
LUND UNIVERSITY

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

Data Analysis to Improve Diagnostics and Biomarkers in Alzheimer’s Disease: Building
Bridges Between Data Science and Neuroscience

Karlsson, Linda

2026

Document Version:
Publisher's PDF, also known as Version of record

Link to publication

Citation for published version (APA):
Karlsson, L. (2026). Data Analysis to Improve Diagnostics and Biomarkers in Alzheimer’s Disease: Building
Bridges Between Data Science and Neuroscience. [Doctoral Thesis (compilation), Department of Clinical
Sciences, Malmö]. Lund University, Faculty of Medicine.

Total number of authors:
1

Creative Commons License:
CC BY

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/6f8f2287-e668-49d6-ac44-f0fb5013cdc2


Download date: 21. Jun. 2026



Data Analysis to Improve Diagnostics 
and Biomarkers in Alzheimer’s Disease
Building Bridges Between Data Science and Neuroscience

LINDA KARLSSON  

DEPARTMENT OF CLINICAL SCIENCES, MALMÖ | FACULTY OF MEDICINE | LUND UNIVERSITY



1 

Data Analysis to Improve Diagnostics and Biomarkers in Alzheimer’s Disease: 
Building Bridges Between Data Science and Neuroscience   

  



3 

 

Data Analysis to Improve 
Diagnostics and Biomarkers in 

Alzheimer’s Disease 
Building Bridges Between Data Science and 

Neuroscience 

Linda Karlsson 

 

DOCTORAL DISSERTATION 

Doctoral dissertation for the degree of Doctor of Philosophy (PhD)  
at the Faculty of Medicine at Lund University to be publicly defended on 8th of 
May at 13.30 in Belfragesalen, BMC D15, Lund University, Lund, Sweden. 

Faculty opponent 
Professor David Cash, University College London 



4 

Organization: Lund University 

Document name:  Doctoral dissertation Date of issue: 2026-05-08 

Author(s): Linda Karlsson 

Title and subtitle: Data Analysis to Improve Diagnostics and Biomarkers in Alzheimer’s Disease: 
Building Bridges Between Data Science and Neuroscience   

Abstract: Alzheimer’s disease is a major global health challenge. Diagnosis based on clinical 
presentation alone is challenging since early symptoms often overlap with those of other 
neurodegenerative and medical conditions. In vivo biomarkers of Alzheimer’s disease pathology (i.e., 
amyloid-β and tau) can strengthen diagnosis and guide treatment. However, different biomarkers are not 
always in agreement, and the best diagnostic tests are often the most burdensome in terms of cost, 
invasiveness, and time. Motivated by these challenges, this thesis aims to improve Alzheimer’s disease 
diagnostics and biomarkers by enhancing accuracy, agreement, and cross-modality prediction for fluid 
biomarkers, cognitive assessments, and brain imaging. To this end, large, deeply phenotyped clinical 
datasets (including the Swedish BioFINDER cohorts and several international cohorts) were analyzed 
with advanced statistical and machine learning methods to identify biological patterns and develop 
clinically relevant prediction models. 
This thesis is structured around three main aims. First, unsupervised machine learning was used to 
investigate co-varying properties of the cerebrospinal fluid proteome. Adjusting for such co-variations via 
reference protein normalization improved agreement with imaging-based measures for multiple fluid 
biomarkers, supporting more consistent quantification of biological Alzheimer’s disease constructs 
(Papers I and II). Second, a self-administered, digital cognitive test battery was evaluated, which 
improved assessments of objective cognitive impairment in primary care. Combining the digital test with 
a blood biomarker resulted in high diagnostic accuracy and could be a scalable approach to improve 
evaluations of symptomatic Alzheimer’s disease (Paper III). Third, machine learning models were 
developed that could estimate regional or global positron emission tomography (PET) patterns from more 
accessible variables. PET provides unique three-dimensional in vivo information on Alzheimer’s disease 
pathology, but is costly and not widely available. The models offer a way to predict PET-derived 
information in settings where PET cannot be implemented (Papers IV, V and VI). 
In conclusion, this thesis contributes to improving accuracy, agreement, and cross-modality prediction of 
Alzheimer’s disease tests and biomarkers. It also demonstrates how a translational data science and 
neuroscience approach can generate clinically relevant insights and help bridge interdisciplinary 
collaboration and knowledge exchange. 

Key words: Alzheimer’s disease, biomarkers, diagnostics, neurodegeneration, machine learning, 
multimodal data 

Classification system and/or index terms (if any) Supplementary bibliographical information 

Language: English Number of pages: 113 

ISSN and key title: 1652-8220 

ISBN: 978-91-8021-865-8 

Recipient’s notes  Price Security classification 

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

Signature  Date 2026-03-27 



5 

 

Data Analysis to Improve 
Diagnostics and Biomarkers in 

Alzheimer’s Disease 
Building Bridges Between Data Science and 

Neuroscience 

Linda Karlsson 

 

  



6 

 

 
Copyright 
Pages 1-113 © 2026 Linda Karlsson, ORCID 0000-0002-0630-772X, (licensed under CC BY 4.0). 
Paper 1 © 2024 The authors. Published by Springer Nature (licensed under CC BY 4.0). 
Paper 2 © 2026 The authors. Published by Oxford University Press (licensed under CC BY 4.0). 
Paper 3 © 2025 The authors. Published by Springer Nature (licensed under CC BY 4.0). 
Paper 4 © 2025 The authors. Published by Springer Nature (licensed under CC BY 4.0). 
Paper 5 © 2025 The authors. Published by Wiley (licensed under CC BY-NC 4.0). 
Paper 6 © 2026 The authors. Manuscript unpublished. 
 
Cover image by Google’s AI tool Nano Banana Pro (concept by Linda Karlsson). 
 
Published by: 
Department of Clinical Sciences, Malmö 
Faculty of Medicine 
Lund University 
Lund 2026 
  
ISBN 978-91-8021-865-8 
Series title: Lund University, Faculty of Medicine Doctoral Dissertation Series 2026:67 
ISSN 1652-8220  
 
Printed in Sweden by Media-Tryck, Lund University,  
Lund, 2026 
 

 



7 

Table of Contents 

Abstract ................................................................................................................... 9 
Popular scientific summary (English) ................................................................. 10 
Populärvetenskaplig sammanfattning (Svenska) .............................................. 12 
Original papers and manuscripts included in this thesis .................................. 14 

Author’s contribution to the papers .............................................................. 15 
Original papers and manuscripts not included in this thesis ............................. 16 

Abbreviations ........................................................................................................ 18 
Introduction .......................................................................................................... 20 

The aging brain and increasing burden of dementia .................................... 20 
Alzheimer’s disease ..................................................................................... 21 

Neuropathological and clinical hallmarks ........................................... 21 
Genetics ............................................................................................... 26 
Co-pathologies ..................................................................................... 26 
Biomarkers .......................................................................................... 27 
Diagnosis and staging .......................................................................... 30 
Treatment and trials ............................................................................. 32 

Medical data analysis ................................................................................... 33 
Traditional statistical modelling .......................................................... 33 
Artificial intelligence ........................................................................... 34 
Challenges ........................................................................................... 37 

Rationale and aims ............................................................................................... 38 
Methods ................................................................................................................. 40 

Datasets ........................................................................................................ 40 
The Swedish BioFINDER study cohorts ............................................. 40 
External study cohorts ......................................................................... 42 

Biofluid measurements ................................................................................. 42 
Immunoassays .............................................................................................. 42 

Mass spectrometry assays .................................................................... 44 
Proteomics ........................................................................................... 44 

Neuroimaging ............................................................................................... 45 



8 

Positron emission tomography ............................................................ 45 
T1-weighted MRI ................................................................................ 45 
Image processing ................................................................................. 46 

Cognitive testing .......................................................................................... 46 
Established cognitive measures ........................................................... 46 
BioCog ................................................................................................. 48 

Statistical analyses ....................................................................................... 49 
Associations ......................................................................................... 49 
Regression analysis ............................................................................. 50 
Evaluation ............................................................................................ 50 
Significance testing ............................................................................. 52 

Machine learning .......................................................................................... 53 
Unsupervised learning ......................................................................... 53 
Supervised learning ............................................................................. 54 

Computational resources .............................................................................. 58 
Main results ........................................................................................................... 60 

Paper I .......................................................................................................... 60 
Paper II ......................................................................................................... 64 
Paper III ........................................................................................................ 66 
Paper IV ....................................................................................................... 69 
Paper V ......................................................................................................... 71 
Paper VI ....................................................................................................... 75 

Discussion and future perspectives ..................................................................... 78 
Implications from main findings .................................................................. 78 

Individual proteomic CSF levels ......................................................... 78 
Fluid biomarker ratios ......................................................................... 79 
Digital cognitive tests in primary care ................................................. 79 
Machine learning-based PET prediction ............................................. 80 

Clinical perspectives .................................................................................... 81 
Biomarker interchangeability .............................................................. 81 
Precision medicine in AD .................................................................... 82 

Medical data analysis and modelling ........................................................... 83 
General limitations of data and models ............................................... 83 
AI in medicine ..................................................................................... 84 
Future AD data initiatives ................................................................... 85 

Concluding remarks ............................................................................................. 86 
Acknowledgements ............................................................................................... 88 
References ............................................................................................................. 92 



9 

Abstract 

Alzheimer’s disease is a major global health challenge. Diagnosis based on clinical 
presentation alone is challenging since early symptoms often overlap with those of 
other neurodegenerative and medical conditions. In vivo biomarkers of Alzheimer’s 
disease pathology (i.e., amyloid-β and tau) can strengthen diagnosis and guide 
treatment. However, different biomarkers are not always in agreement, and the best 
diagnostic tests are often the most burdensome in terms of cost, invasiveness, and 
time. Motivated by these challenges, this thesis aims to improve Alzheimer’s 
disease diagnostics and biomarkers by enhancing accuracy, agreement, and cross-
modality prediction for fluid biomarkers, cognitive assessments, and brain imaging. 
To this end, large, deeply phenotyped clinical datasets (including the Swedish 
BioFINDER cohorts and several international cohorts) were analyzed with 
advanced statistical and machine learning methods to identify biological patterns 
and develop clinically relevant prediction models. 

This thesis is structured around three main aims. First, unsupervised machine learning 
was used to investigate co-varying properties of the cerebrospinal fluid proteome. 
Adjusting for such co-variations via reference protein normalization improved 
agreement with imaging-based measures for multiple fluid biomarkers, supporting more 
consistent quantification of biological Alzheimer’s disease constructs (Papers I and II).  

Second, a self-administered, digital cognitive test battery was evaluated, which 
improved assessments of objective cognitive impairment in primary care. 
Combining the digital test with a blood biomarker resulted in high diagnostic 
accuracy and could be a scalable approach to improve evaluations of symptomatic 
Alzheimer’s disease (Paper III).  

Third, machine learning models were developed that could estimate regional or 
global positron emission tomography (PET) patterns from more accessible 
variables. PET provides unique three-dimensional in vivo information on 
Alzheimer’s disease pathology, but is costly and not widely available. The models 
offer a way to predict PET-derived information in settings where PET cannot be 
implemented (Papers IV, V and VI). 

In conclusion, this thesis contributes to improving accuracy, agreement, and cross-
modality prediction of Alzheimer’s disease tests and biomarkers. It also 
demonstrates how a translational data science and neuroscience approach can 
generate clinically relevant insights and help bridge interdisciplinary collaboration 
and knowledge exchange. 
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Popular scientific summary  
(English) 

The risk of developing dementia increases with age, and dementia is becoming a 
growing societal challenge as more people live longer. Alzheimer’s disease is the 
most common form, accounting for about 60-80% of dementia cases. In 
Alzheimer’s disease, two brain proteins (amyloid-β and tau) separately start to form 
clumps that the body cannot clear away. Over time, this damages brain cells and 
leads to typical symptoms, such as memory loss and trouble handling daily tasks. 
Early, accurate, and accessible diagnosis is important to make sure patients get the 
best available care. 

Making a correct Alzheimer’s diagnosis can be challenging, especially in the early 
disease stages. Memory naturally changes with age, and memory problems can also 
be caused by, for example, sleep loss, depression, or other illnesses. Clinicians 
therefore often use cognitive tests to establish whether memory, language, or 
problem solving are more impaired than expected. Furthermore, to make an accurate 
Alzheimer’s diagnosis, it is important to examine if the two Alzheimer’s proteins 
are actually present in the brain. This can be done with “biomarkers”, which are 
measurements that capture changes in the body that are related to the disease. In an 
Alzheimer’s work-up, clinicians can either use brain images that make it possible to 
see the clumps of amyloid-β and tau, or measure the concentration of these proteins 
in blood or cerebrospinal fluid (the fluid that surrounds the brain). However, these 
methods are not always in agreement with each other, and the best diagnostic tests 
are usually advanced, time-consuming, and expensive. 

To address disagreement and burden of diagnostic tests, this thesis analyzes data 
from large clinical Alzheimer’s studies where older volunteers underwent extensive 
evaluations: various types of cognitive tests, brain imaging, and protein 
measurements in body fluids. Combining many different measurements quickly 
creates large, complex datasets that we can learn much about the disease from. Such 
complex data sometimes require advanced approaches to better understand them, 
motivating the use of methods where computers are trained to recognize patterns 
and make predictions. By combining medicine and technology, the thesis addresses 
three specific goals related to improving fluid biomarkers, cognitive tests, and costly 
brain imaging. 
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First, we investigated why cerebrospinal fluid biomarker measures can mean 
different things in different people. By measuring thousands of proteins in 
cerebrospinal fluid, we found that individuals have different baseline protein levels, 
and knowing someone’s baseline helps decide whether a biomarker is truly changed 
by disease or not. Imagine you want to compare how much coffee grounds were 
used to brew two cups of coffee, but you are only allowed to analyze a single drop 
from each cup. Here, each cup represents a person, and the coffee grounds the 
biomarker. If one cup is an espresso and the other is filter coffee, the drop will look 
very different even if the same amount of grounds was used. We identified 
“reference proteins” that act like a proxy for such individual differences in 
cerebrospinal fluid and showed in Papers I and II that they can make Alzheimer’s 
disease biomarkers more accurate. 

The second goal was to evaluate a digital cognitive test in primary care, the usual 
first point of contact for people with cognitive complaints. A digital format allows 
patients to complete the test more independently, which reduces the workload for 
healthcare staff. It also makes it possible to collect more detailed information than 
just the final test scores, for example, the time it took to complete different parts of 
the test. In Paper III, we found that a digital test gave better diagnostic accuracy 
compared with the methods commonly used today, which largely rely on paper-and-
pencil tests administered by clinicians. Combining the test with a blood biomarker 
showed promising results and may offer a time- and cost-effective way to improve 
Alzheimer’s disease diagnostics even when specialist resources are limited. 

Finally, we trained computers to make virtual “PET images”, which is an advanced 
brain imaging technique. PET is currently the method that most clearly shows where 
Alzheimer’s disease proteins are located in the brain, but the technique is costly and 
not widely available across hospitals. In Papers IV, V, and VI, we therefore 
developed models that can estimate PET information from more accessible data 
such as fluid biomarkers and other kinds of brain imaging. These models can make 
some of the unique information from PET available in situations when real PET 
scans cannot be used. 

In summary, this thesis takes several steps toward better Alzheimer’s disease 
diagnostics, including more robust interpretation of biomarkers, more practical 
cognitive testing tools, and new computer-based approaches to make advanced and 
costly diagnostic information more accessible. 
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Populärvetenskaplig sammanfattning 
(Svenska) 

Risken att utveckla demens ökar med åldern och demens är idag ett samhälls-
problem som växer i takt med att allt fler människor lever längre. Alzheimers 
sjukdom är den vanligaste formen av demens och står för 60–80% av fallen. Vid 
Alzheimers sjukdom börjar två proteiner som finns naturligt i hjärnan, amyloid-β 
och tau, klumpa ihop sig okontrollerat utan att kroppen lyckas städa bort dem. Detta 
leder så småningom till att nervceller slutar fungera, vilket kan ge typiska symtom 
som minnesproblem och svårigheter att klara av vardagen själv. Tidig, träffsäker 
och lättillgänglig Alzheimerdiagnostik är viktigt eftersom det möjliggör att varje 
patient kan få bästa möjliga vård. 

Det kan vara svårt att ställa en korrekt Alzheimerdiagnos, framför allt tidigt i 
sjukdomsförloppet. Minnet försämras naturligt med åldern och minnesbesvär utöver 
det normala kan också bero på till exempel sömnbrist, depression eller andra 
sjukdomar. Vanligen används kognitiva tester för att mer objektivt mäta om 
exempelvis minne, språk eller problemlösning är tydligt försämrade hos en patient. 
Idag har det också blivit allt viktigare att bekräfta att Alzheimer-förändringar 
faktiskt finns i hjärnan innan en diagnos ställs. Detta kan göras med hjälp av 
”biomarkörer” som mäter biologiska förändringar i kroppen. I en 
Alzheimerutredning kan man antingen ta bilder av hjärnan som kan visa om 
proteinklumpar av amyloid-β och tau finns, eller så kan man mäta koncentrationer 
av dessa proteiner i blod eller cerebrospinalvätska (vätskan runt hjärnan). Ibland kan 
man dock få olika resultat beroende på vilken metod man använt, och de mest 
tillförlitliga metoderna är oftast också dyrast och mest resurskrävande. 

