi intensity (mean)
Nuclei in tumour bud mean roundness (mean)
Nuclei in tumour bud mean shape index (mean)
Nuclei in tumour bud mean borderlength (mean)
Nuclei in tumour bud mean circularity (mean)
Nuclei in tumour bud mean compactness (mean)
Nuclei in tumour bud mean density (mean)
Nuclei in tumour bud mean length (mean)
Nuclei in tumour bud mean lengthwidth (mean)
Nuclei in tumour bud mean pixel texture of ck intensity (mean)
Nuclei in tumour bud mean pixel texture of d240 intensity (mean)
Nuclei in tumour bud mean pixel texture of dapi intensity (mean)
Nuclei in tumour bud mean width (mean)
Nuclei in stroma asymmetry (mean)
Nuclei in stroma border index (mean)
Nuclei in stroma meanck intensity (mean)
Nuclei in stroma meand240 intensity (mean)
Nuclei in stroma meandapi intensity (mean)
Nuclei in stroma mean area (mean)
Nuclei in stroma mean ellipticity (mean)
Nuclei in stroma mean ratio of ck intensity (mean)
Nuclei in stroma mean ratio of d240 intensity (mean)
Nuclei in stroma mean ratio of dapi intensity (mean)
Nuclei in stroma mean roundness (mean)
Nuclei in stroma mean shape index (mean)
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Nuclei in stroma mean borderlength (mean)
Nuclei in stroma mean circularity (mean)
Nuclei in stroma mean compactness (mean)
Nuclei in stroma mean density (mean)
Nuclei in stroma mean length (mean)
Nuclei in stroma mean lengthwidth (mean)
Nuclei in stroma mean pixel texture of ck intensity (mean)
Nuclei in stroma mean pixel texture of d240 intensity (mean)
Nuclei in stroma mean pixel texture of dapi intensity (mean)
Nuclei in stroma mean width (mean)
Nuclei in tumour asymmetry (mean)
Nuclei in tumour border index (mean)
Nuclei in tumour meanck intensity (mean)
Nuclei in tumour meand240 intensity (mean)
Nuclei in tumour meandapi intensity (mean)
Nuclei in tumour mean area (mean)
Nuclei in tumour mean ellipticity (mean)
Nuclei in tumour mean ratio of ck intensity (mean)
Nuclei in tumour mean ratio of d240 intensity (mean)
Nuclei in tumour mean ratio of dapi intensity (mean)
Nuclei in tumour mean roundness (mean)
Nuclei in tumour mean shape index (mean)
Nuclei in tumour mean borderlength (mean)
Nuclei in tumour mean circularity (mean)
Nuclei in tumour mean compactness (mean)
Nuclei in tumour mean density (mean)
Nuclei in tumour mean length (mean)
Nuclei in tumour mean lengthwidth (mean)
Nuclei in tumour mean pixel texture of ck intensity (mean)
Nuclei in tumour mean pixe texture of d240 intensity (mean)
Nuclei in tumour mean pixel texture of dapi intensity (mean)
Nuclei in tumour mean width (mean)
Tumour bud with ≤ 2 nuclei (sum)
Tumour bud with >= 3 nuclei (sum)
Number of pdcs (sum)
Number of ck objects with no associated nuclei (sum)
Area of tumour bud with only partial nuclei (sum)
Area of pdcs (sum)
Area of ck objects with no associated nuclei (sum)
Mean ck intensity in tumour buds (mean)
Mean ck intensity in tumour bud with debris nuclei (mean)
Mean ck intensity of ck objects with no associated nuclei (mean)
Mean ck intensity of pdcs (mean)
Area of tumour bud invading a vessel (sum)
Area of pdc invading a vessel (sum)
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Number of bordering tumour bud and vessel (sum)
Number of bordering pdcs and vessels (sum)
Number of lvi events by tumour buds (sum)
Number of lvi events by pdcs (sum)
Number of vessels bordering a tumour bud lvi event (sum)
Area of vessel border to a tumour bud lvi event (sum)
Area of vessel border to a pdc event (sum)
No. of vessels bordered to tumour glands (sum)
Area of vessels bordering to tumour glands (sum)
Area of tumour glands invading vessels(sum)
Number of tumour gland lvi events (sum)
Necrosis relative area (%) (mean)
Stroma relative area (%) (mean)
Tumour gland relative area (%) (mean)
Average ck intensity (stroma area) (mean)
Average ck intensity (tumour area) (mean)
Average dapi intensity (stroma area) (mean)
Average dapi intensity (tumour area) (mean)
Mean border index of tumour glands (mean)
Mean area (µm²) of tumour glands (mean)
Mean roundness of tumour glands (mean)
Mean compactness of tumour glands (mean)
Mean pixel texture of ck in tumour glands (mean)
Mean pixel texture of d240 in tumour glands (mean)
Mean pixel texture of dapi in tumour glands (mean)
Mean border to stroma (µm) of tumour glands (mean)
Mean length/width of tumour glands (mean)
Mean length (µm) of tumour glands (mean)
Mean rectangular fit of tumour glands (mean)
Mean rel. border to stroma of tumour glands (mean)
Mean elliptic fit of tumour glands (mean)
Mean asymmetry of tumour glands (mean)
Mean width (µm) of tumour glands (mean)
Mean circularity of tumour glands (mean)
Mean ellipticity of tumour glands (mean)
Mean perimeter of tumour glands (mean)
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def SFFS(X, y, cls, cv_folds, n_repeats, rs, delta):

