
LUND UNIVERSITY

PO Box 117
221 00 Lund
+46 46-222 00 00

Machine Learning for Longitudinal Medical Data Analysis

Applications in Prostate Cancer and Alzheimer’s Disease
Winzell, Filip

2026

Link to publication

Citation for published version (APA):
Winzell, F. (2026). Machine Learning for Longitudinal Medical Data Analysis: Applications in Prostate Cancer
and Alzheimer’s Disease. [Doctoral Thesis (compilation), Centre for Mathematical Sciences]. Centre for
Mathematical Sciences, Lund University.

Total number of authors:
1

General rights
Unless other specific re-use rights are stated the following general rights apply:
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors
and/or other copyright owners and it is a condition of accessing publications that users recognise and abide by the
legal requirements associated with these rights.
 • Users may download and print one copy of any publication from the public portal for the purpose of private study
or research.
 • You may not further distribute the material or use it for any profit-making activity or commercial gain
 • You may freely distribute the URL identifying the publication in the public portal

Read more about Creative commons licenses: https://creativecommons.org/licenses/
Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove
access to the work immediately and investigate your claim.

https://portal.research.lu.se/en/publications/c66c2fac-05d2-423a-a1dc-5d1836351746


Download date: 10. Jul. 2026



Lund University
Faculty of Engineering
Centre for Mathematical Sciences
Mathematics

 –  CE N T R U M  S C I E N T I A R U M  M AT H E M AT I C A R U M  –

Machine Learning for Longitudinal 
Medical Data Analysis 
Applications in Prostate Cancer and Alzheimer’s Disease

FILIP WINZELL





Machine Learning for
Longitudinal Medical Data

Analysis
Applications in Prostate Cancer

and Alzheimer’s Disease
by Filip Winzell

ACADEMIC THESIS

which, with due permission of the Faculty of Engineering at Lund University, will
be publicly defended on Friday 12th of June, 2026, at 13:00 in lecture hall

MH:Hörmander, Centre for Mathematical Sciences, Märkesbacken 4, Lund, for the
degree of Doctor of Philosophy in Engineering.

Thesis advisors:
Prof. Anders Heyden, Dr. Ida Arvidsson,

Assoc. Prof. Niels-Christian Overgaard, Prof. Karl Åström

Faculty opponent:
Prof. Rasmus Larsen, Technical University of Denmark (DTU), Denmark



D
O
K
U
M
EN

TD
A
T A

BL
A
D
en

lS
IS

61
41

21

Organization

LUND UNIVERSITY
Centre for Mathematical Sciences
Box 118
SE–221 00 LUND
Sweden

Author(s)

Filip Winzell

Document name

Doctoral thesis
Date of presentation

2026-06-12
Sponsoring organization

WASP-DDLS, EDAP (EDAP2023-153244)

Title and subtitle

Machine Learning for Longitudinal Medical Data Analysis – Applications in Prostate Cancer and Alzheimer’s
Disease
Abstract

The healthcare systems of today are facing large challenges, with increasing amounts of patients and overworked hospital staff.
Prostate cancer and Alzheimer’s disease are two of the most prevalent diseases, with incidence numbers expected to rise over the
coming decade. Medical imaging plays a central role in current diagnostic procedures for these diseases, enabling the potential
use of machine-learning-based image analysis. Overall, computer-aided diagnostics has seen a big increase in research over the last
decade, with numerous applications where AI-based methods perform at the same level as experienced physicians. However, with
the computational power available today, AI-based methods have the potential to achieve more in terms of prognostication and
early detection of diseases. This is something that would be of high value for the treatment of the aforementioned diseases. Thus,
the topic of this thesis is to investigate machine learning-based methods for the analysis of longitudinal medical imaging data, with
the goal of improving the diagnostic procedures of prostate cancer and Alzheimer’s disease.

Currently, there are no general screening programs for prostate cancer, despite the importance of early detection for successful
treatment. Screening based on blood measures of prostate-specific antigen (PSA) has been shown to reduce mortality but also
significantly increase the levels of over-treatment. To mitigate that, active surveillance has been suggested as an alternative to
radical treatment following abnormal PSA values, where patients are monitored with recurring examinations. When a patient
is deemed to have a high-risk prostate cancer, as defined by the Gleason grading scale, they receive treatment. However, the
Gleason grading system is a subjective grading system with proven inter-observer variability. In this thesis, a method to predict
the longitudinal treatment decision of prostate cancer patients on active surveillance is presented. It is based on the popular
attention-based multiple instance learning framework, in combination with the state-of-the-art foundation model for pathology
called UNI. This model achieved promising results, indicating that it is possible to reliably predict the onset of prostate cancer
earlier than trained pathologists.

Alzheimer’s disease is a neurodegenerative disease, characterized by an abnormal accumulation of amyloid-β and tau proteins
in the brain. The cause of the disease is still unknown and the progression is highly heterogeneous across a population of patients.
While it remains incurable, there are recently developed treatments that have been shown to effectively slow down the progression
if the disease is detected early. Hence, to better understand why certain patients progress differently than others and how to detect
them early is of high interest. In this thesis we developed an algorithm to find patterns of brain atrophy in Alzheimer’s disease
patients and connect them to other biological abnormalities. We found four distinct subtypes, that could explain parts of this
highly complex disease.

Key words

Longitudinal data, Machine Learning, Computational pathology, Prostate cancer, Alzheimer’s disease

Classification system and/or index terms (if any)

Supplementary bibliographical information Language

English

ISSN and key title

1404-0034
ISBN

978-91-90202-04-3 (print)
978-91-90202-05-0 (electronic)

Recipient’s notes Number of pages

xxii+206
Price

Security classification

I, the undersigned, being the copyright owner of the abstract of the above-mentioned dissertation, hereby grant to
all reference sources the permission to publish and disseminate the abstract of the above-mentioned dissertation.

Signature Date 2026-04-29



Machine Learning for
Longitudinal Medical Data

Analysis
Applications in Prostate Cancer

and Alzheimer’s Disease
by Filip Winzell



.

Cover illustrations: Heatmap of computed attention weights over a prostate biopsy

pp. i–68 © Filip Winzell, 2026
Paper I © Springer Nature Switzerland AG, 2023
Paper II © SPIE 2025
Paper III © The Authors, SPIE, CC BY 4.0
Paper IV © The Authors
Paper IV © The Authors
Paper VI © 2025 The Authors, Medical Physics, Wiley Periodicals LLC

Centre for Mathematical Sciences
Lund University
Box 118
SE-221 00 Lund
Sweden
www.maths.lu.se

Doctoral Theses in Mathematical Sciences 2026:8
ISSN: 1404-0034
ISBN: 978-91-90202-04-3 (print)
ISBN: 978-91-90202-05-0 (electronic)
LuTfMA-1004-2026

Printed in Sweden by Media-Tryck, Lund University, Lund 2026



Dedicated to my family

Maria, Peter and Emil





Abstract

Abstract

The healthcare systems of today are facing large challenges, with increasing amounts of pa-
tients and overworked hospital staff. Prostate cancer and Alzheimer’s disease are two of the
most prevalent diseases, with incidence numbers expected to rise over the coming decade.
Medical imaging plays a central role in current diagnostic procedures for these diseases,
enabling the potential use of machine-learning-based image analysis. Overall, computer-
aided diagnostics has seen a big increase in research over the last decade, with numerous
applications where AI-based methods perform at the same level as experienced physicians.
However, with the computational power available today, AI-based methods have the po-
tential to achieve more in terms of prognostication and early detection of diseases. This
is something that would be of high value for the treatment of the aforementioned dis-
eases. Thus, the topic of this thesis is to investigate machine learning-based methods for
the analysis of longitudinal medical imaging data, with the goal of improving the diagnostic
procedures of prostate cancer and Alzheimer’s disease.

Currently, there are no general screening programs for prostate cancer, despite the impor-
tance of early detection for successful treatment. Screening based on blood measures of
prostate-specific antigen (PSA) has been shown to reduce mortality but also significantly
increase the levels of over-treatment. To mitigate that, active surveillance has been sug-
gested as an alternative to radical treatment following abnormal PSA values, where patients
are monitored with recurring examinations. When a patient is deemed to have a high-risk
prostate cancer, as defined by the Gleason grading scale, they receive treatment. However,
the Gleason grading system is a subjective grading system with proven inter-observer vari-
ability. In this thesis, a method to predict the longitudinal treatment decision of prostate
cancer patients on active surveillance is presented. It is based on the popular attention-based
multiple instance learning framework, in combination with the state-of-the-art foundation
model for pathology called UNI. This model achieved promising results, indicating that it
is possible to reliably predict the onset of prostate cancer earlier than trained pathologists.

Alzheimer’s disease is a neurodegenerative disease, characterized by an abnormal accumu-
lation of amyloid-β and tau proteins in the brain. The cause of the disease is still unknown
and the progression is highly heterogeneous across a population of patients. While it re-
mains incurable, there are recently developed treatments that have been shown to effectively
slow down the progression if the disease is detected early. Hence, to better understand
why certain patients progress differently than others and how to detect them early is of
high interest. In this thesis we developed an algorithm to find patterns of brain atrophy in
Alzheimer’s disease patients and connect them to other biological abnormalities. We found
four distinct subtypes, that could explain parts of this highly complex disease.
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Popular summary

Popular summary

The artificial intelligence (AI) boom of recent years has led to an exponential development
of AI-based methods for analyzing images with numerous applications, such as self-driving
cars, face recognition, and image generation. Since we can use these techniques to make a
car recognize surrounding objects, what potential do they have for computer-aided diag-
nosis based on medical images?

Imaging has become a central part of today’s healthcare. The development of X-rays, MRI,
ultrasound, and other imaging modalities enabled the fundamental opportunity of looking
inside the body. Furthermore, modern digital microscopy techniques allow us to study
extracted cells at high-resolution. In combination with advancements in computational
infrastructure, this has transformed the diagnostic procedures to rely more on the collection,
analysis, and storage of medical image data.

Two of the most common diseases of today, where the diagnostic procedure is largely based
on imaging, are prostate cancer and Alzheimer’s disease. The number of patients with these
diseases is increasing every year, and it is expected to rise even further in the future. Addi-
tionally, the success of treatment for these diseases is highly dependent on early diagnosis.
Several studies have presented promising results of AI-based methods for automated diag-
nosis at similar levels of performance as trained physicians. By processing vast amounts of
data at superhuman speed, AI can enable faster processing of patients and wider screen-
ing programs, to detect these diseases at earlier stages than ever before. A key concept of
a screening program is the follow-up of patients, where the same type of examination is
repeated over several years to track the progression of the disease for each individual. The
collection of this type of data is often referred to as longitudinal data. A limitation of previ-
ous AI-based diagnostic methods is that they can only predict the instantaneous diagnosis.
With the use of longitudinal data, we can study the patients long before the diagnosis was
set and thereby enable the development of super-human performance in forecasting the
progression. In this thesis, that is what we aim to investigate in the context of prostate
cancer and Alzheimer’s disease.

Prostate cancer is commonly diagnosed with biopsies of the prostate. This means that a
sample of cells is extracted from the prostate, which is subsequently studied through a
microscope. The tissues are colored with a fluorescent chemical compound, and with the
use of a digital microscope, high-resolution images of the tissues can be captured (see Fig.
1 (C)). In these images, regions of cancer can be identified as glands with irregular shapes
and uncontrolled growth. The tissues are graded according to the Gleason grading scale,
ranging from benign to grade 5 prostate cancer. The highest grade is associated with the
highest risk and worst prognosis. This grading system provides the basis for the diagnosis
and treatment decision. However, it is also known to be subjective and that the assigned

vii



grades on a case can vary a lot between different pathologists. Hence, training models to
predict these grades is not ideal. A better solution could be to predict the outcomes of
prostate cancer by utilizing longitudinal data. For example, to answer: ”given this prostate
biopsy, what is the probability that this patient will get prostate cancer in 5 years?”. This
is a more challenging task for the models to solve, since it requires a deeper understanding
of the entire biopsy. To predict the Gleason grade in a location, the model only needs
to consider this specific location. To predict the outcome, the whole biopsy needs to be
considered. This is illustrated in Fig. 2.

Figure 1: Examples of medical images used in this thesis. A Coronal and sagittal views of a positron emission tomography (PET)
scan of a brain, showing accumulation of proteins in the brain due to Alzheimer’s disease. B Two examples of MRIs
from patients with Alzheimer’s disease. C An image of a prostate biopsy, with a zoomed-in region.

Alzheimer’s disease is the most common form of dementia, accounting for 60-80% of all
cases. The main signs are an abnormal accumulation of certain proteins in the brain and
subsequent loss of neurons in the brain, causing symptoms such as loss of memory and
other cognitive difficulties. Hence, the diagnosis is based on multiple examinations such as
standardized cognitive tests, protein measurements in the cerebrospinal fluid or the blood,
and various brain imaging techniques (see Fig. 1 (A-B)). There is strong evidence that the
biological alterations occur decades before any clear symptoms can be observed. However,
the expression and progression of the disease can differ greatly from person to person, and
what causes these differences is still unknown. The cognitive symptoms are naturally con-
nected to loss of neurons in specific regions of the brain. Therefore, discovering different
patterns of neurodegeneration and connecting these to other biological alterations could
be a key to explaining this complex disease.
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Popular summary

Figure 2: Illustration of an AI-based algorithm for classifying prostate biosies as high or low risk of prostate cancer.

In this thesis, we explore AI-based methods for analysis of longitudinal medical imaging
data to enable earlier detection of prostate cancer and Alzheimer’s disease. Specifically, we
developed an AI-based framework for longitudinal outcome prediction of prostate cancer
patients with promising results. We showed that with this method, we can make bet-
ter long-term estimations than standard Gleason grading, additionally, our algorithm can
process images at super-human speed. The benefits of this are two-fold; firstly, it enables
finding high-risk prostate cancer patients at an early stage and secondly, it can reduce the
risk of treating low-risk patients unnecessarily. However, more work is needed to verify
the results on larger, diverse datasets. We also developed an algorithm based on statistical
models to find patterns of longitudinal neurodegeneration in Alzheimer’s disease. We found
distinct types, with varying speed of progression. This shows that it is possible to identify
patients with a higher risk of developing the disease before any symptoms. In recent years,
several pharmaceuticals have been developed to slow the progression. By identifying the
patients who will benefit the most from these drugs, we can avoid unnecessary treatment
and take a step towards stopping and curing Alzheimer’s disease.
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Populärvetenskaplig sammanfattning

Populärvetenskaplig sammanfattning

De senaste årens snabba utveckling inom artificiell intelligens (AI) har drivit fram en kraf-
tig ökning av AI-baserade metoder för bildanalys, med tillämpningar inom bland annat
själv-körande fordon, ansiktsigenkänning och bildgenerering. Eftersom vi med denna tek-
nik kan få en bil att se omgivande hinder, vilken potential finns det då för datorstödd
diagnosticering baserad på medicinska bilder?

