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Abstract

Machine learning in the form of deep learning (DL) has recently transformed how computer

vision tasks are solved in numerous domains, including image-based medical diagnostics.

DL-based methods have the potential to enable more precise quantitative characterisation

of cancer tissue specimens routinely analysed in clinical pathology laboratories for diag-

nostic purposes. Computer-assisted tissue analysis within pathology is not restricted to the

quantification and classification of specific tissue entities. DL allows to directly address

clinically relevant questions related to the prediction of cancer outcome and efficacy of

cancer treatment.

This thesis focused on the following crucial research question: is it possible to predict cancer

outcome, biomarker status, and treatment efficacy directly from the tissue morphology

using DL without any special stains or molecular methods? To address this question, we

utilised digitised hematoxylin-eosin-stained (H&E) tissue specimens from two common

types of solid tumours – breast and colorectal cancer. Tissue specimens and corresponding

clinical data were retrieved from retrospective patient series collected in Finland. First, a

DL-based algorithm was developed to extract prognostic information for patients diagnosed

with colorectal cancer, using digitised H&E images only. Computational analysis of tumour

tissue samples with DL demonstrated a superhuman performance and surpassed a consensus

of three expert pathologists in predicting five-year colorectal cancer-specific outcomes.

Then, outcome prediction was studied in two independent breast cancer patient series.

Particularly, generalisation of the trained algorithms to previously unseen patients from an

independent series was examined on the large whole-slide tumour specimens. In breast

cancer outcome prediction, we investigated a multitask learning approach by combining

outcome and biomarker-supervised learning. Our experiments in breast and colorectal cancer

show that tissue morphological features learned by the DL models supervised by patient

outcome provided prognostic information independent of established prognostic factors such

as histological grade, tumour size and lymph nodes status. Additionally, the accuracy of DL-

based predictors was compared to other prognostic characteristics evaluated by pathologists

in breast cancer, including mitotic count, nuclear pleomorphism, tubules formation, tumour

necrosis and tumour-infiltrating lymphocytes. We further assessed if molecular biomarkers

such as hormone receptor status and ERBB2 gene amplification can be predicted from H&E-

stained tissue samples obtained at the time of diagnosis from patients with breast cancer and

showed that molecular alterations are reflected in the basic tissue morphology and can be

captured with DL. Finally, we studied how morphological features of breast cancer can be

linked to molecularly targeted treatment response. The results showed that ERBB2-associated

morphology extracted with DL correlated with the efficacy of adjuvant anti-ERBB2 treatment

and can contribute to treatment-predictive information in breast cancer.

Taken together, this thesis shows the potential utility of DL in tissue-based characterisation of

cancer for prediction of cancer outcome, tumour molecular status and efficacy of molecularly

targeted treatments. DL-based analysis of the basic tissue morphology can provide significant

predictive information and be combined with clinicopathological and molecular data to

improve the accuracy of cancer diagnostics.



Tiivistelmä

Koneoppiminen syväoppimisen (SO) muodossa on muuttanut, miten tietokonenäön tehtävät

ratkaistaan monilla toimialueilla, kuten lääketieteellisessä kuvantamisdiagnostiikkassa. SO-

perusteiset menetelmät mahdollistavat tarkemman kvantitatiivisen karakterisoinnin syöpäkas-

vainnäytteistä, jotka rutiinisti analysoidaan kliinisen patologian laboratorioissa diagnosointia

varten. Tietokoneavusteinen kudosanalyysi ei rajoitu ainoastaan tiettyjen kudosentiteettien

määrittämiseen ja luokitteluun. SO:n avulla voidaan suoraan tutkia syövän ennustetta ja

syöpähoitojen vastetta.

Tämä väitöskirja keskittyi tärkeään tutkimuskysymykseen: onko syövän ennuste, biomarkke-

rien status ja hoidon tehokkuus mahdollista ennustaa SO:lla suoraan kudosmorfologiasta

ilman erillisiä värjäyksiä tai molekyylibiologisia testejä? Vastataksemme tähän kysymykseen

käytimme digitaalisia hematoksyliini-eosiini (H&E)-värjättyjä kudosnäytteitä kahdesta taval-

lisesta kiinteästä kasvaimesta, rinta- ja paksusuolensyövästä. Kudosnäytteet ja niihin liittyvät

kliiniset tiedot saatiin Suomessa kerätystä retrospektiivisestä potilassarjasta. Ensimmäiseksi

kehitimme SO-algoritmin, jolla poimimme prognostisen tiedon paksusuolensyöpäpotilaista

käyttäen ainoastaan digitalisoituja H&E-värjäyksiä. Kudosnäytteistä SO:lla tehty laskennalli-

nen analyysi osoitti ihmisasiantuntijaa parempaa suorituskykyä ja ylitti kolmen patologian

asiantuntijan antaman yksimielisen viiden vuoden ennusteen syövän lopputulemasta. Seu-

raavaksi lopputuleman ennustamista tutkittiin kahdessa erillisessä rintasyöpäpotilassarjassa.

Erityisesti tutkimme koulutetun algoritmin kykyä yleistää syöpäkudosten kokoleikkeistä,

jotka olivat peräisin erillisestä algoritmille aiemmin tuntemattomasta potilassarjasta. Rin-

tasyövän ennusteen suhteen tutkimme ”multitask learning”-lähestymistapaa yhdistämällä

eloonjäämis- ja biomarkkeri-valvotun oppimisen. Tutkimuksemme rinta- ja paksusuolen-

syövän osalta osoittavat, että SO-mallien avulla, jotka ovat opetettu potilaan eloonjäämisen

mukaan, voidaan kudosmorfologian perusteella saada ennuste, joka on rippumaton aiemmin

saatavilla olevista ennustetekijöistä, kuten histologisesta luokittelusta, kasvaimen koosta ja

imusolmukkeiden statuksesta. Lisäksi SO-perusteisten ennusteiden tarkkuutta rintasyövässä

verrattiin patologien arvioimiin syovän, kuten mitoosien lukumäärä, tuman pleomorfismiin,

tubulusten tiehyeiden erilaistumisasteeseen, kasvaimen nekroosiin ja kasvaimen infiltroiviin

lymfosyytteihin. Tutkimme myös, voiko rintasyöpäpotilailta syöpädiagnosoinnin yhteydessä

saaduista H&E-värjätyistä kudosnäytteistä ennustaa molekulaarisia biomarkkereita, kuten

hormonireseptoristatusta ja ERBB2-geenin monistumista. Tutkimuksemme osoitti, että mo-

lekulaariset muutokset löytyvät myös kudosmorfologiasta ja ne voi tunnistaa SO:n avulla.

Lopuksi tutkimme, miten rintasyövän morfologiset piirteet voidaan yhdistää hoitovasteeseen.

Tutkimuksemme osoitti, että SO:n tunnistama ERBB2-positiivisen kasvaimen morfologia kor-

reloi anti-ERBB2-liitännäishoitojen tehokkuuden kanssa ja SO:ta voi käyttää ennustamaan

rintasyövän lääkevastetta.

Tämän väitöskirjatyön tulokset osoittavat, että SO:n syöpäkudoksen karakterisointi voi

olla hyödyllinen syövän ennusteen arvioinnissa sekä, molekulaarisen statuksen ja lääkevas-

teen ennustamisessa. SO-perusteinen kudosmorfologinen analyysi voi antaa merkittävää

tietoa syövän ennusteesta ja se voidaan yhdistää kliiniseen patologiaan ja molekulaariseen

informaatioon tarkemman syöpädiagnosoinnin mahdollistamiseksi.
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1 INTRODUCTION

1 Introduction

Advances in deep learning (DL) techniques start to play an increasingly important

role in healthcare in general, and image-based medical diagnostics in particular

[1, 2, 3, 4, 5]. Computational image analysis empowered by DL has been used to

address several tissue-based diagnostic tasks performed on digitised hematoxylin-

and-eosin (H&E) tissue specimens. Examples include detection of cancerous tissue

on whole-slide images (WSIs) [6, 7, 8, 9], histological grading of tumours [10, 11],

quantification of tissue entities such as mitotic cells [12, 13], necrosis [14] and

tumour-infiltrating lymphocytes (TILs) [15, 16, 17]. Addressing these tasks with

supervised DL requires a significant amount of image annotations that are typically

performed manually by human experts, e.g. pathologists. This approach is prone to

potential human bias and does not allow to extract information that is not readily

discernible by a human eye [18].

Recent studies go beyond expert-guided algorithms for the analysis of H&E tumour

samples [18]. For example, genetic alterations in cancer can cause phenotypic

changes in tumours and their surrounding tissue that can be captured with DL

[19, 20, 21]. This approach eliminates potential human biases introduced through

manual data annotations, thus reducing human labour work and, more importantly,

allowing to discover how tumour morphology reflects molecular perturbations in

cancer.

In the same way, as DL can be trained to predict genetic changes based on

tissue morphology, DL algorithms have been applied to predict disease outcome,

biomarker status and response to treatment. Studies have shown how DL trained

with digitised H&E tissue specimens as input can predict outcome in patients with

brain [22], breast [23], colorectal [24, 25], and other cancers [26, 27]. Moreover,

existing molecular biomarkers can also be captured with DL [18]. For example,

estrogen (ER) and progesterone (PR) receptor status in breast cancer are well-

established therapy-specific prognostic biomarkers that predict whether a patient

is likely to respond to hormone therapy. Similarly, breast cancer patients with

ERBB2 gene amplification are more likely to respond to anti-ERBB2 targeted

therapy [28, 29]. While prognostic biomarkers aid in patient stratification according

to their risk of disease progression or death, predictive biomarkers also provide

information on how the patients should be treated and the effect of the therapeutic

intervention [30, 31]. Thus, with DL it could be possible to develop novel tissue-

based prognostic and predictive biomarkers.

1



1 INTRODUCTION

In this thesis, we study the use of DL algorithms for biomarker and outcome

prediction directly from tissue morphology of breast and colorectal tumours. Pre-

dictions of disease outcome and the efficacy of molecularly targeted treatments are

essential for the decision-making process, management and counselling of patients

with cancer. We studied whether DL algorithms trained to predict the therapy-

specific prognostic biomarker ERBB2 based on morphology only, also can predict

the efficacy of anti-ERBB2 targeted therapy with trastuzumab in patients with

breast cancer. We demonstrate how DL can complement expert-based visual tissue

analysis to provide independent prognostic information in breast and colorectal

cancer.