"""

X: Data with (M, F) dimensions

y: Labels (M) dimensions

cls: Classifier

cv_folds: Number of folds for cross-validation

n_repeats: Number of repeats of cross-validation

rs: Random seed for reproducibility

delta: Maximum number of features to use

"""

feature_scores = {} # To store best score for selected features

# to delta features) along with their indices

feature_subset = [] # Indices of features currently in use

pass_step_2 = True

k = 0 # Number of features in use

while k < delta:

# Step 1

feature_index_FS, mean_FS, std_FS = \

SFS(X, y, feature_subset, cls, cv_folds, n_repeats, rs)

k += 1 # Increment number of selected features

feature_subset.append(feature_index_FS) # Add index of new feature

feature_scores[k] = (mean_FS, std_FS, feature_subset[:])

pass_step_2 = False

# Step 2

if k > 1:

feature_index_BS, score_BS, std_BS = \

SBS(X, y, feature_subset, cls, cv_folds, n_repeats, rs)

# To recursively remove more features (Step 3):

# (a) feature selected by SBS != feature selected by SFS above

# (b) score of new combination of features surpassed previous

if not (

feature_subset[feature_index_BS] == feature_index_FS \

or score_BS <= feature_scores[k - 1][0]

):

del feature_subset[feature_index_BS]

feature_scores[k - 1] = (score_BS, std_BS, feature_subset[:])

k -= 1 # Decrement number of selected features

pass_step_2 = True

# Step 3

while k > 2 and pass_step_2:

feature_index_BS, score_BS, std_BS = \

SBS(X, y, feature_subset, cls, cv_folds, n_repeats, rs)

# If new score for this number of selected features is worse

# than previous, then stop recursively removing features

if score_BS <= feature_scores[k-1][0]:

break

else:

del feature_subset[feature_index_BS]

feature_scores[k - 1] = (score_BS, std_BS, feature_subset[:])

k -= 1

return feature_scores

Figure A.1: Python code for SFFS.
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sklearn.model_selection import *

def SFS(X, y, feature_subset, cls, cv_folds, n_repeats, rs):

"""

X: Data with (M, F) dimensions

y: Labels (M) dimensions

feature_subset: Subset of features to use

cls: Classifier

cv_folds: Number of folds for cross-validation

n_repeats: Number of repeats of cross-validation

rs: Random seed for reproducibility

"""

baseline_roc_mean = 0

baseline_roc_sem = 0

to_add_feature = None

# Get the scores of adding each remaining feature independently

for feature_index in range(len(X.columns)):

# Make sure selected feature has not already been selected

if feature_index in feature_subset:

continue

else:

# Use repeated stratified cross validation

shuffle = RepeatedStratifiedKFold(cv_folds, n_repeats, rs)

# Train and evaluate given classifier only on the features selected

# so far plus the new feature to be considered.

score = cross_val_score(

cls, X.iloc[:, feature_subset + [feature_index]], y,

cv=shuffle, scoring=’roc_auc’, n_jobs=1

)

if (score.mean() > baseline_roc_mean):

to_add_feature = feature_index

baseline_roc_mean = score.mean()

baseline_roc_sem = scipy.stats.sem(score)

return (to_add_feature, baseline_roc_mean, baseline_roc_sem)

Figure A.2: Python code for SFS.

def filter_n_years_prognosis(data, n):

# Remove patients that died before n years due to a non CRC-related cause.

data = data[(data["SurvivalMonths"] > n * 12) | (data["EventOccurred"] == 1)]

# Change response variable to 0 if patient didn’t die due to CRC in n years.

data["EventOccurred"][data["SurvivalMonths"] > n * 12] = 0

return data

Figure A.3: The function for binarising prognosis for a given pandas
dataframe data and a specified cutoff n.
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from sklearn.model_selection import *

def objective(params):

local_X = X.copy()

cls = params["classifier"]

shuffle = RepeatedStratifiedKFold(n_folds, n_repeats, rs)

roc_auc_score = cross_val_score(cls, local_X, y, cv=shuffle,

scoring=’roc_auc’, n_jobs=1)

return {

’loss’: 1 - numpy.array(roc_auc_score).mean(),

’status’: STATUS_OK

}

Figure A.4: Objective function for hyperparameter tuning using Hyper-
opt [20].
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Appendix B

This is the appendix of Chapter 4.

Table B.1: A list of the image features in Chapter 4.