Den här avhandlingen tar itu med sådana inkonsekventa, omfattande och dyra 
diagnostikmetoder genom att analysera data från stora kliniska Alzheimerstudier där 
äldre frivilliga studiedeltagare har genomgått omfattande undersökningar, till 
exempel olika typer av kognitiva tester, hjärnavbildningar och mätningar av 
proteiner i kroppsvätskor. När många olika mätningar kombineras blir datamängden 
snabbt stor, och enkla metoder räcker inte alltid för att förstå mer komplexa 
samband. Vi använde därför mer avancerade metoder där datorer tränas för att känna 
igen mönster och göra förutsägelser baserat på stora datamängder. Genom att 
kombinera medicin och teknik undersöks tre specifika frågeställningar med 
slutmålet att förbättra biomarkörer i kroppsvätskor, kognitiva tester och dyra 
bildmetoder. 
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För det första studerade vi varför samma biomarkörmätning i cerebrospinalvätska 
kan behöva tolkas olika för olika personer. Genom att mäta tusentals proteiner såg 
vi att människor kan ha olika grundnivå av proteiner i cerebrospinalvätska. Om man 
har information om denna nivå kan man bättre tolka om en biomarkör är förändrad 
på grund av en sjukdom eller inte. Tänk dig att du vill jämföra mängden kaffepulver 
som användes för att brygga två olika koppar kaffe, men du får bara mäta på en 
droppe från varje kopp. Här representerar varje kopp en person, och mängden 
kaffepulver en biomarkör. Om den ena koppen är en espresso och den andra är en 
bryggkaffe kan skillnaderna se stora ut även om mängden kaffepulver från början 
var densamma. Vi identifierade ”referensproteiner” som kan fungera som ett slags 
mått för sådana individuella skillnader i cerebrospinalvätska, och visade i Artikel I 
och II att detta kan göra Alzheimerbiomarkörer mer träffsäkra. 

Det andra målet var att utvärdera hur ett kognitivt test i digitalt format fungerade på 
vårdcentraler, vilket ofta är första stället patienter besöker vid en vårdutredning. 
Genom att göra testet digitalt kan patienten sitta självständigt vilket minskar 
belastningen på vårdpersonal. Man kan samtidigt lättare samla in mer detaljerad 
information än bara testpoäng, till exempel hur lång tid olika testmoment tar. I 
Artikel III såg vi att ett digitalt test gjorde diagnostiken mer träffsäker jämfört med 
de metoder som idag används, som är baserade på framför allt papper-och-penna-
tester utförda tillsammans med sjukvårdspersonal. Att kombinera testet med ett 
blodprov gav lovande resultat, och kan vara ett tids- och kostnadseffektivt sätt att 
förbättra Alzheimer-diagnostik även utan specialistresurser. 

Slutligen tränade vi datorer att skapa konstgjorda ”PET-bilder”, vilket är en 
avancerad metod för att ta bilder på hjärnan. PET är idag den metod som tydligast 
kan visa var i hjärnan Alzheimerproteiner finns, men undersökningen är dyr och 
svårtillgänglig. I Artikel IV, V och VI utvecklade vi modeller som kan skatta PET-
information baserat på mer lättillgängliga data som till exempel biomarkörer i 
vätskor och andra typer av hjärnbilder. Genom sådana modeller kan delar av den 
unika information som PET ger bli mer tillgänglig även i situationer där riktiga PET-
bilder inte kan användas. 

Sammanfattningsvis bidrar avhandlingen med flera steg mot bättre 
Alzheimerdiagnostik: mer robust tolkning av biomarkörer, mer praktiska kognitiva 
testverktyg, och nya datorbaserade sätt att göra avancerade och dyra bildtekniker 
mer lättillgänglig. 
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Introduction 

The aging brain and increasing burden of dementia 
The human brain is often described as the most complex known biological structure. 
Beyond regulating vital functions and enabling sensory-motor control, it is also the 
basis of identity, memory, language, and consciousness, making it challenging to 
study, yet crucial to understand from a public health perspective. Throughout the 
human lifespan, the brain shows impressive adaption and plasticity. By early 
adulthood (20-40 years), most neurodevelopmental milestones in terms of size and 
growth rate have been reached [1]. Thereafter, brain tissue volume gradually 
decreases, and by late adulthood, the brain shows loss of protein homeostasis 
(proteostasis) [2,3] alongside a drastically increased risk of developing 
neurodegenerative diseases like dementia. 

The lifetime risk at age 65 years of developing dementia was estimated to 22% in 
females and 14% in males in 2007 [4]. New estimates from 2025 reported an even 
higher lifetime risk of 48% in females and 35% in males at age 55 years [5]. From 
an individual perspective, these risk calculations highlight that many will be directly 
or indirectly affected by this devastating syndrome during their lifetime.  

From a societal perspective, the estimates are equally severe. Given the growing 
world population and increased life expectancy, the number of individuals with 
dementia is projected to rise from 57.4 million in 2019 to 153 million in 2050 [6]. 
The average annual cost per person with dementia, including direct (e.g. medical, 
social, and residential care) and indirect (e.g., informal caregiver time) costs, has 
been estimated to 7,940-73,700 EUR in Europe [7], and 43,900 USD in the United 
States [8].  

Together, these numbers reflect the growing immense human, social, and economic 
burden of dementia, motivating global efforts toward prevention, timely detection, 
and effective intervention. 
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Alzheimer’s disease 
Alzheimer’s disease (AD) is the most common neurodegenerative disease, accounting 
for 60–80 % of all cases [9]. AD was named after the German psychiatrist Alois 
Alzheimer. In a case study in 1907, Alzheimer described the neuropathological 
changes and clinical syndrome he observed in his 51-year-old patient [10]. Although 
the reported symptoms were informative, we know today that this was a rather atypical 
AD case due to the patient’s relatively young age, and since the clinical presentations 
can be very heterogenous. The key generalizable discovery described by Alzheimer 
was the neuropathological changes of AD in form of aggregated protein fibrils inside 
the brain. These proteins, amyloid (A)-β and tau, together with neurodegeneration and 
cognitive and functional decline, maintain the hallmarks defining AD today.  

Neuropathological and clinical hallmarks 
Amyloid-β 
The production of Aβ peptides occurs during processing of the transmembrane 
amyloid precursor protein (APP). APP is highly expressed in neurons and has 
important functions related to brain development, neuronal plasticity, memory, and 
neuroprotection [11]. At the cell surface, APP is cleaved into biologically active 
fragments by secretases (specific enzymes) in two main pathways: the non-
amyloidogenic (α-secretase and γ-secretase) and the amyloidogenic (β-secretase and 
γ-secretase) [11]. The amyloidogenic pathway produces Aβ peptides that are 37 to 
49 amino acids in length (monomers), with Aβ40 (40 amino acids) being the most 
abundant one, but Aβ42 (42 amino acids) being more central in AD [12]. 

Aβ monomers can aggregate into various structures: from small, soluble oligomers, 
to large, insoluble fibrils and amyloid plaques [12]. Although the specific function 
of endogenous Aβ is not yet fully understood, multiple beneficial effects have been 
demonstrated related to for example nervous system repairment, protective capacity 
against pathogens, and regulation of synaptic activity [13]. Furthermore, preventing 
Aβ production to a high degree (>50%) through β-secretase inhibitors has resulted 
in adverse events and worsening of cognition, highlighting the peptides’ essential 
role in brain health [14–16]. 

Normally, Aβ levels are regulated through multiple degradation pathways [17], but 
in AD, Aβ peptides accumulate in an abnormally extensive manner in the brain, 
resulting in extracellular deposits of Aβ plaques (Fig. 1) [12]. Aβ usually starts to 
aggregate in i) the neocortex, followed by ii) allocortex iii) diencephalic nuclei and 
striatum, iv) brainstem, and finally v) cerebellum [18]. The plaques consist mainly 
of Aβ42 peptides, and due to the aggregation, the cerebrospinal fluid (CSF) level of 
soluble Aβ42 peptides is reduced by ~50% [19,20]. The process of Aβ accumulation 
is slow and protracted, often initiated decades before symptom onset [21]. 
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Figure 1. Neuropathological hallmarks of Alzheimer’s disease. Left panel: a healthy neuron with tau 
proteins stabilizing the microtubule. Right panel: a degenerating neuron with extracellular Aβ-plaques 
and intracellular tau neurofibrillary tangles (NFTs). Tau proteins are hyperphosphorylated and can no 
longer stabilize the microtubule. Figure created with Biorender. 

Even though abnormal Aβ pathology is a hallmark of AD and usually evident in 
older individuals with mild or severe cognitive impairment, its likelihood to be 
present in a person without cognitive symptoms is also pronouncedly increased with 
age. Population estimates have highlighted an increasing prevalence from 
approximately 20% to 40% comparing ages 60 and 80 years [22]. This suggests that 
in late life, even without cognitive impairment, abnormal Aβ accumulation is almost 
as common as its absence. 

Tau 
Tau proteins are produced through alternative splicing of transcripts from the 
microtubule-associated protein tau (MAPT) gene. In the human brain, six tau 
isoforms are expressed, defined by the number of N-terminal inserts (0N, 1N or 2N) 
and the number of C-terminal microtubule binding repeat domains (3R or 4R). In 
the healthy adult brain, 3R and 4R tau are expressed at approximately similar levels, 
and both isoforms aggregate in AD [23]. 

Tau is normally a soluble, microtubule-associated protein that contributes to 
cytoskeletal stability and supports intracellular transport. Under ordinary 
conditions, tau is phosphorylated at a limited number of sites, but in AD, the extent 
of phosphorylation increases by several-folds [24]. This hyper-phosphorylation 
promotes tau misfolding and insufficient stabilization of microtubules, leading to 
impaired neuronal functions (Fig. 1). Subsequently, tau fibrillizes into paired helical 
filaments and neurofibrillary tangles (NFTs). In contrast to extracellular Aβ plaques, 
tau deposits are primarily found intracellularly, accumulating in neuronal cell bodies 
and dendrites [23,25]. 
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Pathogenic tau is suggested to have prion-like seeding and spreading properties, 
meaning that misfolded tau can induce other connected cells to also start having 
abnormal tau hyperphosphorylation. This could result in the progressive, cell-to-cell 
spreading of tau pathology in a chain-reaction-like manner [26]. 

In AD, tau pathology usually spreads in a similar spatial pattern comparing different 
individuals, forming the basis of a commonly used tau staging scheme called Braak 
staging. NFTs typically first appear in the entorhinal cortex (Stage I-II), then spread 
to the hippocampus and limbic regions (Stage III-IV), and finally to widespread 
neocortical areas (Stage V-VI) [27,28]. However, a growing body of evidence 
suggest that this may be an oversimplification, highlighting a substantial inter-
individual variability in tau deposition patterns [29]. Accordingly, tau accumulation 
may be better described by subtyping or other more individualized approaches. 
Commonly reported tau subtypes include limbic-predominant and hippocampal-
sparing variants, as well as lateralized tau deposition patterns [30–34]. 

Similarly to Aβ pathology, the likelihood of abnormal tau hyper-phosphorylation 
increases with age. Population-based estimates suggest a prevalence of <8% in 
individuals younger than 70 years, rising to ~65% in those aged 90+ years [35]. 
However, because tau hyperphosphorylation precedes tau aggregation and NFT 
formation, the prevalence of tau aggregation is likely substantially lower. This is 
discussed further in the section Progression over time. 

Neurodegeneration 
Neurodegeneration refers to the progressive loss of structure and function of 
neurons, ultimately leading to synaptic loss and cell death. Even in the absence of 
neuropathological changes, brain tissue volume shows a gradual decline with 
advancing age [1]. In AD, however, neurodegeneration is usually more extensive 
and regionally selective. Prominent neuronal loss and atrophy are typically seen first 
in the medial temporal lobe, most notably in the entorhinal cortex and hippocampus, 
as well as ventricular enlargement and atrophy in the temporoparietal cortex [36–
39]. However, consistent with variations in tau deposition patterns, individual 
atrophy patterns can also be heterogenous and may be better described through 
subtyping than through a “one-fits-all” framework [40,41]. 

Due to the complex functional organization of the brain, neurons are largely 
connected through networks. These networks have been suggested as a possible 
reason why neurodegeneration follows certain atrophy patterns; later-affected brain 
regions are often anatomically connected to earlier affected sites [42]. 

Cognitive and functional decline 
Cognition is a broad term that includes multiple domains (e.g., complex attention, 
executive function, learning and memory, language, perceptual-motor function, and 
social cognition [43]). Cognitive impairment can be assessed objectively using 
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neuropsychological tests tailored to the different domains [44]. In AD, memory is 
typically the earliest and most affected domain, but clinical presentations can be 
heterogenous and may involve other cognitive domains as well [45]. Moreover, 
clinical symptoms often overlap across neurodegenerative disorders, making it 
difficult to disentangle etiology based solely on symptoms [45]. 

In addition to cognitive decline, AD symptoms can include difficulties in 
performing activities in daily life, referred to as functional impairment. Functional 
impairment is commonly assessed through medical history taking from the patient 
and informants and complemented by standardized questionnaires and rating scales. 
Activities of daily living that typically become more demanding in mild dementia 
are housework and managing money. As symptoms progress, more basic activities 
like eating and dressing can also become challenging, eventually leading to full 
dependence [46]. 

The progression of clinical symptoms is gradual. But despite their continuous 
nature, to facilitate comparisons, cognitive staging is commonly performed using 
four categories. These categories are normal cognition (NC), subjective cognitive 
decline (SCD), mild cognitive impairment (MCI) and dementia (Tab. 1). Since SCD 
is not objectively measurable, the NC and SCD groups are sometimes combined 
into a cognitively unimpaired (CU) group [47]. 

Table 1. Syndromal staging for individuals in the Alzheimer’s disease continuum, defined 2018 
by the National Institute on Aging - Alzheimer’s Association (NIA-AA) [47].  

Clinical 
staging 

Clinical 
category Description 

Stage 1 NC Cognitive test performance within the expected range. No self- or observer 
report of cognitive decline. 

Stage 2 SCD 
Cognitive test performance within the expected range. Self-reported and/or 
informant/clinician documented cognitive decline. No functional impairment in 
daily activities. 

Stage 3 MCI 
Cognitive test performance below the expected range. Self-reported and/or 
informant/clinician-documented cognitive decline. Largely preserved daily 
functioning, with mild difficulties in complex activities. 

Stage 4 

Dementia 

(Mild) Self-reported and/or informant/clinician-documented progressive 
cognitive impairment affecting several domains. Clear functional impairment in 
daily activities and no longer fully independent. 

Stage 5 (Moderate) Progressive cognitive impairment and extensive functional 
impairment in basic activities. No longer independent. 

Stage 6 (Severe) Progressive cognitive impairment and severe functional impairment in 
basic activities. Complete dependence. 

Abbreviations: NC (Normal cognition), SCD (subjective cognitive decline), MCI (mild cognitive 
impairment). 

Progression over time 
The progression of AD hallmarks is long and protracted, and is typically 
conceptualized as a temporally ordered process: the first abnormal brain change 
being an altered metabolism of soluble Aβ, followed by Aβ plaque buildup, 
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increasing levels of hyperphosphorylated soluble tau, NFTs, neuro-degeneration, 
and finally cognitive and functional impairment (Fig. 2) [48–50]. Early Aβ 
pathological changes have not been proven to be causative in AD, but the amyloid 
cascade hypothesis [51] remains the dominant theory.  

Several studies provide evidence broadly supporting this chain of events. For 
example, brain Aβ and tau aggregation have been linked to loss of neurons and 
network dysfunction, highlighting their neurotoxicity. Typically, disturbance of 
neuronal networks like hyperexcitability and synaptic failure appear to precede 
neuronal loss [52]. Furthermore, a large-scale multicenter study highlighted that 
aggregated tau deposition is substantially more common in individuals who already 
have pathological Aβ than in those without, which was observed across all cognitive 
stages [53]. In line with this, cognitively unimpaired individuals with Aβ and tau 
pathology have been shown to be at higher risk for future cognitive decline 
compared to those without [54]. Additionally, regional brain atrophy closely follows 
tau deposition patterns [55], and downstream relates to heterogenous clinical 
syndromes and different rates of disease progression [30,40]. 

Figure 2. Schematic illustration of the typical temporal progression of the Alzheimer’s disease 
hallmarks, modified from Jack et al. [48]. The abnormal brain changes start with an altered metabolism 
of soluble Aβ, followed by Aβ plaque buildup, hyperphosphorylation of soluble tau, NFTs, 
neurodegeneration, and finally cognitive and functional impairment. Abbreviations: Aβ (amyloid-β), NFT 
(neurofibrillary tangles), MCI (mild cognitive impairment). 

Considering the evidence supporting pathological changes to be upstream of clinical 
symptoms, and since Aβ accumulation can begin decades before symptom onset 
[21], the window to intervene in the AD pathway is believed to be long. This has 



26 

also led to increased discussions about whether AD should be defined as a biological 
process independent of clinical symptoms, or a clinical-biological construct 
requiring clinical impairment [50,56,57]. Regardless of definition, this long 
preclinical phase strengthens the idea that efforts against AD may be most effective 
in early disease stages, and supports continued work toward timely, accurate 
detection and diagnosis [58,59]. 

Genetics 
Genetic findings provide complementary evidence that mechanisms related to the 
Aβ pathway underlie AD dementia. The most common form of AD is sporadic, late-
onset AD. Although sporadic AD is non-monogenic, its heritability is high, 
estimated to >50% in twin studies [60]. The strongest and most established 
susceptibility gene for sporadic AD is apolipoprotein E (APOE), which influences 
Aβ metabolism and aggregation [61]. APOE has three alleles (ε2, ε3, ε4), of which 
ε3 is most common, ε4 is associated with increased AD risk and earlier onset, and 
ε2 has a protective effect [62,63]. Still, APOE explains only part of the genetic risk, 
and large-scale genome-wide association studies have identified more than 70 loci 
associated with late onset-AD [64,65]. This highlights the complexity of the disease 
and possible involvement of multiple biological pathways. 