2



2 REVIEW OF THE LITERATURE

2 Review of the literature

2.1 Deep learning in computer vision

DL has during the last decade emerged as the state-of-the-art method within

machine learning (ML) and artificial intelligence (AI) [1]. Recent DL methods

have dramatically improved the the accuracy and efficiency of pattern recognition

and representation learning in various domains, including self-driving cars [32],

machine translation [33], finance [34], arts [35], and healthcare [36]. DL have

demonstrated particular success in computer vision tasks related to image classi-

fication [9], object detection [12, 16] and segmentation [37, 17], and shown great

potential in image-based medical diagnostics [4].

2.1.1 Introduction to artificial neural networks

Essentially, DL is a reincarnation of artificial neural networks – a broad family of

ML models composed of simple computational units called neurons. The basic idea

behind artificial neuron dates back to 1958 when a Perceptron was first conceived

as a simplified mathematical model of how neurons function in the human brain

[38]. Mathematically, an artificial neuron is a scalar product of two vectors or a

weighted sum of inputs, followed by an activation function:

a = f
(
wT x+b

)
. (1)

Here, x ∈ R
n is an n-dimensional input vector and w is a set of weights such that

each xi is associated with its weight wi, and f (·) is an activation function. Popular

activation functions have been sigmoid and hyperbolic tangent nonlinearities.

The former maps neuron outputs to [0,1] range and has a natural probabilistic

interpretation. The latter scales the output values to [−1,1]. Both functions, though,

may lead to a problem called vanishing gradients and make deep networks difficult

to train [39]. To surpass the problem, other activation functions have been proposed,

including the currently popular rectified linear unit (ReLU) [40].

A neuron in equation (1) can either take raw data values or outputs of other neurons

as inputs, suggesting that neurons can be organised in an interconnected structure

and constitute artificial neural networks. Importantly, neural connections have to

be organised in an acyclic manner. Typically, neurons are arranged in layers of

three types: input layers, hidden layers and output layers. Networks with at least

one hidden layer are often referred to as the Multi-Layer Perceptron (MLP). As

3



2 REVIEW OF THE LITERATURE

the number of hidden layers grows, the networks become deep and consequently

give rise to DL [1]. Vanilla MLP, also known as a fully-connected network - is the

simplest and most generic architecture yet not optimal in, e.g. computer vision

applications. A variety of network architectures have been designed to efficiently

handle different data types, such as image data or data that exhibit temporal dynamic

behaviour [41, 42].

2.1.2 Network architectures for computer vision

In computer vision, convolutional neural networks (CNNs) [41, 43] – a special

type of feed-forward neural networks that efficiently handle the grid-like structure

of images have a central role. As the name suggests, the CNNs are based on the

operation called convolution or cross-correlation. This operation performs pattern

matching through the multiplication of inputs at each spatial location with a kernel

– a three-dimensional matrix of weights [44]. Important properties of the CNNs

are sparse connectivity and parameter sharing [44]. These properties significantly

reduce the number of model parameters, resulting in improved computational

efficacy and reduced memory requirements compared to the fully-connected ar-

chitecture [44]. Typically, CNNs represent a feature pyramid, where blocks of

layers learn intermediate feature representations. Many variants of the original

CNN architecture have been proposed in recent years. Popular examples include,

AlexNet [45], VGG [46], ResNets [47], Inception [48].

2.1.3 Supervised learning

Many computer vision tasks, including image classification, pixel-level segmen-

tation or bounding-box object detection, can be formalised, for example either

as classification or regression and solved in a supervised fashion. In supervised

learning [44], a dataset D is represented by pairs {(x(i),y(i))}N−1
i=0 , where each data

point x(i) has a corresponding target or label y(i), and N is a the size of the dataset

drawn from a joint distribution p(x,y). A DL algorithm, e.g. a neural network with

a fixed structure is defined as a parametric function f (x;θ) that provides a mapping

between observations x(i) and corresponding labels y(i). The goal of learning is

to find an optimal set of parameters θ of the model by minimising an objective

function J(θ):

J(θ) = E(x,y)∼p(x,y) [L( f (x;θ),y)]→ min
θ

, (2)

where L(·) is the distance between model predictions and labels – a measure of the

4



2 REVIEW OF THE LITERATURE

algorithm’s performance. Since the underlying distribution p(x,y) of the data is

typically unknown, the expectation E is calculated across an empirical distribution

of the observed data p̂(x,y) that we call a training set:

E(x,y)∼p̂(x,y) [L( f (x;θ),y)] =
1

N

N−1

∑
i=0

L( f (x(i);θ),y(i)). (3)

Minimising the average training error is known as empirical risk minimisation
(ERM) [44]. Other approaches to estimate θ exist, e.g. a maximum a posteriori

probability estimate (MAP) and maximum likelihood estimate (MLE) [49].

The choice of distance measure L(·) depends on the task. For classification

problems, cross-entropy is a standard function. A binary version of the cross-

entropy (BCE) loss for model f (x;θ) that outputs predictions ŷ ∈ [0,1] looks as

follows:

LBCE( f (x;θ),y) =− 1

N

N−1

∑
i=0

yilog(ŷi)+(1− yi)log(1− ŷi). (4)

Extensions of the original cross-entropy were proposed, for example a focal loss
was introduced to address class imbalance problem for CNN-based object detectors

[50]. When f (x;θ) solves a regression problem such that ŷ ∈ R, mean squared
error (MSE) loss is a standard choice:

LMSE( f (x;θ),y) =− 1

N

N−1

∑
i=0

(yi − ŷi)
2. (5)

As the loss function is defined, the training procedure aims to minimise the loss by

iteratively updating the parameters of the model. The gradient of the loss function

with respect to the parameters of the model defines the best direction along which

the parameters should be changed:

�θ L( f (x;θ),y) =
∂L
∂θ

=

[
∂L
∂θ1

,
∂L
∂θ2

, ...,
∂L
∂θn

]
. (6)

Calculating first-order partial derivatives of the loss with respect to θ is done using

the backpropagation algorithm [51] or the chain rule [49]. Once the gradients can

be computed, the Gradient Descent algorithm is applied by repeatedly calculating

the gradient and performing a parameter update until a specific stop criterion is

met. In practical applications with large-scale datasets, which is often the case in

computer vision, computing the loss function on the entire training set becomes

5
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problematic. To overcome this challenge, the loss function can be approximated

on batches - smaller portions of training data. This is referred to as mini-batch

or stochastic mini-batch gradient descent (SGD). The algorithm for implementing

mini-batch SGD is given below:

Algorithm 1: Mini-batch Gradient Descent Algorithm

Requre: D - training data;

θ ← initialise model parameters;

η ← initialise learning rate;

while stop criterion not met do
{(x(batch),y(batch))} ← sample a mini-batch of m pairs from D;

Compute outputs: ŷ(batch) ← f (x(batch);θ);
Compute gradient: ĝ ← 1

m�θ L(ŷ(batch),y(batch));

Apply update: θ ← θ −η ĝ
end

The result of the training procedure heavily depends on a hyperparameter η called

learning rate. Typically, the learning rate is initialised with a small positive value.

e.g. 10−3, which defines the size of a step that SGD takes along the gradient

(downhill) at each iteration. Original SGD have seen many modifications meant to

improve the speed of convergence [52]. Some recent and popular versions of SGD

include Adagrad [53], Adadelta [54] and Adam [55]. Most of them leverage the

idea of the adaptive learning rate for the individual parameters, which is claimed to

improve the speed and convergence of the models.

2.1.4 Regularisation and model selection

DL models are often overparameterised, which can lead to overfitting - an undesired

effect when a model demonstrates high accuracy on a training set but fails to

generalise to a new, unseen set of data. Model generalisation is often assessed by

splitting the dataset at hands into three non-overlapping parts:

• Training set – used to estimate model parameters θ ;

• Validation set – used for hyperparameter (e.g. number of hidden layers,

learning rate) tuning and for early stopping;

• Test set – used to obtain an unbiased estimate of model performance on

unseen data.

Often, cross-validation is used for hyperparameter tuning and model selection

[56, 57]. Particularly, the dataset is split into K equally-sized non-overlapping

6



2 REVIEW OF THE LITERATURE

folds. Then, K −1 folds are used for training, and the kth fold is used for validation.

The process is repeated K times, shuffling the folds in such a way that a different

validation set is used at each iteration.

A common approach used for decades to improve model generalisation is to add a

regularisation or parameter penalty term R(θ) to the equation (3), such that ERM

parameter estimates θ̂ are obtained by solving equation (7):

θ̂ = argmin
θ

1

N

N−1

∑
i=0

L( f (x(i);θ),y(i))+ γR(θ), (7)

where γ ∈ [0,∞] is a hyperparameter that defines the strengths of regularisation.

Two popular choices of R(θ) in neural networks and other ML models are lasso
regression [58] and ridge regression [59]. The former is know as L1 regularisation

and takes the form of ∑ |θ |, the later is called L2 and defined as ∑θ 2. Intuitively,

L1 leads to sparse θ during training, whereas L2 enforces diffuse values of θ by

pushing model parameters towards 0. A combination of both is called elastic net
[60]. It is possible to demonstrate that using L1 in equation (7) is equivalent to

MAP estimate for θ with a Laplace prior [61], whereas L2 becomes equivalent to

Gaussian prior [62].

In a supervised setting, multitask learning [63] has been proven effective to yield

better generalisation of the models. The "multitasking" is achieved by introducing

additional output nodes to the network to predict different but related targets, i.e.

solving several tasks simultaneously. The tasks still share common inputs and

hidden layers, hence imposing additional constraints on the parameters of the model

[64].

More recently, a dropout technique was introduced to address regularisation

specifically in deep neural networks [65]. It keeps individual neurons inactive

during training with some probability p (a hyperparameter) and can effectively

complement L1 and L2.

Image augmentation [66] methods have an important role in computer vision.

These methods are particularly effective when data labelling for supervised training

is laborious, time-consuming and expensive. In that situation, the training set can

be significantly enlarged by augmenting existing labelled data and creating new

artificial observations. Image transformations often used to generate augmented

data include rotations, flipping, shears, adding noise and performing contrast and

brightness perturbations [67].
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2.2 Preparation and visual examination of tissue specimens for
research and diagnostic purposes

Visual microscopic assessment of tissue morphology, supplemented by molecular

methods, such as immunohistochemistry and in situ hybridization, are standard

methods in cancer diagnostics and research [68]. The cancer tissue morphology,

protein and gene expression pattern, characteristics of the tumour microenvironment

are associated with the aggressiveness of the disease, risk of recurrence and efficacy

of specific treatments [69]. Below we briefly summarise the main steps for tissue

preparation, staining and visual examination used for diagnostic and research

purposes.