Bildbehandling har blivit en central del av dagens hälso- och sjukvård. Utvecklingen av
röntgen, MR, ultraljud och andra bildgivande system har gett oss den grundläggande möj-
ligheten att se inuti kroppen. Dessutom, med moderna digitala mikroskop kan vi studera
cellprover med hög upplösning. I kombination med bättre datorkraft har detta omvandlat
diagnostiska procedurer till att förlita sig mer på insamling, analys och lagring av medicins-
ka bilder.

Två av de vanligaste sjukdomarna idag, där diagnosticeringen till stor del baseras på bilda-
nalys, är prostatacancer och Alzheimers sjukdom. Antalet patienter med dessa sjukdomar
ökar varje år och de förväntas fortsätta öka i framtiden. Dessutom är behandlingen av des-
sa sjukdomar starkt beroende av en tidig diagnos. Flera studier har presenterat lovande
resultat av AI-baserade metoder för automatiserad diagnostik med prestanda på liknande
nivåer som läkare. Med AI kan stora mängder data analyseras fort, vilket möjliggör ett
snabbare patientflöde och därmed bredare screening för att upptäcka dessa sjukdomar ti-
digare än någonsin förut. Ett screeningprogram innefattar ofta uppföljning av patienter,
där samma typ av undersökning upprepas under flera år för att följa sjukdomsförloppet för
varje individ. Insamlingen av denna typ av data kallas ofta för longitudinell data. En be-
gränsning med tidigare AI-baserade metoder är att de endast kan estimera den omedelbara
diagnosen. Med longitudinell data kan vi följa patienter långt före diagnos och därigenom
utveckla metoder som gör det möjligt att förutsäga prognoser tidigare än vad en läkare kan
göra. I denna avhandling undersöker vi detta för prostatacancer och Alzheimers sjukdom.

Prostatacancer diagnositiceras oftast genom vävnadsprover från prostatan. Dessa prover
färgas med ett färgämne som synliggör cellerna och studeras med ett ljusmikroskop. Med
digitala mikroskop kan hög-upplösta bilder skapas (se Fig. 1 (C)). I bilderna kan regio-
ner av cancer identifieras som körtlar med oregelbundna former som växer okontrollerat.
Vävnaden graderas enligt Gleason skalan från benign vävnad till grad 5, som är associerad
med högst risk och sämre prognos. Behandlingsbeslutet baseras till stor del på Gleason
graderingen. Dock är det välkänt att graderingen är subjektiv och att det finns en stor va-
riation i bedömmningen som görs av olika patologer. Därför är det inte optimalt att träna
AI modeller för att prediktera dessa. En bättre lösning hade varit att prediktera behand-
lingsbeslutet m.h.a. longitudinell data. Till exempel, för att svara på frågan: ”givet detta
vävnadsprovet, vad är sannolikheten att denna patient kommer behöva få behandling för
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sin prostat cancer inom 5 år?”. Detta är en mer utmananade uppgift för modellerna att
lösa eftersom den kräver en djupare kontext. Tillskillnad mot Gleason graderingen, krä-
ver det att hela vävnadsprovet (eller flera vävnadsprov) tas i beaktning av modellen. Detta
illustreras i Fig. 2

Figur 1: Exempel på medicinska bilder som används i denna avhandling. A Koronala och sagittala vyer av en positronemis-
sionstomografi (PET) av en hjärna, som visar ansamling av proteiner i hjärnan på grund av Alzheimers sjukdom. B Två
exempel på MR-bilder från patienter med Alzheimers sjukdom. C En bild av en prostatabiopsi, med ett inzoomat om-
råde.

Alzheimers sjukdom är den vanligaste formen av demens och står för ca. 60–80% av alla
fall. De vanligaste tecknen är en onormal ansamling av vissa proteiner i hjärnan och en
efterföljande förlust av hjärnvävnad, vilket orsakar symptom som minnesförlust och and-
ra kognitiva svårigheter. Därför baseras diagnosticeringen på flera undersökningar såsom
kognitiva tester, mätningar av olika proteinhalter cerebrospinalvätskan eller blodet, och ra-
diologi (se Fig. 1 (A-B)). Det finns starka bevis för att de sjukliga förändringarna i hjärnan
uppstår årtionden innan några tydlgia symptom. Samtidigt kan uttrycket och progressio-
nen av sjukdomen variera kraftigt från person till person, och vad som orsakar dessa skill-
nader är fortfarande okänt. De kognitiva symtomen är kopplade till förlust av hjärnvävnad
i specifika regioner. Att upptäcka olika mönster av neurodegeneration och koppla dessa till
andra biologiska förändringar kan därför vara en nyckel till att förstå sjukdomsförloppet
bättre.

I denna avhandling undersöker vi AI baserade metoder för att analysera longitudinell me-
dicinsk data för att möjliggöra tidigare diagnosticering av prostatacancer och Alzheimers
sjukdom. Specifikt, utvecklade vi en metod för att bestämma prognoser för prostatacancer
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Populärvetenskaplig sammanfattning

Figur 2: Illustration av en AI-baserad algoritm för klassificering av prostata biopsier som hög- eller lågrisk.

med lovande resultat. Vi visade att med denna metod får vi bättre långsiktiga prognoser än
med endast Gleason gradering. Denna algortimen kan bearbeta bilder i en övermänsklig
hastighet. Detta medför två fördelar; den kan hitta högriskpatienter i ett tidigt skede och
det kan förhinda onödiga behandlingar av lågriskpatienter. Dock återstår en del arbete i
att verifiera resultaten på mer data. Vi utvecklade även en algoritm baserad på statistika
modeller för att hitta mönster av longitudinella förändringar i hjärnvävnaden hos Alzhei-
mers patienter. Vi upptäckte olika typer av sjukdomsförlopp. Detta tyder på att det är
möjligt att identifiera patienter med högre risk att utveckla sjukdomen innan symptomen
syns. De senaste åren har flera läkemedel lanserats för att bromsa utvecklingen av sjukdo-
men. Genom att identifiera vilka patienter som kan hjälpas av dessa, kan vi undvika onödig
behandling och ta ett kliv mot att stoppa och bota Alzheimers sjukdom.
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Chapter 1

Introduction

The healthcare systems of today are evolving fast. In particular, the rise of methods based
on artificial intelligence (AI) has already transformed the diagnostic procedures in several
domains and now enables an increasingly personalized medicine. These systems have super-
human capabilities in processing vast amounts of data in short times and can improve
the diagnostic accuracy beyond traditional methods [41]. However, modern healthcare is
confronted with significant challenges of rising costs, aging populations, and increasing
workload for the hospital staff. There is also a global inequality in healthcare, where lower-
income countries face disproportionately severe challenges [41]. The combination of AI
with technical advancements for collecting, organizing, and analyzing large medical datasets
in recent years holds the potential of mitigating these issues for tomorrow’s healthcare [112].

The previous view on health as a state has been replaced by a newer definition, where health
is now considered a dynamic process of several correlated states [15]. These states together
form a longitudinal trajectory of a person’s health, which can reflect a stable condition, a
decline in health as a disease progresses, and an increase following recovery. Understanding
the transitions between these individual states is crucial for an effective treatment of a spe-
cific disease. Therefore, the collection and analysis of longitudinal data is an area of great
interest for various medical research fields. Longitudinal medical data consists of repeated
observations of a patient’s health status, followed over a longer period of time. Examples
of such data include repeated analyses of blood samples, medical imaging examinations,
such as computed tomography (CT) or magnetic resonance imaging (MRI), and analysis
of tissue samples.

While these modalities can be used to describe general health status, the vast amounts of in-
formation they generate is challenging. Discerning the important parts of this information
when characterizing the progression of a particular disease is a highly complex task, which
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Chapter 1. Introduction

usually requires years of medical experience and expertise. With the computational power
of today and algorithmic advancements, AI-based methods have capabilities of doing this
at comparable levels as trained physicians [41]. Furthermore, these methods also have the
ability to discover hidden patterns in the data, enabling predictions of disease progression
and identification of unknown risk factors. However, there are several concerns to consider
when implementing such methods in the healthcare systems. The large volume of medical
data needed to train and test these methods is neither standardized nor openly accessible.
Hence, the collection and sharing of high quality data is one of the key challenges for future
medical AI development [113]. The monitoring of the performance of these systems in an
evolving healthcare system also poses concerns. As newer imaging technologies, software
updates, or examination protocols are implemented, we cannot ascertain the same level of
safety of an AI-system trained on older data in the previous setting.

Prostate cancer and Alzheimer’s disease are examples of two common diseases where the
incidence is expected to increase over the following decades, with growing healthcare costs
and risks of insufficient therapeutics [55, 103]. The success of treatment is highly depend-
ent on early diagnosis. Therefore, enhancing the efficiency and accuracy of the diagnostic
procedures is key to mitigate these issues. Analysis of longitudinal health measurements,
such as brain MRI images or microscopy images of prostate tissue samples, with AI-based
approaches holds the potential of improving this. Investigating and developing these meth-
ods is the overall aim of this thesis. This aim can be divided into the following specific
research questions:

• How can the general lack of longitudinal medical data of high quality be addressed?

• Is it possible to predict the necessity of treatment of a prostate cancer patient, given
prostate biopsies?

• To what extent can image data from prostate biopsies be used for longitudinal out-
come predictions of prostate cancer patients?

• Can biologically different subtypes of Alzheimer’s disease be identified from brain
MRI images?

• Could these subtypes be used for predicting the disease progression of Alzheimer’s
disease?

This thesis consists of a collection of publications, aimed at addressing the aforementioned
questions in the following manner: Paper I, Paper V and Paper VI provide possible solutions
to limitations of data, Paper II and Paper III investigates longitudinal outcome predictions
of prostate cancer patients, and Paper IV explores subtypes of Alzheimer’s disease based
on longitudinal brain MRI imaging (see Fig. 1.1). The relevant clinical background and
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Figure 1.1: A Illustration of the framework used in Paper III [139] for predicting longitudinal outcomes of prostate cancer pa-
tients. In the first stage, the images are segmented automatically and then divided into patches. The UNI-2 founda-
tion model is used to transform the patches into latent representations. Subsequently, an attention-based multiple
instance learning module is applied to compute the predictions. B Example of the disease progression modeling
of Alzheimer’s disease from Paper IV. MRI and PET images are used in a statistical framework to find subtypes of
disease trajectories.

specific problems are introduced in Chapter 2. The main datasets used in the publications
are described in Chapter 3. The theory behind the methodology is presented in Chapters
4-5, divided into machine learning techniques and statistical methods, respectively. The
results are summarized and explained in Chapter 6, and finally, a conclusion and future
outlook are provided in Chapter 7.
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Chapter 2

Clinical background and problem
definition

In this chapter, the clinical background and current diagnostic procedures of prostate cancer
(Section 2.1) and Alzheimer’s disease (Section 2.2) will be discussed. Furthermore, the aim
and research questions of this thesis will be motivated.

2.1 Prostate cancer

Prostate cancer is the world’s most common male cancer diagnosis, with 1.46 million re-
ported new cases in 2022 [10], and it is expected to rise towards 3 million by 2040 [55,
67]. In Sweden, prostate cancer accounted for 28% of all cancer cases among men in 2024.
Earlier detection and improved treatment methods have caused the mortality to drop, and
in 2024, 95% of prostate cancer patients in Sweden were expected to survive more than
5 years [18]. However, the anticipated rise in incidence will be challenging for healthcare
systems which globally already are under significant strain. Early diagnosis improves out-
comes substantially, yet, in many low-to middle-income countries, late or no diagnosis is
still the norm [67]. Furthermore, despite the incidence in men of African heritage being
significantly higher than for men with European heritage, most studies of the disease are
focused on the latter [67, 119]. Screening for prostate cancer has the potential of reducing
mortality, however, with the wide range of cancer aggressiveness, screening raises issues
with overdiagnosis [58, 9, 13]. The biological processes that affect the progression from in-
dolent cancer to lethal is currently not fully uncovered and treatment of unharmful cancer
forms causes unnecessary harm to patients and costs for the healthcare systems [67, 13].
The use of AI systems has the potential of mitigating some of these issues, both in terms
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Figure 2.1: Illustration of the anatomy of the prostate. Image adapted from Wikimedia Commons, originally from the National
Cancer Institute (NCI). Style edited with OpenAI (2026), DALLE-3 https://openai.com/dall-e-3/.

of improving the diagnostic accuracy and speeding up the processing of patient data. This
could enable a wider screening program without an unfeasible workload for the healthcare
professionals.

2.1.1 Physiology and pathology

The prostate is a small gland, about the size of a walnut, positioned below the bladder, sur-
rounding the urethra (see Fig. 2.1). The prostate is part of the male reproductive system,
and its main function is to secrete the fluid of ejaculated semen. This secretion contains nu-
merous nutrients and chemical substances, such as buffers protecting the sperm against the
acidic urine, and chemicals increasing the sperm motility [138]. Hence, the prostatic tissue
mainly consist of glandular structures, which are tubules surrounded by stroma (see Fig.
2.2) [76]. A gland consists of a layer of epithelial cells that secrete proteins and substances
into the lumen of the inside of the tubule, where they are transported and released into the
urethra. The epithelial cells and the stroma are separated by a basement membrane with
basal cells. The stroma is the connective tissue between the glands, and consists mainly of
extracellular matrix, smooth muscle fibers, and fibroblasts [76].

The most common form of prostate cancer is acinar adenocarcinoma, which originates
from the epithelial cells [59]. The other non-acinar carcinomas make up around 5-10% of
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2.1. Prostate cancer

Figure 2.2: Illustration of a normal prostatic glandular structure. One layer of epithelial cells, basal cells and a basement layer
surrounds the lumen inside the gland. Outside the basement layer, stromal cells forms the connective tissue. Neur-
oendocrine and stem cells can occur in the basal cell compartment. Image reproduced with permission from Lippolis
[76].

all cases. However, within these groups there are several subtypes, which makes the disease
progression highly heterogeneous. The growth of the prostate is partly controlled by the
supply of androgens (e.g. testosterone). Prostate-specific antigen (PSA) is a target protein
of the androgen receptor (AR) pathway [76]. An increase in activation of the AR and
subsequent release of PSA can be associated with abnormal prostate growth, and therefore
PSA is used as a blood-based biomarker for prostate cancer.