In contrast, rare autosomal-dominant forms of AD (familial AD) are caused by 
highly penetrant mutations. The most common mutations are in APP, PSEN1, or 
PSEN2, which affect APP processing and typically increase production or relative 
abundance of aggregation-prone Aβ fragments [66]. Notably, while mutations in 
MAPT can cause familial frontotemporal dementia, comparable high-penetrance tau 
mutations are not a typical cause of AD [67]. Together, genetic findings implicate 
alterations in the Aβ pathway as a core component of AD biology. 

Co-pathologies  
At older ages, it is common that AD pathology co-occurs with other brain 
pathologies. Prevalent co-pathologies are aggregation of TAR DNA-binding protein 
43 (TDP-43), aggregation of α-synuclein/Lewy bodies, and cerebrovascular disease. 
Co-pathologies can contribute to heterogeneity among individuals with AD, for 
example by influencing clinical symptoms and disease progression rates [68–70]. 
They can also be important to consider when investigating and diagnosing AD in 
vivo, and when interpreting evidence of AD pathology using biomarkers. 
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Biomarkers  
Biomarkers, or biological markers, are measurable indicators of a biological 
condition, for example altered Aβ or tau metabolism or deposition. AD biomarkers 
can be measured in biofluids (e.g., CSF or blood) and with imaging (e.g., magnetic 
resonance imaging [MRI] or positron emission tomography [PET]) (Fig. 3). Before 
the development of AD biomarkers, it was difficult to determine if AD pathology 
was likely causing the clinical symptoms, and a definite diagnosis of AD could 
therefore only be made at autopsy [71]. In the absence of biomarkers, a clinical AD 
diagnosis is inaccurate in 20-30% of cases in specialized dementia clinics, and in 
about 40% of cases in primary care [72,73]. With the emergence of biomarkers, 
timely and accurate assessment of AD pathology in vivo has become possible, 
improving diagnosis, prognosis, trial recruitment, and clinical research [29]. 

Figure 3. Alzheimer’s disease biomarkers. Altered Aβ or tau metabolism is commonly measured in 
CSF (collected through a lumbar puncture, top left panel) or in blood (top right panel). Neurodegeneration 
can be seen on brain MRI (bottom left panel), while Aβ and tau deposition can be visualized using PET 
(bottom right panel). Figure created with Biorender. 

Cerebrospinal fluid 
The CSF is a colorless fluid that fills the subarachnoid space and ventricles. CSF 
acts like a protective “cushion” for the brain, while also transporting nutrients and 
removing waste from the brain and spinal cord [74]. Most of the CSF is produced 
in the choroid plexus and cleared into the venous system and lymphatic pathways, 
with a complete turnover rate of approximately four times per day. CSF moves 
through the subarachnoid space and ventricles via convective and pulsatile flow 
mechanisms [75,76]. With aging, CSF dynamics usually change. For instance, the 
total CSF volume typically increases and CSF production and pressure decrease 
[77–79].  
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Since CSF is in direct contact with the extracellular space of the brain, it contains 
many proteins that originate from the central nervous system (CNS). These proteins 
can therefore reflect biochemical changes occurring in the brain and be used as 
biomarkers for neurological diseases [74]. In addition to measuring single 
biomarkers, recent technological advances have made it possible to perform large-
scale analyses of CSF proteins (proteomics), opening new opportunities for 
biomarker discovery and for improving our understanding of complex disease 
mechanisms [80–82]. 

To collect and measure CSF biomarkers or proteomics, CSF can be obtained 
through a lumbar puncture. During a lumbar puncture, patients are typically 
positioned either sitting upright or lying on their side, and a sterile spinal needle is 
inserted between the lumbar vertebrae to access the CSF-filled subarachnoid space. 
This is an invasive procedure that requires trained personnel, and it may cause mild 
side effects (most commonly headache), but serious complications are rare [76]. 

Commonly used CSF biomarkers for AD include Aβ42 and several phosphorylated-
tau (p-tau) isoforms. CSF Aβ42 levels are decreased in AD, reflecting that Aβ42 
fragments are deposited in oligomers and plaques, whereas CSF p-tau levels are 
increased as soluble tau becomes hyper-phosphorylated [29,74,83]. Together, these 
and other markers support the biological diagnosis of AD and offer information 
relevant to prognosis and disease stage [84–87].  

The CSF biomarker Aβ42 has been shown to better reflect AD pathology when 
expressed as a ratio to CSF Aβ40, even though the levels of Aβ40 remains largely 
unchanged in AD [88,89]. CSF Aβ40 can therefore be viewed as a reference protein, 
likely accounting for inter-individual differences in soluble Aβ metabolism and/or 
overall CSF protein abundance. Other commonly used AD CSF biomarkers are 
typically not normalized to a non-disease-related reference protein [50], which 
raises questions of whether a similar approach could also improve the performance 
of these biomarkers (further investigated in Papers I and II). 

Blood 
Similar to CSF, the protein content of blood plasma can reflect AD pathological 
changes. Many of the same analytes as in CSF are measured in plasma (for example 
Aβ42 and p-tau isoforms), but their concentrations are several orders of magnitude 
lower [83]. As blood is circulated throughout the entire body, its protein content 
reflects many physiological phenomena beyond processes in the brain [83]. Despite 
this, ultrasensitive methods to quantify proteins have reliably differentiated 
biomarker levels between AD cases and controls [90–93]. Markers of soluble, 
hyperphosphorylated tau have shown particular promise [94–96]. In contrast, Aβ 
fragments have been more difficult to rely on in blood, likely because blood Aβ 
originates from both the brain and the periphery, making the signal less specific to 
processes in the brain [97]. 
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A main advantage with blood biomarkers is their scalability. Blood sampling is 
minimally invasive and does not require advanced medical expertise, and it is 
relatively cheap and quick to perform [98]. These factors, together with findings 
suggesting that blood biomarkers can reach performance similar to CSF biomarkers 
in both secondary and primary care settings [73,96,99,100], underscore their 
potential. Blood biomarkers could revolutionize AD diagnostics, facilitating large-
scale, timely and accurate in vivo assessments of AD pathology [94]. 

Positron emission tomography 
Fluid biomarkers are informative but provide limited details regarding the spatial 
distribution of AD pathology. To assess where pathology is located and spreads 
across brain regions, in vivo imaging techniques can be used. In AD, PET enables 
regional assessment of Aβ plaques and tau NFTs, providing information on both 
extent and distribution of the pathologies.  

PET is based on the injection of a radioactive tracer that has affinity and specificity 
for a specific molecular target (e.g., Aβ or tau aggregates). As the radionuclide (in 
Aβ and tau-PET most commonly fluorine-18, 18F) decays, it emits a positron. After 
travelling a short distance, the positron annihilates with an electron, producing two 
511 keV gamma photons emitted in opposite directions. These photons are detected 
by the PET scanner, and tomographic reconstruction from many such events yields 
an image of the tracer’s distribution. The resolution of PET is limited by positron 
range, system design, reconstruction, and motion, and is typically a few millimeters 
in the human brain. PET is considered non-invasive but involves exposure to a small 
dose of radiation [101]. 

Both Aβ- and tau-PET exhibit high agreement with neuropathological assessments 
[102–105]. They have also been shown to improve differentiation of AD from other 
neurodegenerative disease, and to increase the confidence of clinicians [106–110]. 
Despite their value in clinical and research contexts, PET remains inaccessible for 
many patients and clinics worldwide because of its high costs, limited scanner 
capacity, and the need for specialized infrastructure, e.g., radiotracer production 
and distribution, as well as trained personnel (further addressed in Papers IV, V 
and VI) [29]. 

Magnetic resonance imaging 
MRI provides high-resolution visualization of tissue and anatomical structures and 
can therefore be used to measure and track neurodegeneration. It is a non-invasive, 
highly accessible, and relatively fast diagnostic tool [111]. 

MRI is based on nuclear magnetic resonance, specifically the spin of hydrogen 
nuclei (single protons). The MRI scanner’s main magnet generates a strong static 
magnetic field 𝐵଴ (typically 1.5 T, 3 T, or 7 T), which causes the proton spins to 
align with the field. This produces a net magnetization in the longitudinal direction, 
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while spins in the transverse plane remain out of phase so that the net transverse 
magnetization is approximately zero. Radiofrequency pulses 𝐵ଵ then perturb the 
system, tipping the magnetization away from the longitudinal axis and creating 
coherent transverse magnetization. After the pulse, the signal decays as the spins 
relax back toward equilibrium, inducing a measurable radiofrequency signal in the 
receiver coil of the scanner. To spatially encode the signal, magnetic field gradients 
are applied across space so that 𝐵଴ varies in a predictable manner [111]. 

Measuring the relaxation time in the longitudinal direction yields a T1-weighted 
MRI, while the relaxation time to non-coherent transverse magnetization yields a 
T2-weighted MRI. These two sequences vary in terms of imaging contrast, with T1-
weighted being most commonly used and the central one in this thesis. In T1 images, 
fat appears bright, and fluid appears dark, which is particularly useful to visualize 
anatomical structures and atrophy patterns. Other common MRI sequences include 
proton density and FLAIR (other contrasts), as well as diffusion and functional MRI 
(microstructural and activation measures) [111], but those are beyond the scope of 
this thesis. 

In AD, brain MRI complements pathology-specific CSF, blood, and PET biomarkers 
by capturing regional atrophy and atrophy rates, as well as comorbid brain changes 
like vascular brain injury, microbleeds, and white matter hyperintensities. MRI is also 
used to help rule out other causes of cognitive symptoms, such as tumors or 
hydrocephalus [112,113]. 

Diagnosis and staging 

Biological diagnosis and staging 
In 2018, the National Institute on Aging and the Alzheimer’s Association (NIA-AA) 
published a framework toward a biological definition of AD based on postmortem 
examination or in vivo biomarkers. Biomarkers were grouped into those of Aβ 
deposition (A), pathological tau (T), or neurodegeneration (N), yielding an AT(N) 
classification scheme [47]. In 2024, the NIA-AA published updated biomarker-
based recommendations for diagnosing and staging of AD [50]. The framework now 
distinguished early changing Core 1 AD biomarkers from later changing Core 2 AD 
biomarkers, incorporating biomarkers of neurodegeneration and co-pathologies as 
complementary (Tab. 2). According to these recommendations, an abnormal Core 
1 biomarker is sufficient to establish a biological AD diagnosis, whereas Core 2 
biomarkers increase diagnostic certainty and provide prognostic and staging 
information. Clinical symptom staging (Tab. 1) can be integrated together with the 
biological framework to yield a combined biological-clinical characterization of 
individuals across the AD continuum. 
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Table 2. Categorization of Alzheimer’s disease biomarkers as recommended by the NIA-AA in 
2024 [50]. 

Biomarker category Fluid analytes Imaging 
Core 1  
Aβ-proteinopathy and 
hyperphosphorylated tau. 

Aβ42, p-tau217, p-tau181, 
p-tau231 Aβ-PET 

Core 2  
Tau proteinopathy. 

MTBR-tau243, p-tau isoforms, np-
tau fragments Tau-PET 

Neurodegeneration & 
inflammation NfL, GFAP MRI, FDG-PET 

Co-pathologies αSyn-SAA MRI, CT 
 

Under the NIA-AA frameworks, several fluid and imaging biomarkers are intended 
to be used interchangeably for AT(N) or Core 1 and 2 categorization, requiring high 
agreement between fluid and imaging modalities (further addressed in Papers I and 
II). Head-to-head comparisons suggest that some analytes outperform others in 
terms of interchangeability with PET imaging: CSF Aβ42/Aβ40 and CSF/plasma p-
tau217 generally show strong associations with Aβ-PET (Core 1), whereas 
CSF/plasma MTBR-tau243 and p-tau217 display particularly high concordance 
with tau-PET (Core 2) [99,114–117].  

Clinical practice 
Although the NIA-AA framework separates clinical syndrome from biological AD, 
the distinction is not always meaningful in clinical practice. While AD pathology can 
be detected before symptom onset, biomarker testing in asymptomatic individuals is 
generally not recommended in clinical care, as it may cause more harm than benefit 
due to the current absence of approved therapeutic interventions [118,119]. A clinical 
AD diagnosis should hence include evidence of objective cognitive impairment in at 
least one cognitive domain (consistent with DSM-5 [43]). Once impairment is 
established, biomarkers can help determine the underlaying etiology and eligibility 
for therapeutic interventions. Furthermore, since the pre-test probability of AD 
pathology is higher in individuals with symptoms than without, establishing objective 
cognitive impairment before biomarker testing also reduces the number of false-
positive biomarker results [22,120].  

Primary care is often the first point of contact for older adults who begin to 
experience cognitive symptoms. Usually, time and resources in primary care are 
limited, and practitioners are typically not specialized in neurological disorders. 
This can make it challenging to establish objective cognitive impairment and 
evaluate potential neurodegenerative causes (further addressed in Paper III). At 
present, AD biomarkers are not yet routinely used in primary care. Patients may 
therefore be referred to specialist clinics (although in practice many are not [121]), 
where diagnostic certainty can be increased through more comprehensive cognitive 
assessments and potential access to CSF, PET, and/or blood-based biomarkers. 
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Patients evaluated at specialist clinics are typically younger, have fewer 
comorbidities, higher education and socioeconomic background, and less severe 
cognitive impairment than patients who are not [122]. 

Treatment and trials 
There is still no cure for AD, but major progress in treatment has been made during 
recent years. Historically, the main approach for treating clinical AD has involved 
symptomatic medication, such as cholinesterase inhibitors that increase 
neurotransmission. Such medication enhance communication between neuronal cells 
and can thereby provide modest, symptomatic improvement or stabilization of 
cognitive function, but do not affect the underlying pathology [123,124]. Typically, 
they are prescribed for mild to moderate AD symptoms, but not all individuals are 
responsive. The most common side effects are gastrointestinal (e.g., nausea, vomiting, 
diarrhea, loss of appetite). As these treatments are not specific to the underlying AD 
pathology, biomarker evidence is not mandatory to initiate treatment [125]. 

A major recent development has been the successful completion of Phase 3 trials 
for disease-modifying treatments of AD. Monoclonal antibody-based therapeutics 
like lecanemab [126] and donanemab [127] specifically target Aβ pathology. 
Lecanemab binds with high affinity to soluble Aβ protofibrils, while donanemab 
selectively binds to Aβ plaques, with both facilitating the microglia-mediated 
removal of aggregated Aβ-pathology from the brain. These treatments are 
administered via intravenous infusion either every two weeks (lecanemab) or four 
weeks (donanemab). Eligibility for the therapies requires biomarker evidence of AD 
pathology and at least mild cognitive impairment. The most frequently observed 
side effects are infusion related reactions and amyloid-related imaging 
abnormalities (ARIA), either as cerebral edema (ARIA-E) or microhemorrhages 
(ARIA-H). Rigorous monitoring, including clinical symptoms and MRI scans, is 
therefore essential during the initial treatment phase. Both lecanemab and 
donanemab are now available or approved for clinical use in a growing number of 
countries, including USA, EU, Japan, and China [125].  

Despite their demonstrated ability to substantially clear Aβ from the brain, the 
clinical benefits observed in Phase 3 trials were modest, indicating a slower decline 
in function and cognition of 27% and 36% compared to the placebo groups 
[126,127]. The clinical benefit of donanemab was greater in patients with lower tau-
PET signal [128], and it is hypothesized that these treatments may yield a greater 
clinical effect if initiated earlier in the disease course. Ongoing trials are 
investigating the efficacy of lecanemab and donanemab in populations with positive 
AD biomarkers but without cognitive impairment (e.g., TRAILBLAZER-ALZ3 and 
AHEAD 3-45). Another promising drug candidate for Aβ clearance, trontinemab, 
is also under investigation, which utilizes a Brainshuttle technology to more 
efficiently cross the blood-brain barrier [129]. This way, treatment can be 
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administered at lower doses, potentially reducing the risk of ARIA. Furthermore, 
given the complex nature of AD, targeting additional mechanisms like tau pathology 
and neuroinflammation might be necessary to achieve stronger clinical effects. Tau 
modifying treatments and anti-inflammatory therapies are also actively being 
developed and evaluated [130].  

As disease-modifying treatments for AD enter research pipelines and clinical practice, 
accurate and accessible biomarkers are becoming increasingly important. They are 
essential to identify eligible patients and to assess therapeutic responses, both in 
clinical care and in trials. Continued work toward improved biomarker accuracy and 
accessibility can help optimize patient care and trial design in this exciting era of 
scientific and medical progress. This AD background forms the foundation of this 
thesis, and the specific aims are addressed through advanced medical data analysis. 

Medical data analysis 
At the heart of data analysis lies modelling. A model aims to describe a system or 
process without including all complex real-world details. Importantly, models are 
approximations created to better understand or predict reality and should not be 
confused with the system itself [131]. 

Traditional statistical modelling 
Historically, medical data analysis has largely relied on statistical modelling, and 
statistics remains a robust and valuable toolbox for summarizing data, quantifying 
uncertainty, testing clinically relevant hypotheses, and guiding study design and 
interpretation [132]. A common distinction in statistics is between descriptive and 
inferential approaches. 

Descriptive statistics 
Descriptive statistics summarizes the study sample, for example in terms of 
proportions, central tendency (e.g., mean or median value) and dispersion (e.g., 
variance or standard deviation), often complemented by visualizations of 
distributions (e.g., histograms, boxplots). In medical research, such summary 
measures are commonly used to characterize the included study cohorts and to 
describe differences between groups [133]. 