2.2.1 Sample preparation and staining

After a tissue sample is obtained from the patient during surgery or as a biopsy,

it requires preparation to prevent tissue degradation and preserve morphological

structures, and molecular composition [70]. First, the tissue is immersed and fixed

in a formaldehyde (formalin) solution, then dehydrated using ethanol and finally

embedded into paraffin [70]. The resulting formalin-fixed paraffin-embedded

(FFPE) tissue blocks are then typically cut into 3-5 μm thick sections with a

microtome and mounted onto microscopic glass slides for diagnostic and research

purposes, and the remaining tissue blocks can be archived for later use [70].

Pathology laboratories typically prepare one or more tissue blocks per tissue

specimen, and multiple slides are cut from each block, which subsequently are

subject to different stainings. A technique called tissue microarrays (TMA) was

developed to gather tissue from multiple specimens into a single tissue block [71].

That is achieved by punching 0.6 - 1 mm cylinder-shaped tissue cores from different

FFPE blocks and transferring those to a densely and precisely arrayed recipient

block. As a result, up to 100-150 individual patient samples can be represented on

the same slide cut from a TMA block and analysed simultaneously [72].

Tissue sections are transparent and almost colourless; thus, they need to be stained

or dyed to make tissue components visible. Various staining procedures have

been developed to increase contrast, visualise the morphological structures and

highlight specific tissue entities [73]. The most common staining protocol is based

on a combination of hematoxylin and eosin (H&E) dyes [68]. Hematoxylin stains

the DNA of the cell nuclei dark blue, whereas eosin stains the cytoplasm and

extracellular components pink. Other tissue structures take up a combination of

those colours with different shades, hues, and textures [68]. Another commonly
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used staining technique is immunohistochemistry (IHC) [74]. In contrast to the

H&E, IHC relies on the specific interaction between an antigen and an antibody

directed against it. The antibody-antigen interaction is visualised using chromogenic

or fluorescent methods. The IHC method is beneficial in identifying and localising

specific proteins of interest, individual cells and cell populations [74].

2.2.2 Visual tissue examination in cancer diagnostics

Pathologists examine tissue samples under a microscope to assess morphological

characteristics of tumour tissue, including the exact size of lesions, patterns of

growth, surgical margins, histological type and grade, the presence and quantity of

specific cell types, as well as expression of proteins and genes through molecular

methods. Specifically, the histological grade is a measure of the degree of tumour

differentiation. Tumours that closely resemble normal tissue with regards to

morphological features are considered well differentiated, and tumours that have lost

their resemblance with healthy tissue are considered poorly differentiated. Poorly

differentiated are more aggressive and likely to metastasise [75]. Grading systems

differ depending on the cancer type, e.g., a three-tier grading system in breast

cancer is based on a semiquantitative assessment of the following morphological

features: percentage of tubule formation, the degree of nuclear pleomorphism, and

a mitotic count within a defined tissue area defined by fields-of-view analysed

by microscopy [75]. A four-tier standard used for grading colorectal cancer is

defined by the degree of glandular structures formation and the least differentiated

tumour areas [76, 77]. Tumour size and type, lymph node status and presence of

distant metastases constitute the stage of the disease [78]. The TNM classification

is the most widely used cancer staging system [78]. Other tissue features that can

be assessed by pathologists include the presence of tissue necrosis, immune cell

infiltration, cancer-induced angiogenesis, and various stromal features associated

with cancer [69].

Molecular pathology is an essential component of cancer diagnostics that sup-

plements the examination of tissue morphological features [79]. It is typically

performed through IHC to evaluate specific proteins that serve as prognostic

and therapy-specific biomarkers. Prognostic biomarkers provide information

about patient outcome regardless of treatment, whereas therapy-specific prognostic

biomarkers give information on the likelihood that a patient will respond to a

certain therapeutic intervention [30]. Molecular characterisation of tumours allows

to better understand underlying molecular pathways that drive the disease and tailor

the therapy for individual cancer patients. For example, hormone receptor status as

assessed by IHC analysis of estrogen receptor (ER) and progesterone receptor (PR)
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status is routinely determined in the diagnosis of breast cancer [28]. Overexpression

of HER2 protein – human epidermal growth factor receptor 2, encoded by amplified

ERBB2 gene, is an established prognostic and therapy-specific biomarker. Amplified

ERBB2 gene is a molecular alteration that can be targeted with anti-ERBB2 therapy,

such as trastuzumab [29]. Other biomarkers that complement the diagnosis of breast

cancer include proliferative activity of tumours evaluated through IHC analysis of

the Ki67 protein [80]. Ki67 is expressed in dividing cells and serves as a prognostic

biomarker [80, 81] in the management of various malignancies.

10
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2.3 Deep learning for cancer tissue analysis

2.3.1 Applications in cancer diagnostics

Deep learning-based approaches within digital pathology and cancer research have

already shown promising results in a substantial series of image-based quantifi-

cation and classification tasks and have the potential to address issues related to

reproducibility and throughput in tissue examination within pathology [82]. The

development of microscopy scanners, capable of digitising entire tissue specimens

and produce so-called whole-slide images (WSIs), allow both visualisation and

image analysis of the digital samples for diagnostic and research purposes [83].

Digitisation of large retrospective series of tissue samples combined with com-

prehensive clinical information, such as information on outcome and treatment

[84, 85, 86] provide opportunities for mining knowledge about the disease, improve

cancer diagnostics and support clinical decision-making [4].

Conventional tasks in tissue examination within pathology that have been success-

fully tackled with DL methods include counting mitosis [87, 13], quantifying

tumour-infiltrating immune cells [15, 16, 17], assessing the grade of tumour

differentiation [88, 89], segmenting specific tissue entities such as glands [90, 91],

stroma [92], vascular structures and other tissue components [93]. Quantification

of these tissue entities often serves as intermediate steps to address “higher level”

biological and clinical questions such as response to treatment, need for surgical

intervention, and disease outcome prediction. With DL, it has become possible to

go beyond expert-supervised tasks in tissue analysis [94, 5] and directly predict

clinical endpoints, such as disease outcome [23] and response to treatment [18].

Recent studies demonstrate that using digitised tumour samples stained for basic

morphology, it is possible to extract information not readily discernible by the

human eye. For example, molecular and genomic alterations can be reflected in the

tissue morphology and identified with DL algorithms [95].

2.3.2 Outcome prediction

Early studies that addressed cancer outcome prediction directly from the tumour

morphology as revealed by H&E staining relied on conventional image feature

extraction followed by a machine learning classifier such as Support Vector Machine

(SVM) [96] or logistic regression. Examples include survival prediction in the lung

[97, 26, 98] and breast cancer [99]. With the advances in DL methods, researchers

have started to adapt convolutional neural networks (CNNs) for feature extraction

as a powerful alternative to hand-crafted features.
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CNNs have been trained using tissue entity labels made by experts and supervised

learning approaches to quantify tissue entities that are known to be predictive of

survival. For example, the tumour-stroma ratio has been shown to be an independent

prognostic factor in various solid tumours, including breast, colorectal and lung

cancer [100]. A study on colorectal cancer used CNNs to classify tumour and

stroma regions in TMAs and demonstrated that a high stroma to tumour ratio was

associated with a worse prognosis than a low stroma ratio in patients with rectal

cancer [101]. Similarly, in a study on outcome prediction in colorectal cancer,

CNNs were used to segment cancer-associated stroma, tumour epithelium, and

lymphocytes in WSIs, followed by survival analysis [25]. The results showed that

a “deep stroma score” was an independent prognostic factor for patient overall

survival with a hazard ratio (HR) of 1.63. In prostate cancer, a pre-trained CNN

(Inception-V3) [102] was used for patch-level Gleason pattern [103] segmentation

which was then used in risk stratification for disease progression [104].

Another group of studies used CNN-derived features to perform outcome predic-

tion with no direct domain expertise involved. One of the first purely outcome-

supervised methods used a pre-trained VGG-16 [46] architecture to extract image

features from colorectal cancer TMA samples [24]. A recurrent architecture was

then trained on VGG feature vectors to jointly aggregate patch-level information and

predict five-year cancer-specific survival [24]. A related approach for TMA-based

breast cancer outcome prediction combined pre-trained VGG-16 feature extraction,

feature pooling with Improved Fisher Vector encoding and classification with SVM

[23]. A similar study on breast cancer also combined VGG-16 features with SVM

to predict the risk of recurrence based on H&E-stained TMA samples [105]. Fully

end-to-end (without intermediate steps) outcome-supervised methods have been

studied for survival prediction in patients with brain [22, 106], lung cancer [106],

mesotheliomas [107], colorectal cancer [108], and across ten different cancer types

[27] based on data from The Cancer Genome Atlas (TCGA) [86]. Moreover, the

study on TCGA Low-Grade Glioma (LGG) and Glioblastoma (GBM) cohorts

integrated information on genomic biomarkers with morphology-derived features

to improve the prognostic accuracy of DL models [22].

Some unsupervised approaches for tissue image subtyping, i.e. clustering, based on

visual similarity, were used on digitised tissue samples of cholangiocarcinoma

[109], and various cancer types [110] from the TCGA archive. Histological

tissue subtypes/clusters were then evaluated using Cox survival regression. A

comprehensive study across 28 TCGA cancer types also utilised transfer learning

with the Inception architecture to predict patients’ survival [111].

12



2 REVIEW OF THE LITERATURE

2.3.3 Biomarker and treatment response prediction

Several studies have investigated the prediction of molecular biomarkers in breast

cancer directly from H&E samples. Prediction of ER status was approached with

DL [105] and using nuclear morphometric pattern analysis [112] on breast cancer

TMA samples. Later, morphological properties of breast cancer were analysed

to find associations with ER, PR, Ki67, and HER2 expression in TMA tissue

specimens [113]. Recent studies expanded receptor status prediction in breast

cancer by analysing WSIs of tissue sections [114, 115, 116, 95]. The performance

of the DL algorithms used for biomarker prediction in breast cancer has varied

depending on the size of the datasets used for training and validation.

In gastrointestinal cancers, microsatellite instability was predicted directly from

WSIs of tissue specimens [19]. Moreover, it was demonstrated that messenger

RNA expression can be predicted from WSIs of H&E samples [81], and across 28

different tumour types, including breast and colorectal cancers [21].