area Core SerialSection2
area FrontIn SerialSection2
area FrontOut SerialSection2
number of CD68p Core SerialSection2
number of CD68p FrontIn SerialSection2
number of CD68p FrontOut SerialSection2
number of CD163p Core SerialSection2
number of CD163p FrontIn SerialSection2
number of CD163p FrontOut SerialSection2
number of CD163nCD68p Core SerialSection2
number of CD163nCD68p FrontIn SerialSection2
number of CD163nCD68p FrontOut SerialSection2
number of CD163pCD68p Core SerialSection2
number of CD163pCD68p FrontIn SerialSection2
number of CD163pCD68p FrontOut SerialSection2
number of PDL1pCK Core SerialSection2
number of PDL1pCK FrontIn SerialSection2
number of PDL1pCK FrontOut SerialSection2
number of PDL1pNonCK Core SerialSection2
number of PDL1pNonCK FrontIn SerialSection2
number of PDL1pNonCK FrontOut SerialSection2
number of PDL1p Core SerialSection2
number of PDL1p FrontIn SerialSection2
number of PDL1p FrontOut SerialSection2
number of PDL1pCD163nCD68p Core SerialSection2
number of PDL1pCD163nCD68p FrontIn SerialSection2
number of PDL1pCD163nCD68p FrontOut SerialSection2
number of PDL1pCD163pCD68p Core SerialSection2
number of PDL1pCD163pCD68p FrontIn SerialSection2
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number of PDL1pCD163pCD68p FrontOut SerialSection2
number of PDL1pCD163p Core SerialSection2
number of PDL1pCD163p FrontIn SerialSection2
number of PDL1pCD163p FrontOut SerialSection2
number of PDL1pCD68p Core SerialSection2
number of PDL1pCD68p FrontIn SerialSection2
number of PDL1pCD68p FrontOut SerialSection2
Density of CD163p Core SerialSection2
Density of CD163p FrontIn SerialSection2
Density of CD163p FrontOut SerialSection2
Density of CD68p Core SerialSection2
Density of CD68p FrontIn SerialSection2
Density of CD68p FrontOut SerialSection2
number of TBsmall Core SerialSection2
number of TBsmall FrontIn SerialSection2
number of TBsmall FrontOut SerialSection2
Density of TBsmall Core SerialSection2
Density of TBsmall FrontIn SerialSection2
Density of TBsmall FrontOut SerialSection2
number of NucCK Core SerialSection2
number of NucCK FrontIn SerialSection2
number of NucCK FrontOut SerialSection2
number of NucNonCK Core SerialSection2
number of NucNonCK FrontIn SerialSection2
number of NucNonCK FrontOut SerialSection2
number of Nuc Core SerialSection2
number of Nuc FrontIn SerialSection2
number of Nuc FrontOut SerialSection2
Density of PDL1p Core SerialSection2
Density of PDL1p FrontIn SerialSection2
Density of PDL1p FrontOut SerialSection2
Density of PDL1pCK Core SerialSection2
Density of PDL1pCK FrontIn SerialSection2
Density of PDL1pCK FrontOut SerialSection2
Density of PDL1pNonCK Core SerialSection2
Density of PDL1pNonCK FrontIn SerialSection2
Density of PDL1pNonCK FrontOut SerialSection2
area Core SerialSection1
area FrontIn SerialSection1
area FrontOut SerialSection1
number of CD3p Core SerialSection1
number of CD3p FrontIn SerialSection1
number of CD3p FrontOut SerialSection1
number of CD8p Core SerialSection1
number of CD8p FrontIn SerialSection1
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number of CD8p FrontOut SerialSection1
number of PDL1p Core SerialSection1
number of PDL1p FrontIn SerialSection1
number of PDL1p FrontOut SerialSection1
number of TBsmall Core SerialSection1
number of TBsmall FrontIn SerialSection1
number of TBsmall FrontOut SerialSection1
number of CD3pPDL1p Core SerialSection1
number of CD3pPDL1p FrontIn SerialSection1
number of CD3pPDL1p FrontOut SerialSection1
number of CD8pPDL1p Core SerialSection1
number of CD8pPDL1p FrontIn SerialSection1
number of CD8pPDL1p FrontOut SerialSection1
number of PDL1pCK Core SerialSection1
number of PDL1pCK FrontIn SerialSection1
number of PDL1pCK FrontOut SerialSection1
number of PDL1pNonCK Core SerialSection1
number of PDL1pNonCK FrontIn SerialSection1
number of PDL1pNonCK FrontOut SerialSection1
Density of CD3p Core SerialSection1
Density of CD3p FrontIn SerialSection1
Density of CD3p FrontOut SerialSection1
Density of CD8p Core SerialSection1
Density of CD8p FrontIn SerialSection1
Density of CD8p FrontOut SerialSection1
Density of TBsmall Core SerialSection1
Density of TBsmall FrontIn SerialSection1
Density of TBsmall FrontOut SerialSection1
number of NucCK Core SerialSection1
number of NucCK FrontIn SerialSection1
number of NucCK FrontOut SerialSection1
number of NucNonCK Core SerialSection1
number of NucNonCK FrontIn SerialSection1
number of NucNonCK FrontOut SerialSection1
number of Nuc Core SerialSection1
number of Nuc FrontIn SerialSection1
number of Nuc FrontOut SerialSection1
number of CD3pCD8nPDL1p Core SerialSection1
number of CD3pCD8nPDL1p FrontIn SerialSection1
number of CD3pCD8nPDL1p FrontOut SerialSection1
number of CD3pCD8n Core SerialSection1
number of CD3pCD8n FrontIn SerialSection1
number of CD3pCD8n FrontOut SerialSection1
Density of PDL1p Core SerialSection1
Density of PDL1p FrontIn SerialSection1
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Density of PDL1p FrontOut SerialSection1
Density of PDL1pCK Core SerialSection1
Density of PDL1pCK FrontIn SerialSection1
Density of PDL1pCK FrontOut SerialSection1
Density of PDL1pNonCK Core SerialSection1
Density of PDL1pNonCK FrontIn SerialSection1
Density of PDL1pNonCK FrontOut SerialSection1

Table B.2: A list of the spatial features in Chapter 4.