Inferential statistics 
Inferential statistics is used to draw conclusions from a study sample to a target 
population, typically under the assumption that the sample is representative of that 
population. In medical research, inference is commonly carried out within 
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regression modelling frameworks, where associations between covariates and 
outcomes are estimated while accounting for potential confounding. Confidence 
intervals and hypothesis testing can then quantify uncertainty, conditional on the 
model assumptions and the observed data [134]. 

Together, descriptive and inferential statistics form a foundation for evidence-based 
medical research, ranging from cohort characterizations to the evaluation of 
diagnostic tests, risk factors, and treatment effects. Many clinical questions are 
naturally framed in statistical terms and are still addressed using these well-
established statistical modelling frameworks. Key advantages of statistical models 
include interpretability, transparency, and robustness to scarce data. Key limitations 
include their poor ability to capture complex, non-linear relationships in high-
dimensional data, and their unstable behavior when underlaying assumptions are 
violated [135]. 

Artificial intelligence 
Artificial intelligence (AI)-based computational methods can broaden what can be 
learned from complex, high-dimensional medical data. As datasets continue to 
expand over time, new avenues for more precise AD diagnostics and monitoring, as 
well as for uncovering biological insights, have opened [136]. 

AI is a broad term describing the ability of machines to perform tasks that typically 
require human intelligence, such as language understanding, pattern recognition, 
and decision making. Machine learning (ML) is a subset of AI and refers to 
algorithms whose performance improve as they are exposed to more data. Deep 
learning is a further subset of ML that specifically uses deep neural networks to 
learn from data (Fig. 4) [137]. 

Figure 4. Machine learning is a subset of artificial intelligence, and deep learning is a subset of 
machine learning.  
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Machine learning 
This thesis focuses on two main types of machine learning: supervised and 
unsupervised learning (Fig. 5). Unsupervised learning identifies patterns in 
unlabeled data. Common approaches include dimensionality reduction and 
clustering methods such as singular value decomposition (SVD), t-distributed 
stochastic neighbor embedding (t-SNE), and K-means clustering (all used in this 
thesis and further described in Methods). In contrast, supervised learning comprises 
algorithms that learn from labeled data, through for example classification or 
regression. Common methods include linear and logistic regression, support vector 
machines, and random forests (all used in this thesis and further described in 
Methods) [137]. 

Figure 5. Examples of unsupervised machine learning using dimensionality reduction and 
clustering (left panel), and supervised machine learning using classification (right panel). 

The same models can sometimes be used in both statistics and machine learning, for 
example linear and logistic regression. A key difference often lies in the objective: 
prediction in machine learning versus inference in statistics. In prediction, the goal 
is to build models that generalize well to new, unseen data, whereas inference 
focuses on understanding relationships in the population. How models are fitted and 
interpreted can therefore slightly differ depending on the purpose. For example, 
prediction can include a large number of input variables and performance should be 
evaluated on unseen data to avoid overfitting. In inference, emphasis is often placed 
on fewer, statistically significant variables, and evaluations are commonly 
performed using the same data that were used to fit the model [138]. 

Deep learning 
Deep learning is inspired by the human brain through the construction of neural 
networks. Neural networks are composed of computational units that mimic 
neurons, commonly called artificial neurons or perceptrons [139]. A perceptron 
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takes a set of 𝑛 input values 𝑥ଵ … 𝑥௡ , learns a weight for each input value 𝑤ଵ … 𝑤௡ 
and a global bias 𝑏. An activation function 𝜎 is then applied to introduce non-
linearity, yielding an output value 𝑦 as 𝑦 =  𝜎ሺ∑ 𝑤௜𝑥௜௡௜ୀଵ + 𝑏ሻ. (1)

By arranging such units into stacked layers where each output 𝑦 becomes an input 
to the next layer, neural networks are formed and can be trained to perform specific 
tasks by updating the weights based on data (Fig. 6). Neural networks rely on 
mathematical representations: all input data are encoded and processed as numbers 
within the network, stored as scalars, vectors, matrices, or higher-order tensors 
[137]. 

Figure 6. An example image classification pipeline using a neural network.  

One class of deep learning architectures particularly well-suited for image-like data 
with local structures (and used in this thesis) is convolutional neural networks 
(CNNs). CNNs use convolutional layers as core building blocks. Convolutions are 
learnable filters applied to local groups of features, for example small patches of 
voxels in images. Each filter is a small array of trainable weights that is elementwise 
multiplied with voxel values in the image patch it overlaps. The products are 
summed to produce a single feature value for that location. The same filter is applied 
across the entire image as a sliding window. By stacking many convolutional layers, 
CNNs can build a hierarchy of representations: early layers detect simple patterns 
such as edges and textures, while deeper layers combine those patterns into 
increasingly complex, task-relevant structures. These hierarchical, spatially aware 
networks often perform well on medical image analysis tasks, where local context 
and anatomical structures are key [137]. 
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In medical data analysis, deep learning offers several promising avenues to improve 
healthcare. For example, it can be applied to improve segmentation, interpretation 
and synthesis of medical images, advance our understanding of biomolecular 
structure and behavior, and accelerate the discovery of novel drugs [140–146]. 

Challenges 
Medical data analysis poses substantial challenges compared to many other data 
science fields. Data collection is often slow and resource-intensive, and datasets can 
exhibit considerable variability due to differences between sites, equipment, 
protocols, and populations. Data sharing can also be difficult because of regulatory 
constraints and the sensitivity of human data. In addition, medical datasets can be 
noisy, imbalanced, and imperfectly labeled. For example, AD diagnoses that are not 
biomarker-confirmed may be incorrect, and variables such as cognitive test scores 
can fluctuate for reasons unrelated to the underlying disease process. Finally, 
requirements for model performance, transparency, and generalizability are often 
high in medicine, since errors can have vital consequences [136,147]. 
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Rationale and aims 

AD is difficult to diagnose in clinical practice. As we can expect a future higher AD 
prevalence and are approaching an era of disease-modifying therapies specific to 
AD pathology, not only accurate, but also cost-effective and scalable diagnostic 
tools are becoming increasingly important.  

The pathological levels of Aβ and tau can be measured using multiple biomarkers, 
but the most accurate and informative ones are usually also expensive and/or 
invasive, which limits large-scale implementation. Similarly, investigating 
objective cognitive impairment is resource-intensive and can vary substantially 
across healthcare providers and countries, introducing additional heterogeneity into 
clinical decision making and workflows. 

In parallel, AD research cohorts are becoming increasingly well-characterized with, 
for example, detailed demographic and cognitive assessments, multiple imaging 
modalities, and extensive fluid biomarker and proteomic measurements. This 
creates opportunities to apply more complex modelling techniques to integrate 
information across modalities and to better understand complementary and 
overlapping information in these high-dimensional data. 

Consequently, this thesis aims to utilize different data modalities together with 
statistical and machine learning approaches to improve AD biomarkers and 
diagnostics, with emphasis on balancing accuracy and comprehensiveness with cost, 
invasiveness, and clinical feasibility (Fig. 7). Specifically, the aims are focused on: 

Aim 1: Investigating co-varying properties of the CSF proteome in a data-driven 
manner and evaluating whether adjusting for such properties using reference protein 
normalization can improve AD fluid biomarkers (Paper I and II). 

Aim 2: Evaluating whether a resource-efficient, self-administered digital cognitive 
test can support more accurate assessments of objective cognitive impairment in 
primary care (Paper III). 

Aim 3: Developing and validating machine learning models trained to predict Aβ-
PET or tau-PET burden, as well as the spatial distribution of pathology, from more 
accessible modalities (Paper IV, V, and VI).  

Through these aims, this thesis takes steps toward improved AD biomarkers and 
diagnostics by leveraging previously unexplored data or data patterns in deeply 
phenotyped research cohorts. The translational research approach is also aimed to 
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build bridges between the fields of data science and neuroscience to facilitate 
collaboration and knowledge exchange.  

Figure 7: Specific thesis aims to improve diagnostics and biomarkers in Alzheimer’s disease. 
Arrow directions indicate the expected benefit along two axes i) accuracy/information (diagnostic 
accuracy and pathological information, higher = better) and ii) burden (cost, invasiveness, and time, lower 
= better). 
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Methods 

Datasets  
The Swedish BioFINDER study cohorts 
The prospective Swedish BioFINDER studies are deeply phenotyped longitudinal 
research cohorts initiated to develop diagnostic tests, identify treatment targets, and 
understand biological mechanisms of neurodegenerative disorders. This thesis used 
data from BioFINDER-1 (launched 2008; Tab. 3; NCT01208675), BioFINDER-2 
(launched 2017; Tab. 4; NCT03174938) , and BioFINDER-Primary Care (launched 
2020; Tab 5; NCT06120361). The studies recruit participants at Skåne University 
Hospital and Hospital of Ängelholm (BioFINDER-1 and BioFINDER-2) or at 
primary care centers in southern Sweden (BioFINDER-Primary Care). Follow-up 
visits are performed annually or biannually for up to 10 years. 

Table 3. Population and design of the Swedish BioFINDER-1 study cohort. 

Sub-
cohort Diagnosis Inclusion criteria* 

Included in paper 

I II III IV V VI 

A 
n=600 NC 

i) age ≥60 years
ii) absence of cognitive symptoms
iii) MMSE score 27-30
iv) do not fulfill DSM-5 criteria for
MCI or dementia
v) fluent in Swedish

B 
n=500 

SCD/MCI 
MCI if less than -1.5 SD 
in any cognitive domain 
(age and education 
stratified test norms), 
otherwise SCD. 

i) age 60-80 years
ii) cognitive symptoms
iii) MMSE score 24-30
iv) do not fulfill DSM-5 criteria
for dementia
v) fluent in Swedish

C 
n=300 

Dementia 
Includes 50 patients 
with familial Alzheimer’s 
disease 

i) fulfill DSM-5 criteria for dementia

D 
n=400 

Parkinsonian 
disorders 

i) fulfill criteria of Parkinson’s
disease, Parkinson’s disease with
dementia, progressive supranuclear
palsy or multiple system atrophy.

Included  Excluded Included if data available (rare due to cohort design). 
* Exclusion criteria for all sub-cohorts are i) significant unstable systemic illness; ii) current significant
alcohol or substance misuse; iii) refusing lumbar puncture, MRI or PET.
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Table 4. Population and design of the Swedish BioFINDER-2 study cohort. 

Sub-
cohort Diagnosis Inclusion criteria* 

Included in paper 
I II III IV V VI 

A 
n=340 

NC 
Stratified to include 50% 
APOE ε4 carriers. 

i) age 20-65 years 
ii) absence of cognitive 
symptoms 
iii) MMSE score 27-30 
iv) do not fulfill DSM-5 criteria 
for MCI or dementia  
v) fluent in Swedish 

    

B 
n=300 

NC 
Stratified to include 50% 
APOE ε4 carriers. 

i) age 66-100 years 
ii) absence of cognitive 
symptoms 
iii) MMSE score 26-30 
iv) do not fulfill DSM-5 criteria 
for MCI or dementia 
v) fluent in Swedish 

     

C 
n=1000 

SCD/MCI 
MCI if less than -1.5 SD in any 
cognitive domain (age and 
education stratified test 
norms), otherwise SCD. 

i) age 40-100 years 
ii) cognitive symptoms 
iii) MMSE score 24-30 
iv) do not fulfill DSM-5 criteria 
for dementia 
v) fluent in Swedish 

      

D 
n=400 

AD dementia 
Biomarker confirmed in 
agreement with the 2018 NIA-
AA criteria [47]. 

i) age 40-100 years 
ii) cognitive symptoms 
iii) MMSE score 12-30 
iv) fulfill DSM-5 criteria for 
dementia due to AD 
v) fluent in Swedish 

      

E 
n=920 

Non-AD dementia or other 
neurodegenerative disorder 

i) age 40-100 years 
ii) fulfill criteria for 
frontotemporal dementia, PD, 
vascular dementia, PSP, 
MSA, svPPA or corticobasal 
syndrome. 
iii) fluent in Swedish. 

      

Included   Excluded Included if data available (rare due to cohort design). 
* Exclusion criteria for all sub-cohorts are i) significant unstable systemic illness; ii) current significant 
alcohol or substance misuse; iii) refusing lumbar puncture, MRI or PET. 

Table 5. Population and design of the Swedish BioFINDER-Primary Care study cohort. 

Participants Inclusion criteria* Included in paper 
Patients seeking medical care due to mild 
cognitive symptoms in primary care 
n=1200 

i) age ≥40 years 
ii) cognitive symptoms 
iii) the general practitioner 
suspects a progressive 
neurodegenerative disorder 
iv) SCD, MCI or mild dementia 

Only in Paper III. 

* Exclusion criteria are i) diagnosed dementia ii) significant unstable systemic illness; iii) current 
significant alcohol or substance misuse; iv) refusing investigation at a Memory Clinic; v) cognitive 
impairment that with certainty can be explained by another condition/disease, e.g., stroke, psychotic 
disorder, depression, etcetera. 
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The studies were approved by the Regional Ethics Committee in Lund, Sweden. 
Furthermore, all participants gave their informed consent to participate, and the data 
were collected according to the Declaration of Helsinki. 

To assess performance on unseen data during prediction frameworks, datasets were 
often split into training, validation and test sets, or evaluated using cross-validation 
(described in Machine learning – Supervised learning). Details of the specific split 
strategies are provided in respective paper. 

External study cohorts  
In Papers II, V and VI, multiple external cohorts (Tab. 6) were used for model 
validation, to investigate model generalizability, and/or to create a larger and more 
heterogenous sample for model training. This included deeply phenotyped AD 
cohorts, as well as cohorts focused on other dementias and neurological disorders. 
The cohorts were selected based on patient populations and available data 
modalities, with Paper II focusing on a broad range of fluid biomarkers together 
with Aβ-PET, tau-PET and diagnostic variables, while Paper V and VI required tau-
PET and MRI. All participants gave written informed consent to participate, and the 
studies were approved by local institutional ethical review boards.  

Biofluid measurements 
Biofluid samples were collected and handled according to established preanalytical 
protocols. The analyses were performed by technicians blinded to all clinical and 
imaging data. 

Immunoassays 
An immunoassay measures the concentration of an analyte (e.g., a protein) by using 
an antibody that binds specifically and with high affinity to the analyte. A 
measurable signal that is proportional to the number of analyte-bound antibodies is 
generated, using for example radiation, fluorescence, enzymes, or other detection 
mechanisms. The signal is compared against a calibration curve created from 
solutions with known analyte concentrations, making conversion of the signal 
intensity into a quantitative concentration possible [158]. Building on this principle, 
multiple immunoassay formats and platforms for AD biomarker measurements have 
been developed that differ in detection mechanism, degree of automation, analytical 
performance, and cost [159]. 
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Table 6. Population overview of the external study cohorts. 

Cohort name Population overview Ref. w. 
details. 

Included in paper 
II V VI 

Knight-ADRC 
Charles F. and Joanne 
Knight-Alzheimer’s Disease 
Research Center, 
Washington University, 
n=376*. 

Elderly participants spanning the cognitive 
spectrum from normal cognition to AD-
dementia. Most participants were recruited 
from memory clinics or self-referred due to 
interest in dementia. 

[148]    

TRIAD 
Translational Biomarkers in 
Aging and Dementia, 
McGill University, n=190*. 

Elderly participants spanning the cognitive 
spectrum from normal cognition to AD-
dementia. The study aims to assess dementia 
markers and their progression by recruiting 
patients from the McGill University Research 
Centre for Studies in Aging and from the 
general public. 

[149]    

Perugia MS cohort 
University of Perugia, 
n=56*. 

Adult individuals diagnosed with Relapsing-
Remitting Multiple Sclerosis or another 
neurological disorder (including headache, 
mononeuropathy, psychiatric disorders, or 
dysmetabolic polyneuropathy). 

[150]    

UCSF-ADRC 
University of California San 
Francisco Alzheimer’s 
Disease Research Center, 
n=251*. 

Elderly participants spanning the cognitive 
spectrum from normal cognition to different 
kinds of dementia as well as other 
neurodegenerative disorders. 

[151]    

ADNI 
Alzheimer's Disease 
Neuroimaging Initiative, 
n=857*. 

Elderly participants spanning the AD 
continuum from normal cognition to AD-
dementia. Participants were recruited across 
60+ clinical sites in USA. 

[152]    

A4 
Anti-Amyloid Treatment in 
Asymptomatic Alzheimer’s 
disease, n=446*. 

Aβ-positive cognitively unimpaired elderly 
individuals recruited for a randomized clinical 
trial of an amyloid-modifying therapy. 
Participants were recruited across 60 clinical 
sites in USA, Canada, and Australia. In this 
thesis, only baseline participant data was used 
(first visit before treatment).  

[153]    

OASIS-3 
Open Access Series of 
Imaging Studies phase 3, 
n=440*. 

Elderly participants spanning the cognitive 
spectrum from normal cognition to dementia. 
The dataset includes a compilation of ongoing 
studies in the Washington University Knight-
ADRC. 

[154]    

Avid cohorts 
Avid radiopharmaceuticals, 
n=557*. 

Participants spanning the cognitive spectrum 
from normal cognition to dementia. The 
cohorts were aimed at evaluating imaging 
characteristics of [18F]flortaucipir. Participants 
were recruited across clinical sites in USA. 

[155]    

PREVENT-AD 
Presymptomatic Evaluation 
of Experimental or Novel 
Treatments for Alzheimer's 
Disease, McGill University, 
n=134*. 

Cognitively unimpaired elderly participants with 
a family history of sporadic AD-like dementia. 
Participants were recruited from the greater 
Montreal area. [156]    

BACS 
Berkeley Aging Cohort 
Study, n=134*. 

Cognitively unimpaired elderly participants, all 
community dwelling volunteers resided in the 
San Francisco Bay Area of California. 
Participants were recruited through 
advertisements in senior centers and in local 
newspapers. 