With DL, it becomes possible to identify morphological features of tumour tissue

that could be predictive of a positive response to both chemotherapy [117, 118] and

targeted therapy [18]. Most of the cancer therapies are effective only in a subset

of patients; thus, a more accurate segregation of responders from non-responders

can help to minimise side effects of the treatments [18]. One way to predict

treatment response from the H&E tumour tissue samples is through already known

molecular biomarkers, e.g. hormone-receptor status and ERBB2 gene amplification

in breast cancer patients [116]. Alternatively, treatment response can be predicted

directly from the basic morphology images, without intermediate identifications of

predefined molecular biomarkers [18].

Since treatment response information is typically not readily available, few studies

explored the feasibility of tissue-based therapy-specific prognostic biomarkers.

Prediction of response to neoadjuvant chemotherapy using histological tissue

images has been investigated in breast cancer patients [117, 118]. Pathological

complete response prediction with DL achieved a ROC AUC of 0.847 on a validation

set of 117 breast cancer patients [118]. Prediction of response to immunotherapy

has been addressed in patients with malignant melanoma and non-small cell lung

cancer directly from H&E-stained tissue samples [119, 120].

Similarly to outcome prediction, prediction of treatment response can lead to the

identification of novel tissue-based biomarkers and have an impact on clinical

decision-making [18].
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2.4 Methodological aspects of survival modelling

Statistical methods that model expected time before a particular event of interest

occurs, as a function of covariates, are called Survival Models [121]. In the context

of cancer outcome prediction, examples of such events could be local or regional

disease recurrence, development of distant metastasis or death. Each patient is

treated as an individual observation followed for a specific duration of time. We refer

to this time as a follow-up time, during which the event may or may not occur. Time-

to-event data present challenges that stem from incomplete observations, known as

censored observations [122]. Censoring refers to the situation when an individual

is lost to follow-up for whatever reason, or situations when information, whether

the event of interest occurred or not, is not available [122]. Established and widely

used methods that deal with censored data include the non-parametric Kaplan-

Meier estimator [123], and Cox survival regression [124]. The Cox regression is

a linear model with a restrictive assumption that the effect of the covariates does

not change over time, i.e. is independent of time. Therefore, the original Cox

method is frequently referred to as a proportional hazards regression. Violating the

assumption of proportional hazards (PH) may lead to faulty conclusions, though

it is rarely checked for in practical applications [125, 126, 127]. Variations of the

original Cox method have been proposed with relaxed assumptions [128, 129], as

well as alternative approaches such as the accelerated failure time model [130].

However, these approaches are less frequently used.

Extensions of some traditional machine learning algorithms such as survival SVM

[131], and Random Survival Forest [132] have been developed to handle censored

data. None of the methods described above are designed to work with raw image

data and require preliminary image feature extraction. This is where convolutional

neural networks have prominent advantages and researchers have started to combine

feature extraction with CNNs with established statistical models to perform image-

based survival modelling. The most relevant studies in the field of digital pathology

[105, 24, 104, 101] have been cited in the previous chapters.

More advanced neural network-based approaches have adopted the original Cox

Partial Likelihood for end-to-end modelling of time-to-event data. This method

was first described as a DeepSurv neural network [133] and based on the work that

dates back to 1995 [134]. In the following paragraphs, we will take a closer look at

this method.

Formally, in survival analysis each observation i can be expressed as a triple

(xi, ti.δi), where xi is a set of covariates, ti > 0 is the follow-up time or time-to-

event, and δi ∈ 0,1 is the binary event indicator or censoring status. The Cox PH
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model estimates the risk or a probability of the event to occur at time t, given that

the individual has survived until that time. This is called a hazard function, and in

the Cox framework, it is expressed as follows:

λ (t,x) = λ0(t)exp(β T x). (8)

The first term of the hazard function in equation (8) is called the baseline hazard and

depends only on time. The baseline hazard remains unspecified; thus, no particular

survival time distribution is assumed in the model. That is one of the reasons why

the Cox PH model has been commonly used. The second term depends only on

the covariates xi but not time. That fact defines the proportional hazard assumption,

i.e. the effects of covariates on survival are constant over time; β is a vector of

regression coefficients.

It is essential to briefly explain the estimation of the Cox PH model as it directly

affects how the model can be adapted for image-based time-to-event modelling

with DL. The full maximum likelihood requires to specify the baseline hazard λ0(t).
In 1972 a partial likelihood [124] that depends only on the parameters of the model

and does not depend on the underlying hazard function λ0(t) was proposed:

L(β ,x) = ∏
i:δi=1

(
ehi

∑ j:t j≥ti eh j

)
, (9)

where hi = β T xi - predicted risk for individual i; The corresponding log partial

likelihood is:

l(β ,x) = ∑
i:δi=1

(
hi − log ∑

j:t j≥ti

eh j

)
. (10)

Minimising the log-likelihood in equation (10) turns the outcome prediction task

into a ranking problem. Several studies have used this method for direct outcome

prediction from tumour tissue morphology [110, 22, 107, 135].

The likelihood function in equation (10) only considers the subjects that experienced

the event by the end of follow-up. Censored observations are included only in the

risk set, i.e. in the denominator of the equation (9). Importantly, equation (9)

is valid only for continuous-time survival data, which is not the case in most

practical applications where multiple events may occur at the same (discrete) time,

i.e. resulting in ties. The most common approaches to handle tied data are Breslow

[136] and Efron [137] approximations to the discrete likelihood and the exact
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method that considers all possible orders of events that occurred at the same time.

The exact approach becomes computationally intensive as the number of ties grows.

Efron’s method is considered to give a better approximation to the original partial

likelihood [138]:

L(β ,x) = ∏
i:δi=1

[
∏ j∈Hi eh j

∏m−1
l=0

(
∑ j:t j≥ti eh j − l

m ∑ j∈Hi eh j
)
]
, (11)

where Hi is a set of individuals that failed at time i, and m is a number of ties; The

corresponding log likelihood looks as follows:

l(β ,x) = ∑
i:δi=1

(
∑
j∈Hi

h j −
m−1

∑
l=0

log
(

∑
j:t j≥ti

eh j − (l/m) ∑
j∈Hi

eh j
))

. (12)

Still, most practical applications within cancer research and pathology have relied

on the Breslow approximation or original likelihood, ignoring ties. A non-vision-

based study on patient-specific kidney graft survival analysis with DL-adapted

Efron’s method [139].

Cox Partial Likelihood adaptation in DL has its limitations, e.g. lack of hazard

proportionality [127]. A Complete Hazard Ranking (Guan Rank) method was

proposed to address some of the limitations [140]. The Guan Rank algorithm

assigns hazard ranks to all observations in the training set, including the censored

ones. That provides a complete set of labels for subjects and allows to train arbitrary

regression algorithms, e.g. a DL model in an end-to-end fashion [140].

16



3 AIMS OF THE STUDY

3 Aims of the study

The overall aim of this doctoral thesis was to investigate whether patient outcome

and tumour biomarker status can be predicted from cancer tissue morphology by

deep learning applied to digitised H&E-stained tumour specimens.

Specifically, the aims were:

1. To assess whether patient outcome can be predicted from tissue morphology

of breast and colorectal cancer samples using outcome and biomarker super-

vised deep learning

2. To study if ERBB2 gene amplification can be predicted directly from tissue

morphology in breast cancer

3. To assess if the efficacy of a molecularly targeted treatment in breast cancer

can be predicted based on tissue morphological features learned through

biomarker supervised deep learning
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4 Materials and methods

4.1 Patient series and samples

4.1.1 Colorectal cancer tissue microarray series (I)

In Study I, we investigated whether patient outcome can be predicted based on

digitised H&E-stained tissue samples of primary colorectal cancer using an outcome

supervised DL approach. The samples originated from a retrospective cohort of

641 consecutive patients diagnosed with colorectal cancer. All patients underwent

primary tumour resection at the Helsinki University Central Hospital in 1989-1998

[141]. Tissue cores were punched from the most representative areas of the original

formalin-fixed and paraffin-embedded (FFPE) tumour blocks, i.e. typically from

the least differentiated parts of the tumour and assembled into tumour TMA blocks.

Then, the TMA blocks were cut into four-micrometre thick sections, stained for

basic morphology (H&E) and digitised with a WS scanner.

Patient survival data, i.e. follow-up time and disease outcome were available for

each of the patients. This information was obtained from the Finnish Population and

Register Centre and Statistics Finland. Clinicopathological characteristics related

to the patients were extracted from pathology reports and included histological

grade and Dukes’ stage of the disease. Additionally, each TMA spot, representing

a patient’s tumour, was classified by three pathologists low-risk and high-risk

groups. The experts were blind to patient outcome and were guided purely by the

morphology of each TMA sample. A consensus score defined by a majority vote

among the three experts was derived and referred to as a Visual Risk Score. The

Visual Risk Scoring was performed to allow direct comparison of expert-based and

DL-based patient outcome prediction (Table 1).

A total of thirty-nine patients were excluded from the analysis. Twenty-four patient

samples were detached or had no tumour tissue. Fifteen patients were excluded due

to misdiagnosis or postoperative death.

Ethical approvals were obtained from The Hospital District of Helsinki and Uusimaa

(Dnro HUS 226/E6/06, extension TMK02 §66 17.4.2013) and the National Super-

visory Authority for Welfare and Health (Valvira Dnro 10041/06.01.03.01/2012).

Written informed consent was not required because patient consent could not

be obtained since the study was retrospective and the number of specimens was

extensive.
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Table 1: Clinicipathological characteristics of the colorectal cancer patients.

Included Patients All patients

No. of patients 420 641

Age at diagnosis (years)
< 50 53 (12.6%) 77 (12%)
50 - 64 123 (29.3%) 189 (29.5%)
65 - 74 145 (34.5%) 216 (33.7%)
� 75 99 (23.6%) 159 (24.8%)
Average 65.4 65.9

Gender
Male 227 (54%) 340 (53%)
Female 193 (46%) 301 (47%)

Stage
Dukes’ A 51 (12.1%) 93 (14.5%)
Dukes’ B 141 (33.6%) 231 (36%)
Dukes’ C 114 (27.1%) 166 (25.9%)
Dukes’ D 114 (27.1%) 149 (23.2%)
NA 0 (0%) 2 (0.3%)

Histological grade (WS)
Low (I-II) 285 (67.9%) 439 (68.4%)
High (III-IV) 135 (32.1%) 200 (32.5%)
NA 0 (0%) 2 (0.3%)

Visual Risk (TMA)
Low 173 (41.2%) -
High 225 (53.6%) -
NA 22 (5.2%) -
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4.1.2 Breast cancer FinProg tissue microarray series (II, III)

In Study II and III, breast cancer H&E-stained FFPE TMA tumour samples were

collected from the FinProg original series [85] and from the FinProg validation

series [142]. The original FinProg series is a nationwide cohort that consists of 93%

of all breast cancer cases diagnosed in 1991 and 1992 within five selected geograph-

ical regions in Finland [143]. The FinProg validation cohort included 565 women

treated for breast cancer at the Departments of Surgery and Oncology, Helsinki

University Hospital in 1987-1990. The combined FinProg and FinProg validation

set included 2,313 patients. A total of 1,047 patient samples were available for

analysis after the exclusions (Table 2) (described in Study II, supplementary figure

1).