2.1.2 Diagnosis

It is possible to screen for prostate cancer with blood PSA tests, and this is usually the first
test performed when suspecting prostate cancer [2]. The risk of prostate cancer increases
with the PSA levels, but there are no general thresholds where prostate cancer either can be
ruled out nor confirmed. Usually, a PSA test with elevated levels is followed up with a digital
rectal exam and possibly an MRI [2, 28]. However, for a definitive diagnosis, a needle-
core biopsy is commonly performed. Today, it is standard practice to do a trans-rectal
ultrasonography (TRUS) guided biopsy. The use of multi-parametric MRI (mpMRI) has
been suggested by several studies, both to guide the biopsy and as a non-invasive alternative
to the biopsy for ruling out prostate cancer [118]. In recent years, traditional methods in
pathology have been increasingly digitized in hospitals around the world. This means that
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nowadays, instead of being studied through a microscope, tissue samples from the biopsies
are scanned into digital images. When a prostate biopsy is scanned, a so-called whole slide
image (WSI) is generated, which is usually of gigapixel size. The pathologists then analyze
the grade of prostate cancer and determine a diagnosis by studying these large images.

Histological staining

To examine the tissues of a biopsy, it is fixed in paraffin and sliced into thin sections [4].
In order to visualize the microstructures within these sections, they are stained with chem-
icals to highlight certain cellular components. The most common stain in histology is
hematoxylin-eosin (H&E), which has been used for more than a century [20]. The H&E
stain divides tissues into basophillic, eosinophillic and non-staining. The cell nuclei are
examples of basophillic cellular components which are colored purple/blue, and the ex-
tracellular matrix is eosinophillic and is colored pink (See Fig. 2.3). For difficult cases,
immunohistochemical stains can be used to confirm the diagnosis or to definitely rule
out prostate cancer [76]. Examples are p63, which is a basal cell marker i.e. benign tis-
sue marker, and AMACR, which is generally expressed in epithelial cancer cells. Although
these stains provide more information than H&E, they are costly and do produce false pos-
itives and negatives. Hence, H&E remains the gold standard in prostate cancer diagnosis,
and in this thesis, only images with this stain will be used.

Gleason grading

The prostate biopsies are graded according to the Gleason grading system. Developed in the
1960s by Dr. Donald Gleason, and revised in 2005 and 2014 by the International Society
of Urological Pathology (ISUP), the Gleason grading system now consists of four grades
of histological patterns; Benign and Grade 3-5 [116] (see Fig. 2.4). The original grades
1-2 were removed from biopsy reporting in the 2005 revision, but the numbering was kept
for grade 3-5 due to historical reasons. For each biopsy core, the two most predominant
grades are summed into a Gleason score. In the latest ISUP update, the scores are replaced
by Gleason grade groups, ranging from 1-5, where 1 corresponds with the lowest grade of
prostate cancer [88]. The ISUP grades and their definitions are briefly summarized in Table
2.1.

Although the introduction of the ISUP grades addressed several issues with the previous
Gleason grades, there are concerns regarding intra- and inter-observer variability [35]. Fur-
thermore, studies have shown that ISUP grade 4 tumors with Gleason scores 5+3 can have
a worse prognosis than the other grade 4 scores, and therefore should be included in the
ISUP grade 5 group [80]. There are inconsistencies in the reporting, where some studies
have found that using the most predominant and the highest grade correlates better with
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2.1. Prostate cancer

Figure 2.3: An example of a H&E stained WSI with a zoomed-in gland.

the pathological state [76]. There is little consensus on which of these ways of reporting
should be used. Additionally, studies have shown that higher tertiary Gleason patterns also
affects the prognosis negatively [40, 79]. Yet, it is not included in the ISUP grading system.

2.1.3 Treatment

After a prostate cancer diagnosis, there are several treatment options. To make a decision, in
addition to the ISUP grades, the stage of the disease, the general health of the patient, and
their life expectancy are considered [76, 3]. If the prostate cancer is localized to the prostate
and the patient is deemed fit for curative therapy, the usual treatment options are surgery or
radiotherapy. The main type of surgery is radical prostatectomy, where the entire prostate
gland and possibly surrounding tissue is removed. This procedure is not trivial, and there
are risks of incontinence and erectile dysfunction associated [28]. If the cancer has started to
spread outside the prostate, or if the surgery has not completely removed it, radiotherapy
can be used. Measuring the blood PSA values is a common way of monitoring patients
after prostatectomy. Immediately after surgery, PSA is typically undetectable in the blood,
but in approximately one third of patients, the PSA will rise again [26, 46]. This is called
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Figure 2.4: Examples of H&E stained prostatic benign tissue and Gleason grades 3-5.

biochemical recurrence, and it is a strong risk factor for prostate cancer death.

For more advanced prostate cancer, hormone therapy or androgen deprivation therapy
(ADT) is the most common choice of treatment [76]. The aim of ADT is to slow down
the growth of tumors by targeting the AR-androgen pathway, however, this is generally not
a curative treatment. There are other palliative treatment options, such as immunotherapy
and chemotherapy

2.1.4 Screening and active surveillance

Screening programs for prostate cancer using PSA blood tests have been a heavily debated
subject among medical experts. The European Randomized Screening for Prostate Cancer
(ERSPC) trial was initialized in 1992 to investigate whether prostate cancer mortality could
be reduced by PSA screening [111]. Schröder et al. found that PSA-based screening reduced
the rate of prostate cancer death by 20%, although estimated rates of over-treatment were as
high as 50% (defined as the amount of men with elevated PSA values who would not show
any clinical symptoms in their lifetime) [111]. In a Cochrane review of five randomized
studies (conducted between 2004-2018), the main conclusions were that although screen-
ing is associated with an increase in prostate cancer detection, no benefit on survival could
be observed [60]. On the contrary, the 2019 update on the ERSPC showed a significant
reduction in prostate cancer mortality in the screening group [58]. Furthermore, in a more
recent 22-year follow-up study, Frånlund et al. found that the cancer mortality could be
lowered by 30% with more frequent PSA testing, and that this could likely be increased
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Table 2.1: Summary of the ISUP grading system [116]. Note the distinction that the ISUP grade is assigned on biopsy level and
Gleason grade on each histopatholgical pattern within each biopsy.

ISUP grade Gleason scores Definition

Grade 1 2-6 Well-formed discrete glands of varying sizes
Grade 2 3+4=7 Predominately well-formed glands, with a

small proportion of poorly formed/cribriform glands
Grade 3 4+3=7 Predominately poorly formed/cribriform glands
Grade 4 4+4=8 Only poorly formed/cribriform glands

3+5=8 Predominately well-formed glands with
small proportion lacking glands (or with necrosis)

5+3=8 Predominately lacking glands (or with necrosis) with
small proportion of well-formed glands

Grade 5 9-10 Lacking gland formation (or with necrosis) possibly
with poorly formed/cribriform glands

even further by including older patients [44]. While more follow-up visits reduced the
amount of over-diagnoses, the number of additional patients needed to be diagnosed to
prevent one prostate cancer death was found to be 9 cases.

However, active surveillance has been proposed as a viable alternative to radical treatment,
following PSA screening, that can mitigate the risk of over-treatment[28, 13, 5]. This
means that patients with low-risk prostate cancer are monitored with recurring PSA tests
and biopsies to avoid treatment of unharmful tumors. Patients who show indications of
disease progression, given pre-defined thresholds, are offered curative treatment. The Pro-
state Cancer Research International Active Surveillance (PRIAS) study was initiated in 2006
with the aim of worldwide data collection of patients on active surveillance. The study has
enabled further investigation of optimal follow-up protocols and selection of high-risk pa-
tients [13]. In this thesis, we have utilized a dataset collected within the PRIAS study (see
Section 3.1 for more details).

Studies have shown clear benefits of active surveillance in terms of reduction of over-
treatment, but the long-term effects of active surveillance are still understudied [122, 125].
The use of enhanced blood test [43, 129] and the use of MRI [37] have been suggested as
possible improvements to the diagnostic procedures in the screening programs. In Decem-
ber 2022, the European Union issued a recommendation to researchers to evaluate the
effectiveness of organized prostate cancer screening. In a Swedish study, Bratt et al. con-
cluded that these programs are feasible and that with the use of MRI, a biopsy could be
avoided for over half of the patients with elevated PSA values [9].
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2.1.5 Computational pathology

The introduction of digital pathology has paved the way for the use of computational meth-
ods in the diagnostic pipeline [132, 115]. These advances, in combination with the tre-
mendous development of data storage capabilities and AI, have led to an explosive growth
of the field of computational pathology [117, 132]. The field has, over the past decade, fol-
lowed the broader trends of computer vision, i.e. computational analysis of natural images,
while applying them to WSIs from digital pathology. In the early 2010s, the development
of convolutional neural networks (CNNs) had a particularly big impact, and researchers in
computational pathology used these methods for successful applications in various fields
[132] (see Section 4.2.1 for an introduction of CNNs). However, digital pathology work-
flows were not yet widely implemented at this time, and the lack of data was a bottleneck.
In 2016, the CAMELYON16 challenge introduced, at the time, one of the largest open-
access cohorts in computational pathology, aimed at detection of breast cancer metastases in
lymph nodes [36]. Since then, similar challenges have been proposed for numerous applic-
ations, such as prostate cancer Gleason grading, kidney transplant assessment, pancreatic
tumor segmentation, and more. This led to more efforts at collecting larger, multi-center
cohorts in digital pathology.

Following this, several studies presented CNN-based automatic Gleason grading algorithms
on-par with experienced pathologists [82, 17, 14, 124]. In 2021, Paige Prostate became
the first clinical-grade AI-based solution to receive marketing approval from the Food and
Drug Administration [85], and since then, more have followed.

However, a drawback of these methods is that they often require pixel-level annotations of
the datasets. Gathering these is a tedious process that is not part of the clinical practice.
This led to a shift towards other learning methods that do not require these annotations.
Specifically, a deep-learning paradigm called multiple instance learning was employed in
several studies in computational pathology with promising results [17, 78] (see Section
4.5 for more details on this method). With these methods, slide-level labels can be used
when training the models, e.g. ”does this slide contain cancer or not?”. These labels are
always assigned in the standard clinical procedure, and therefore, this data can be leveraged
without any additional work for the pathologists.

In recent years, these methods have been further improved by the development of large,
general-purpose models, called foundation models. For training these models, various gi-
gantic cohorts of WSIs have been collected. As a comparison, the CAMELYON16 dataset
consisted of 299 WSIs [36], and less than 8 years later, for the training of the foundation
model Virchow-2, a dataset of 3.1 million WSIs was used [148]. However, these large co-
horts are not made public, and still, it is a challenge in computational pathology to obtain
data that truly represents clinical practice [132]. More details on the training procedures
of foundation models can be found in Section 4.6, and on foundation models in compu-
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tational pathology in Section 4.6.2.

2.1.6 Longitudinal outcome prediction

While several studies have shown the strong capabilities of AI models in predicting Gleason
grades, they are intrinsically limited by the aforementioned subjectivity and variability of
the Gleason grading system. Therefore, adapting these models to predict longitudinal pa-
tient outcomes instead would be of great interest. Previous studies have demonstrated
strong prognostic capabilities of deep learning-based Gleason grading algorithms, by fit-
ting Cox regression models on the predicted grades [5, 142]. More recent studies have
extended these models to predict biochemical recurrence of prostate cancer patients using
end-to-end frameworks, with promising results [99, 52]. Pinckaers et al. used an ImageNet
pre-trained ResNet-50 for predicting years to recurrence based on prostatectomy tissue mi-
croarrays [99]. Grisi et al. extended this by predicting a continuous time-to-recurrence risk
using state-of-the-art foundation models, such as UNI and Virchow-2, as feature extractors
from WSIs [52]. Furthermore, more sophisticated models have been developed for predict-
ing the occurrence of future prostate cancer [77, 22]. Chelebian et al. developed a method
based on multiple instance learning to predict future detection of prostate cancer [22].
They used a cohort of men with elevated PSA values and only slides originally classified as
benign, where the positive patients received a prostate cancer diagnosis (any ISUP grade)
within 30 months, and the negative remained cancer-free for 8 years. Notably, in 2025,
ArteraAI was the first company to receive FDA approval for their AI-based risk stratifica-
tion tool for patients with non-metastatic prostate cancer [131]. The algorithm combines
clinical data with WSIs of prostate biopsies in a multi-modal framework, and its strong
capabilities have been demonstrated in an external validation study on phase III clinical
trial data [96].

2.2 Alzheimer’s disease

Alzheimer’s disease (AD) is the most common form of dementia, accounting for 60-80% of
all cases [6]. The estimated number of patients globally exceeds 50 million and is expected
to rise to 75 million in 2030 [103]. The cost of dementia in the US was estimated at
$360 billion with an additional $347 billion for unpaid caregiving in 2023 [6]. AD is a
complex neurodegenerative disease, which is characterized by cerebral atrophy (i.e loss of
brain neurons, see Fig. 2.5) as well as the accumulation of amyloid-β (Aβ) protein plaques
and tau protein tangles in the brain. Common symptoms include memory loss, cognitive
decline, personality changes, and language problems. However, the biological changes in
the brain are believed to occur as early as 20 years before any symptoms. In recent years,
several treatments have been developed to slow the progression of the disease by targeting
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Figure 2.5: A schematic of how different brain regions are affected by Alzheimer’s disease. Image adapted from Wikimedia
Commons, originally from the Alzheimer’s Disease Education and Referral Center.

the brain Aβ plaques [114, 34, 81]. The efficacy of these treatments is highly dependent
on early detection of the disease. To be able to do that, a deeper understanding of the early
biological changes and the heterogeneous progression of the disease is needed.