[157]    

Included   Excluded 
*sample size included in this thesis. 
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In this thesis, immunoassays were used to measure biomarker concentrations in CSF 
and blood. Specifically, Papers I, II, IV, V, and VI used Roche Elecsys 
immunoassays run on a cobas e platform, Eli Lilly immunoassays run on a Meso 
Scale Discovery (MSD) platform, Simoa immunoassays developed at the University 
of Gothenburg, and/or Fujirebio Lumipulse immunoassays. The measured analytes 
included CSF and/or plasma Aβ42, Aβ40, p-tau181, p-tau217, p-tau231, total(t)-
tau, N-terminal containing tau fragments (NTA), sTREM2, YKL-40, glial fibrillary 
acidic protein (GFAP), neurogranin, S100, α-synuclein, and neurofilament light 
(NfL). Details on the specific immunoassay and analytes used in each study, as well 
as cutoffs for when markers were binarized, are provided in the respective papers. 

Mass spectrometry assays 
In mass spectrometry, the analyte is converted into gas-phase ions and then 
accelerated through electric fields that separate ions according to their mass-to-
charge ratio. This way, a spectrum characteristic of the molecule (and sometimes its 
fragments), is generated. The area under the spectrum peaks is proportional to the 
amount of analyte in the sample. Quantification is typically performed by 
calibrating the signal against a sample of known concentration, often a molecule of 
higher mass that is run together with the analyte of interest. Compared with 
immunoassays, mass spectrometry is generally more exact but also more expensive 
and technically demanding [160,161]. 

In this thesis, several mass spectrometry assays were used to measure biomarker 
concentrations in CSF and blood. Specifically, Papers II, III and IV used mass 
spectrometry assays developed by C2N Diagnostics, Washington University and/or 
University of Gothenburg. The measured analytes included CSF and/or plasma 
Aβ42, Aβ40, p-tau181, p-tau205, p-tau217, microtubule-binding region containing 
residue 243 (MTBR-tau243), np-tau181-190, np-tau195-210, np-tau212-221, and 
synaptosome associated protein 25 (SNAP-25). Details on the specific mass 
spectrometry assays and analytes used in each study, as well as cutoffs for when 
markers were binarized, are provided in the respective papers. 

Proteomics 
Proteomic analyses enable large-scale measurements of thousands of proteins in a 
single sample [162]. This thesis used a high throughput platform developed by 
Olink. The Olink technology consists of targeted antibody-based immunoassays 
combined with PCR-based signal amplification for detection and relative 
quantification of proteins (Proximity Extension Assay, PEA). The output format is 
Normalized Protein eXpression (NPX), which reflects log2 scaled relative protein 
abundances within the same measurements batch [163]. Olink proteomics was used 
in Papers I and II to measure proteins in CSF.  
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Neuroimaging  
Positron emission tomography 
In this thesis, Aβ-PET and tau-PET were used to quantify and regionally assess Aβ 
plaques and tau NFT. Aβ-PET was performed using either [18F]flutemetamol, 
[18F]florbetapir, [11C]PiB, or [18F]AZD4694. Standardized uptake value ratio 
(SUVR) images were created for the 90–110 min ([18F]flutemetamol), 50-70 min 
([18F]florbetapir), 30-60 min ([11C]PiB) and 40-70 min ([18F]AZD4694) post-
injection interval with whole cerebellum as reference region. Tau-PET was 
performed using either [18F]RO948, [18F]flortaucipir or [18F]MK6240. SUVR 
images were created for the 70-90 min ([18F]RO948), 75-105 min or 80-100 min 
([18F]flortaucipir), and 90-110 min ([18F]MK6240) post-injection interval using 
inferior cerebellar cortex as reference region. All studies used at least one PET 
biomarker, with details on the specific tracers provided in the respective papers. 

T1-weighted MRI 
Isometric 1 mm3 T1-weighted 3.0 T MRI images were acquired across the cohorts 
included in this thesis. Images were skull-stripped and segmented using FreeSurfer 
v.6.0 (https://surfer.nmr.mgh.harvard.edu/), resulting in native space parcellations
of the participant’s brain using the Desikan-Killiany (FreeSurfer) atlas (Fig. 8).

Figure 8. T1-weigthed brain MRI and FreeSurfer segmentation. Example of a T1-weigthed brain MRI 
(top) and the corresponding FreeSurfer parcellation/segmentation overlay according to the Desikan-
Killiany atlas (bottom). 
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Image processing 
FreeSurfer-derived segmentations and parcellations were combined to define MRI 
regions of interest (ROIs). Furthermore, PET images were rigidly co-registered to a 
corresponding T1-weighted MRI from the same participant. The FreeSurfer-derived 
masks were applied to extract mean SUVR values within ROIs in the PET images. 
Cutoffs for when ROIs were binarized are provided in each paper. All studies used 
MRI and PET ROIs only, except for Paper VI, where the full 3D scans were used. 
Image preprocessing in Paper VI was therefore more extensive (described in detail 
in the paper). 

In Papers V and VI, a tau-PET laterality index (LI) was used to compare the relative 
accumulation of tau NFTs in the left versus right brain hemispheres, calculated as 

 𝐿𝐼 = ௫೔,ಽ೐೑೟ି௫೔,ೃ೔೒೓೟(௫೔,ಽ೐೑೟ା௫೔,ೃ೔೒೓೟)/ଶ , (2) 

where 𝑥௜ is the SUVR of brain region i. 

Cognitive testing 
Established cognitive measures 
In this thesis, several well-established cognitive measures were used to objectively 
assess cognitive impairment, including the Mini Mental State Examination 
(MMSE), Alzheimer’s Disease Assessment Scale - Cognitive Subscale (ADAS-
Cog), Trail Making Test (TMT), verbal fluency tests, and Symbol Digit Modalities 
Test (SDMT), Montreal Cognitive Assessment (MoCA), Cambridge 
Neurophysiological Test Automated Battery – Paired associates learning 
(CANTAB PAL), Preclinical Alzheimer’s Cognitive Composite (PACC), Clinical 
Dementia Rating (CDR), Repeatable Battery for the Assessment of 
Neuropsychological Status (RBANS), Tab. 7. The measures vary in extensiveness, 
difficulty, and targeted cognitive domains, often making them complementary and 
appropriate at different stages of cognitive impairment and for different research 
questions. All measures were used in Paper III where cognitive assessments were 
central. Only commonly available measures were used in Papers IV and V. 
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Table 7. Summary of the well-established cognitive measures used in this thesis. 

Name Description Ref. for 
details 

Included in paper 
III IV V 

MMSE 

Consists of 11 parts covering five areas of 
cognition: orientation, registration, attention, 
recall and language. Target population: 
moderate to severe impairment. Scoring: 0-30 
(higher = better).  

[164] 

MoCA 

Consists of a one-page form that similarly to 
MMSE assesses multiple cognitive domains 
but aimed to be more sensitive in earlier 
stages. Target population: mild impairment. 
Scoring: 0-30 (higher = better).  

[165] 

ADAS-
Cog  
Word 
Recall 

Consists of a 10-word list that the test-taker 
memorizes. Recall is then assessed in multiple 
trials, both immediate and delayed. Target 
population: mild to moderate impairment. 
Scoring: 0-10 for each trial.  

[166] 

TMT  
A & B 

Tests visual attention and task switching. The 
test-taker should connect items with lines in a 
certain sequence as quickly as possible. 
Target population: mild to moderate 
impairment. Scoring: time to completion 
(seconds, lower = better). 

[167] 

Verbal 
fluency 
(animals) 

Generate as many words as possible within a 
semantic category (e.g., animals) for one 
minute. Target population: mild impairment. 
Scoring: number of correct (higher = better). 

[168] 

SDMT 

Match specific symbols to numbers using a 
reference key for 90 seconds. Tests 
processing speed, attention, and visual-spatial 
memory. Target population: mild impairment. 
Scoring: number of correct (higher = better). 

[169] 

Mini-Cog 
Short screening test that consists of a three-
word delayed recall task and clock drawing. 
Target population: moderate impairment. 
Scoring: 0-5 (higher = better). 

[170] 

RBANS 

Extensive test battery, consisting of 12 
subtests that test five domains: immediate 
memory, delayed memory, visuospatial, 
language, and attention. Target population: 
mild to moderate impairment. Scoring: age and 
population normed index scores. 

[171] 

CDR 

Assesses dementia severity through a semi-
structured interview with a patient and 
informant. Categories: memory, orientation, 
judgment/problem-solving, community affairs, 
home/hobbies, and personal care. Target 
population: very mild to severe impairment. 
Scoring: 0 to 3 in each category (lower=better). 

[172] 

CANTAB 
PAL 

A digital test that assesses visual associative 
memory on a touchscreen. Target population: 
mild impairment. Scoring: total errors adjusted 
(lower=better). 

[173] 

Included   Excluded
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BioCog 
All cognitive tests described above, except CANTAB PAL, were administered by 
healthcare personnel using paper and pencil. In Paper III, a new self-administered, 
digital cognitive test battery, BioCog, was evaluated. BioCog comprises a word list 
test with immediate and delayed recall/recognition, a processing speed task, and 
questions about orientation to the weekday, date, month and year (Fig. 9). Its 
subtests were inspired by ADAS-Cog, SDMT, and MMSE, and it is provided on a 
tablet.   

Regarding psychometric properties, higher BioCog performance was observed in 
younger individuals, and performance was slightly better among those with higher 
education. The BioCog subtests showed high correlation with the paper-and-pencil 
measures they were designed to resemble, and limited overlap with tests targeting 
other cognitive domains. The average completion time was 11 minutes, and test 
instructions were self-reported as comprehensible or neutral by 98% of participants. 
Additional details and psychometric properties of BioCog are provided in Paper III. 

Figure 9. Graphical interface of the self-administered, digital cognitive test battery BioCog. Figure 
reprinted from [174] (CC BY). 
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Statistical analyses  
Associations 

Standardization 
Since many variables in the datasets were measured on different scales (e.g., 
cognitive tests with different score ranges and fluid biomarkers with different 
dynamical ranges), their magnitudes and estimated effects in models were not 
directly comparable. To address this, variables were standardized (z-scored) to a 
common standard scale in all studies. For a variable 𝑥 with mean 𝑥̅ and standard 
deviation 𝜎, the standardized value 𝑧 is  𝑧 = ௫ି௫̅ఙ . (3)

After standardization, a one-unit change corresponds to a one standard deviation 
change in the original variable, facilitating comparison of coefficients in regression 
models and often improving numerical stability during model fitting [131]. 

Correlation 
Correlation coefficients were used to quantify the strength and direction of 
association between two quantitative variables. The relationships were assessed as 
strictly linear (e.g., Pearson’s correlation) or more generally monotonic (e.g., 
Spearman’s rank correlation). Pearson’s correlation 𝑟 is a parametric measure, 
defined as the covariance of two variables divided by the product of their standard 
deviations. It ranges from -1 to 1 (interpretations in Tab. 8). Spearman’s rank 
correlation coefficient 𝜌 is a non-parametric, rank-based measure of monotonic 
correlation that does not require normally distributed variables. It also ranges from 
-1 to 1 and is interpreted in a similar manner as Pearsons’s correlation (Tab. 8) [175].

Table 8. Common interpretation of Pearson and Spearman correlation coefficients [175]. 
Absolute correlation coefficient  Interpretation 
0.00-0.10 Negligible correlation
0.10-0.40 Weak correlation
0.40-0.70 Moderate correlation
0.70-0.90 Strong correlation
0.90-1.00 Very strong correlation 
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Regression analysis 
Regression models were used to estimate the relationship between a dependent 
variable (outcome, response variable) 𝑦 and 𝑀 independent variables (predictors, 
covariates) 𝑥௠. This is done by fitting a model to 𝑁 observations (in this thesis 
typically the number of participants). 

Linear Regression 
In linear regression, a continuous dependent variable 𝑦௡ is modelled as 

 𝑦௡ =  𝛽଴ +  ∑ 𝛽௠𝑥௡௠ெ௠ୀଵ +  𝜀௡   (4) 

for observation 𝑛, where 𝛽଴ is the intercept, 𝛽୫ represents the expected change in 𝑦 
per unit increase in 𝑥௠, and 𝜀௡ the residual. The parameters are commonly estimated 
using ordinary least squares, which minimizes the sum of squared residuals. In 
addition to a linear relationship, assumptions include normally distributed residuals 
and no strong collinearity between covariates [131]. Linear regression was a main 
method in Papers I and II. 

Logistic Regression 
In logistic regression, the probability 𝑝௡ of a binary dependent variable is modelled as 

 𝑝௡ =  ଵଵାୣ୶୮ቀି൫ఉబା ∑ ఉ೘௫೙೘ಾ೘సభ ൯ቁ   (5) 

for observation 𝑛, where 𝛽଴ is the intercept, and 𝛽୫ represents the expected change 
in log-odds of 𝑦 per unit increase in 𝑥௠. The parameters are commonly calculated 
using maximum likelihood estimation. Assumptions include independent 
observations, a linear relationship between the covariates and the log-odds, and no 
strong collinearity between covariates [176]. During fitting, a common rule of 
thumb for a robust logistic regression inference model is to use a minimum of 10 
events per independent variable (EPV) to avoid biased regression coefficients [177]. 
Logistic regression was a main method in Papers I, II, and III. 

Evaluation 
Continuous outcome variables 
Continuous outcomes were visualized in scatter plots of observed versus predicted 
values. Evaluation metrics included Pearson’s correlation 𝑟, the coefficient of 
determination 𝑅ଶ (i.e. proportion of shared variance), and error-based measures 
such as the mean absolute error (MAE), mean squared error (MSE) or mean absolute 
percentage error (MAPE).  
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Binary outcome variables 
Binary outcomes were summarized using a confusion matrix, which displays the 
number of true positives (TP), false positives (FP), false negatives (FN), and true 
negatives (TN) (Fig. 10). Based on this, a straightforward overall performance 
measure is accuracy. Other common metrics derived from the same quantities are 
sensitivity, specificity, positive predictive value (PPV), and negative predictive 
value (NPV) (Fig. 10). 

Positive 
prediction 

Negative 
prediction 

Positive 
observation TP FN Sensitivity 

TP/(TP+FN) 

Negative 
observation FP TN Specificity  

TN/(FP+TN) 

PPV  
TP/(TP+FP) 

NPV  
TN/(FN+TN) 

Accuracy 
(TP+TN)/(TP+FP+FN+TN) 

Figure 10. Confusion matrix and corresponding evaluation metrics for assessment of models 
using a binary outcome variable. 

Because many binary models output class probability (e.g., logistic regression), 
classification requires choosing a decision threshold. The optimal threshold depends 
on the aim. For example, screening for a disease typically prioritizes high sensitivity 
(lower cutoff), whereas selecting individuals for treatment prioritizes high 
specificity (higher cutoff). A threshold can be chosen to target a desired sensitivity 
or specificity, or by maximizing Youden’s index, defined as sensitivity + specificity 
– 1 (used in Paper III) [178]. Another approach to improve both sensitivity and
specificity is a two-cutoff method that defines an intermediate zone for uncertain
cases that could be further assessed [94,179,180]. This way, only more certain cases
are classified, but at the cost of required follow-up for a number of cases (used in
Paper III).

Performance across all possible thresholds was visualized using a receiver operating 
characteristics (ROC) curve, which plots sensitivity against 1 – specificity. The area 
under the ROC curve (AUC) summarizes the model’s discrimination, with an AUC 
= 0.5 indicating chance-level and AUC = 1 perfect performance. Since ROC AUC 
evaluates discrimination across all thresholds, it is usually less sensitive to class 
imbalance compared to accuracy. 

All the studies in this thesis reported at least one of the metrics described above 
and/or summarized performance in a confusion matrix. 
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Standardized regression coefficients 
In linear regression with standardized input data, the effect sizes of individual 
predictors were assessed by directly comparing their 𝛽-coefficients. In logistic 
regression, standardization enabled a similar comparison of predictors but on the 
log-odds scale. During inference analysis, confounding variables (i.e. variables 
related to both the predictor and outcome) were included as covariates in the models 
to reduce bias in the estimated associations [181]. This included for example 
adjustment for age and sex to estimate effects independent of these characteristics 
and to assess whether they themselves influenced the outcome.  

In addition to confounding, a suppressor variable can strengthen the association of 
another predictor by accounting for variance in that predictor that is irrelevant to the 
outcome. Typically, a suppressor is not itself associated with the outcome, but 
shares this irrelevant variance with the predictor, thereby “purifying” the main 
predictor [182]. Adjustment for a suppressor variable can lead to a larger absolute 
standardized 𝛽-coefficient for the main predictor, and a 𝛽-coefficient in opposite 
direction for the suppressor, an important concept for reference protein 
normalization in Papers I and II. 

Significance testing 
P-value 
Significance testing was used to formally assess the evidence for a difference or 
effect. This was done by comparing the results to a null hypothesis 𝐻଴ (typically 
assuming no effect) and calculating the probability that results at least as extreme 
as those observed would have occurred if 𝐻଴ were true, known as a p-value. By 
setting a pre-defined threshold for rejecting 𝐻଴ (commonly 0.05 or 0.01), a p-value 
below this level was considered statistically significant.  

Confidence interval 
Confidence intervals provided a complementary way to quantify uncertainty by 
estimating a likely range of values for the parameter. For example, 95%-confidence 
intervals were constructed such that, under repeated sampling, they would contain 
the true parameter in 95% of repeated samples. 