Table 2: Clinicipathological characteristics of the FinProg patients.

Training
and tuning

N = 693

Test set
patients
N = 354

Included
patients

N = 1047

All
patients

N = 1299

N % N % N % N %

Histological grade (WS)
I 98 14.1 68 19.2 166 15.9 226 17

II 244 35.2 127 35.9 371 35.4 450 35
III 168 24.2 68 19.2 236 22.5 273 21

NA 183 26.4 91 25.7 274 26.2 350 27

ERBB2 status (CISH)
Negative 557 80.4 288 81.4 845 80.7 944 73
Positive 136 19.6 66 18.6 202 19.3 216 17

Na 139 10

Estrogen receptor
Negative 221 31.9 111 31.4 332 31.7 364 28
Positive 472 68.1 243 68.6 715 68.3 812 63

NA 123 9

Progesterone receptor
Negative 326 47.0 163 46.0 489 46.7 539 41
Positive 367 53.0 191 54.0 558 53.3 638 49

NA 122 9

Cancer-specific survival
Censored 483 69.7 254 71.8 737 70.4 979 75

Uncensored 210 30.3 100 28.2 310 29.6 205 16

Patient clinical information, tumour characteristics and patient outcome were

retrieved from the hospital records, the Finnish Cancer Registry and Statistics

Finland. Those included histological grade, tumour size, stage, axillary lymph
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node status, estrogen (ER) and progesterone (PR) receptor expression, ERBB2
gene amplification and patient survival (Table 2). Additionally, the following

characteristics regarding the patient tumours were assessed by a pathologist via

visual examination of the digitized tumour TMA samples:

• Degree of immune cell infiltration: Low / High

• Pleomorphism: Minimal / Moderate / Marked

• Mitotic events per 1 high-power field: <1 / 1 / >1

• Tubule formation: <10% / 10 - 75% / >75%

• Necrosis: absent / present

Similar to the colorectal cohort described above, a Visual Risk Score (low vs. high)

was assigned to each patient based on the visual assessment of the corresponding

H&E-stained TMA samples. Follow-up time with disease-specific outcome was

available for each patient.

ER and PR receptor expression was determined for each tumour sample with

immunohistochemistry [85]. Quantification of ERBB2 gene amplification was

performed by chromogenic in situ hybridisation (CISH). Ethical approvals were ob-

tained from The Hospital District of Helsinki and Uusimaa (Dnro 94/13/03/02/2012)

and the National Supervisory Authority for Welfare and Health (Valvira Dnro

7717/06.01.03.01/2015).

4.1.3 Breast cancer FinHer whole-slide image series (II, III)

Studies II and III also comprised 712 H&E-stained FFPE WS tumour sections from

the FinHer trial (ISRCTN76560285) [144]. The trial included 1,010 women with

primary breast cancer that had undergone breast cancer surgery [84]. Expression

of ER, PR and ERBB2 was determined with IHC and ERBB2 gene amplification

was confirmed with CISH (Table 3). Patients with ERBB2-positive cancer (N=232)

were randomly assigned either to receive or not to receive adjuvant anti-ERBB2
treatment (trastuzumab; Herceptin). The study was approved by the institutional

review board (HUS 177/13/03/02/2011). Patients’ written informed consent was

acquired for further research to be carried out on in their tissue material.
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Table 3: Clinicipathological characteristics of the FinHer patients.

Included
patients
N = 712

All
patients

N = 1009

N % N %

Histological grade (WS)
I 95 13.3 150 14.9
II 276 38.8 397 39.3

III 303 42.6 414 41.0
NA 38 5.3 48 4.8

ERBB2 status (CISH)
Negative 548 77.0 776 76.9
Positive 164 23.0 233 23.1

Estrogen receptor
Negative 211 29.6 280 27.8
Positive 501 70.4 729 72.2

Distant disease-free survival
Censored 593 83.3 846 83.8

Uncensored 119 16.7 163 16.2

4.2 Digitisation of samples

Digitisation of tissue samples was performed with a WS image (WSI) scanner

(Pannoramic 250 FLASH, 3DHISTECH Ltd., Budapest, Hungary). The scanner

was equipped with a 20x objective, numerical aperture 0.80. Acquired images were

initially stored in a MIRAX WSI file format (3DHISTECH Ltd.). MIRAX files

were further converted to an Enhanced Compressed Wavelet (ECW) file format

(developed by Earth Resource Mapping, currently owned by Hexagon, Stockholm,

Sweden). The ECW files were compressed with the ratio 1:10 and uploaded to the

WS management server (Aiforia Technologies OY, Helsinki, Finland) for long-term

storage, and visual exploration. Pixel size of the resulting images represented an

area of 0.22μm x 0.22μm.
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4.3 Computer vision methods

4.3.1 Image pre-processing and augmentation

In Study I, a grid of tiles was generated from each of the digitised TMA images

with an average size of 3500 x 3500 pixels. The size of each tile was 224 x 224

pixels and determined by the input size of the VGG-16 [145] convolutional neural

network (CNN) used as a feature extractor. A total of 256 tiles (16 x 16 grid)

overlapped by 15 pixels were extracted from each TMA image. Extracted tiles were

then colour-channel-normalized according to the mean pixel values calculated on

the ImageNet [146] training set: (Red: 123.68; Green: 116.779; Blue: 103.939).

No image augmentation was applied in Study I.

In Study II and III, we utilized the same strategy for image pre-processing and

augmentation on the FinProg and the FinHer tissue images. The size of individual

TMA spot image was 3500 x 3500 pixels on average. When training on the FinProg

TMA spot images, square crops were extracted at a random location. One crop of

size 950 x 950 pixels per TMA spot was extracted at each training iteration, i.e. at

each epoch the networks were supplied with a different set of crops that originated

from various locations of the individual TMA spots included in the training set. A

batch of 16 random crops constituted one training iteration for outcome prediction

in Study II and biomarker prediction in Study III. Thus, in both studies, we used

input tensors of size [950, 950, 3, 16] (height, width, colour channels, batch size).

All input tensors were normalized with mean and standard deviation, as estimated

on the training-set images: mean - (Red: 0.8198558, Green: 0.78990823, Blue:

0.91205645), standard deviation - (Red: 0.1421396, Green: 0.15343277, Blue:

0.07634846).

After image normalisation, we performed on-the-fly training image augmentations

using SOLT data augmentation library (https://github.com/MIPT-Oulu/solt)
[147] with the following parameters:

• random scaling with 0.5 probability and 0.3 scale range

• random rotation with 0.5 probability and ± 90-degree range

• random shear with 0.5 probability and 0.2 shear range

• random gamma correction with 0.5 probability and 0.3 gamma range

A centre crop of size 2100 x 2100 pixels was extracted from the FinProg TMAs at

validation and test phases. No image augmentation was applied at validation and

testing.

For evaluations on the FinHer patient series in Study II and Study III, the WS

images first passed a quality check. We used the HistoQC [148] quality control
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tool with default parameters to exclude image regions with artefacts such as out

of focus and blurry areas, tissue folding, pen markings, bubbles, and coverslip

edges. Non-overlapping tiles of 950 x 950 pixels with a step size of 950 pixels were

extracted from the qualified regions of the WS tissue images. Since the FinHer

tissue material was used solely for model evaluation, no augmentations were applied

to the extracted tiles.

4.3.2 Outcome prediction for colorectal cancer

For the colorectal cancer outcome prediction task, we utilised a transfer learning

approach. We used the VGG-16 convolutional neural network [145] trained on the

ImageNet dataset [146] and, without additional fine-tuning, extracted intermediate

activations from the second last fully-connected layer. The VGG-16 activations

were extracted from each tile individually and, in total, from 256 tiles from each

TMA spot image. Individual tiles were propagated through the VGG-16 network

to generate 4096-bin feature vectors. These feature vectors served as input to

the downstream classifiers trained to predict a five-year disease-specific outcome.

Specifically, a linear Support Vector Machine (SVM), a gaussian Naive Bayes

classifier and a Logistic Regression were trained in a binary classification setting

to predict whether a patient survived five years after the initial diagnosis or died

of cancer. These traditional machine learning algorithms were used to establish a

baseline classification performance and were then compared with a proposed DL

approach.

The DL method proposed consisted of a three-layer one-dimensional Long Short-

Term Memory (LSTM) [42] recurrent architecture that was trained to perform

the same binary classification task. The LSTM network had 264, 128 and 64

memory cells at the first, second and third hidden layers respectively. A hyperbolic

tangent non-linearity was used for all hidden units. The architecture was trained

with a binary cross-entropy loss function and Adadelta [54] - an adaptive learning

rate optimiser using default parameters (learning rate 1.0, decay 0.0). The LSTM

network performed image summarisation and classification jointly as one task.

The LSTM architecture training was performed in three-fold cross-validation with

220 training samples, 60 validation samples, and 140 samples in the test set at each

fold. Regularisation techniques included Elastic Net [60] (l1: 0.005; l2: 0.005)

applied at each hidden layer of the LSTM. The input and the last hidden layers

adopted dropout method [65] at training phase.

In contrast to the LSTM, the other (baseline) algorithms used for classification could

not integrate information from multiple image tiles, thus required additional steps to
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aggregate features extracted from individual tiles. To this end, we adopted Improved

Fisher Vectors (IFV) encoding [149] and produced global descriptors of TMA spots.

This transformation resulted in 2048-dimensional IFV representations of TMA

images and served as input to the traditional (not DL) classifiers. Finally, these

classifiers we trained on the same three-fold cross-validation splits as described

above.