2.2.1 Brain anatomy

The human brain consists of three main parts: the cerebrum, the brain stem, and the
cerebellum [138]. The cerebrum is divided into left and right hemispheres, with an inner
core of white matter and an outer layer of gray matter called the cerebral cortex. Compared
with white matter, gray matter contains large amounts of neuronal cell bodies and fewer
myelinated axons (the white color of myelin causes the color difference). The cerebral
cortex is one of the most complex parts of the central nervous system, which plays a key
role in perception, memory, movement etc. Both hemispheres are divided into four lobes:
the frontal, parietal, temporal, and occipital lobes. Within each lobe, several regions and
sub-regions are defined based on different functions or structures. Deep inside the cerebral
hemispheres, there are groups of gray matter, such as the basal nuclei and parts of the
limbic system. Additionally, there are four interconnected cavities called ventricles, which
produce and circulate the cerebrospinal fluid (CSF). The limbic system consists of both
white and gray matter areas associated with behavior, memory, learning, emotion, and a
variety of endocrine functions. The hippocampus is an integral part of this system, located
in the medial temporal lobe, beneath the lateral ventricle (see Fig. 2.6). In the typical AD
pathology, the limbic system and the hippocampus in particular are the primary regions to
be affected in the early stages of the disease [33].
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Figure 2.6: Illustration of the limbic system. Image taken from Roxo et al. [108] (CC BY 3.0)

2.2.2 Pathology

AD is usually initiated by Aβ deposition, followed by tau pathology in the preclinical stage
of the disease [33, 64, 39]. This stage can last for over 20 years before neurodegeneration
occurs to the degree that symptoms start to show. The neurodegeneration and deposition
of Aβ can be visualized with MRI and positron emission tomography (PET) (see Fig. 2.7).
The Aβ peptide is derived from the larger glycoprotein Amyloid precursor protein (APP)
[23]. The role of APP includes neuronal development, signaling, and homeostasis. While
Aβ occurs naturally in our bodies, the normal physiological role and the mechanisms that
cause Aβ plaques to form in the brain are still unknown. It has been observed that sol-
uble Aβ accumulates gradually, forming oligomers, subsequently larger fibrils, and finally
plaques. These earlier forms of Aβ deposits may play pathogenic roles at different stages
of the disease [75]. Tau is a microtubule-associated protein that plays an important role
in microtubule assembly and stabilization [137] (microtubule forms the cytoskeleton of
all cells [138]). Tau can aggregate into paired helical filaments and neurofibrillary tangles,
which are associated with a number of neurodegenerative diseases, including AD. Hyper-
phosphorylation of tau is believed to enhance the aggregation, as hyper-phosphorylated
tau commonly occurs jointly with the aggregated tangles. Still, to date, the mechanism
behind the pathogenesis of tau is not fully uncovered [137]. For instance, several studies
have shown that the neurofibrillary tangles themselves do not cause brain dysfunction, but
rather might be protective responses against soluble toxic tau proteins or reactive oxygen
species [137, 110]. The interaction between Aβ and tau is also not fully known, but Aβ ag-
gregation has been shown to induce the tau hyper-phosphorylation [23]. Likely, there are
more mechanisms other than Aβ and tau pathology involved and several different pathways
in which AD can develop, which explains the heterogeneity of the disease progression.
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Figure 2.7: Visualization of the progression of AD on MRI and Aβ-PET scans. For the MRI views, a gradual enlargement of
the ventricles can be observed, as well as neurodegeneration and loss of gray matter. On the Aβ-PET scans, the
characteristic spread of Aβ plaques to the gray matter can be observed. For the AD example, it is difficult to
distinguish the white and gray matter based on the PET scan.

Co-pathologies

Most patients with AD also have co-pathologies, which influence the progression of the
disease [127]. Cerebrovascular disease is an umbrella term for any vascular disease in the
brain, which are common co-pathologies of AD in older patients [6]. Anatomical MRI can
be used to find indications of cerebrovascular diseases. Specifically, white matter hyperin-
tensities (WMHs), which appear as brighter regions on T2-weighted MRI scans [29], are
associated with cognitive decline and faster progression of AD [72]. Lewy body disease
(LBD) is another common comorbidity accompanying AD pathologic changes in 25-50%
of cases [104, 127]. Lewy bodies are formations of α-synuclein protein aggregates, which
are common in several neurodegenerative diseases, including Parkinson’s disease [49]. Re-
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cent studies have shown that LBD can be identified in-vivo using a α-synuclein Seed Amp-
lification Assay (SAA) on CSF samples [126]. Another frequent co-pathology of AD is the
presence of TAR DNA-binding protein 43 (TDP-43) in the medial temporal lobe and the
limbic region [121]. The presence of TDP-43 is associated with atrophy of the hippocam-
pus and a faster progression, compared with typical AD pathology.

2.2.3 Diagnosis and biomarkers

Typically, the first symptoms of AD are subjective cognitive decline (sometimes also re-
ferred to as subjective memory concerns), which are self-reported cognitive and memory
difficulties. This is followed by mild cognitive impairment (MCI), where the cognitive cap-
abilities are reduced, which can be measured by a reduced performance on cognitive tests
[6]. Diagnosing early-stage AD is not easy, with 20-30% being misdiagnosed in specialized
care and as high as 40% in primary care [53, 123]. Furthermore, only 8% are correctly
diagnosed during the MCI stage [83]. Various biomarkers, such as CSF measurements
or PET-scans with Aβ or tau binding tracers, are increasingly being used to improve the
diagnostic accuracy. Furthermore, the use of blood-based biomarkers has emerged as a less
invasive and less expensive alternative [53, 95].

In 2024, the Alzheimer’s Association Workgroup released an update [66] of the previous
clinical framework of AD from 2018 [65]. The 2018 framework built upon the ATN-
biomarker classification scheme, where biomarkers are grouped according to their corres-
pondence with A - Aβ pathology, T - tau pathology, or N - neurodegeneration. How-
ever, it did not distinguish between CSF and imaging biomarkers within each category,
even though evidence now suggests that these biomarkers differ in timing across the AD
spectrum. [66]. For example, the T-biomarker phosphorylated tau can become abnormal
before a positive tau-PET scan [84]. In the revised framework, the biomarkers are divided
into three new groups: core biomarkers of AD neuropathologic change (ADNPC), non-
specific biomarkers involved in AD, and biomarkers of non-AD co-pathologies (see Table
2.2) [66]. These biomarkers typically become abnormal at different stages of the disease
(see Fig. 2.8). The core biomarkers for AD are those in the previous A and T categories. The
A category includes both fluid assays of the Aβ42 peptide, and amyloid-PET scans, which
usually become abnormal simultaneously. Given evidence that phosphorylated tau (p-tau)
fragments may be secreted as a response to the accumulation of Aβ plaques, and that this
happens before abnormal tau-PET can be observed, the T category was split into T1 and
T2. The T1 group includes these p-tau forms, and together with the A category forms the
Core 1 biomarkers. These biomarkers define the initial stage of AD that can be detected
in-vivo before any symptoms. The rest of the tau proteinopathy biomarkers constitute the
T2 category and the Core 2 biomarkers. These become abnormal in a later stage, closer
to the onset of symptoms. AD can be diagnosed based on abnormal specific biomarkers
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in the Core 1 category (for the CSF measurements, usually the ratio Aβ42/Aβ40 is used).
Core 2 biomarkers should not be used to diagnose AD alone, but they remain very useful
in defining the stage of the disease.

The non-specific biomarkers include the N (neurodegeneration) and I (inflammation) cat-
egories, which are undoubtedly important steps in the progression of AD. However, they
are not AD specific, i.e. they occur in other non-AD neurodegenerative diseases [65, 66].
The influence of co-pathologies on the stages of AD is visualized in Fig. 2.8 (B). Given
this, biomarkers of them have gained more attention in recent years. Under this category,
WMHs and α-synuclein SAA are listed as biomarkers for vascular brain injury and LBD,
respectively. Biomarkers for TDP-43 co-pathology are not mentioned in this category, yet,
studies have shown that among patients with biomarker evidence of intermediate to high
ADNPC, the rate of TDP-43 co-morbidity is between 35% and 58% [127]. Previously,
the presence of TDP-43 could only be detected postmortem, however, MRI-based atrophy
has been suggested as a possible biomarker. Specifically, the ratio between the inferior and
middle temporal lobe regions divided by the hippocampal volume has been proven as a
strong indicator [120].

Table 2.2: The Alzheimer’s Association Workgroup’s revised categorization of AD-related biomarkers.

Category CSF or plasma analytes Imaging

Core biomarkers

Core 1
A (Aβ pathology) Aβ42 Amyloid-PET
T1 p-tau217, p-tau181, p-tau231
Core 2
T2 Other phosphorylated tau forms, Tau-PET

Non-phosphorylated tau fragments

Non-specific AD biomarkers

N (neurodegeneration) Neurofilament light chain (NfL) Anatomic MRI, FDG PET
I (inflammation) Glial fibrillary acidic protein

Biomarkers of non-AD co-pathology

V (vascular brain injury) MRI/CT white mater
hyper-intensities (WMH)

S (α-synuclein) α-synuclein seed
amplification assay (SAA)

2.2.4 Staging and sub-typing

The biomarkers have been used to define seven clinical stages of AD as the following; (0)
Genetic evidence of AD with normal biomarkers and function, (1) Asymptomatic with bio-
marker evidence, (2) Subjective mild cognitive decline with minimal impact on daily func-
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tion, (3) Reduced/abnormal performance on cognitive tests, (4-6) Dementia with mild,
moderate and severe functional impairment [66]. However, the progression between these
stages is highly heterogeneous, and the mechanisms behind this variance are not under-
stood. To enable treatment of AD at an early disease stage, uncovering the longitudinal
processes involved is imperative. Thus, many studies have attempted to investigate the
temporal relationships between amyloid deposition, tau accumulation, and regional at-
rophy patterns, and their contribution to the disease trajectories [66, 39, 27]. This has
led to observations of clinical subtypes of AD, such as the typical amnestic phenotype and
several non-amnestic phenotypes [51]. The typical phenotype can be characterized by a
slower progression, with atrophy starting in the limbic system with neurodegeneration of
the hippocampus and entorhinal cortex. The atypical phenotypes generally affect younger
patients, with other patterns of brain atrophy [51] as well as divergent regional distributions
of tau tangles in the brain [135, 134]. Based on postmortem quantification of tau protein
tangles, the AD subtypes typical AD, limbic predominant, and hippocampal-sparing have
been defined [90]. The hippocampal-sparing group is characterized by a higher density
of tau tangles in cortical areas and a lower density in the hippocampus, compared with
typical AD. The limbic-predominant displays the opposite relationship. Naturally, they
are connected to different atrophy patterns corresponding with the tau deposition. Several
studies have identified them based on measurements of MRI volumes or visual assessments
[16, 42]. The typical and limbic-predominant subtypes have been observed to be associ-
ated with a worse clinical progression than the hippocampal-sparing and minimal atrophy
subgroups.

Since the original three subtypes were identified on autopsies, they only represent terminal
states and do not capture the temporal progression. There are likely more subtypes to be
found by studying the longitudinal progression based on in-vivo imaging, possibly by ap-
plying machine learning or statistical methods. A limitation of some early studies is that
they are studying the progression of the disease in terms of time since the baseline visit,
while patients will naturally be at different stages of the disease at study baseline. To mit-
igate this, data-driven models for latent-time disease staging of AD have been developed
[71, 145, 105]. Notably, Vogel et al. modeled longitudinal tau-PET measurements and
found four distinct subtypes (S1-S4), in addition to one without abnormal tau measure-
ments (S0)[134]. Furthermore, non-linear mixed effects models have been utilized to stage
subjects on a continuous time line by estimating a patient-level time-shift corresponding
with the time of AD-onset [71, 105] (see Section 5.2). Still, there is little consensus on
these subtypes and their contribution to the cognitive decline of AD patients. Likely, with
modern imaging techniques, novel methods, and larger datasets, more subtypes of AD can
be identified.
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Figure 2.8: Illustration of AD staging with biomarkers. Time is on the x-axis, and the clinical abnormality of a biomarker is on
the y-axis. MTL tau and Neocortical tau refers to the uptake of tau-PET for the medial temporal lobe and neocortical
regions, respectively. N stands for neurodegeneration and C for clinical symptoms. (A) illustrates the typical AD
progression, while (B) and (C) illustrate the effects of co-pathologies and cognitive reserve. Figure reproduced from
Jack et al. [66], licensed under CC BY-NC-ND 4.0. No changes were made.
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Data

In this chapter the main datasets used in this thesis will be detailed. The PRIAS dataset was
used in Paper I-III and the ADNI dataset in Papers IV-V.

3.1 The PRIAS dataset

To investigate the potential of keeping prostate cancer patients on active surveillance, the
Prostate Cancer Research International Active Surveillance (PRIAS) study was initiated in
2006 [13]. The goal of PRIAS was to establish optimal protocols for optimal selection and
follow-up on patients following an initial blood PSA test [5]. The inclusion criteria for the
study can be summarized as men with histologically proven adenocarcinoma of the prostate
who are fit enough for curative therapy. They could at most have two prostate cancer-
positive biopsy cores, with at most ISUP grade group 2 (Gleason score 3+3 or 3+4) and at
diagnosis, the PSA levels should be ≤ 10 ng/mm and PSA density < 0.2 [5]. Additional
details on the inclusion and exclusion criteria can be found at prias-project.org [102].
To date, 138 medical centers across the world have contributed to the study. In this thesis
we used a cohort collected under the PRIAS study, which consists of 180 patients monitored
at three hospitals (Kristianstad, Lund and Malmö) in Skåne county, Sweden, from 2007 to
2020. Out of these, 35 patients discontinued the study due to some reason unrelated to
prostate cancer and were therefore excluded. For the remaining 145 patients, 73 received
treatment for prostate cancer and 72 remained on active surveillance through the study (See
Fig. 3.1). In total, 4707 WSIs were collected over 307 individual visits. The slides were
originally scanned at 40x magnification (0.247 μm/pixel), however, for the experiments in
this thesis, the images were downsampled to 10x magnification.

21

prias-project.org


Chapter 3. Data

Figure 3.1: Consolidated Standards of Reporting Trials (CONSORT) diagram of the PRIAS study.

3.2 The ADNI dataset

The Alzheimer’s disease neuroimaging initiative (ADNI) was launched in 2003 as a public-
private partnership with the goal to test whether serial MRI, PET, other biological markers,
and clinical and neuropsychological assessment could be combined to measure the pro-
gression of mild cognitive impairment and early Alzheimer’s disease. As stated by ADNI,
current goals include validating biomarkers for clinical trials, improving the generalizability
of ADNI data by increasing diversity in the participant cohort, and to provide data con-
cerning the diagnosis and progression of Alzheimer’s disease to the scientific community¹.
The ADNI database has since its release been openly accessible for researchers, hence, it
has been used for numerous studies and contributed to several breakthroughs in AD re-
search. The study has five different phases, defined by different funding cycles; ADNI1,
ADNIGO, ADNI2, ADNI3 and the on-going ADNI4. All the study participants have
done a screening visit consisting of clinical diagnostic evaluation and MRI. If they pass
some basic inclusion criteria and accept to be enrolled in the study, they are scheduled for
recurring visits approximately every 6 months for longitudinal data collection. The study
currently consist of 3788 participants who passed the screening, and got a valid diagnosis
(CN: 42%, MCI: 43%, Dementia: 15%). Each visit can consist of one or several examin-
ations e.g cognitive assessment, MRI, PET (Aβ and/or tau), CSF biomarkers, blood-based
biomarkers, proteomics.

¹More up-to date information can be found at adni.loni.usc.edu.
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Machine learning techniques

Machine learning (ML) is often defined as a sub-field of the very broad term AI, where
the machine teaches itself to perform some task through experience [4, 50]. The idea of
machine intelligence dates back to the 19th century [87], however, it would take more than
a hundred years until the technical advancements caught up with the theory and realized
this idea. The introduction of ML meant moving away from hard-coding knowledge into
the machines, and instead allowing them to acquire the knowledge from the data itself [50].
These classical ML algorithms require representations of the raw data. An early example
is a logistic regression algorithm that is able to predict the risk of coronary artery disease
of a patient [128]. Here, the patient is represented by a number of characteristics such as
age, sex, body mass index, and blood values. Naturally, this algorithm’s performance will
depend heavily on the representations and how well they describe the cardiac health of the
patient. To avoid this dependency, a representation learning algorithm can be used instead,
where the machine learns both how to extract useful representations from raw data and how
to use them to generate the desired output [50].