L function r20 TB CD68
L function r20 TB CD163
L function r20 TB PDL1 SerialSection2
L function r50 TB CD68
L function r50 TB CD163
L function r50 TB PDL1 SerialSection2
L function r100 TB CD68
L function r100 TB CD163
L function r100 TB PDL1 SerialSection2
L function r150 TB CD68
L function r150 TB CD163
L function r150 TB PDL1 SerialSection2
L function r200 TB CD68
L function r200 TB CD163
L function r200 TB PDL1 SerialSection2
L function r250 TB CD68
L function r250 TB CD163
L function r250 TB PDL1 SerialSection2
L function r20 CD68 PDL1
L function r20 CD163 PDL1
L function r50 CD68 PDL1
L function r50 CD163 PDL1
L function r100 CD68 PDL1
L function r100 CD163 PDL1
L function r150 CD68 PDL1
L function r150 CD163 PDL1
L function r200 CD68 PDL1
L function r200 CD163 PDL1
L function r250 CD68 PDL1
L function r250 CD163 PDL1
L function r20 TB CD3
L function r20 TB CD8
L function r20 TB PDL1 SerialSection1
L function r50 TB CD3
L function r50 TB CD8
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L function r50 TB PDL1 SerialSection1
L function r100 TB CD3
L function r100 TB CD8
L function r100 TB PDL1 SerialSection1
L function r150 TB CD3
L function r150 TB CD8
L function r150 TB PDL1 SerialSection1
L function r200 TB CD3
L function r200 TB CD8
L function r200 TB PDL1 SerialSection1
L function r250 TB CD3
L function r250 TB CD8
L function r250 TB PDL1 SerialSection1
L function r20 CD3 PDL1
L function r20 CD8 PDL1
L function r50 CD3 PDL1
L function r50 CD8 PDL1
L function r100 CD3 PDL1
L function r100 CD8 PDL1
L function r150 CD3 PDL1
L function r150 CD8 PDL1
L function r200 CD3 PDL1
L function r200 CD8 PDL1
L function r250 CD3 PDL1
L function r250 CD8 PDL1

Table B.3: A list of the clinical features in Chapter 4..

Age
Gender Female
Gender Male
T T2
T T3
T T4
N N0
N N1
N N2
M No
M Yes
TNM II
TNM IIIA
TNM IIIB
TNM IV
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Appendix C

This is the appendix of Chapter 5.

# One random trivial transformation

myTransforms.RandomChoice([myTransforms.RandomHorizontalFlip(p=1),

myTransforms.RandomVerticalFlip(p=1),

myTransforms.AutoRandomRotation()]),

# One random non-trivial transformation

myTransforms.RandomChoice([myTransforms.RandomElastic(alpha=2, sigma=0.06),

myTransforms.RandomAffineCV2(alpha=0.1),

myTransforms.RandomGaussBlur(radius=[0.5, 1.5])]),

# One colour transformation

myTransforms.ColorJitter(brightness=(0.65, 1.35), contrast=(0.5, 1.5)),

myTransforms.RandomChoice([myTransforms.ColorJitter(saturation=(0, 2), hue=0.3),

myTransforms.HEDJitter(theta=0.05)])

Figure C.1: Data augmentation during training using ”myTransforms” as
implemented at https://github.com/gatsby2016/Augmentation-PyTorch-
Transforms.
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# Normalize staining using a target WSI

reader = bioformats.ImageReader(target_path)

reader.rdr.setId(target_path)

# Accessing the 4th layer (1/16 of the original resolution)

reader.rdr.setSeries(downsampling_plane=4)

WSI_target = reader.read(z=0, rescale=False)

normalizer = staintools.ReinhardColorNormalizer()

normalizer.fit(WSI_target)

reader = bioformats.ImageReader(input_path)

reader.rdr.setId(input_path)

# Accessing the 4th layer (1/16 of the original)

reader.rdr.setSeries(downsampling_plane=4)

WSI_input = reader.read(z=0, rescale=False)

WSI_input_norm = normalizer.transform(whole_image)

Figure C.2: Code for normalizing a WSI using staintools’ Reinhard nor-
malization.
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from sklearn.cluster import KMeans