4.3.3 Outcome and biomarker prediction in breast cancer

For breast cancer outcome and biomarker prediction tasks, we also utilised a transfer

learning approach. Our DL model was built around a ResNet [47] convolutional

neural network backbone, pre-trained with ImageNet [146]. In our network archi-

tecture, convolutional feature maps from the ResNet-34 backbone were globally

average pooled [150] to produce a fixed-size feature vector, making the pipeline

flexible with regards to the input image size. The pooled feature vectors were then

passed through two types of fully connected branches, where one branch predicted

disease outcome, and the other branches performed biomarker status classification.

Thereby, in addition to predicting the primary endpoint, i.e. breast cancer-specific

survival, the network jointly learned to predict the ER and ERBB2 status of the

tumour samples. Predicting multiple endpoints simultaneously is referred to as

multi-task learning [63].

The outcome prediction problem was turned into a regression task with the mean

squared error loss (MSE) using a GuanRank transformation [140]. The GuanRank

is a non-parametric ranking-based technique that transforms time-to-event data

into a linear space of hazard ranks representing breast cancer-specific survival for

each patient. Focal loss (alpha=0.25, gamma=2) [50] was used to optimise the

biomarker status prediction branches in solving the binary classification task. The

focal and MSE losses were combined for end-to-end training of the entire multi-task

architecture.

The outcome and biomarker prediction DL pipeline was trained on the FinProg

TMA images with five-fold cross-validation. Stratified sampling in cross-validation

preserved target class distributions within each fold. During the first three epochs,

only the weights of fully-connected branches were optimised. Then, the last three

convolutional layers of the ResNet backbone were released and trained for 100

more epochs together with the fully connected layers.

For training, we used Adam [55] – an adaptive learning rate optimisation algorithm

with an initial learning rate set to 1e-4. The learning rate was decreased by a factor

of 10 at epoch number 10 and number 50. The L2 regularisation term was added to
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the loss function with a weight decay parameter set to 1e-3. A dropout layer [65] (p

= 0.3) was introduced before the fully connected branches. The convolutional stack

of our architecture was fine-tuned from the ImageNet pre-trained weights, whereas

the fully connected blocks were initialised with random weights.

Evaluation of the models trained in cross-validation was performed on the FinProg

test-set TMA samples and the FinHer WS samples. The FinHer tumour samples

were not used for training, thus served as an independent test-set patient series.

4.3.4 Activation maps for biomarker prediction

We applied two different approaches to understand what drives network decisions

in predicting ERBB2 gene amplification from the H&E tumour samples. First, we

gathered network predictions for the ERBB2 gene amplification and overlaid those

on top of the corresponding locations of the WS tissue sections from the FinHer

dataset (H&E-ERBB2 score maps). The score maps allow studying the distribution

of ERBB2-associated morphologies within and across the tissue samples. Then,

we applied a Gradient-weighted Class Activation Mapping technique - Grad-CAM

[151]. The Grad-CAM identified tissue image features that were most informative

to determine the ERBB2 gene amplification status. The results from both approaches

were visualised as heatmaps.

4.4 Performance evaluation and statistical analysis

Statistical analysis of time-to-event data included a non-parametric Kaplan-Meier

method [123] to estimate and visualise survival profiles of patient subgroups.

Time-to-event was time from the initial diagnosis to cancer-specific death or

the development of distant metastasis, i.e. distant disease-free survival (DDFS).

Statistical significance of the difference observed between patient survival profiles

was evaluated with the logrank test [152]. To quantify the effect size between patient

subgroups, we reported hazard ratios assessed with univariate and multivariate Cox

Proportional Hazards regression [124]. For the sake of interpretability, we split the

patients into low-risk and high-risk subgroups, using the median risk score value

as a threshold. The agreement between the predicted risk scores and the observed

follow-up time and censoring status was estimated with the concordance index

(C-index) [153]. We also used the area under the receiver operating characteristic

curve (ROC AUC) [154] to compare binary classifiers’ accuracy. The Venkatraman

permutation test [155] was used to compare ROC AUCs.

In the biomarker status prediction, we used ROC and Precision-Recall [156] curves
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to summarise the accuracy of binary classifiers. Average precision (AP) was

calculated from the Precision-Recall. Corresponding confidence intervals for ROC

AUCs and APs were estimated using a stratified bootstrapping technique in 2,000

iterations. Logistic regression was used to test the independence of DL-derived

biomarker predictors from other clinical covariates in the multivariate analysis.
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5 Results

5.1 Colorectal cancer outcome prediction (I)

Using the logrank test, we first identified that the Digital Risk Score (deep learning)

(p-value <0.001), the Visual Risk Score (p-value 0.00016), histological grade

assessed on the whole-slides (p-value 0.00016), age group (p-value 0.012) and

Dukes’ stage (p-value <0.001) were statistically significant predictors of the disease-

specific survival. Corresponding survival curves were calculated using the Kaplan-

Meier method (Figure 1). Regarding the ROC AUC, the Digital Risk Score

predicted disease-specific outcome with an average AUC = 0.69; the Visual Risk

Score demonstrated an AUC = 0.58, whereas histological grade had an AUC=0.57.

According to the Venkatraman’s test, the ROC AUC demonstrated by the DL

approach in predicting five-year disease-specific outcome was significantly higher

than that of the Visual Risk Score (p-value 0.025) and histological grade (p-

value 0.003). Thus, among the tissue-level predictors, the Digital Risk Score

was significantly better in discriminating low- and high-risk patients regarding

colorectal cancer outcome at five years after initial diagnosis.
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Figure 1: Kaplan-Meier survival curves based on different prognostic factors of

colorectal patient outcome.

To estimate hazard ratios (HR) associated with each prognostic factor, we applied a

semi-parametric Cox proportional hazards (PH) survival regression. In a univariate
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Figure 2: Multivariate Cox proportional-hazards analysis in the studied series of

patients with colorectal cancer. The Digital Risk Score remained as an independent

predictor of patient outcome when adjusted for other prognostic factors.

Cox PH analysis, the Digital Risk Score reached an HR of 2.3, CI 95% 1.79-3.03;

the Visual Risk Score reached an HR of 1.67, CI 95% 1.28-2.19; histological grade

demonstrated an HR of 1.65, CI 95% 1.30-2.15; Dukes’ stage D had an HR of 20.29,

CI 95% 10.44-39.44, and age at diagnosis using a cut-off at 65 years demonstrated

an HR of 1.42 CI 95% 0.93-2.19. In a multivariate Cox PH analysis, gender was

excluded as it was not a statistically significant predictor of survival in the univariate

model. Goodness-of-fit test with the χ2 statistics identified that histological grade

violated the proportional hazards assumption (p-value = 0.014). Therefore, the final

multivariate Cox PH model was stratified by histological grade (Figure 2). The

Digital Risk Score remained as an independent predictor of the disease-specific

survival with an HR of 1.89, CI 95% 1.41-2.53, p-value <0.001, when adjusted for

other predictors.

The algorithm’s performance was also evaluated on 181 hold-out patients and

demonstrated comparable accuracy to that in cross-validation. In a univariate Cox

PH analysis, it reached an HR of 2.11, CI 95% 1.20 - 3.73, logrank p-value 0.008,

and ROC AUC 0.67 (Figure 3). In a multivariate analysis, the Digital Risk Score

remained an independent predictor of disease-specific survival with an HR of 2.06,

CI 95% 1.15 - 3.70, when adjusted for age group and histological grade (Figure 4).

In the hold-out set of 181 patients, histological grade did not violate the proportional

hazards assumption; therefore, it was included in the multivariate model.
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Figure 3: Kaplan-Meier survival curves for the 181 hold-out patients, stratified by

high and low risk score as predicted by the deep learning algorithm (the Digital Risk

Score).

Figure 4: Multivariate Cox proportional-hazards analysis in the hold-out set of patients

with colorectal cancer.

5.2 Breast cancer outcome prediction (II)

The "solo" and multitask models were separately evaluated on a test set of 354

hold-out patients from the FinProg series. In the FinProg test set, the "solo"

models achieved an HR of 1.70, CI 95% 1.10 – 2.60 in a univariate Cox PH

regression, p-value 0.009 and a c-index of 0.57 4. The multitask models reached

an HR of 2.00, CI 95% 1.30 – 3.00, p-value < 0.001, and a c-index of 0.59 4.

These results were compared to several tissue characteristics visually assessed by a

pathologist on the same set of 354 TMA samples from the FinProg series. Those

tissue characteristics included the subcomponents of histological grade: mitotic

count, nuclear pleomorphism, tubule formation; other tissue characteristics included
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tumour necrosis, TILs, and the Visual Risk Score.

Results of the univariate Cox PH analysis for each predictor are summarized

in Table 4. The TMA-based grade was established from the histological grade

subcomponents and reached an HR of 3.00 CI 95% 1.50 – 6.10, p-value 0.002, and

a c-index of 0.60. The original histological grading assessed on WS (WS grade)

by pathologists at the time of diagnosis demonstrated an HR of 4.00 CI 95% 2.00

– 8.30, p-value <0.001 and a c-index of 0.64. The presence of necrotic tissue was

associated with an HR of 5.00 CI 95% 2.40 – 10.00, p-value <0.001, whereas a

higher number of TILs was not a statistically significant predictor of survival in a

univariate Cox PH regression. The Visual Risk Score reached an HR of 1.80 CI

95% 1.20 – 2.70, p-value 0.004 and a c-index of 0.58 (Table 4).

We then evaluated how the DL-based outcome prediction can complement visual

tissue assessment by a pathologist. To this end, we separately combined the "solo"

and multitask models with visual TMA-based histological grading in the Cox PH

analysis. The multivariate Cox PH regression showed that the multitask model was

an independent predictor of breast cancer-specific survival when adjusted for the

visual TMA-based histological grade with an HR of 1.70 CI 95% 1.10 – 2.70, a

p-value of 0.017 and a c-index of 0.63. A similar c-index (0.63) was observed when

the multitask model was combined with the Visual Risk Score. The "solo" model

was not a statistically significant predictor of breast cancer-specific survival when

adjusted for TMA-based histological grade. Nor was the "solo" model statistically

independent when adjusted for the Visual Risk core.
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Table 4: Univariate Cox Proportional Hazards analysis of tissue characteristics

assessed on tissue microarrays (TMA) within the FinProg test set. Association of the

variables with breast cancer-specific survival is reported as effect size (hazard ratio,

HR) and a concordance index (c-index). Prognostic performance of the “solo” and

the multitask models is compared to tissue characteristics assessed by a pathologist,

including histological grade assessed on whole-slide tissue sections (WS).