Deep learning (DL) is a family of representation learning methods that uses deep artificial
neural networks (ANN) to extract useful information from the input data. A deep ANN
consists of vast amounts of simple processing units (nodes) that form a complex architecture
(network). The core idea is that each node is associated with a weight, which can be tuned to
weigh this particular node’s contribution to the output. During the training of the network,
all these weights are tuned to produce the desired output. See [50] for more details on the
theoretical background of these concepts. DL methods have been the driving force for the
explosion of AI research and development in recent years.

In this thesis, both classical ML and modern DL methods will be used for various applic-
ations. The theory behind the concepts of classical ML and DL will be covered briefly in
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Sections 4.1 and 4.2, respectively.

4.1 Classical machine learning

ML can be roughly characterized into supervised and unsupervised learning. In supervised
learning, each sample of data used for training is associated with a known ground truth
label or target.

As a simple example, given a set of input features x = {x1, x2, ..., xn}, we have a known
target scalar y ∈ R. The goal is to find a model fθ : Rn 7→ R that is able to predict y,
given previously unseen features x. Linear regression is a simple ML model, which is a
fitted linear function such that:

ŷ = wTx . (4.1)

By measuring the error with respect to the target y we get a performance measure of the
model. During training, the model learns how to make correct predictions by tuning the
parameters w to minimize this error.

In unsupervised learning, the target is unknown, and the aim is to model the distribution
or learn representations of the input data. While this thesis is mainly focused on supervised
learning, we will discuss some self-supervised learning techniques in Section 4.6.1.

4.1.1 Support vector machines

Suppose we have a binary classification problem, where the two classes are linearly separable
in some high-dimensional feature space. Support vector machines (SVM) are a type of
ML model that find the optimal decision boundary [7, 68]. Here, the optimal decision
boundary is the hyperplane that maximizes the separation of instances belonging to the two
classes (see Fig. 4.1). The algorithm identifies a small set of data points that represent the
boundary of each class, called support vectors, and finds the maximal separation between
them. Let us define the training data for this model as p pairs of n-dimensional feature
vectors xi = {xi1, ..., xin}, i = {1, ..., p}, and for each, a corresponding binary class
yi ∈ {−1,+1}. Similarly to the regression model, the optimal hyperplane can be described
by the equation

wx− b = 0 (4.2)

where w and b are the parameters of the SVM model (i.e. what we will attempt to find).
For each sample in the training data we can then write

wxi − b

{
≥ 1, if yi = +1

≤ −1, if yi = −1
(4.3)
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i.e. we want each sample to be classified correctly by being on the correct side of the de-
cision boundary. The margin is defined as the perpendicular distance between the decision
boundary and the closest data points. The data points that are on the margin are the sup-
port vectors, and for them we have that wxi − b = yi. Let r be the distance between the
boundary and a support vector above it (i.e. yi = 1, see Fig. 4.1). Then the vector between
them can be written as r w

||w|| , where || · || denotes the norm of w, and thus w
||w|| is a unit

vector in the direction of w. By adding this to equation 4.2, we get

w(x+ r
w

||w||
)− b = 1 . (4.4)

We notice that since wx− b = 0, by solving for r we get r = 1
||w|| . Since this represents

half of the margin, we get that the margin size is 2
||w|| . The goal of the algorithm is to find

the parameters w that maximize the margin, given the constraints of Eq. 4.3. Thus, this
means minimizing ||w|| and can be summarized as

min
w,b
||w||, such that: yi(wxi − b) ≥ 1 ∀i ∈ {1, ..., p} . (4.5)

This is referred to as the hard-margin SVM since it does not allow data points to be on the
wrong side of the boundary. However, if we want to find the optimal decision boundary
for a set of data points that are not linearly separable, we can use the soft-margin SVM,
which introduces a set of slack variables to allow misclassifications. Details on this can be
found in [7, 68]. The optimization process typically uses Lagrange multipliers to combine
the objective and constraints of Eq. 4.5 into one function. In modern software such as
sklearn in Python, this is computed automatically [97]. In Paper V, we used this software
to train SVMs for simple classification tasks such as baseline diagnosis or Aβ status of study
participants from the ADNI study.

4.2 Deep learning

For high-dimensional, non-linear problems, it is infeasible to fit a linear decision boundary.
For these cases, deep learning-based models can be used instead. Similarly to the linear
regression example above, the goal can be formulated as estimating a function fθ : Rn 7→ R
that is able to predict a correct yi given an input x = {x1, ..., xn}. However, now the
function is parametrized by an ANN. The simplest form of an ANN is the multi-layer
perceptron (MLP). This consists of layers of single processing units (perceptrons), which are
fully connected to form the network (see Fig. 4.2). Every edge of the network is associated
with a weight, and the contributions to every node are summed and passed through a non-
linear activation function. Each layer can be seen as its own function, e.g. for three layers we
get yi = fθ(xi) = fl3(fl2(fl1(xi))). Here lies the big advantage of ANNs, by increasing
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Figure 4.1: Example of a linear decision boundary in 2D, where the margin between the classes is maximized.

the depth (i.e. adding layers) or adding nodes to the layers, we can in theory, approximate
any function [50]. The optimization of the parameters (i.e. weights) of the network mainly
involves a loss function and an optimizer. The loss function should be a differentiable
function that gives some measure of the error between the output of the network and
the desired output. There are many different choices for the loss function, which depend
on the task and the type of input. The optimizer calculates how the weights should be
adjusted to minimize the loss function. There are also multiple choices for optimizer, but
Adaptive Moment Estimation (Adam) has become a popular choice in recent years [69]. A
deeper introduction to these concepts can be found in [98], and additional details on the
mathematical theory can be found in [50].

4.2.1 Convolutional neural networks

Large amount of the medical data of today consists of images from different modalities.
To process such data with an ANN, the MLP is not ideal since it cannot utilize spatial
information. Furthermore, applying a one-layer fully-connected MLP to an image of 256-
by-256 pixels and mapping to a feature vector of size 1000 would result in 65 million
edges. Hence, the size of the network would be unfeasible. Convolutional neural networks
(CNNs) are designed to handle data in 2D or 3D grids, such as images. As the name
implies, CNNs use the mathematical convolution operation to allow parameter sharing
and sparse interactions [50]. Each layer of a CNN consists of a kernel of smaller spatial
dimensions than the input. The kernel holds the tunable parameters, which are convolved
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Figure 4.2: Illustration of a simple MLP. Inside each node, the contributions are summed and passed through a non-linear
activation function σ. All edges are associated with a tunable parameter (weight) wji.

with the input and passed through an activation function. The kernel can be viewed as a
filter that searches for features across the input array. Each convolutional layer consists of
several kernels, and the CNN usually consists of several stacked convolutional layers. The
first layer extracts low-level features, such as corner or edge detections, and the subsequent
layer merges these into higher-level features representing larger parts of the input image
[74]. A key concept of a CNN is the so-called pooling layers, which downsample the
spatial dimensions of the input feature map. An example of a common pooling operation
is max pooling, which selects the maximum output with a smaller grid. By reducing the
spatial dimensions, the output becomes more invariant to translation. This means that if
the input image is shifted, the output largely remains the same. For example, if we want to
find whether an image contains a tumor or not, the exact location should not matter.

Improving the performance of a CNN is not as simple as just stacking more layers. In
theory, the performance should not degrade by adding layers, since the network should
be able to learn the identity mapping. However, empirical studies showed that for deep
architectures this is not the case [56]. To address this issue, He et al. introduced residual
connections between blocks of convolutional layers [56]. These are simply identity map-
pings that skip the convolutional block F and are subsequently added to the output, such
as:

y = F(x) + x . (4.6)

The idea is that if a deeper block is unnecessary, the weights of the block can simply diminish
to approximate the identity mapping (F(·) ≈ 0). This type of architecture is known as the
ResNet, and it has become a popular choice for many computer vision tasks.
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Figure 4.3: Overview of the Vision transformer architecture. The input image is split into smaller patches, which are flattened and
linearly embedded. The resulting sequence is fed to the standard transformer encoder, with multi-head attention.
Image inspired by Dosovitskiy et al. [32] (https://arxiv.org/abs/2010.11929).

4.2.2 Vision transformers

Another DL architecture type with increasing popularity in computer vision is the vision
transformer (ViT) [32]. The original transformer model was developed for sequence pro-
cessing, specifically for natural language processing [133]. It replaced convolutions and
recurrent layers with multi-head self-attention to model long-range dependencies within
the sequences. The ViT adapts this architecture to images by splitting the images into
smaller fixed patches, and processing them as a sequence, using the transformer blocks (see
Fig. 4.3). This enables interaction between non-adjacent patches, which is not possible with
convolutions. This is particularly useful for many medical applications, where capturing
the global pathological context of a larger image could be highly beneficial when making a
prediction. In natural language processing, the input sequence of text is often tokenized,
meaning that the letters (or combination of letters) are represented as numbers (tokens).
For ViT models, the same terminology is often kept, and the input image patches are also
referred to as tokens.

4.3 Generalization

The main challenge in ML is to train algorithms that perform well on previously unseen
data. This ability, to generalize to new data samples that were not part of the training data,
can be difficult to estimate, since we typically do not know the variance of the real-world
data distribution. A common approach is to set aside a validation set that is used to monitor
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the performance of the model during training and then use a hold-out test set to estimate
the generalization performance. These datasets have to be large and diverse enough to get
a good estimate. Still, we also want to keep as much data as possible for training. This is
particularly a challenge in the medical field, where the amount of data is often limited.

Estimating the generalization and the dependence on the actual test data samples is im-
portant when comparing methods and evaluating the statistical significance of the results.
K-fold cross-validation and bootstrapping are two methods to do this. The former involves
splitting the training data into K-folds of even size, and training K separate versions of the
model on K-1 folds, leaving one of the folds for validation. Bootstrapping can be used
to estimate the variance on the test data by sampling N samples from the test data with
replacement. This is repeated several times, and the performance is evaluated on every
bootstrap sample.

Data augmentation is commonly used to extend the training data and to force the model
to learn how to handle difficult cases [50]. This means that we randomly distort the input
data with some transformation T : (x, y) → (x̂, y), to generate ”new” training pairs.
These transformations have to be designed carefully, to not change the meaning of the label
y. Exploring different augmentation techniques can be an effective way of improving the
generalization performance of an ML model, especially in sparse data settings. In Paper
I, we developed a novel method of color augmentation to improve the performance of a
segmentation algorithm.

4.4 Segmentation

Semantic segmentation is the task of classifying each pixel of an input image depending on
which object depicted in the image they belong to. Semantic segmentation with DL has
numerous applications in medical imaging, such as organ segmentation from CT images [8,
63], finding boundaries of tumors [63, 54], rendering 3D models [38], and segmentation
of cellular components from microcopy images [62]. Commonly, this requires the usage
of a fully-convolutional neural network. The difference from the standard CNN is that
the learned representations are up-sampled through a decoder network, which outputs an
image representing a segmentation of the input.

4.4.1 U-Net architecture

The U-Net architecture, with its many variations, has become a popular choice for bio-
medical segmentation tasks [107]. Originally proposed by Ronneberger et al. in 2015,
the architecture introduced skip-connections between the encoder and decoder layers, to
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Figure 4.4: The U-Net architecture. The number of layers, the number of filters of each layer, and the step size of pooling
operations are common hyper-parameters to tune depending on the application.

guide the decoder in reconstructing objects. They also used an overlapping tiling strategy
to process images of arbitrary size without introducing edge effects. Since then, numerous
adaptations of the architecture have been developed for different biomedical segmentation
tasks [147, 63]. In Papers I and IV, we used variations of this architecture for sematic
segmentation of cellular components in H&E-stained images and volumetric brain seg-
mentation from spectral CT images, respectively.

4.5 Multiple instance learning

Application of CNNs on diagnostic tasks such as Gleason grading showed promising results
in several studies [82, 14, 91]. However, for regular supervised learning instance or pixel
level annotations are required for training these networks. Given that these networks’ per-
formances are highly dependent on the quality and the amount of data they are trained on,
gathering these annotations quickly turns into a tedious process that requires high medical
expertise. On the other hand, any larger healthcare institution has access to large amounts
of weakly annotated data. For instance, a cancer patient may have a set of collected images
paired with a diagnosis set by the physician. This fits very well with the multiple instance
learning (MIL) problem formulation, where a bag of instances is associated with a single
label for the whole bag [31]. Recall the supervised learning formulation from Section 4.1.
Now, we have a bag of K instances X = {x1, ...,xK}, and a known label Y associated
with the bag. For each instance within the bag, there is a latent label yi ∈ {0, 1}, which
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gives the bag label as

Y =

{
0, if

∑K
i=1 yi = 0

1, otherwise.
(4.7)

There are two main approaches for solving this task: the instance-level approach and the
embedding-level approach [61]. For the instance-level approach, a classifier returns pre-
dictions for all instances, which are pooled to obtain the bag-level prediction. In the
embedding-level approach, instances are mapped to low-dimensional embeddings, which
are pooled into one representation of the bag. A classifier is then used to predict the bag
label based on this representation. In both approaches, the MIL pooling operation needs
to be permutation invariant (e.g. the order of images does not affect the diagnosis). If
the pooling operation is also differentiable, it can be used as part of an ANN architecture.
Two basic operators that fulfill these requirements are max pooling and average pooling.
However, both these operations have the major drawbacks that they are non-trainable and
cannot be adjusted to fit any particular task. Furthermore, they also lead to a significant loss
of information when used in the training of an ANN. For example, with the max pooling
operator, the signal used to update the whole network comes from only a single instance,
since the rest are discarded. This makes learning slow and data hungry compared with
regular supervised learning [17].

To mitigate these issues, Ilse et al. introduced Attention-based MIL pooling [61]. The
pooling operation is a weighted average of the instances, where the attention weights are
learned by an ANN. For K instance embeddings h1, ..,hK , the pooling is defined as

z =

K∑
i=1

αihi (4.8)

with

αi =
ew

T tanh(VhT
i )∑K

j=1 e
wT tanh(VhT

j )
(4.9)

where w ∈ RL and V ∈ RL×N are learned parameters of MLPs. The tanh(·) activation
function is used to allow both negative and positive values. To allow learning of more
complex relationships, they extend this by adding a gating mechanism to the attention
calculation:

αi =
exp[wT (tanh(Vhi)� sigm(Uhi))]∑K
j=1 exp[w

T (tanh(Vhj)� sigm(Uhj))]
, (4.10)

where U ∈ RL×N is another set of parameters, sigm(·) is the sigmoid activation function
and � is an element-wise multiplication. The gated attention mechanism is illustrated in
Fig. 4.5.
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Figure 4.5: Illustration of the gated attention mechanism introduced by [61].