# Different random seeds are tested - lowest loss selected

rs = 0

# Sample 20% of the training cohort of patients (stratified)

_X_train_subset = X_train.groupby(

y_train["CRC death"], group_keys=False

).apply(

lambda x: x.sample(

frac=0.2,

random_state=rs

)

)

# Get the WSIs of these patients

train_imgs_subset = [

img for _list in

X_train_subset["FilePath"].tolist() for img in _list

]

# For each WSI, iterate over the image patches, and get inverse of

# data compression rate (see main text for definition)

for _path in train_imgs_subset:

_path = _path.split(".")[0] + "_normalized"

_cur_patches = glob.glob(_path + "/*.png", recursive=True)

for _cur_patch in _cur_patches:

_train_subset_sizes.append(os.path.getsize(_cur_patch)/150528.0)

random.shuffle(_train_subset_sizes)

kmeans = KMeans(init="k-means++", n_clusters=3, n_init=10, random_state=rs)

kmeans.fit(np.array(_train_subset_sizes).reshape(-1, 1)) # Training

... kmeans.predict(np.array(_cur_img_patches).reshape(-1, 1)) # Clustering

# For all patches of each WSI, assign their clustering labels into spreadsheets.

Figure C.3: Implementation of the information density clustering approach.
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from sklearn.cluster import KMeans

from torchvision.models import vgg16_bn

from sklearn.decomposition import PCA

pretrained_CNN = vgg16_bn(pretrained=True).cuda()

pca = PCA(n_components=50)

# Different random seeds are tested - lowest loss selected

rs = 0

# Sample 20% of the training cohort of patients (stratified)

X_train_subset = X_train.groupby(

y_train["CRC death"], group_keys=False

).apply(

lambda x: x.sample(

frac=0.2,

random_state=rs

)

)

# Get the WSIs of these patients

train_imgs_subset = [

img for _list in

X_train_subset["FilePath"].tolist() for img in _list

]

# Iterate over all image patches and extract features using pretrained_CNN

# Further reduce the dimensionality using PCA

all_img_patches = pca.fit_transform(all_img_patches)

kmeans1 = KMeans(init="k-means++", n_clusters=5, n_init=10, random_state=0)

kmeans2 = KMeans(init="k-means++", n_clusters=10, n_init=10, random_state=0)

# Training

kmeans1.fit(all_img_patches)

kmeans2.fit(all_img_patches)

# PH_5 Clustering

... kmeans1.predict(np.array(_cur_img_patches).reshape(-1, 1))

# PH_10 Clustering

... kmeans2.predict(np.array(_cur_img_patches).reshape(-1, 1))

# For all patches of each WSI, assign their clustering labels into spreadsheets.

Figure C.4: Implementation of the phenotype clustering approach.

from torch_lr_finder import LRFinder

optimizer = torch.optim.SGD(model.parameters(), lr=0.00001, weight_decay=0)

lr_finder = LRFinder(model, optimizer, criterion, device="cuda")

lr_finder.range_test(trainloader, end_lr=1, num_iter=100)

Figure C.5: Implementation of the learning rate range test using the pack-
age at https://github.com/davidtvs/pytorch-lr-finder.

https://github.com/davidtvs/pytorch-lr-finder
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(a)

(b)

Figure C.6: Examples of clustering results from the early version of my
work. Each square block of four images comprises the original WSI (top
left), and the corresponding information density (top right) and phenotype
based (k = 5 and k = 10 respectively bottom left and bottom right) clus-
tering labels, colour coded.
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This is the appendix of Chapter 6.

import torch

import torch.nn as nn

import torch.nn.functional as F

class BasicConv2d(nn.Module):

def __init__(self, in_channels, out_channels,

last_layer=False, **kwargs):

super(BasicConv2d, self).__init__()

self.conv = nn.Conv2d(

in_channels, out_channels, bias=False, **kwargs

)

if not last_layer:

self.bn2 = nn.BatchNorm2d(out_channels, eps=0.00001)

self.last_layer=last_layer

def forward(self, x):

x = self.conv(x)

if not self.last_layer:

x = self.bn2(x)

return F.relu(x, inplace=True)