Bootstrapping 
Many methods exist to estimate p-values and confidence intervals. In this thesis, a 
standard non-parametric bootstrap procedure was most frequently used [183]. From 𝑁 true observations, an equal number of observations were sampled randomly with 
replacement to obtain a bootstrap dataset. The relevant metric was then calculated 
for the bootstrap dataset, and this was repeated many times (between 1,000 and 
10,000 iterations across the studies) to obtain a bootstrap distribution of the metric.  
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To compute p-values, comparisons were usually made between two variables (for 
example two biomarkers in Papers I and II, or two cognitive tests in Paper III). The 
difference between the two variables was bootstrapped and the p-value was 
calculated as the proportion of replicates in which the difference was < 0 (one-sided) 
or twice this proportion (two-sided).  Similarly, a confidence interval for such a 
comparison was obtained from the quantiles of a bootstrap distribution, for example 
using the 0.05 quantile for a one-sided 95%-confidence interval or the 0.025 and 
0.975 quantiles for a two-sided one.  

Multiple testing correction 
When performing multiple statistical tests, the probability of finding a false positive 
result increases. In this thesis, the false discovery rate was controlled for using the 
Benjamini-Hochberg method [184]. Given 𝑚 tests, the p-values were sorted in 
ascending order 𝑝(ଵ)  ≤ ⋯  ≤  𝑝(௠) and adjusted as  𝑝(௜)௔ௗ௝௨௦௧௘ௗ = min௝ஹ௜ ௠௝  𝑝(௝),  (6)

where min(𝑗 ≥ 𝑖) is the cumulative minimum ensuring the sequence increases 
monotonically.  

Machine learning  
Unsupervised learning 
Unsupervised learning techniques were used in Paper I to investigate patterns in 
high-dimensional proteomics data.  

Singular value decomposition 
A singular value decomposition (SVD) was used to create a mutual component from 
multiple reference proteins. An SVD is a factorization of a matrix 𝑨 of size 𝑚 × 𝑛 
and rank 𝑟 as 𝑨 = 𝐔𝚺𝑽், (7)

where 𝑼 and 𝑽 are orthogonal matrices of sizes 𝑚 × 𝑚 and 𝑛 × 𝑛, and 𝚺 is a matrix 
of size 𝑚 × 𝑛 with 𝑟 non-zero diagonal elements Σ௜௜ that are the singular values of 𝑨. If sorting Σ௜௜ in descending order and keeping only the first 𝑘 < 𝑟 components, 
the matrix can be reduced to an optimal low-rank approximation which often is 
sufficient to describe most of the original variability [185]. In Paper I, SVD was 
used by constructing 𝑨 from three reference protein candidates and letting the first 
SVD component represent a mutual CSF reference component. 
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T-distributed stochastic neighbor embedding
t-SNE was used to visualize high-dimensional data in a two-dimensional map while
preserving similarity of pairwise points. Accordingly, proteins of short distance in
the t-SNE map could be interpreted as similarly expressed. t-SNE is a non-linear
method that mainly preserves local neighborhood structure while global distances
are less certain [186]. The embedding is obtained by minimizing the Kullback-
Leibler divergence between pairwise similarity distributions in the high and low-
dimensional spaces min

  ሼ௬೔ሽ ∑ 𝑝௜௝ log ௣೔ೕ௤೔ೕ௜ஷ௝ . (8)

Here, 𝑦௜ is the two-dimensional coordinate of protein 𝑖, 𝑝௜௝ the similarity between 
proteins 𝑖 and 𝑗 in the original high-dimensional space, and 𝑞௜௝ the corresponding 
similarity between 𝑦௜ and 𝑦௝ in the two-dimensional space. The optimization was 
performed using gradient descent. 

K-means clustering
K-means clustering was used to group proteins based on their coordinates in the t-
SNE map by minimizing squared distances to their assigned cluster centers [187]. The
algorithm requires a pre-selected number of clusters 𝐾 which centres are randomly
initialized. The optimization is then carried out by iterating the following steps:

Assignment step: Each protein is assigned to the nearest cluster based on the 
Euclidean distance to the cluster centres. 

Update step: The cluster centres are updated as the average of all proteins assigned 
to that cluster. 

These two steps are repeated until convergence, defined as no further change in 
assignments or centre positions below a selected tolerance. In Paper I, 𝐾 was chosen 
based on visual inspection in the t-SNE map and the clustering is therefore referred 
to as semi-supervised. 

Supervised learning 
Supervised learning techniques were used for different prediction tasks in Papers I, 
III, IV, V, and VI. 

Machine learning estimators 
Different classification and regression tasks may benefit from different ways of 
separating classes or fitting continuous outcomes during prediction [188]. ML 
estimators can therefore be both linear and non-linear, and their suitability depends 
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on the input features, the outcome, and underlaying data structure. In Papers I and 
III, linear models were used for prediction. In Papers IV and V, a broader set of ML 
estimators was evaluated before selecting the model most appropriate for each task. 
All used estimators are summarized in Tab. 9 and described in the corresponding 
papers.  
Table 9. Summary of machine learning estimators used in this thesis. 

Class Description Estimators 

Linear 
models 

The used linear models were based on linear or logistic 
regression (see Statistical Analyses). To prevent overfitting and 
manage multicollinearity, L1 and/or L2 regularization 
hyperparameters were sometimes included, either with only L2 
penalty (Ridge) or both L1 and L2 (ElasticNet) [188]. 

Linear/logistic, 
Ridge, 
ElasticNet 

Support 
vector 
machines 

Support vector machines find an optimal hyperplane that either 
separates the classes (classification) or that fits to the data 
points (regression). Before finding the hyperplane, data can be 
mapped to a higher-dimensional space using a kernel function, 
making a non-linear separation/fit possible [189]. 

Support vector 
machines 

Nearest 
Neighbors 

A 𝑘-nearest neighbors model stores the training data and 
predicts the label of a new data point based on its 
similarity/distance to the training points. For classification, the 
prediction is typically determined by a majority vote among the 𝑘 nearest neighbours, where 𝑘 is a hyperparameter specifying 
the number of votes [190]. 

𝑘-nearest 
neighbors 

Decision 
trees 

A decision tree infers predictive rules from input features in a 
hierarchical tree structure. It consists of a root node and 
internal nodes that split the data into subsets based on feature 
thresholds, and leaf nodes that output a final class 
(classification) or predicted value (regression). Starting at the 
root, each sample follows a sequence of decisions (branch) 
until reaching a leaf. Splits are typically chosen to minimize 
impurity or error, and hyperparameters like depth control the 
tree’s complexity [191]. 

Decision trees 

Ensembles 

Ensemble methods combine multiple individual 
classifiers/regressors, often decision trees, to improve 
predictive performance and robustness. The individual models 
can be trained in parallel and their prediction averaged (e.g., 
Random forests), or trained sequentially to correct the errors of 
the previous ones (Boosting models). Common 
hyperparameters include the number of estimators, max depth 
of each tree, and learning rate [192]. 

Random forest, 
ExtraTrees, 
XGBoost, 
CatBoost, 
AdaBoost, 
GradientBoost 

Feature selection 
Before training a prediction model, a set of relevant input features must be selected. 
This involves balancing the need to retain as much informative signal as possible 
against the risk that redundant or irrelevant features add noise and can increase 
overfitting. Some estimators incorporate implicit feature selection during training 
(e.g., tree-based methods), while others do not. In Papers III, IV and V, an initial 
inclusive feature set was defined in line with the study aims, after which smaller 
subsets were derived using different selection methods. In Paper III, recursive 
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feature elimination (RFE, eliminating the weakest feature until highest performance 
is reached) was performed based on standardized logistic regression coefficients. In 
Paper IV, feature selection was made using SHAP values (see Feature contribution 
below). In Paper V, features were selected based on F-statistics (linear association 
with the outcome), mutual information (non-linear information shared with the 
outcome), RFE using random forest feature importance, or by retaining the top 95% 
of features ranked by cumulative random forest feature importance. 

Model optimization 
Because the goal of prediction modelling is high performance on new, unseen data, 
model selection should prioritize generalization rather than maximal fit to the 
training set. In this thesis, different approaches were used to achieve this. 

In Paper III, the best model was selected using the Akaike Information Criterion 
(AIC), which balances goodness of fit and model complexity as AIC = 2𝑘 − 2 ln൫𝐿෠൯, (9)

where 𝑘 is the number of estimated parameters and 𝐿෠ is the maximum likelihood 
[193]. 

In Papers I, IV and V, the best model was selected based on performance in 𝑘-fold 
cross-validation on the training set. In  𝑘-fold cross-validation, the data are split into 𝑘 folds, the model is trained on 𝑘 − 1 folds and evaluated on the remaining fold. 
This is repeated 𝑘 times so that each fold serves as the validation set once, allowing 
all observations to contribute to both training and validation while evaluating 
performance on held-out data [194].  

Apart from evaluating model fit using AIC or cross-validation, model optimization 
can include tuning hyperparameters. In Papers IV and V, hyperparameter tuning 
was performed using cross-validation combined with Bayesian optimization. 
Bayesian optimization searches the hyperparameter space by using information 
from previous evaluations to efficiently balance exploration of new regions with 
exploitation of known promising configurations [195,196]. 

Model evaluation 
Supervised machine learning models in Papers I, III, IV, V and VI were evaluated 
using the same methods as the statistical models (see Statistical analyses - 
Evaluation). A key difference, however, was that machine learning models were 
consistently assessed on unseen data, using cross-validation, a held-out test set, 
and/or external cohorts.  
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Feature contribution 
In Papers IV and V, Shapley Additive exPlanations (SHAP) was used to quantify 
each feature 𝑥’s contribution to the prediction 𝑓(𝑥). SHAP computes Shapley 
values by averaging a feature’s contribution over all possible combinations of the 
other input features, thereby accounting for interactions. A local linear model 𝑔(𝑥ᇱ) 
that converges to the original model 𝑓(𝑥) when 𝑥ᇱ ≈ 𝑥 is created as  𝑔(𝑥ᇱ) =  𝜙଴ + ∑ 𝜙௜𝑥௜ᇱெ௜ୀଵ , (10)

where 𝑥ᇱ is the binary inclusion/exclusion of a feature, 𝑀 is the number of features, 𝜙଴ is the model output without any input features, and 𝜙௜ are the Shapley values 
[197].  

Machine learning pipelines 
In Paper IV and V, rigorous feature selection, estimator selection and 
hyperparameter tuning was performed using cross-validation with Bayesian 
optimization on a training set. An overview of the optimization pipelines is shown 
in Fig. 11. Both pipelines were implemented in Python and are publicly available 
on GitHub. 

Paper IV: https://github.com/DeMONLab-BioFINDER/continuous-abpet-prediction 
Paper V: https://github.com/DeMONLab-BioFINDER/karlsson-predict-taupet  

Figure 11. Machine learning pipelines implemented in Papers IV and V. Modified figures reprinted 
from [198,199] (CC-BY and CC-BY-NC). 
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Deep learning U-Net model 
In Paper VI, a deep learning 3D U-Net model was optimized and trained to generate 
synthetic tau-PET scans. A U-Net consists of an encoder that downsamples the input 
to learn hierarchical features and a decoder that upsamples these features to 
reconstruct the output. The encoder and decoder are connected via a bottleneck that 
reflects the most compact latent representation. Furthermore, skip connections link 
corresponding encoder and decoder levels to preserve high-resolution spatial 
information [200].  

The model was trained with an L1-based loss combining a global reconstruction 
term and a term restricted to the cortical mask as 

 ℒ(𝑥, 𝑥ො) =  ଵேೡ ห|𝑥 − 𝑥ො|หଵ + ఈேೡ ห|𝑚⊙ (𝑥 − 𝑥ො)|หଵ,  (11) 

where ⨀  denotes elementwise multiplication, 𝑥, 𝑥ො ∈ ℝு×ௐ×஽ are the true and 
predicted images, 𝑁௩ is the number of voxels, and 𝑚 ∈ ሼ0,1ሽு×ௐ×஽ is a FreeSurfer-
derived cortical mask with 𝛼 = ଵଶ. Training was performed using the Adaptive 
Moment Estimation (Adam) optimizer [201].  

When building the U-Net, different U-Net architectural designs, input features and 
hyperparameters were systematically evaluated. Performance improved with 
increased network depth and the inclusion of residual and attention units [202,203]. 
Adding tabular variables as separate channels in the bottleneck further improved 
performance compared to as separate initial channels. The final model was a 3D U-
Net with residual units in the encoder and decoder, an attention unit in the 
bottleneck, and ~110M trainable parameters (Fig. 12). For further details see Paper 
VI. 

Computational resources 
Computationally demanding model training and optimization was performed on the 
Bianca Cluster, which is a part the National Academic Infrastructure for 
Supercomputing in Sweden (NAISS). Bianca is dedicated to analyses of sensitive 
data, providing 4480 cores in the form of 204 dual CPU (Intel Xeon E5-2630 v3) 
Huawei XH620 V3 nodes with 128 GB memory, and ten nodes with two NVIDIA 
A100 40GB GPUs each. 
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Figure 12. Deep learning model optimized to generate synthetic tau-PET in Paper VI. 
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Main results 

Paper I  
When using CSF biomarkers to diagnose AD, a biomarker concentration is usually 
compared to a population-based cutoff value. Although uncomplicated, this 
approach sometimes results in discordance between CSF biomarkers and other AD 
biomarkers (e.g., PET) [204,205]. One striking example of how a more 
individualized method can increase the concordance between biomarker modalities 
is CSF Aβ42, which shows higher agreement with Aβ-PET when normalized to CSF 
Aβ40 [83,88,206]. Since CSF Aβ40 does not change with AD pathology, it can 
simply be regarded as a reference protein, representative of the concentration the 
disease-related marker would have had if no pathology would have been present. 
Inspired by this, in Paper I [207] we investigated co-varying properties of the CSF 
proteome and showed that several CSF biomarkers can benefit from reference 
protein normalization. 

Figure 13. Many CSF proteins vary in concordance with an individual protein level. Each participant 
(row) shows the standardized concentration of 2944 CSF proteins (column), sorted by increasing 
association with the mean standardized CSF protein level. a) a subset of 50 randomly selected 
participants. b) all 658 participants sorted by mean standardized CSF level. Figure reprinted from [207] 
(CC BY).  

In a BioFINDER-2 training set (80%, n=658), we observed from proteomic 
measurements (2944 proteins) that many CSF proteins co-vary (Fig. 13). By 
averaging the z-scored proteins (columns), each participant (row) was assigned a 
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value indicating how many standard deviations their protein level deviated from the 
population mean. The AD biomarkers CSF Aβ42 and CSF p-tau181 were associated 
with this mean level (β = 0.24, P < 1e-10 and β = 0.34, P < 1e-20, respectively). 
CSF Aβ40 (β = 0.44, P < 1e-37) was associated even more strongly, as expected 
given its lack of a disease-related signal. 

By performing unsupervised t-SNE dimensionality reduction and semi-supervised 
K-means clustering on the proteomic data, we identified a protein cluster with
favorable reference protein characteristics (Fig. 14; cluster 11; 219 proteins
including Aβ40). These proteins showed higher brain expression and greater
enrichment at cell surfaces and membranes than the other CSF proteins.

Figure 14. Dimensionality reduction reveals a cluster of CSF proteins with desired reference 
protein characteristics. Each scatter point illustrates one of the 2944 CSF proteins in the two-
dimensional t-SNE space created from BioFINDER-2 training set (n=658). a) raw t-SNE map. b) semi-
supervised K-means clustering (K = 20). c)-h) desired reference protein characteristics, min-max scaled 
(higher values = more suitable as a reference protein). c) association with mean standardized CSF 
protein level.* d) association with ventricular volume.* e) association with CSF p-tau181 in Aβ-negative 
controls.* f) association with CSF Aβ42 in Aβ-negative controls.* g) AUC when used as reference protein 
to improve concordance between CSF p-tau181 and tau-PET. h) AUC when used as reference protein 
to improve concordance between CSF Aβ42 and Aβ-PET. *adjusted for age and sex. Figure reprinted 
from [207] (CC BY).  

Next, six candidates from cluster 11 were selected and evaluated together with the 
mean standardized CSF level and Aβ40 as potential reference proteins for CSF 
Aβ42 and p-tau181. Aβ-PET, tau-PET, and progression to dementia were used as 
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outcome variables in logistic regression models, and evaluations were performed on 
the left-out BioFINDER-2 test set (20%, n=172) or external cohort BioFINDER-1 
(n=904). All normalization markers improved performance compared to no 
reference (Fig. 15). CSF Aβ42Aβ-PET showed highest performance with Aβ40 
as reference protein, and CSF p-tau181tau-PET with CBLN4 or NTRK3. 

Figure 15. Performance evaluation of Aβ42 and p-tau181 with and without reference protein 
normalization. Logistic regression models fitted using the BioFINDER-2 training set and evaluated using 
the BioFINDER-2 test set. ROC curves and AUCs when predicting a), c) tau-PET status with CSF p-
tau181, b), d) Aβ-PET status with CSF Aβ42, and e) progression to dementia with CSF p-tau181. Logistic 
regression models fitted and evaluated using the external BioFINDER-1 cohort. AUCs when predicting 
f) progression to dementia with CSF p-tau181, and g) Aβ-PET status with CSF Aβ42. SVD correspond
to the first component of a singular value decomposition created from the three reference protein
candidates of same color. AUCs were compared with bootstrapping (niter = 2000). All models were
adjusted for age and sex. *P < 0.05, **P < 0.01 (FDR corrected) compared to the bar of same color as
asterisk. Figure reprinted from [207] (CC BY).

We further investigated how AT(N) grouping was affected by reference protein 
normalization. We were particularly interested in the A-T+ group, for which several 
studies have reported findings [208–210], even though this group is difficult to 
explain pathophysiologically (A-positivity is expected before T-positivity in AD, 
see Fig. 2 [47]). When adjusting CSF p-tau181 for the reference protein CBLN4, 
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overall T grouping concordance increased from 76% to 89%, and the number of 
discordant A-T+ cases (PET negative and CSF positive) decreased from n=36 to 
n=9 (Tab. 10).  