In computational pathology, numerous recent studies have successfully applied MIL ap-
proaches to many different applications [17, 89, 78, 47]. Inherently, the MIL formulation
fits well with these problems, since a WSI can be seen as a bag of smaller image patches
and the cancer grade or diagnosis as the label. Since this type of weak labels are gener-
ated in standard clinical practice, these approaches can make use of the large amounts of
pathology data collected within the healthcare systems without the need for any instance-
level annotations. The attention-based MIL (ABMIL) approach also has the advantage
that the attention weights can be used to find key instances with high attention, i.e. the
regions of the WSI that influence the cancer grade can be identified [61]. One of the most
noteworthy contributions that applied ABMIL in computational pathology is clustering-
constrained-attention multiple instance learning (CLAM), developed by Lu et al. in 2021
[78]. In their pipeline, they begin by segmenting the tissue of the WSI using Otsu’s al-
gorithm, which is a non-learned global thresholding method [94]. The tissue containing
parts of the WSI is divided into smaller patches, which are converted into feature vectors by
a feature extractor. They used an ResNet model, trained on the ImageNet dataset, which
contains over 14 million natural images annotated with thousands of categories [109].

4.6 Foundation models

While MIL frameworks such as CLAM achieved strong results on a variety of tasks, the
feature extractor used was not trained on medical data. This begs the question of how
this framework would perform if the feature extractor was trained on pathology image
data alone. However, there exist no annotated, open-access datasets of comparable size to
ImageNet, which would be required for training such a model. On the other hand, many
institutions have access to large amounts of unlabeled pathology images, which can be used
in a self-supervised approach. These types of general-purpose models, pre-trained on large
amounts of data, are often referred to as foundation models.
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4.6.1 Self-supervised learning

Modern foundation models are largely built on self-supervised learning, which first demon-
strated its tremendous scalability in natural language processing with the development
of large language models (LLMs) [11, 30]. This learning approach enabled scraping the
enormous amounts of text available on the internet for training these models, and paved
the way for the many powerful LLMs of today. In self-supervised learning, the signal used
to update the weights of the network is generated from the data itself. This signal comes
from defining a pretext task, i.e. a task that has no real-world use, but forces the model to
learn useful representations of the data. Masked language modeling is an example from
LLMs, where language tokens in the sequences are randomly masked, and the objective
for the model is to recover them [30]. This approach was later adapted for image data and
pre-training of ViTs in the Image BERT pre-training with online tokenizer (iBOT) frame-
work [146]. Similarly, given an image tokenized into a sequence of N tokens (i.e. patches)
x = {x1, ...,xN}, a random mask m ∈ {0, 1}N is applied, yielding a corrupted image
x̂ = {x̂i|(1 − mi)xi + mie[mask]}Ni=1, where e[mask] is an arbitrary mask token. The
task is then to recover the masked tokens from this corrupted image.

They also leveraged the concept of self-distillation, previously proposed in the DINO
framework [19]. The main idea of knowledge-distillation in DL is that a smaller student
network Gs is trained by matching the output of a teacher network Gt. Given that both
networks output probability distributions Ps, Pt, for an input image x, the weights of the
student network θs are updated by minimizing the cross-entropy between the probabilities
as:

min
θs
−Pt(x) log(Ps(x)), (4.11)

Furthermore, to make the objective non-trivial, the networks are fed with two separate
randomly distorted views x′

1,x
′
2 of x. However, in self-distillation, there is no teacher net-

work, since we have no known ground truth. Instead, the teacher is built upon previous
iterations of the student network. In DINO, they found that using exponential moving av-
erage updates of the student network gave the best results. The teacher network parameters
are updated as θt ← λθt + (1− λ)θs. In iBOT, the same approach is used with the addi-
tion of the masked image tokens being fed to the student network, and the teacher making
predictions on the non-masked tokens. This pre-training strategy was further refined in the
DINOv2 framework, which added several technical additions to improve training stability
and efficiency [93]. By also adding a pipeline of data curation, they achieved promising
results on several downstream tasks.
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4.6.2 Foundation models in histopathology

The first large-scale foundational model for histopathology (CTransPath) introduced a new
self-supervised learning strategy and a hybrid model, which combined a CNN and a ViT
[136]. Following this, Chen et al. applied the DINOv2 framework when training the
computational pathology specific foundation model UNI [24]. They gathered at the time
one of the world’s largest datasets of histopathology images; an in-house dataset called Mass-
100K, with over 100 million image patches from 100 426 diagnostic H&E stained WSIs
and over 20 different tissue types. This model was later updated, with a larger ViT model
trained on more than 350k WSIs. In papers II and III, we utilized UNI and UNI-2 for
feature extraction, respectively.
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Statistical methods

The foundations of ML are rooted in statistical theory, and some of the basic ML algorithms
are also frequently applied in statistics. Hence, the key difference between statistical meth-
ods and ML is not in the methods themselves, but rather what they are used for. ML
models are mainly predictive, and in many cases, the process from input data to predic-
tion is unimportant. For example, DL-based models are often black-box models, where
we cannot explain why the model makes a certain prediction. On the contrary, statistical
methods are inference-based and are used to explain the world. For example, with stat-
istical methods, we can test hypotheses, quantify uncertainty, investigate effects, etc. An
example in the context of this thesis is if we want to investigate whether a specific brain
region is associated with the development of Alzheimer’s disease. Statistical methods can
also be used to validate probabilistic predictions made by an ML model, e.g. with survival
analysis, which we discuss in Section 5.3.

5.1 Statistical modeling

Recall the regression model from Section 4.1. This type of model can be applied in a
statistical context to investigate the relationship between y and x. With statistical notation,
a regression model is typically formulated as

yi = β0 + β1x1 + ...+ βpxp + ϵi = xT
i β + ϵi , (5.1)

for the i:th observation yi, where ϵi is a random error, assumed to be identically and in-
dependently distributed (i.i.d) across observations. The parameters β can be estimated by
minimizing the sum of the squared errors, i.e. least squares estimation [106]. In matrix
notation we get the estimates; ŷ = Xβ, which gives the least squares estimates of the
parameters as β = (XTX)−1XTy.
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5.1.1 Maximum likelihood estimation

If we want to fit a probabilistic model, least squares estimates might not be feasible or ideal.
For example, least squares estimation does not restrict predictions to stay within [0, 1] and
it assumes constant variance. For a probabilistic model, the variance will be close to zero at
the boundary points p ≈ 0, p ≈ 1, and large when p ≈ 0.5. Instead, maximum likelihood
estimation (MLE) is commonly used. To explain this, we will use the simple example of
a logistic regression model for predicting risk of coronary artery disease from Chapter 4
[128]. The model is formulated as

log(
pi

1− pi
) = β0 + β1x1i + ...+ βpxpi = βTxi , (5.2)

where pi is the probability of the i:th subject of getting the disease, and xi their predictors

(e.g. age, blood values etc.). This gives the formula for the probability pi = eβ
T xi

1−eβ
T xi

. The
main idea of MLE is to find the parameters β that maximize the likelihood that we get the
observations that we have [1]. Since we have a binary outcome, the probability of a subject
not getting the disease is simply qi = 1 − pi =

1

1−eβ
T xi

. This gives us the likelihood for
observing outcome yi as

P (yi|xi, β) =
eyiβ

Txi

1− eβTxi
. (5.3)

We can then formulate the likelihood of observing all outcomes in our data y given our
measured data X as the product

L(y|X, β) =
∏
i

eyiβ
Txi

1− eβTxi
, (5.4)

which is the likelihood function and what we want to maximize. By taking the logarithm,
this translates to the sum

logL(y|X, β) =
∑
i

yiβ
Txi −

∑
i

log(1 + eβ
Txi) . (5.5)

Then the derivative w.r.t β can be simplified into

∂ logL
∂β

= XT (y − P (y = 1|X, β)) , (5.6)

which is minimized in the optimization process. This expression does not have a closed
form solution, but there are several algorithms that can be used to find a solution, such as
the expectation maximum (EM) algorithm [7].
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The EM algorithm is an iterative process, where we start with an initial guess or estimate of
the model parameters β̂. This estimate is then used to formulate the expected log-likelihood
function as a function, Q, of the next proposed set of parameters β, i.e.

Q(β, β̂) = E(logL|β) =
∑
y

p(y|x, β̂) · logL(y|x, β) . (5.7)

The second term of the sum is the log-likelihood given the new suggestion of paramet-
ers β, and the first term is the posterior distribution, or in other words, our current best
guess. The first term acts as a weight of importance for the data points since a point
that is highly unlikely to be observed should not contribute to the updating of the para-
meters. In the maximization step of the algorithm, we get the new set of parameters
β∗ = argmaxβ Q(β, β̂). If some convergence criterion is not satisfied, the estimated
parameters are updated β̂ ← β∗, and the expectation step is repeated (i.e formulation of
Eq. 5.7).

5.2 Mixed effects models

For the previous examples, a key assumption is that the errors are i.i.d., which often does not
hold in a real-world scenario. As an example, when analyzing the performance of students,
their results will depend on which class and which school they belong to [130]. This is
called hierarchical data, since we have three levels of grouping, the first being the individual
students, the second the classes they belong to, and the third which school. This scenario
can be modeled with mixed effects models, which model the outcome with a combination
of fixed and random effects. By fixed effects, we mean effects that are constant across the
population, e.g., in the example of students’ performance, this can be the amount of time
spent studying. The random effects allow variations from the constant fixed effects, e.g.
a random intercept depending on which school the students are enrolled in, or a random
slope that describes the effect that a particular teacher has on a class’s performance. The
general form of a mixed linear model is

y = Xβ + Zν + ϵ , (5.8)

where y ∈ RN×1 are the responses, X ∈ RN×p and Z ∈ RN×q are the design matrices
for the fixed and random effects (i.e. observed predictors), and β ∈ Rp×1 and ν ∈ Rq×1

are the estimated fixed and random parameters respectively. The expected values of the
responses areE(y) = Xβ, and the random effects ν, and random residual error ϵ ∈ RN×1

are assumed to be normally distributed such as[
ν
ϵ

]
∼ N

([
0
0

]
,

[
G 0
0 R

])
, (5.9)
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where G and R are matrices that depend on a variance parameter θ [106]. During the
fitting of the model, the parameters β and ν are estimated along with the variance θ.

5.2.1 Restricted maximum likelihood

Fitting mixed effects models with MLE can provide a biased estimation of the variances.
The estimation of the variances in mixed models with MLE is essentially a two-step process
where the mean (i.e. Xβ̂) is estimated first, and the variance, θ is subsequently estimated
under the assumption that the estimated mean is the true mean. However, this assumption
leads to the variances being estimated as too small, especially in a setting with limited data.
A less biased option is the restricted maximum likelihood (REML) method [106]. We will
not go into the mathematical details of this method, but it corrects the variance estimation
by accounting for degrees-of-freedom lost in the mean estimation. In other words, for the
variance estimation, the data (X,y) is transformed to remove the influence of the estimated
fixed effects.

5.2.2 Disease progression modeling

Due to their ability of modeling temporal relationships while accounting for subject-level
variation, mixed effects models are suitable for data-driven disease progression modeling.
This type of modeling can be defined as using short-term in-vivo measurements of bio-
markers to construct long-term disease trajectories [145] (see Fig. 5.1). It often also in-
volves estimating an individual disease time along this trajectory. If the assumption of
linearity does not hold, non-linear mixed effects models are commonly used [71]. These
are similar to the linear mixed models discussed, with the addition that the relationship
between the observed data and the fixed and random effects no longer has to be linear.
These models enable simultaneous modeling of both individual biomarker trajectories and
global population-level progression. However, they inherently can be difficult to optimize
and need to be carefully designed to fit the task and available data.

In Paper IV, we modeled longitudinal trajectories of MRI measurements of patients with
suspected Alzheimer’s disease using non-linear mixed effects models. We also employed a
disease progression model to predict latent time-shifts for each individual. To facilitate the
optimization, we used REML for parameter estimation using the R package ’nlme’ [101].
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Figure 5.1: Illustration of disease progression modeling of three biomarkers. The bottom shows short-term trajectories of three
individuals, indexed by baseline and two follow-up visits. They are staged on the population-level disease trajectory
above. Disease progression models simultaneously learn a data-driven time axis (x-axis), a set of biomarker traject-
ories, and the alignment based on individual disease times.

5.3 Survival analysis

Survival analysis is a collection of statistical methods for data analysis where the outcome
variable is time until an event occurs [70]. In medicine, the event can mean disease in-
cidence, disease stage progression, recovery, death, or any other discrete event related to
a medical condition. Regardless of which event, the term survival time is often used for
the time until the event. These methods can be highly valuable when evaluating treatment
responses or finding predictors of certain disease states. Furthermore, they can also be used
to bridge the gap between image data and longitudinal outcome measures, as we discuss in
this thesis.

Censoring is a key concept in survival analysis, which occurs when we have some informa-
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tion about an individual, but we do not know the exact survival time [70]. More concretely,
censoring occurs when a person does not experience the event until the end of the study,
the person is lost to follow-up during the study, or they withdraw from the study. These
are all examples of right-censored data since we only know that they had not experienced
the event up until a certain point. While less common, left-censored data can also occur in
survival analysis. This means that the survival time can be less than measured. For example,
if a patient tests positive for a certain disease, we know that they had the disease at the time
of the test, but not exactly when it occurred. If an individual has two tests, one negative
at time t1 and subsequently one positive at t2, then the data is interval-censored, since we
know that the true survival time is within [t1, t2].

The goal of survival analysis methods can be summarized as estimating, interpreting, and
analyzing the survivor or hazard functions [70]. The survivor function S(t) is defined as
the probability that an individual survives longer than the time t, i.e S(t) = P (T > t),
where T denotes the random variable that describes an individual’s survival time. The
hazard function h(t) gives the instantaneous risk that the event will occur at time t for an
individual who has survived up until time t. Mathematically, it is defined as:

h(t) = lim
∆t→0

P (t ≤ T < t+∆t|T ≥ t)

∆t
, (5.10)

whereT is the individual survival time variable. Hence, the numerator gives the conditional
probability that T will be in the time interval t to t + ∆t, given that T ≥ t. Since the
denominator is the small interval ∆t, the hazard function becomes a rate rather than a
probability, which depends on the unit of time used. It has the properties that it is always
greater than or equal to zero and has no upper bound. The survivor and hazard functions
are related as

S(t) = e−
∫ t
0 h(u)du and h(t) = −

d
dt(S(t))

S(t)
, (5.11)

i.e. if one is known, the other can be computed directly.