Figure D.1: PyTorch implementation of “Conv2D” as described in Chap-
ter 6.
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class Branch2d(nn.Module):

def __init__(self, in_channels, features,

out_channels, **kwargs):

super(Branch2d, self).__init__()

self.layer1 = BasicConv2d(

in_channels, features, kernel_size=1, **kwargs)

self.layer2 = nn.Sequential(

BasicConv2d(in_channels, max(int(3/4 * features), 1),

kernel_size=1, **kwargs),

BasicConv2d(max(int(3/4 * features), 1), features,

kernel_size=3, padding=1, **kwargs)

)

self.layer3 = nn.Sequential(

BasicConv2d(in_channels, max(int(3/4 * features), 1),

kernel_size=1, **kwargs),

BasicConv2d(max(int(3/4 * features), 1), features,

kernel_size=3, padding=1, **kwargs),

BasicConv2d(features, features,

kernel_size=3, padding=1, **kwargs)

)

self.layer4 = nn.Sequential(

nn.MaxPool2d(kernel_size=3, stride=1,

padding=1, ceil_mode=True),

BasicConv2d(in_channels, features,

kernel_size=1, **kwargs)

)

self.layer5 = nn.Sequential(

BasicConv2d(in_channels, max(int(3 / 4 * features), 1),

kernel_size=1, **kwargs),

BasicConv2d(max(int(3 / 4 * features), 1), features,

kernel_size=3, padding=1, **kwargs),

BasicConv2d(features, features,

kernel_size=3, padding=1, **kwargs),

BasicConv2d(features, features,

kernel_size=3, padding=1, **kwargs)

)

self.downsample = None

if out_channels!=-1:

self.downsample = BasicConv2d(features * 5, 1, kernel_size=1)

def forward(self, x):

layer1 = self.layer1(x)

...

layer5 = self.layer5(x)

outputs = [layer1, layer2, layer3, layer4, layer5]

outputs = torch.cat(outputs, 1)

return self.downsample(outputs) if self.downsample else outputs

Figure D.2: PyTorch implementation of a “Branch” as described in Chap-
ter 6.
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from torch.autograd import Variable

from entmax import entmax15 # sparsemax variant

class STN(nn.Module):

...

def transform_feature_map(self, feature_map):

B, C, Y, X = feature_map.size()

# evenly spaced X numbers from -1 to 1 across Y axis

grid_x = Variable(torch.as_tensor(np.linspace(-1, 1, X))

# evenly spaced Y numbers from -1 to 1 across X axis

grid_y = Variable(torch.as_tensor(np.linspace(-1, 1, Y))

# Pass feature map through an entmax activation (sparsemax variant)

sparsemax_map = entmax15(

feature_map.view(B, C, -1), dim=-1

).view(B, C, Y, X)

# Compute the translation affine parameters

mean_x = (F.tanh(sparsemax_map.sum(-2)) * grid_x).sum(-1)

mean_y = (F.tanh(sparsemax_map.sum(-1)) * grid_y).sum(-1)

difference_x = (grid_x - torch.unsqueeze(mean_x, -1))

.view(B, C, 1, X)

difference_y = (grid_y - torch.unsqueeze(mean_y, -1))

.view(B, C, Y, 1)

# Compute the scale affine parameter by obtaining the expected L1 norm

scale = = (

(torch.abs(difference_x) + torch.abs(difference_y))

* sparsemax_map

).sum(-1).sum(-1)

# Avoid "out of bound" from having a scale that exceeds

# the boundaries of the image

scale = torch.min(

scale,

1 - (

torch.max(torch.abs(mean_x), torch.abs(mean_y))

)

)

# Constrain the scale between 0.05 and 1.0

scale = torch.min(

torch.max(scale, torch.Tensor([0.05]).cuda()),

torch.Tensor([1.0]).cuda()

)

return mean_x, mean_y, scale # return affine parameters

...

Figure D.3: PyTorch implementation of inferring the affine parameters
from a given feature map for the STN.
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