Table 10. Adjusting for a reference protein (here CBLN4) results in higher T grouping 
concordance between CSF p-tau181 and tau-PET. Concordance matrices for participants from the 
BioFINDER-2 training set. A-grouping was performed with CSF Aβ42/Aβ40 (cutoff 0.08 [211]). T-
grouping was performed (left) p-tau181 > 21.8 pg/ml [208] or (right) p-tau181 > 39.0 + 10.1cCBLN4 (logistic 
regression model). 

Without reference 
Tau cutoff: CSF p-tau181 > 21.8

 With reference 
Tau cutoff: CSF p-tau181 > 39.0 + 10.1cCBLN4

   PET 
CSF A-T- A-T+ A+T- A+T+    PET 

CSF A-T- A-T+ A+T- A+T+ 

A-T- 285 6 A-T- 312 6 

A-T+ 36 1 A-T+ 9 1

A+T- 63 26 A+T-  105 10 

A+T+ 86 137 A+T+ 44 153 

Accuracy = 486/640 (76%) Accuracy = 571/640 (89%) 

Based on these results, it is likely that the CSF-based A-T+ profile largely represents 
individuals with high average CSF proteomic levels. Such individuals consequently 
also show increased levels of other CSF biomarkers (Fig. 15).  

In conclusion, adjusting for individual mean CSF protein levels, by for example 
using a reference protein, improves the accuracy of CSF biomarkers, and reduces 
the risk of false positive research findings. 

Figure 15. Correlations between CSF proteins decrease when adjusting for a reference protein. 
Partial correlation matrices for ten biomarkers in BioFINDER-2 cognitively unimpaired Aβ-negative 
participants, adjusted for age, sex, (left panel) and a reference protein (right panel, here NTRK3). 
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Paper II  
Based on the findings in study I, Paper II [212] further investigated fluid biomarker 
normalization using the reference protein Aβ40, and np-tau, another commonly used 
normalization marker. The study was particularly targeted toward when biomarkers 
of different modalities are used interchangeably, as was recommended in the revised 
criteria for diagnosis and staging of AD in 2024 [50]. Apart from evaluating 
additional AD biomarkers, we here moved beyond binary regression models and 
examined continuous relationships. Furthermore, we aimed to assess if reference 
protein normalization also could improve blood-based biomarkers. 

Reference protein normalization was performed by calculating the ratio between the 
fluid biomarker and reference protein. CSF Aβ40 normalization resulted in 
significantly increased associations between CSF biomarkers and early and late-
stage tau-PET load (Fig. 16a-b).  

Figure 16. Reference protein normalized CSF and plasma biomarkers show stronger associations 
with tau and Aβ-PET. a)-c) CSF biomarkers; d)-f) plasma biomarkers. Error bars represent 95% 
confidence intervals for the bootstrapped R2 difference between the normalized and unnormalized 
biomarker. *P < 0.05, **P < 0.01, ***P <0.001 (FDR corrected). Figure reprinted from [212] (CC BY).  
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Similarly, CSF Aβ40 normalization increased associations between CSF 
biomarkers and Aβ-PET load, but np-tau normalization yielded even higher 
improvement for p-tau markers (Fig. 16c). Plasma biomarkers also showed stronger 
associations with tau-PET and Aβ-PET when normalized to plasma Aβ40 or plasma 
np-tau compared to unnormalized (Fig. 16d-f). In Fig 17, scatter plots of the fluid 
biomarkers with highest tau-PET correlation with and without normalization are 
exemplified. 

Figure 17. Scatter plots showing associations with temporal meta-ROI tau-PET load for 
unnormalized and normalized CSF and plasma biomarkers. a) CSF unnormalized; b) CSF Aβ40-
normalized; c) plasma unnormalized; d) plasma np-tau normalized. Figure reprinted from [212] (CC BY). 

Improved concordances between fluid biomarkers and PET through reference 
protein normalization were seen for multiple AD biomarkers, and for both mass 
spectrometry and immunoassays. The findings were also robust when i) applying 
the reference protein as covariate instead of ratio, ii) for Aβ-positive individuals 
only, and iii) for AT-classification (binary PET outcome) instead of regression. 
Furthermore, the main results were successfully replicated in the external cohorts 
Knight-ADRC and TRIAD, even though they had slightly different cohort 
compositions (e.g., more early disease-stage participants) and used other PET 
tracers.  

In conclusion, reference protein normalization with Aβ40 and np-tau can enhance 
the precision and utility of AD fluid biomarkers, and it shows high robustness and 
generalizability across cohorts and assays. 
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Paper III 
It can be challenging to determine if a person has objective cognitive impairment, 
especially in primary care where time and resources are limited. Doing this 
accurately and efficiently has become increasingly important as such impairment is 
necessary for eligibility for the recently approved anti-amyloid therapies [126,127]. 
Furthermore, current recommendations for the newly developed blood tests for AD 
are that they should be used exclusively in patient populations with objective 
symptoms [118,213]. Not only does this requirement remove unnecessary burden 
for patients (that otherwise potentially learn that they have preclinical AD at a stage 
where no treatment can be provided), but it also increases the likelihood that a 
positive biomarker truly reflects AD pathology (higher pre-test probability [120]).  
To facilitate cognitive evaluations, in Paper III [174] we developed a brief, self-
administrated digital cognitive test battery: BioCog. Based on the scores and time 
variables from this digital test, we created a predictive logistic regression model in 
the BioFINDER-2 secondary care cohort (n=223) and evaluated it in the 
independent BioFINDER-Primary Care cohort (n=403).  

BioCog identified objective cognitive impairment (RBANS as reference standard) 
with 85% accuracy in the primary care cohort (Fig. 18), outperforming both primary 
care physicians (Fig. 18; 73% accuracy) and commonly used paper-and-pencil tests 
(Table 11; 67–75% accuracy).  

Figure 18. BioCog performance for predicting objective cognitive impairment in the primary care 
cohort. a) ROC curves for three BioCog models using one (BioCog1), six (BioCog6) or nine (BioCog9) 
input variables, selected with RFE. b) BioCog6 compared to a primary care physician’s diagnosis of SCD 
versus MCI/dementia. Error bars indicate 95% CI, center point mean value. CI and two-sided p-values 
were computed using bootstrapping and adjusted for multiple comparisons. ** = P < 0.01, *** = P < 0.001. 
c) Cross-tabulation analysis for BioCog6. d) Cross-tabulation analysis for primary care physician. Figure
reprinted from [174] (CC BY).
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Table 11. Head-to-head comparison between BioCog6 and other cognitive tests when predicting 
objective cognitive impairment in the primary care cohort. Performance was calculated using the 
BioCog6 model (established in the secondary care cohort) or using prespecified cutoffs from literature 
[165,214–216]. Confidence intervals and two-sided p-values were computed using bootstrapping and 
adjusted for multiple comparisons. 

Cutoff(s) 
for 
positivity 

Accuracy 
(95% CI, 
PFDR compared 
against 
BioCog6) 

PPV 
(95% CI, 
PFDR compared 
against 
BioCog6)

NPV 
(95% CI, 
PFDR compared 
against 
BioCog6)

Specificity 
(95% CI, 
PFDR compared 
against 
BioCog6)

Sensitivity 
(95% CI, 
PFDR compared 
against 
BioCog6)

BioCog6 >0.575 84% 
(81%-88%) 

84% 
(79%-89%) 

84% 
(79%-90%) 

79% 
(73%-85%) 

88% 
(84%-92%) 

MMSE <27 
71% 
(67%-76%, 
0.0007) 

81% 
(75%-87%, 
0.30) 

64% 
(58%-70%, 
0.0007) 

80% 
(75%-86%, 
0.70) 

64% 
(58%-71%, 
0.0007) 

MoCA <26 
67% 
(62%-71%, 
0.0007) 

63% 
(58%-68%, 
0.0007) 

93% 
(86%-100%, 
0.06) 

27% 
(20%-34%, 
0.0007) 

98% 
(96%-100%, 
0.0007) 

Mini-Cog <4 
75% 
(71%-79%, 
0.0007) 

78% 
(72%-83%, 
0.02) 

71% 
(64%-78%, 
0.0007) 

72% 
(65%-79%, 
0.08) 

77% 
(71%-83%, 
0.0007) 

CANTAB >41
76% 
(71%-80%, 
0.0007) 

78%  
(73%-83%, 
0.03) 

73%  
(66%-79%, 
0.001) 

72% 
(65%-79%, 
0.08) 

78% 
(73%-84%, 
0.001) 

We next evaluated how the digital cognitive test combined with blood biomarkers 
would affect diagnostic performance of clinical AD (objective cognitive impairment 
+ AD pathology) in the primary care cohort. When a physician would suspect that
a neurodegenerative disease is a reasonably possible cause of the patient’s
symptomatology, we suggest a two-step approach: 1) establishing objective
cognitive impairment using BioCog6, and 2) blood biomarker testing in those
classified as impaired in 1) (Fig. 19a). Accordingly, we evaluated an outcome of
cognitive impairment according to RBANS and a clinical AD consensus diagnosis
done by dementia experts (including CSF analysis or Aβ-PET assessments). The
BioCog and blood test combination resulted in an accuracy of 90% for this outcome,
significantly higher than today’s standard of care (70% accuracy; based on primary
care clinical evaluation including physician assessment, brief cognitive testing and
CT brain imaging), and higher than using the blood test alone (80% accuracy); Fig
19b-e.
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Figure 19. Comparing a digital testing and blood biomarker-based diagnostic workflow to the 
current standard clinical evaluation in the primary care cohort. a) Our proposed primary care 
diagnostic workflow for AD, consisting of a physician’s assessment and digital cognitive testing, followed 
by blood biomarker testing only in the individuals with cognitive impairment. B)-E) Evaluation of the 
proposed workflow with BioCog6 and Amyloid Probability Score-2 (based on blood biomarkers) compared 
against a standard clinical evaluation by primary care physicians (PCPAD), and against using only APS2 
without any cognitive assessment. Error bars indicate 95% confidence intervals, central point mean 
value.  Illustrations in a) adapted from NIAID NIH BIOART (https://bioart.niaid.nih.gov). Figure reprinted 
from [174] (CC BY). 

In conclusion, this proof-of-concept study demonstrated that a self-administered 
digital cognitive test could reliably detect cognitive impairment, and when 
combined with a blood biomarker test, it could accurately identify clinical AD in 
primary care patients evaluated for a neurodegenerative disease. Digital cognitive 
tools offer a promising approach to improve AD detection, supporting physicians in 
making earlier, more accurate diagnoses in a resource efficient manner. 
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Paper IV 
Aβ-PET can be used to accurately measure the extent of Aβ plaque accumulation in 
AD, but the method is costly and not widely accessible. Fluid biomarkers are more 
scalable, but it is unclear how well they can predict the actual Aβ burden measured 
by PET, and what fluid biomarkers are most informative during such prediction. To 
address this, in Paper IV [198] we investigated prediction of continuous Aβ-PET 
load with machine learning using fluid biomarkers and clinical variables. We used 
the BioFINDER-2 cohort (n=1140) for main analyses, split into training (80%) and 
test (20%) sets, and evaluated generalizability by applying the models in 
BioFINDER-1 (n=238).  

During model optimization, Extra Tree Regressor models showed highest cross-
validation performance. CSF Aβ42/Aβ40 and plasma p-tau217 assays were the most 
influential features (Fig. 20a) but with complementary signals: CSF Aβ42/40 was 
most important to identify Aβ plaque presence, while plasma p-tau217 best tracked 
increasing amyloid plaque burden once positivity was established (Fig. 20b).  

Figure 20. Analysis of feature importance. a) SHAP values for the top 15 features with highest impact. 
b) The Extra Tree regressor/classifier weighted feature importance of plasma %P-tau217 and CSF
Aβ42/Aβ40 (scaled so in total 100%). Figure reprinted from [198] (CC BY).

Based on this feature analysis, we trained a final Extra Tree Regressor with CSF 
Aβ42/Aβ40, plasma p-tau217 and age. In the left-out test set, R2 was 0.79 and mean 
absolute percentage error 7% (Fig 21a). Errors increased with higher Aβ-PET load 
(Fig. 21b) and were on average 5% in Aβ-negative individuals and 11% in Aβ-
positives (Fig. 21c).  

The models exhibited comparable but slightly lower performance in the independent 
cohort BioFINDER-1 compared to BioFINDER-2 (Fig. 22; R2 = 0.67 and 
MAPE = 10%). Performance remained high for a more clinically relevant plasma-
only workflow (avoiding cost and invasiveness of CSF sampling), with R2 of 0.73 
and MAPE of 8% in the BioFINDER-2 test set.  
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Figure 21. Performance of the best machine learning model (Extra Trees Regressor) when 
predicting continuous Aβ-PET burden in BioFINDER-2. Input features were plasma %p-tau217, CSF 
Aβ42/Aβ40 and age. a) Observations versus predictions. b) Observations versus residuals. c) Test set 
performance stratified by Aβ-PET status. Uncertainty estimates generated using bootstrapping, with box 
plots showing quartiles (IQR = Q3–Q1) with median as center line and whiskers extending to minimum 
and maximum points. Figure reprinted from [198] (CC BY). 

Figure 22. Model performance in the external cohort BioFINDER-1. Input features were plasma p-
tau217, CSF Aβ42/Aβ40 and age. a) Performance stratified by Aβ-PET status. Uncertainty estimates 
generated using bootstrapping, with box plots showing quartiles (IQR = Q3–Q1) with median as center 
line and whiskers extending to minimum and maximum points. b) Observations versus predictions. 
Figure reprinted from [198] (CC BY). 

In conclusion, fluid biomarker-based machine learning models can explain a high 
proportion of variance in overall Aβ-PET SUVR, suggesting that fluid biomarkers 
could substitute Aβ-PET in some applications (e.g., first stage triaging or 
enrichment in clinical trials). Furthermore, the study highlights distinct biomarker 
dynamics across stages of AD pathology, where soluble Aβ changes are closely 
linked to the presence of amyloid plaques, while plasma p-tau217 continues to 
increase as plaque burden builds up. 
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Paper V 
Tau-PET can be used to accurately measure the extent and distribution of tau 
aggregates in AD, but like Aβ-PET, the method is costly and not widely accessible. 
Not only the burden of tau pathology, but also its spatial distribution, is closely 
linked to AD stage, heterogeneity, and prognosis [27,30,54]. Strategies are needed 
that reduce reliance on tau-PET, without compromising the ability to capture both 
the load and spatial pattern of the pathology. 

To address this, in study V [199] we investigated the ability of various machine 
learning models to predict tau-PET composites from low-cost and non-invasive 
features. We focused on three scalable input feature categories: clinical variables, 
blood biomarkers, and structural MRI segmentations, comparing them separately 
and in combination. We included n=1195 participants from BioFINDER-2 with all 
data available, split into 80% train and 20% test sets. The best hyperparameter tuned 
machine learning models, selected based on cross-validated BioFINDER-2 training 
data, were evaluated in the BioFINDER-2 sets, external cohorts ADNI and UCSF-
ADRC, and for models without blood biomarkers, also in external cohorts OASIS-
3 and A4.  

When predicting tau-PET load in the temporal meta-ROI, tree-based ML models 
and blood biomarkers consistently produced highest performance (Tab. 12, Fig. 
23a-d). The best estimator was a CatBoost model with clinical variables, blood 
biomarkers, and structural MRI as input, yielding R2=0.66-0.72 and MAE=0.15-
0.17 SUVR across cohorts. Errors increased with higher tau load and cognitive 
stage, and plasma biomarkers had largest impact on performance in the non-AD 
dementia group (Fig. 23e).  

Table 12. The best models for predicting temporal tau load. Best model for each input feature 
combination. Abbreviations: RFE (recursive feature elimination), lr (learning rate), nest (number of 
estimators). Colors: BioFINDER-2 train CV, BioFINDER-2 test, BioFINDER-1, other external. 
Input feat. Feat. sel. + estimator Estimator params R2 R2 R2 R2 
Cli None + CatBoost depth = 3; lr = 0.0215; nest = 291 0.361 0.375 0.378 0.297 
Pla 95% RF + CatBoost depth = 10; lr = 0.0105; nest = 471 0.632 0.590 0.586 0.594 
MRI 50% F-statistic + SVR kernel = rbf; C = 1.59 0.524 0.466 0.460 0.531 
Cli + Pla None + CatBoost depth = 5; lr = 0.0296; nest = 299 0.697 0.630 0.652 0.610 
Cli + MRI None + CatBoost depth = 4; lr = 0.0412; nest = 500 0.554 0.536 0.478 0.488 
Pla + MRI 10% RFE + CatBoost depth = 7; lr = 0.0429; nest = 443 0.696 0.650 0.644 0.678 
Cli + Pla + MRI 95% RF + CatBoost depth = 5; lr = 0.0419; nest = 500 0.717 0.684 0.662 0.687 
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Figure 23. Performance evaluation when predicting tau load in the temporal meta-ROI.  
a) MSE in the cross-validated BioFINDER-2 training set for different feature selection + ML estimator
combinations. b) R2 and MAE of the best ML pipelines in a). c) Scatter plots of true versus predicted
temporal tau load for the best pipelines in a). d) Top SHAP feature contributions in the model including
all input features, evaluated on the cross-validated BioFINDER-2 training set. e) MAE of the best ML
pipelines in a) stratified by cognitive status in the cross-validated BioFINDER-2 training set.
Abbreviations: Cli (clinical variables), Pla (plasma biomarkers), CU (cognitively unimpaired). Figure
reprinted from [199] (CC BY-NC).
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For tau-positive individuals, we next predicted if the tau-load was distributed 
symmetrically or asymmetrically between the two hemispheres for that same ROI 
(temporal meta). Here, SVR ML models with MRI variables consistently produced 
highest performance (Tab. 13, Fig. 24a-c). The best model was an SVR model with 
clinical variables, blood biomarkers, and structural MRI as input, showing R2=0.30-
0.44 and MAE=6.8-9.6 across cohorts. A model solely based on MRI had almost 
identical performance (R2=0.28-0.41 and MAE=7.1-9.6 across cohorts), while 
models without MRI showed poor or very poor predictions (|R2|=0.0014-0.28 and 
MAE=8.8-13 across cohorts). The MRI features contributing most were temporal 
lobe MRI gray matter volumes and cortical thicknesses (Fig. 24d-e). 