Variable: N HR CI 95% p-val c-index

Mitotic count (TMA)

Low 256 reference

0.57Moderate 43 1.50 0.88 - 2.70 0.132

High 31 2.00 1.10 - 3.60 0.023*

Pleomorphism (TMA)

Minimal 45 reference

0.59Moderate 193 1.90 0.86 - 4.20 0.11

Marked 92 3.00 1.34 - 6.70 0.008**

Tubule formation (TMA)

High 49 reference
0.54

Low 281 2.20 1.10 - 4.60 0.029*

Histological Grade (TMA)

I 74 reference

0.60II 194 2.10 1.10 - 3.80 0.022*

III 62 3.0 1.50 - 6.10 0.002**

Histological Grade (WS)

I 64 reference

0.64II 119 2.70 1.30 - 5.30 0.006**

III 61 4.00 2.00 - 8.30 <0.001***

Tumour necrosis (TMA)

Absent 320 reference
0.54

Present 11 5.00 2.40 - 10.00 <0.001***

Tumour-infiltrating lymphocytes (TMA)

Low 289 reference
0.54

High 50 1.60 0.94 - 2.60 0.083

Visual Risk (TMA)

Low 213 reference
0.58

High 114 1.80 1.20 - 2.70 0.004**

Axillary lymph node status

Negative 200 reference
0.62

Positive 128 2.40 1.60 - 3.60 <0.001***

Tumour size (cm) 336 1.50 1.30 - 1.70 <0.001*** 0.71

"Solo" Model (TMA)

Low Risk 177 reference

High Risk 177 1.70 1.10 - 2.60 0.009** 0.57

Multitask Model (TMA)

Low Risk 177 reference
0.59

High Risk 177 2.00 1.30 - 3.00 <0.001***
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Then, survival analysis was expanded by combining TMA-based histological grade,

necrosis and TILs as covariates in the same multivariate Cox PH regression together

with the DL-based predictors. The multitask model remained independent of other

covariates in predicting breast cancer-specific survival with an HR of 1.70 CI 95%

1.06 – 2.70, p-value 0.029 and a c-index of 0.66.

Figure 5: Multivariate Cox Proportional Hazards analysis of deep learning models

together with prognostic factors related to the extent of the disease in breast cancer,

i.e. spread of the cancer to axillary lymph nodes and size of the primary tumour in

the FinProg test set. The results show that multitask training (B) was an independent

predictor of survival as compared to outcome-supervised training only (A).
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Conventional histological grading of the WS tissue samples was available for

the FinProg patient’s tumours. Thus, we evaluated the prognostic value of the

outcome-supervised DL combined with WS histological grade. The multitask CNN

remained independent of WS histological grade, whereas the "solo" model was not

a significant predictor of breast cancer-specific survival. The compound multitask

model adjusted for WS histological grade had a c-index of 0.66. Tumour size and

axillary lymph node status were also included in the multivariate Cox PH regression

where the DL predictor reached an HR of 1.70 CI 95% 1.10 – 2.50, p-value 0.022

and a c-index of 0.73 (Figure 5)

Finally, the DL models trained on the TMA samples from the FinProg patient series

were applied to WSIs of whole tissue sections from the independent FinHer patient

series. Univariate Cox PH regression showed that both multitask, and “solo” models

were statistically significant predictors of distant disease-free survival (DDFS) in

patients from the FinHer series. The “solo” model reached an HR of 1.80, CI

95% 1.30 – 2.70, a p-value of 0.002 and a c-index of 0.57. The multitask model

achieved an HR of 1.70, CI 95% 1.20 – 2.60, p-value 0.003 and a c-index 0.57. We

then evaluated both models in a multivariate Cox PH regression adjusted for the

WS histological grade and observed that both models were statistically significant

predictors of survival, independent of histological grade on the whole-slide level

(Table 5). The “solo” model reached an HR of 1.70, CI 95% 1.10 – 2.50, a p-value

of 0.009 and a c-index of 0.60 in a multivariate Cox PH analysis, whereas the

multitask model reached an HR of 1.509, CI 95% 1.00 – 2.30), a p-value of 0.033

and a c-index of 0.59 (Table 5).

Table 5: Multivariate Cox Proportional Hazards regression of deep learning-based

outcome predictions adjusted for tumour histological grade on the independent FinHer

patient series.

"Solo" Model (WS) Multitask Model (WS)
Variable: N HR CI 95% p-val HR CI 95% p-val

Predicted Risk
Low 337 reference reference
High 337 1.70 1.10-2.50 0.009 1.50 1.00-2.30 0.033

Histological Grade
Low (I & II) 371 reference reference

High (III) 303 1.60 1.10-2.30 0.022 1.50 1.00-2.20 0.037

c-index 0.60 c-index 0.59
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5.3 Biomarker prediction in breast cancer (III + unpublished)

5.3.1 Receptor status prediction

Deep CNN models were separately trained to predict ER and PR status, and ERBB2
gene amplification directly from the H&E-stained FinProg TMA samples. The

models were then evaluated on two datasets: the FinProg holdout patients (N=354)

and the FinHer patient cohort (N=712) (Figure 6).

Figure 6: Receiver operating characteristic (ROC) and Precision-Recall analyses on

712 FinHer patients (A) and on 354 FinProg holdout patients (B). Dashed lines depict

the performance of random classifier an the baseline precision on the ROC and PRec

plots accordingly.

Receiver Operating Characteristic (ROC) and Precision-Recall curves for each of

the three binary predictors are shown (Figure 6). The area under the ROC curve of

each predictor is compared to that of a random classifier - AUC 0.5. The average

precision (AP) of each classifier is compared to a baseline precision - a fraction of

the positive observations in the test set.
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On the FinHer independent test set we observed that ER was predicted with an

AUC of 0.74 (CI 95% 0.70 – 0.78) and AP of 0.86 (CI 95% 0.83 – 0.89) with a

baseline AP of 0.71; PR was predicted with AUC of 0.65 (CI 95% 0.61 – 0.69) and

AP of 0.70 (CI 95% 0.67 – 0.73) with baseline AP 0.59; and ERBB2 was predicted

with an AUC of 0.66 (CI 95% 0.62 – 0.71) and AP of 0.37 (CI 95% 0.33 – 0.44)

with a baseline AP of 0.23.

5.3.2 ERBB2-linked morphology and prediction of trastuzumab treatment effi-
cacy

In the FinHer trial, chromogenic in situ hybridisation (CISH) ERBB2-positive pa-

tients were randomised to receive or not to receive adjuvant trastuzumab (Herceptin)

as a part of the clinical trial. Survival analysis was performed separately in both

subgroups to identify whether ERBB2-associated morphology was predictive of

DDFS. Kaplan-Meier curves and corresponding hazard ratios are shown (Figure

7). DL-derived ERBB2 score (H&E ERBB2 score) was dichotomized into high
and low categories reflected by two curves on the Kaplan-Meier plots (Figure 7).

The graphs show that FinHer patients with a high H&E ERBB2 score and who

received trastuzumab had a more favourable outcome than patients with a low

score (HR, 0.37; CI 95%, 0.15-0.93; p-value 0.034). Among CISH ERBB2-positive

patients that did not receive trastuzumab, a high H&E ERBB2 score indicated a less

favourable DDFS (HR, 2.03; CI 95%, 0.69-5.94; p-value 0.20) as compared to a

low score (Figure 7).

Figure 7: Morphology-based H&E-ERBB2 score and distant disease-free survival in

the FinHer trial series. (A) Evaluation of H&E-ERBB2 scores and distant disease-

free survival (DDFS) in patients with ERBB2-positive breast cancer as determined

by chromogenic in situ hybridization (CISH). (B) CISH ERBB2-negative patients

in the FinHer series were stratified by the H&E-ERBB2 score. None of the CISH

ERBB2-negative patients received adjuvant trastuzumab.
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5.3.3 Activation maps for ERBB2 gene amplification

We used explainable-AI techniques to provide explainability behind the H&E-based

ERBB2 predictions. First, we overlayed a heatmap of ERBB2 scores on top of

the original H&E input images and referred to them as the score maps. Then, we

applied the Grad-CAM method to identify which areas of the H&E images were

most relevant in predicting the ERBB2 amplification.

The resulting score maps present an overview of how the ERBB2 gene associated

morphologies predicted by the DL model are spatially distributed across the WS

H&E tissue sample. The analysis of the H&E-ERBB2 score maps and corresponding

Grad-CAM heatmaps showed significant heterogeneity of the ERBB2-associated

morphologies discovered by the DL algorithm. The Grad-CAM activation maps

indicated that tumour epithelium and in situ carcinoma components were most

predictive of ERBB2 gene amplification. Individual epithelial cells and fibroblasts

in the stromal regions also appeared informative in predicting the ERBB2 gene

amplification (Figure 8).
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Magnified H&E-ERBB2 Score Map

Grad-CAM activation maps
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Figure 8: A hematoxylin-eosin (H&E)-based ERBB2 score map and Grad-CAM

activation maps for an individual whole-slide (WS) FinHer patient sample. (A)

H&E-ERBB2 score map as predicted by the deep learning (DL) algorithm. The

score map was overlaid as a heatmap on top of the H&E-stained WS tissue sample,

representing variable levels of the DL-derived ERBB2 score. (B) Magnified image

of the corresponding score map, representing high H&E-ERBB2 scores with red. (C)

Grad-CAM activation maps of the regions predicted to have a low H&E-ERBB2 score

(left) and a high H&E-ERBB2 score (right). The sample presented is ERBB2-positive

by chromogenic in situ hybridization and had a high overall H&E-ERBB2 score.
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6 Discussion

Recent advances in machine learning applied to digital image analysis, particularly

DL-based methods [1], enable training of algorithms for classification and quan-

tification tasks in the analysis of tissue specimens with the aim of improving the

accuracy of tumour profiling and cancer diagnostics. Such tasks include counting

cells [87, 16, 13], assessing the grade of tumour differentiation [88, 89], and

segmentation of specific tissue entities, such as epithelium and stroma [90, 157].

These tissue characteristics are often assessed with the aim to achieve better patient

stratification, predict patient outcomes, and in decision-making related to patient

treatment. However, training DL algorithms for these tasks with supervised machine

learning typically requires extensive and laborious image annotations by human

experts. In this thesis, we evaluated if it is possible to bypass the expert-supervised

tissue characterisation and, instead, train the algorithms to directly predict clinically

relevant endpoints such as disease outcome or response to treatment. Access to

digitised large-scale retrospective patient cohorts with outcome data, improved com-

putational capacity based on massively parallel graphics processing units (GPUs),

and novel DL methods inspired us to evaluate and study outcome-supervised

learning in colorectal and breast cancer.