When modeling survival data, it is common to compare the hazard functions between
different groups, e.g. to measure how the survival is impacted by a certain treatment. This
measure of effect in a survival model is called the hazard ratio, and is defined as the ratio
of hazard rates between two groups. Similarly, for the logistic regression model, it is often
expressed as an exponential of a parameter, eβ . Thus, if there is no difference in hazard
between the two groups, the hazard ratio will be close to 1.

5.3.1 Kaplan-Meier curves

A method to estimate and plot the survivor function is the construction of Kaplan-Meier
(KM) survival curves [70]. They are non-parametric step-functions that describe the prob-

40



5.3. Survival analysis

ability of surviving past time t for possibly censored data. To make the estimation Ŝ(t),
the following columns of a data table is required; ordered survival times ti of all individuals
(including the starting point t0 = 0), number of failures (events) mti at a specific survival
time, number of censored individuals qti up until the next survival time and the number
of individuals who survived to at least time ti, nti . If no individuals are censored before t0
(e.g. they do not have the condition before the start of study), the nti column will contain
all individuals in the top row and the other columns will be zero, and we get Ŝ(t0) = 1.
The next row will correspond to the time of first failure(s) t1, and so on. Then the general
KM formula is formulated as

Ŝ(ti) = Ŝ(ti−1)× P (T > ti|T ≥ ti) = Ŝ(ti−1)
nti −mti

nti

, (5.12)

where ti−1 denotes the previous row. The probability is estimated as the number of in-
dividuals who survived past ti out of the number of individuals at risk. The number of
individuals at risk is updated for every row as: nti = nti−1 − (mti−1 + qti−1), i.e. the
number of censored individuals is also removed.

5.3.2 The Cox proportional hazards model

The Cox proportional hazards (PH) model (sometimes referred to as the Cox regression
model) is a popular choice for modeling survival data [70]. It is commonly written as a
formula in terms of the hazard function as

h(t,x) = h0(t)e
∑p

i=1 βixi , (5.13)

where x = {x1, ..., xp} is the set of predictors, β = {β1, ..., βp} are the parameters and
h0(t) is the baseline hazard function. It is called the proportional hazards model since the
hazard ratios remain constant over time, given that the predictors, xi are time-independent.
The baseline hazard function is an undefined function, which makes this a semi-parametric
model. This is one of the reasons why the Cox PH model is so popular; we do not have to
know the baseline hazard function and still get good estimates of the parameters β. This
is possible with an MLE that uses a partial likelihood function, which only considers the
ordering of survival times. Similar to eq. 5.4, it is a product of likelihoods, however, each
term corresponds with a survival time, i.e. L = L1 × L2 × ... × Lk for a dataset with k
unique survival times. For a survival time s, the likelihood term is calculated as

Ls =
h0(t)e

βxs∑k
i=s h0(t)e

βxi
, (5.14)

i.e. it is the hazard of the subject who experienced the event at s divided by the hazard of
all subjects still at risk. Here, all the baseline hazard terms will cancel out, and therefore,

41



Chapter 5. Statistical methods

this can be an arbitrary hazard function. This likelihood is maximized by setting the partial
derivatives of the logarithm of L to zero and solving the resulting system of equations.

The hazard ratio of the i-th predictor is defined as eβi . It can be interpreted as the change
in baseline hazard if the predictor xi is increased by one unit (i.e. 1). A large hazard ratio
indicates that this particular variable increases the risk i.e. the probability of experiencing
the event.

5.3.3 The extended Cox model

For many applications, we want to make use of time-dependent variables in survival ana-
lysis. For example, in the context of Alzheimer’s disease, we know that accumulating Aβ
plaques, as measured by PET imaging, is a strong predictor. Thus, to model the survival
of subjects at risk for the disease, we need to include a time-dependency in the model, and
the PH assumption does not hold anymore. Instead, we can use the extended Cox model,
formulated as

h(t,x(t)) = h0(t) exp
( p1∑

i=1

βixi +

p2∑
j=1

δjχj(t)
)
, (5.15)

where x(t) = {x1, ..., xp1 , χ1(t), ..., χp2(t)} contains both time-independent and time-
dependent variables. Similar as with the Cox PH model, the parameters are estimated with
an MLE procedure with partial likelihoods. While the computation is more complex for
this model, it is still only based on the order of events and does not require a known baseline
hazard function. For more details, see Chapter 6 in [70].

For the extended Cox model, the hazard ratio is also time-dependent and has the general
formula:

ĤR(t) = exp
( p1∑

i=1

βi[x
∗
i − xi] +

p2∑
j=1

δj [x
∗
j (t)− xj(t)]

)
, (5.16)

where x∗ and x denotes the two sets of predictors that we compare. The δj term does
not depend on the time and thus represents the overall effect of the corresponding time-
dependent variable. In Paper III, we evaluated the longitudinal predictive power of our
models by fitting both time-independent and time-dependent Cox models.
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Results and discussion

In this chapter, we will summarize the main scientific contributions of this thesis, based on
the included publications. We divide this part into three sections according to the thesis
aims listed in Chapter 1.

6.1 Addressing data limitations

In the field of medical image analysis, the lack of high-quality and diverse datasets is a
recurring limitation when developing machine learning algorithms. In Papers I, V, and VI,
we address this issue in different ways.

6.1.1 Paper I: Systematic augmentation in HSV space for semantic segmenta-
tion of prostate biopsies

As mentioned in Section 4.3, data augmentation is an effective way of increasing and diver-
sifying the training data when training ML models. Specifically for H&E stained images,
effective color augmentation can mitigate the issue of stain variation across different scan-
ners and hospitals. In this paper, we investigated techniques for color augmentation of
H&E stained prostate biopsies. We evaluated our methods on the task of semantic seg-
mentation of prostate tissue into three basic components: stroma, epithelial cytoplasm,
and nuclei, separated from the background (See Fig. 6.1). For this task, we used a basic U-
Net architecture, trained on a small, manually annotated subset of prostate biopsies, taken
from the PRIAS dataset. For color augmentation, it is often useful to transform the images
to the cylindrical hue-saturation-value (HSV) color space. The main benefit is that the hue,
which describes the color, is represented by only one value (the angle of the cylinder) as
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Figure 6.1: Sematic segmentation of prostate tissue. The left-hand image shows the H&E stained tissue and the right-hand
image shows the corresponding segmentation classes: stroma, epithelial cytoplasm, and cell nuclei.

opposed to three in RGB. A simple shift of this angle will generate new colors for the im-
age. This will also naturally keep the relative coloring among objects in the image constant,
which would not be the case if we shifted the channels in a standard RGB image. This
is particularly useful in histopathology, since the colors correlate with relevant histological
information.

Our main contribution in this paper was a method designed to ensure an evenly distributed
color augmentation based on the stereographic projection of the hue channel. With this
method, we achieved the highest average Dice score across the tissue classes. Furthermore,
we also found that applying strong color augmentation generally improved results, even if
this meant generating images with colors that would never appear in a real H&E stained
WSI.

6.1.2 Paper V: Synthetic Alzheimer’s disease dataset generation and evaluation
with privacy protection

The lack of clinically relevant open-access datasets has become a bottleneck for Alzheimer’s
disease research. Collecting these datasets is expensive and time-consuming, given the high
number of advanced modalities required for characterization of AD (see Section 2.2). Fur-
thermore, these types of studies involve vulnerable research participants, and sharing their
sensitive personal data is restricted by privacy agreements. A proposed solution is to gen-
erate synthetic datasets, which could be shared openly without privacy concerns. These
datasets would need to fulfill key requirements such as protecting the privacy of the real sub-
jects’ data used to generate them and preserving the clinically relevant relationships between
the variables. In this paper, we leveraged tabular data from the ADNI and A4 studies for
synthetic data generation (see Section 3.2). We evaluated four different frameworks for
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synthetic tabular data generation: DataSynthesizer [100], CTGAN [143], TabPFN [57],
and Synthpop [92]. We evaluated the privacy and utility of the generated synthetic data-
sets with the open-source framework SynthEval [73]. We found that the Synthpop and
DataSynthesizer methods were the only evaluated methods able to generate somewhat real-
istic synthetic datasets. However, this comes at a cost of lower privacy ratings. Adding a
ϵ-differential privacy constraint to the DataSynthesizer model reduced the utility and in-
creased the privacy ratings considerably. However, the utility was reduced to such a degree
that this synthetic data would not be useful. Hence, more work is needed to both improve
the utility of the synthetic datasets while keeping the privacy of the data at an acceptable
level. Furthermore, to generate a clinically relevant synthetic cohort, both longitudinal
relationships and higher dimensionality with more complex attributes need to be modeled.

6.1.3 Paper VI: Dual energy CT and deep learning for an automated volumet-
ric segmentation of the major intracranial tissues: Feasibility and initial
findings

MRI remains the standard choice of imaging modality for monitoring neurodegenerative
brain diseases such as Alzheimer’s disease, due to its superior capability in differentiating
brain tissues with high resolution. However, CT imaging is often used in clinical practice
for other applications because of its fast acquisition times, wide availability, and ability
to provide detailed bone imaging. Therefore, a robust method for segmenting brain tissue
from CT images could be highly valuable for generating volumetric data [48]. With the use
of modern dual-energy CT, virtual mono-energetic images (VMIs) can be generated. These
are blends of the two energy levels used, and provide a simulated mono-energetic CT image
at a specific energy level [86], which can improve differentiation between gray and white
brain matter. In this paper, we investigated the potential of using VMIs for developing a
DL-based algorithm for automatic volumetric segmentation of the intracranial brain tissues
(white matter (WM), gray matter (GM), cerebrospinal fluid (CSF)). We compared four
variations of the U-Net architecture [107], three variations of the U-Net++ architecture
[147], and the CTseg MATLAB algorithm [12] (for details on each variation, see Paper
VI). The best performing model was the U-Net++ model with simply using the VMIs as
different augmentations of the same data sample (see Fig. 6.2). This model achieved a
Dice score of 0.84 (CI 0.81−0.86), 0.77 (CI 0.76−0.79), and 0.88 (CI 0.84−0.92) for
WM, GM, and CSF, respectively. While it did not achieve the smallest Hausdorff distance,
it remained low at 2.9mm (CI 2.6− 3.1 mm) for WM, 2.4mm (CI 2.2− 2.7 mm) for
GM, and 2.0mm (CI 1.9− 2.2 mm) for CSF. Generally, all models performed similarly
with Dice scores ranging from 0.79−0.84 for WM, 0.70−0.77 for GM, and 0.83−0.86
for CSF. We also did not achieve comparable performance to algorithms trained on MRI
data. However, with a final cohort of only 26 patients, these results would likely improve
with more data.
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Figure 6.2: Segmentation results from Paper VI. From left to right: CT-image (VMI at 70keV), MR-based ground truth,
baseline U-Net++, best performing U-Net++ (Aug), and U-Net (Aug). Gray matter—green, White matter—blue,
Cerebrospinal fluid—red, and Background—black.

6.2 Longitudinal outcome prediction of prostate cancer patients
on active surveillance

In Papers II and III, we utilized the PRIAS dataset to develop a framework for longitudinal
outcome predictions of prostate cancer patients on active surveillance.

6.2.1 Paper II: Outcome prediction of prostate cancer patients on active sur-
veillance using weakly supervised deep learning

Previous studies have proven the effectiveness of ABMIL-based approaches for slide-level
predictions [78, 89, 144]. In Paper II, we attempted to expand this approach to patient-
level predictions. This posed a significant challenge in handling the large data compression
required, as we had several giga-pixel WSIs as input, and only one binary label as out-
put: should this patient receive treatment for their prostate cancer after this visit. Similar
to the CLAM framework [78], our framework consisted of two stages: feature extraction
and MIL-based outcome prediction. After dividing the tissue section of each WSI into
patches, we used three different feature extractors to convert the patches into representa-
tions that could be processed in the subsequent MIL module (see Fig. 6.3). We pre-trained
a DenseNet-201 CNN to classify patches from the Gleason cohort into the classes of be-
nign and malignant (we called this the GGNet) [82]. By removing the final classification
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Figure 6.3: Illustration of the framework used in Paper II. In the first stage, the tissue is roughly segmented and divided into
patches. The pre-trained feature extractor then transforms the patches into latent representations. The output
feature vectors are ranked based on predicted malignancy by our pre-trained GGNet. The top k feature vectors are
selected for the ABMIL-based outcome predictor (OP), which makes the final prediction.

layer of this model, we could use its computed representations, which would hypothet-
ically contain relevant information for the treatment decision. We compared this feature
extractor with another DenseNet-201 model, pre-trained on the ImageNet database and
the UNI foundation model [24]. To refine the set of patch representations, we used the
GGNet in parallel to the feature extractors to output probabilities of malignancy for each
patch. These probabilities were subsequently used to rank the features, and the top k were
selected for the downstream prediction. Lastly, we compared our methods with a baseline
where the slide-level Gleason grades were predicted, and the PRIAS protocol was used for
making treatment decisions based on these predicted grades.

We found that using UNI as the feature extractor (OP-UNI), clearly outperformed the
other methods, with an average AUC of 0.996 (SD: 0.004, 95% CI: 0.996−0.996) against
average AUCs 0.918 (SD: 0.053, 95% CI: 0.915−0.921) and 0.758 (SD: 0.071, 95% CI:
0.754−0.762) for OP-GGNet and OP-ImageNet respectively (see Table. 2). Furthermore,
OP-UNI consistently achieved the highest accuracy and balanced accuracy (see Fig. 3). The
protocol-based method gave a significantly lower average AUC of 0.675 (SD: 0.097, 95%
CI: 0.669 − 0.681) compared with OP-UNI and OP-GGNet. Interestingly, by studying
the attention weights computed by the ABMIL framework, we found that for patients who
received a treatment decision, the model attended on some occasions, more to patches from
benign slides than from slides with higher Gleason grades. This finding is something we
studied further in Paper III.
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6.2.2 Paper III: Longitudinal outcome prediction of prostate cancer patients on
active surveillance using multiple instance learning

While Paper II showed strong results for the immediate treatment prediction, we wanted
to investigate whether this method could be extended to provide longitudinal predictions.
Thus, we included visits up to 30 months prior to a treatment decision from the PRIAS
dataset. We also included all visits for patients who remained on active surveillance, up
until the final visit, due to right censoring. We used a similar approach as in Paper II,
employing the updated version UNI-2 as our feature extractor. We compared our previous
approach of using the GGNet predictions as a feature selector with a basic approach where
the ABMIL module is provided with all patches from a visit. Furthermore, we explored
two additional extensions to mitigate the tendency of ABMIL to concentrate attention on
a few number of instances. One of the approaches introduced a loss term to maximize the
entropy of the attention weights (AEM). The other method involved stochastic sampling
of k instances (SKS). We evaluated the models, both on the test split of PRIAS and on
an external cohort of prostate biopsies with undetected prostate cancer collected at the
University Hospital of Umeå [21]. While this did not include prostate cancer patients on
active surveillance, it consisted of WSIs originally classified as benign from visits with the
binary labels; Benign: patient remained prostate cancer free for 8 years, Undetected cancer:
exhibited any ISUP grade in a re-biopsy within 30 months. Hence, our models could be
used to make predictions on this data.