Analysis of tumour specimens through conventional microscopy is prone to sub-

jectiveness and results in intra- and inter-observer variability [158, 159, 160]. A

global shortage of experts and an increasing number of cancer cases lead to a

delayed diagnosis for cancer patients [161, 162, 163]. There are opportunities to

address these challenges through digitisation of pathology and application of novel

DL-based tools.

The goal of this thesis was to explore the use of DL in image-based tissue diag-

nostics. Specifically, we investigated whether patient outcomes and molecular

biomarkers can be predicted directly from digitised tissue samples stained with

H&E to visualise basic tissue morphology. We evaluated whether patient outcome

can be predicted directly from H&E-stained digitised specimens of colorectal

tumours. While earlier attempts to predict disease outcome in breast cancer [99]

used conventional computer vision techniques for image feature extraction, we

were among the first to apply DL approaches in breast cancer outcome prediction.

We used the VGG-16 [164] architecture pre-trained on the ImageNet dataset [45]

and performed transfer learning by tuning the CNN to predict the five-year disease-

specific outcome in patients with colorectal cancer.

Another novelty proposed in our study was the adaptation of a recurrent LSTM

architecture [42] to summarise spatial patch-level information across TMA samples.
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Spatial feature aggregation using the LSTM was compared to established methods

where patch-level features were first summarised using Improved Fisher Vector

encoding [149] and then passed to traditional ML classifiers: support vector

machine, naive bayes and logistic regression. We observed that the LSTM approach

surpassed the accuracy of traditional classifiers in terms of hazard ratio and ROC

AUC. Importantly, the LSTM adaptation facilitated the interpretability of our

method. Inspired by the work on explainable memory design in LSTM units [165],

we visualised how a combined CNN+LSTM architecture segregates tissue patches,

e.g. tumour epithelial cells, from non-informative areas of the TMA spots, such as

image background. Our DL approach demonstrated a super-human performance

compared to a consensus of three pathologists in TMA-based outcome prediction in

colorectal cancer. The DL-based outcome predictor was independent of histological

grade, age at diagnosis, and stage of the disease.

We then extended our initial experiments on colorectal cancer in several aspects and

to another type of cancer. Instead of using a single patient series, we incorporated

two independent multicentre breast cancer patient series in the analysis. Building

partly upon previous studies on breast cancer [23], we also included evaluation

of the generalisation of the algorithms by using one patient series (FinProg)

for training and another (FinHer) for external validation. Analysis of the WS

tissue sections from the FinHer cohort suggested that algorithms trained on TMAs

generalise to the highly heterogeneous tissue morphologies intrinsic to the large

WS tissue areas. The multitask algorithm trained on TMAs remained a statistically

significant predictor of patient outcome and independent of other established

prognostic factors, e.g. histological grade, tumour size and axillary lymph node

status. Statistical independence from other prognostic factors suggests that DL

can extract prognostic features that complement features extracted through visual

examination of tissue samples. Thus, these DL-based prognostic features can

be combined with expert-derived features to reach higher accuracy in patient

outcome prediction. We additionally combined the DL-based outcome predictor

with several tissue entities assessed by a pathologist on the FinProg TMA samples.

Those entities included components of histological grade, i.e. mitotic count,

nuclear pleomorphism, and tubule formation [166]. We conclude that the DL

algorithm provides statistically significant and independent prognostic information

and complement expert knowledge, resulting in the improved overall accuracy of

patient outcome prediction.

The multitask DL algorithm was trained to jointly predict breast cancer outcome

and commonly used molecular biomarkers in breast cancer diagnostics, namely

ER status and ERBB2 gene amplification directly from H&E-stained tumour

specimens. As both biomarkers reflect patient prognosis, we hypothesised that
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auxiliary supervision by the ER and ERBB2 status could facilitate neural network

training and eventually lead to improved accuracy and better generalisation of the

algorithms. In contrast to the purely outcome-supervised training, the multitask

approach enabled the extraction of image features that remained independent of the

expert-derived features, as described in the previous paragraph. Our observations

suggest that information about the molecular alterations related to the ER status

and ERBB2 gene overexpression are encoded in the morphology of breast tumours,

and a machine learning-based approach allows to extract valuable prognostic and

predictive information, which is not readily discernible by a human eye alone on

H&E-stained samples.

The ability to predict the expression of specific proteins and amplification status of

genes directly from tissue morphology has recently introduced novel possibilities for

H&E tissue-based diagnostics [113]. In addition, it was shown that RNA expression

can be predicted from WS H&E samples across 28 different tumour types, including

breast and colorectal cancers [21]. In the current thesis, we validated that the

ER and PR status and ERBB2 amplification can be predicted directly from the

H&E-stained samples. Similar recent studies on molecular biomarkers in breast

cancer quantified directly from basic morphology images support our findings by

reporting comparable accuracy [113, 114, 115, 95]. The assessment of ER, PR and

ERBB2 status is critical in clinical decision-making on molecularly target therapies.

For example, overexpression and/or amplification of the ERBB2 gene is detected

in about 20% of breast cancers, and can be targeted by an anti-ERBB2 therapy

with trastuzumab. We went beyond the H&E-based prediction of ERBB2 gene

amplification and explored whether morphological features associated with ERBB2
gene amplification could be directly linked to the efficacy of trastuzumab therapy.

Our H&E based predictor of ERBB2 amplification also identified patient subgroups

associated with higher or lower efficacy of anti-ERBB2 treatment, based on the

tissue morphology and independent of the ERBB2 status determined by the CISH.

Thereby, ERBB2-linked morphology may contain therapy-predictive information to

complement established CISH-based molecular profiling. Thus, we hypothesize

that identification of DL-based morphological features predictive of the molecular

status also can predict the efficacy of a molecularly targeted treatment and should

be further studied as biomarkers for clinical decision-making in breast cancer.

It is crucial to generate visual clues of what morphological features the DL-based

algorithms have learned in order to achieve more explainable outputs of the analyses.

We present attempts to achieve this in the form of activation maps. We adapted both

DL score maps and an established method called Grad-CAM [151], which show that

the algorithms specifically focused on the malignant epithelial cells and paid less

attention to stromal regions. Interpretability and explainability of the DL algorithms
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are highly important, especially in the context of clinical decision-making and

future studies have to address this even more rigorously.

In the colorectal cancer outcome prediction study, the main limitation was that we

analysed a single-centre patient series with a relatively limited number of patients.

The tumour samples were represented by small TMA core sections manually

selected from the original whole tissue block. Analysis of the WS tumour sections

and tissue material from independent patient series is essential to evaluate the

generalisation of the DL models [108].

Our DL model was trained to predict a binary endpoint at the five-year cut-off from

the initial diagnosis. Dichotomising the patients into survivors and non-survivors

simplifies statistical learning, but at the same time, disregards the follow-up time

distribution of the patient series. This simplification could lead to limited prognostic

accuracy of the DL models. We addressed some of these limitations in the breast

cancer outcome prediction studies. Specifically, we incorporated analysis of the

WS sections and used an independent patient series to evaluate the generalisation of

the trained algorithm. We also utilised the GuanRank method [140] to incorporate

the entire spectrum of time-to-event data into the learning procedure.

In breast cancer outcome prediction, cancer-specific survival was used to train the

algorithm on the FinProg data, whereas distant disease-free survival was used as

an endpoint for evaluation on the FinHer series. Although a strong correlation has

been shown between disease-free and overall survival in studies on early breast

cancer [167], the strength of correlation between breast cancer-specific survival and

distant disease-free survival remains to be established. The tissue samples used in

our breast cancer study were centrally scanned using the same instrument. Thereby,

we could not evaluate how well the trained DL algorithms generalise to image data

obtained with different instruments.

In our studies on breast cancer, we did not have access to consecutive tissue

sections with ERBB2 gene amplification results. For example, consecutive slides

or multiplexed analysis of the same H&E tissue section with CISH, or ERBB2
protein expression assessed with immunohistochemistry, or in situ sequencing

could assess if the DL-learned ERBB2-associated and treatment efficacy predictive

features in the H&E morphology originate from the specific cells that exhibit

the gene amplification or represent some more general tissue features. Overall

accuracy, especially the specificity of the ERBB2 predictions, could be improved

by incorporating more training samples from external datasets. The heterogeneity

of the DL-based H&E ERBB2 features and their effect on survival should also

be analysed in WS tissue section and include more patients. To confirm our

findings, analyses of external patient series treated with adjuvant or neoadjuvant
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anti-ERBB2-targeted therapy are also needed. In future research, the prognostic

accuracy and generalisation of the DL models can be further improved by training

DL algorithms on datasets that cover an even larger spectrum of variations of tissue

morphologies, including training on WSIs of whole tissue sections. Quantifying

established prognostic features, such as mitotic count, tubule formation, nuclear

pleomorphism, and TILs using machine learning algorithms instead of visual

assessment could further improve the accuracy, consistency and reproducibility

of outcome prediction. A combination of computationally quantified prognostic

features with features learned through end-to-end outcome supervised learning

should be addressed in future studies.

Taken together, we demonstrate how tissue-based DL can aid in the exploration

and identification of biomarkers predictive of outcome and treatment efficacy in

cancer. We showed that the machine learning-based approach allows extracting

valuable information directly from the basic morphology of tumours that is not

readily discernible by a human eye alone. Computer-assisted tissue analysis can

complement the conventional microscopic and molecular analysis of tumour tissue

rather than replace these methods. Future studies should further explore these

novel imaging biomarkers to achieve improved diagnostic and prognostic accuracy

and stratification of cancer patients according to the expected efficacy of targeted

treatments. Finally, a combination of clinicopathological, molecular, genomic and

tissue-based features assessed in large-scale datasets can provide improved methods

for precision medicine and help to better understand the underlying biological

mechanisms of cancer.
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7 Conclusions

In this doctoral thesis, we developed and evaluated deep learning computer-vision

approaches for outcome and biomarker prediction directly based on tissue morphol-

ogy in digitised tumour samples. The main conclusions of our work are as follows:

1. Cancer patient outcome prediction is feasible with deep learning applied to

conventional hematoxylin-eosin-stained tumour samples.

2. Deep learning can identify novel tissue features predictive of protein expres-

sion and gene amplification directly from tumour morphology.

3. Established prognostic factors and tumour features extracted with deep

learning approaches can complement each other and lead to more accurate

outcome prediction and interpretable tumour tissue analysis.
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