The Basic model outperformed the other models on both the test set (AUROC: 0.958, 95%
CI 0.957−0.959) and the external dataset (AUROC: 0.699, 95% CI: 0.697−0.702). We
evaluated the statistical significance of these results with a pairwise 95% confidence interval
of difference test. Here, only the difference between the Basic model and the GG and AEM
models on the test set was significant. We selected operating points for our models based
on the maximum Youden’s J statistic, and subsequently evaluated the accuracy, sensitivity,
and specificity. On the test dataset, the Basic model performed the best with an accuracy
of 0.871 (95% CI: 0.868 − 0.873) and with an even balance between sensitivity (0.835,
95% CI 0.831−0.840) and specificity (0.905, 95% CI: 0.902−0.908). However, on the
external, the AEM model reached the highest accuracy (0.683, 95% CI: 0.681 − 0.685),
albeit with a low sensitivity of only 0.263 (95% CI: 0.260− 0.267).

Furthermore, to evaluate the longitudinal predictive power of our models, we fitted time-
dependent Cox proportional hazards models with the predicted probability of treatment
as a single co-variate. We defined the unit increase in the probability as a 0.1 increase to
make the hazard ratio more interpretable. The Basic model gave the best fit, with a C-index
of 0.824 and a hazards ratio of 2.32 (95% CI: 1.32 − 4.09) (i.e. an increase in predicted
probability of 0.1, by this model increases the risk of treatment by a factor of 2.32). The
Basic and SKS models displayed significant effects of the predicted probabilities following
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Figure 6.4: Heatmap of attention across one patient visit from the test dataset using the Basic model. Red color means higher
attention weights, and blue color means less attention. For regions where patches overlap, the average attention is
projected. This patient was correctly classified as Treatment.

the Wald’s test at a 95% confidence level. We also fitted Cox regression models to the
predicted probabilities on the external data. Since we here only had one prediction (and
time point) per patient, we used a time-independent model. Analogously to the AUROC,
the Basic model gave the highest C-index of 0.699. However, the GG model produced the
highest hazard ratio of 1.45 (95% CI: 1.21− 1.73).

Our results suggest that ABMIL on all instances has an advantage over using traditional
Gleason grades for longitudinal outcome predictions of prostate cancer patients. Coherent
with our findings in Paper II and with other studies [77, 22], this indicates that the benign
tissue does contain relevant prognostic information. The predictions made by the basic
model are highlighted by the reconstructed attention heatmaps in Fig. 6.4.

6.3 Data-driven modeling of trajectories in Alzheimer’s disease

Before presenting the contributions of Paper IV in relation to the aim of discovering AD
subtypes from brain MRI images, we will discuss some of the difficulties that this problem
entails. An MRI of the brain provides a high-resolution image of the intracranial tissues,
which can be segmented volumetrically to get an estimated measure of the size of different
regions. By collecting these measurements longitudinally for individuals with suspected
or diagnosed AD, the neurodegeneration during the progression of the disease can be ob-
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served. By studying these patterns of atrophy, in theory, different subtypes of AD could
be identified that would explain the heterogeneous expression of the disease.

However, there are several caveats to consider. First of all, like any imaging modality, noise
and artifacts can appear in the MRI scans, which makes the volumetric segmentation less
accurate. Some of the most relevant regions make up only small fractions of the brain, for
example, the hippocampus is roughly 0.5% of the intra-cranial volume. Hence, these meas-
urements are sensitive to noise, and obtaining high quality data is important. Secondly, in
any clinical study, participants will enter the study at different stages of the disease. This
needs to be accounted for when modeling temporal relationships. One possible way of mit-
igating this issue is the use of data-driven disease progression modeling, where a true disease
stage is estimated based on the collected clinical data. To date, there is little consensus on
which subtypes exist, and given the heterogeneity of AD, there likely is considerable ran-
domness to these trajectories. Furthermore, due to the complexity of the human brain,
there are numerous factors and co-pathologies that can affect its function, many of which
we have limited knowledge about.

However, in Paper IV, we aimed to uncover some of this heterogeneity in terms of longit-
udinal progression of atrophy patterns. For this, we utilized longitudinal MRI data from
the ADNI database, which had been volumetrically segmented to provide measurements
of regional brain volumes. We aimed to model the temporal relationship of neurodegen-
eration in AD and investigate any clusters of subtypes within this progression. We used
an adaptation of the multivariate continuous-time disease progression (MCDP) model de-
veloped by Kühnel et al. [71] to stage study participants on a continuous disease timeline.
This non-linear mixed effects model was fitted with two cognitive assessments and Aβ-PET
measurements as outcomes. It included a random time-shift effect, which we used as an
individual estimate of the onset of AD, and we subsequently applied this time shift to the
trajectories of MRI data. The effect of this is illustrated in Fig. 6.5.

We developed an algorithm for data-driven clustering of these trajectories in an attempt
to find subtypes. We based our approach on non-linear mixed effects models, similar to
the MCDP model. However, with 95 different regions as outcomes, fitting one multivari-
ate model was not feasible. Instead, we fitted one exponential mixed effects model inde-
pendently for each variable, with latent time (̂ti) as the only predictor. The model was
formulated as

xik = lke
(gk(1+βik )̂tik) + vk + vik + ϵik (6.1)

where lk, gk and vk denote population level fixed effects and vik and βik are subject specific
random effects, and ϵik is the residual error. A benefit of this model formulation is that
the only parameter that controls subject-level deviations from the mean curve in terms of
atrophy is the time-scaling random effect (1+ βik). Thus, we employed a simple K-means
clustering approach of these random effects to find clusters of atrophy patterns. To mitigate
issues with optimizing the k parameter (i.e. number of clusters) and to enable hierarchical
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Figure 6.5: Illustration of the effect of the fitted MCDP disease progression model. A Longitudinal cognitive assessments of
MMSE and ADAS-Cog-13 and Aβ-PET measurements were used to fit the model. The top shows the original
time scale, and the bottom illustrates the transformed disease time scale. B Examples of MRI-derived volumetric
measurements of the left entorhinal, left middle temporal, and right hippocampus. The effect of transforming
longitudinal MRI data to the estimated disease timeline can be seen by comparing the top and bottom panels.

clusters, we formulated the algorithm as an iterative process, in which clusters are split into
smaller ones. For each split, the mixed effects models were refitted with cluster-specific
fixed effects. If the Bayesian information criterion (BIC) was significantly reduced, we
considered the new cluster split as useful clusters and kept them. This iteration kept going
until the BIC no longer improved. For more details on this algorithm, see Paper IV.
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Our algorithm converged to four clusters of longitudinal atrophy patterns, which we labeled
as; A: Late Atrophy, B: Left Temporal, C: Stable, and D: High Atrophy (see Fig. 6.6). By
conducting 5-fold cross-validation, in a leave-one-out fashion, we found that the resulting
clusters agreed with an average adjusted Rand index of 0.745 (SD: 0.086). To further val-
idate the clusters, we trained an Extreme Gradient Boosting (XGBoost)[25] classifier on
predicting the clusters based on the original MRI data. It was trained with 5-fold cross-
validation, and achieved an average AUC of 0.774 (SD: 0.103) across all folds and clusters.
Hence, this indicates some overlap between the clusters. The A (Late Atrophy) group re-
mained relatively spared until the final stages of the disease, where we saw a rapid neurode-
generation. The B (Left Temporal) cluster resembled the A cluster, however, with a slight
asymmetric atrophy in the temporal regions of the left hemisphere. The D (High Atrophy)
exhibited higher amounts of atrophy in primarily the typical regions affected in AD, and
the C (Stable) remained with minimal atrophy.

Figure 6.6: Visualization of atrophy patterns. The atrophy of each FreeSurfer region is represented by a z-score relative to the
average volume, normalized by ICV, of CN and Aβ− subjects. MRI scans are divided based on the estimated latent-
disease time into the intervals: prior to disease onset, 0-5 years after onset, 5-10 years after onset, 10-12.5 years
after onset, 12.5-15 years after onset, and after 15 years. For each interval and cluster, the average z-scores are
used as the representation of atrophy in that region. If any subject had multiple measurements within one interval,
we selected one based on the median latent time (i.e. the middle-most in the interval).

However, we found an apparent discrepancy between these results and the clinical and
biological profiles of the found clusters. Cluster C (Stable) had larger amounts of baseline
AD diagnoses and higher amyloid-β load, which should correspond with more atrophy.
Additionally, the D (High Atrophy) group had less evidence of AD in terms of the measured
biomarkers.
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Conclusions

This thesis presents machine learning-based methods for analyzing longitudinal medical
data in prostate cancer and Alzheimer’s disease. A major challenge when developing these
methods is the lack of high-quality longitudinal medical datasets of sufficient size. Paper
I addressed this by investigating methods for data augmentation for the task of semantic
segmentation of H&E stained prostate biopsies [141]. This work highlighted how the
augmentation methods can improve the performance of deep learning-based segmenta-
tion algorithms when the amount of training data is low. However, it is not clear how
this would generalize to longitudinal data and other tasks like survival predictions. Here,
the augmentation becomes more sensitive since there is a time-dependency to account for.
Generating synthetic data that can be openly shared among researchers is another way to
mitigate this issue. In paper V, we evaluated several methods of generating tabular data for
Alzheimer’s disease research. A trade-off between utility and privacy of the synthetic data-
sets was observed, and we found that none of the methods managed to produce synthetic
data with privacy guarantees and sufficiently high utility. In this setting, we also restric-
ted ourselves to non-longitudinal data, which is a limitation of the evaluated methods. To
successfully generate meaningful synthetic data for research purposes, this is a requirement
that needs to be fulfilled. Paper VI demonstrated the feasibility of dual-energy CT-based
segmentation and volumetric estimation of intracranial tissues [45]. By using the VMIs,
our best-performing model achieved significantly higher Dice scores and lower volumetric
error compared with the baseline model. However, MRI remains the gold standard for
brain tissue imaging, and the use of dual-energy CT is limited. Hence, the gains in terms
of amounts of longitudinal brain imaging data following these findings are modest. To
this end, while we in this thesis have presented many possible solutions, the challenge of
gathering longitudinal medical data remains a bottleneck for the development of machine
learning-based methods.
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To leverage the capabilities of AI for prostate cancer diagnostics, we aimed to develop a
model capable of predicting outcomes of patients on active surveillance. In papers II and
III, we progressively built this model, which in the end achieved promising results for mak-
ing longitudinal predictions on the PRIAS dataset [140, 139]. We showed that it is possible
to predict the treatment decision based solely on prostate biopsies without using explicit
Gleason grades. The use of the UNI foundation model gave a significant boost in per-
formance, which demonstrated the power of these general-purpose feature extractors. We
extended our framework to make longitudinal predictions on treatment decisions. An im-
portant finding in paper III was that including benign tissue improved performance over
selecting regions based on Gleason grades. Previous studies have also found that it is pos-
sible to identify prognostic factors from benign prostate tissue [77, 22]. While we did
achieve high performance in predicting the treatment decision up to 30 months prior on
the PRIAS dataset, we also found a substantial drop in performance when tested on an
external dataset. This highlights one of the biggest challenges in current computational
pathology: the generalization to real clinical data [132]. In order to implement any AI-
based solution clinically, robustness to differences in scanners, tissue staining, and medical
protocols has to be demonstrated, since this is what the algorithm would encounter in
the real world. Furthermore, this is not easy to evaluate given the limited access to open
benchmarking datasets with longitudinal data.

We attempted to identify subtypes of Alzheimer’s disease in Paper IV. We developed a data-
driven clustering method based on disease progression modeling and non-linear mixed ef-
fects models. While the method, in theory should be able to identify subtypes of distinct
atrophy patterns, in practice, we did not observe this. When applied to longitudinal data
from the ADNI database, we found four clusters of atrophy patterns. However, they were
not clearly separated and did not exhibit any distinct biological or clinical profiles. Hence,
the question of whether biologically distinct subtypes of AD can be identified from lon-
gitudinal brain MRI remains unclear. It is worth noting that the number of participants
in our dataset was limited. The strict inclusion criteria required for this study meant only
561 subjects could be used. For a complex and heterogeneous disease like AD, this is a
far too small pool to draw any definitive conclusions, regardless of the results. The devel-
opment of this method involved numerous failed attempts, which highlights the difficulty
of this task. Finally, given that we did not manage to identify any distinct subtypes, the
question of whether they could be used for predicting the progression of AD also remains
unanswered.

7.1 Outlook

In the scientific contributions of this thesis, a common conclusion is that more data is
needed to improve upon the results. There are many ethical concerns to consider when
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collecting and sharing medical data, such as respecting patient privacy. Especially, with
the rise of generative AI over recent years, the protection of sensitive data is increasingly
important. Hence, overcoming these issues is not as easy as research institutions releasing
their data. Federated learning is an approach for machine learning where only the models
are shared between institutions, and the data is kept in-house. While this method has
received considerable amounts of attention for many applications, it is often only used as a
proof-of-concept. For example, in the field of AD research, there are no larger studies that
employed federated learning to develop a method with any significant contribution to the
field. Furthermore, there is a clear imbalance in ethnicity and socio-economic status of the
patients whose data is used to develop AI, where the current models are not trained on data
representative of the entire population.

One of the main challenges for implementing AI in clinical settings is the validation of its
performance. Deviations between performance on in-house datasets and external datasets
are common and indicate overfitting. In computational pathology, factors such as staining
and scanner variations have been shown to have a big impact on the performance of AI-
based models. In training, these issues can be mitigated by augmentation techniques such as
color transformations. However, without diverse test datasets, this can hardly be validated.
Furthermore, with constant technical innovations in both the hardware and software of
the imaging systems, robustness to future upgrades will be important. Especially, given the
black-box nature of deep learning-based algorithms, detecting a drift in performance can
be difficult.

However, there is hope for the use of AI in modern healthcare. In computational patho-
logy, there are numerous studies with promising results across many fields, including pro-
state cancer. With the analysis of longitudinal data, we can use the power of AI to truly
improve our diagnostic procedures. For Alzheimer’s disease, the use of machine learning
has also contributed to numerous promising results and novel insights. In this thesis, the
contributions have been focused on uni-modal settings, where we aimed to extract as much
information as possible from one image modality (mainly pathology images or MRI). Non-
etheless, for both prostate cancer and Alzheimer’s disease, there are many more modalities
of data to be leveraged. A clinician working in these fields would not restrict their dia-
gnosis to only one of them. Hence, the future of AI in healthcare lies not only in the use
of longitudinal data, but also in the inclusion of multi-modal data.
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