Table 13. The best models for predicting temporal tau asymmetry (laterality index). Best model for 
each input feature combination. Blood biomarkers were not available in all external cohorts. 
Abbreviations: RFE (recursive feature elimination), MI (mutual information). Colors: BioFINDER-2 train 
CV, BioFINDER-2 test, BioFINDER-1, other external. 

Input feat. Feat. sel. + estimator Estimator params R2 R2 R2 R2 
Cli None + SVR kernel = rbf; C = 0.9495 0.00681 -0.0093 -0.0307 -0.0234 
Pla 50% MI + SVR kernel = poly; C = 0.5510 -0.0029 -0.139 -0.275 - 
MRI 50% RFE + SVR kernel = rbf; C = 29.43 0.406 0.280 0.374 0.380 
Cli + Pla None + SVR kernel = rbf; C = 1.177 0.00140 -0.0293 -0.0366 - 
Cli + MRI 50% RFE + SVR kernel = rbf; C = 1000 0.410 0.320 0.397 0.361 
Pla + MRI 50% F-statistic + SVR kernel = rbf; C = 30.51 0.429 0.296 0.423 - 
Cli + Pla + MRI 50% F-statistic + SVR kernel = rbf; C = 1000 0.436 0.297 0.410 - 

In conclusion, tau-PET composites could be predicted with moderate to high 
performance using accessible input features in ML models. Models showed high 
generalizability to left-out test data and external cohorts. The different input 
modalities provided complementary predictive information, where plasma 
biomarkers (particularly plasma p-tau217) resulted in best prediction of tau load, 
while MRI variables best predicted the spatial distribution of tau.  
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Figure 24. Performance evaluation when predicting tau asymmetry (laterality index) in the 
temporal meta-ROI.  a) MSE in the cross-validated BioFINDER-2 training set for different feature 
selection + ML estimator combinations. b) R2 and MAE of the best ML pipelines in a). c) Scatter plots of 
true versus predicted temporal tau load for the best pipelines in a). d) Top SHAP feature contributions in 
the model including all input features, evaluated on the cross-validated BioFINDER-2 training set. e) 
visualization of the SHAP feature contribution analysis for MRI FreeSurfer variables. Abbreviations: Cli 
(clinical variables), Pla (plasma biomarkers), CU (cognitively unimpaired). Figure reprinted from [199] 
(CC BY-NC). 
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Paper VI 
In Paper VI, the aim was to further advance tau-PET prediction by moving beyond 
regional composites and now generate full synthetic tau-PET scans from accessible 
variables. Based on the findings in Paper V, we combined MRI, blood biomarkers, 
and clinical variables and implemented deep learning models for the task. We 
gathered data from 13 AD cohorts (n = 5,191), split into train (n = 3,815), validation 
(n = 698), and test (n = 678) sets. Participants represented a broad spectrum of 
clinical diagnoses, including cases with normal cognition (47.4%), subjective 
cognitive decline (7.53%), mild cognitive impairment (19.0%), AD dementia 
(15.2%), non-AD dementia (4.71%) and other neurological disorders (6.18%). 
Different deep learning model architectures and input features were systematically 
compared, yielding a final 3D U-Net model with MRI, age and plasma p-tau217 as 
input (Fig. 12).  

Figure 25. Evaluation of tau load and spatial similarity in synthetic versus true tau-PET in the test 
set. Tau load evaluation using a) MRI, age and plasma p-tau217 and c) MRI and age as input to the U-
Net model. Within-subject regional correlation between true and synthetic tau-PET using b) MRI, 
age and plasma p-tau217 and d) MRI and age as input to the U-Net model. 

Performance was evaluated on the held-out test set for i) an optimal input feature 
configuration (MRI, age and plasma p-tau217) and ii) more constrained one (MRI 
and age) (Fig. 25). Comparing the true and synthetic tau-PET regarding tau load in 
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Braak regions, correlations were strong (Fig. 25a, 25c). Furthermore, spatial tau 
deposition patterns, assessed using within-subject correlations across FreeSurfer 
regions, were on average strong but had relatively high variability across 
subjects (Fig. 25b, 25d). 

To complement the quantitative evaluations, ten representative cases with varying 
Braak I-IV burden from multiple cohorts are visualized in Fig. 26. The synthetic 
images generally appeared smoother than true scans. Including plasma p-tau217 
resulted in more accurate estimation of tau load compared to without but had only 
minor impact on spatial distribution patterns. 

Figure 26. Ten representative example cases from the test set. Corresponding Braak I-IV prediction 
is marked out in a) and b). In c) the input MRI (first row), synthetic tau-PET based on MRI, age and 
plasma p-tau217 (second row), synthetic tau-PET based on MRI and age (third row), and true tau-PET 
(fourth row). 

In an independent cohort without true tau-PET (BioFINDER-1), we assessed if 
synthetic tau-PET could predict progression to dementia in cognitively unimpaired 
individuals (n=358) using Cox regression models. The synthetic scans captured 
prognostic information for cognitively unimpaired individuals comparable to true 
tau-PET [54]. This included distinction between early and late stages of tau 
accumulation: 12-fold higher risk for synthetic tau-PET positivity in early AD 
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regions, and 45-fold higher risk for synthetic tau-PET positivity in late AD regions, 
compared to synthetic tau-PET negativity (Fig. 27a). This distinction was not seen 
directly from the input features when using the same stratification approach, 
suggesting that synthetic tau-PET added information beyond what was easily 
extractable from the input data (Fig. 27b). 

Figure 27. Clinical utility of synthetic tau-PET for assessing progression to dementia. Kaplan-
Meier and Cox regression analyses showing the risk of progression to dementia for cognitively 
unimpaired individuals in the independent BioFINDER-1 cohort (subjects with no true tau-PET). T-status 
was derived by a) synthetic tau-PET ROIs or b) plasma p-tau217 and an MRI AD signature ROI. This 
analysis imitated the study design in Ossenkoppele, Pichet Binette et al. (2022) [54]. 

In conclusion, from structural MRI, age and plasma p-tau217 (clinically accessible 
and non-invasive features), synthetic tau-PET scans could be generated with deep 
learning, showing promising resemblance to true tau-PET. Performance was highest 
for scans generated with plasma p-tau217 but remained strong using only MRI and 
age, demonstrating flexibility to settings with limited data. This study represents a 
step toward scalable, non-invasive, yet spatially information-rich in vivo 
assessments of tau pathology, and provides insights into complementary 
characteristics of the input features.  



78 

Discussion and future perspectives 

The work of this thesis has taken steps toward improved diagnostics and biomarkers 
in AD by either increasing the diagnostic accuracy/pathological information 
obtained from existing tools, or through new approaches that reduce test burden in 
terms of cost, invasiveness, and/or time. This was achieved by applying statistical 
and machine learning methods across multiple data modalities in deeply phenotyped 
AD cohorts. Specifically, Papers I and II investigated co-varying properties of the 
CSF proteome, resulting in a reference protein normalization method that improved 
biomarker performance across analytes, assays, and AD cohorts. Paper III showed 
that a resource-efficient, self-administered digital cognitive test improved 
assessments of objective cognitive impairment and, when combined with blood 
biomarkers, can help diagnose AD in primary care. Finally, Papers IV, V and VI 
developed and evaluated machine learning models to predict Aβ-PET or tau-PET 
from more accessible modalities. The approach showed promising performance, 
with potential to reduce reliance on costly PET imaging while increasing access to 
the unique information PET provides. 

Implications from main findings 
Individual proteomic CSF levels 
In Paper I, we observed a signal of inter-individual variability in overall CSF protein 
levels, and adjustment for this signal improved the precision of CSF biomarkers. 
What remains unclear is what this variability represents biologically. In Paper I, we 
speculate that one explanation could be differences in CSF production and clearance 
rates, since the signal was associated with age and sex, and CSF turnover has also 
been reported to vary with age and sex [77,78,217,218]. We also suggested 
ventricular volume as a potential contributor. Since CSF fills the ventricles, 
differences in ventricular volume are related to CSF volume [219] which could 
influence CSF protein dilution, consistent with observations from a study on the 
genetic regulation of CSF protein expression [220]. Notably, a similar pattern of 
inter-individual variability in global CSF protein levels was reported in an 
independent study published shortly after Paper I [221]. More recently, this 
variability has been suggested to potentially reflect a combination of CSF turnover 
rate and blood-brain barrier integrity [222]. 
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These aspects support that individualized CSF protein levels represent a biological 
signal that potentially arises from a combination of mechanisms. Future work is 
needed to clarify the exact factors driving this variability and how to best adjust for 
it in different applications. 

Fluid biomarker ratios 
In Paper II, we found that reference protein normalization using Aβ40 and np-tau 
increased associations with Aβ- and tau-PET for a broad range of CSF and blood 
biomarkers. Interestingly, for CSF biomarkers, associations with AD pathology 
(measured by PET) were consistently stronger with Aβ40 normalization than with 
Aβ42 normalization. This is a notable finding given that the hybrid ratios that have 
been suggested for clinical use and are part of the Core 1 and Core 2 classification 
framework combine p-tau and Aβ42 [50,223,224]. Plasma biomarkers are also 
increasingly being explored in the context of p-tau and Aβ42 ratios [225–227]. It is 
possible that plasma biomarkers might benefit from a broader exploration of optimal 
plasma reference proteins, potentially through a similar proteomic search as in Paper 
I but for plasma instead of CSF. In general, biomarker ratios have been more 
frequently proposed than single markers also in other contexts, for example using 
synaptic CSF proteins to represent cognitive impairment [228–230]. Although fluid 
biomarker ratios can improve diagnostic performance in several contexts, 
combining two measures introduces two sources of measurement noise rather than 
one, which can limit robustness. 

We also observed in Paper II that reference protein ratio normalization had a smaller 
impact on longitudinal biomarker measurements than on cross-sectional 
associations. This suggests that factors driving overall CSF proteome differences 
are relatively stable within an individual over time. Reference protein normalization 
may therefore primarily refine between-person comparisons, while offering more 
limited benefit for within-person longitudinal monitoring. Longitudinal tracking is 
increasingly relevant in the era of approved and developing disease-modifying 
treatments for AD. Fluid biomarkers can detect group-level differences between 
treated and placebo participants, but their performance for individualized 
monitoring of change and during treatment remains less certain [231,232]. 
Improving fluid biomarkers in a longitudinal context remains an important area for 
future work.  

Digital cognitive tests in primary care 
In Paper III, we showed that digital cognitive testing has the potential to enhance 
the clinical work-up for AD in primary care, particularly when combined with blood 
biomarkers. Beyond increasing diagnostic accuracy, the broader value of digital 
cognitive tests lies in their potential to increase efficiency, standardization and 
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scalability of cognitive assessments [233,234]. Importantly, these tools are not 
intended to replace the evaluation of physicians, but to help create a more 
comprehensive basis for decision-making.  

Our work provides a first proof-of-concept highlighting that a digital cognitive test 
can add diagnostic value in primary care. Future studies are needed to assess 
whether physicians find such a test useful in practice, and the effects on clinical 
workflows. Furthermore, future work should also investigate the test’s 
generalizability to other populations and explore digital tools for longitudinal 
monitoring. 

Machine learning-based PET prediction  
Aβ-PET and tau-PET are two of the most informative tools in AD, but their high 
cost and specialized infrastructure requirements contributes to inequities in AD 
diagnostics and substantially increases costs and logistical demands in clinical trials. 

Aβ-PET 
As discussed in Paper IV, accurate machine learning-based predictions of global 
Aβ-PET burden from fluid biomarkers may substitute Aβ-PET in some applications 
(e.g., first stage triaging or enrichment in clinical trials), but not all. True Aβ-PET 
scans are likely difficult to replace with such models in applications where high 
certainty is required (e.g., treatment initiation and tracking) [235]. 

A core methodological challenge for Aβ-PET prediction is that Aβ pathology 
accumulates early in the disease course, when more accessible imaging modalities 
like structural MRI remain largely unchanged. Consequently, the spatial distribution 
of Aβ pathology is hard to infer. Other MRI modalities may capture Aβ-related 
changes better, but they are less routinely acquired, potentially constraining 
scalability and model training. However, the added value of full synthetic Aβ-PET 
images may be limited in many clinical contexts, since global burden rather than 
spatial detail often is more relevant for clinical decision making [236]. 

Tau-PET 
Since tau NFTs are more closely related to neurodegeneration and clinical 
phenotypes (see Introduction), tau-PET is more relevant than Aβ-PET to synthesize 
in full 3D using structural MRI. Consistent with this, we showed in Papers V and 
VI that both tau burden and spatial information can largely be captured from more 
accessible modalities, e.g., MRI, blood biomarkers, and clinical variables. Plasma 
p-tau217 was the most efficient marker for tau load in these two studies, but more
tau-specific fluid biomarkers (e.g., MTBR-tau243 [116,117]) may further improve
tau-PET prediction in future models.
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Beyond MRI-based approaches, other studies suggest that tau-PET can be 
synthesized using alternative imaging modalities, such as FDG-PET or ultra-low-
dose tau-PET [237,238]. This may offer practical options to reduce the need for full-
dose tau-PET but would still require PET infrastructure.  

Although the quantitative and qualitative results on tau-PET synthesis in Paper VI 
are promising, the clinical impact of synthetic tau-PET on decision-making, 
prognosis, and trial outcomes remains unclear and should be evaluated in 
prospective studies. A specific limited application may be related to treatment 
monitoring, since both fluid biomarkers and imaging can change in non-standard 
ways during Aβ-removal. For example, structural MRI has shown reductions in 
brain volume that would typically be interpreted as atrophy but may instead reflect 
treatment-associated effects [239]. Robust generalization of synthetic tau-PET to 
treatment-monitor settings will likely require model training and validation using 
data from individuals that have received such therapy. 

Clinical perspectives 
Biomarker interchangeability 
Aging is the leading risk factor for neurodegenerative diseases, but precise 
boundaries between healthy and pathological brain aging are not well defined [240]. 
As biomarker-based detection moves earlier in the disease course, this creates both 
potential benefits (e.g., earlier explanation of symptoms, adapted care, and the 
possibility to plan) and risks (e.g., psychological stress, possible overdiagnosis, and 
added burden on the healthcare system). With this in mind, a key clinical goal is for 
diagnostic tests to be actionable and consistent across settings. Biomarker 
frameworks that allow multiple biomarker modalities to be used to assess the same 
biological construct (e.g., AT(N) grouping or Core 1 and 2 classification [47,50]) 
are therefore appealing. Many of the research questions presented in this thesis were 
aligned with the aim of using biomarker modalities interchangeably, for example 
reference protein normalization (Papers I and II) and cross-modality machine 
learning models (Papers IV, V and VI), improving agreement and prediction 
between modalities. 

At the same time, biomarkers are not fully interchangeable in a biological sense: 
they reflect partially distinct processes and may change at different points along the 
disease continuum. Even fluid biomarkers that can be used to assess the same 
constructs (e.g., different p-tau isoforms for Core 2 categorization) have been shown 
to have different temporal dynamics [241,242]. Biomarker discordance should 
therefore not only be treated as a limitation, but can also be informative for 
understanding disease mechanisms, particularly when different markers provide 
complementary signals across the AD continuum.  
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Precision medicine in AD 
Precision medicine aims to customize medical care to each patient’s unique profile, 
in contrast to a “one-size-fits-all” approach. Given the biological and clinical 
complexity of AD, individualized, biomarker-guided diagnostic and treatment 
pathways may be required to optimize care [243]. Several of the findings in this 
thesis can be framed in the context of precision medicine and targeting individual 
heterogeneity. 

Normalization 
One obvious example is the reference protein normalization method in Papers I and 
II. Historically, the use of fluid biomarkers has largely relied on population-based
cutoffs. Our underlaying idea was that individuals may have different physiological
levels of fluid biomarkers, which we were able to observe in proteomics data.
Comparing disease-related changes in biomarkers to an estimate of this individual
baseline (e.g., a reference protein) improved their precision, advancing more
individualized fluid biomarker use.

Reference protein normalization can adjust for confounding when quantifying 
associations between fluid biomarkers, or act like a suppressor variable when fluid 
biomarkers are used as predictors of other modalities. Yet, the benefit from 
normalization depends on the relationship between the outcome, main predictor, and 
reference. First, there needs to be a reasonably strong association between the main 
predictor and outcome, or there is too little signal for normalization to enhance. 
Second, if the association is already close to perfect, normalization may not be 
necessary and could potentially introduce more noise due to measuring two markers 
instead of one. Third, the reference protein and the main predictor must share the 
irrelevant signal that the normalization is intended to remove. This may not hold if, 
for example, the main predictor and reference protein originate from different cell 
types or reflect distinct biological processes.   

Normalization is widely used in medicine. For example, urinary biomarkers are 
routinely normalized to account for dilution differences [244,245]. Similarly, PET 
images are usually quantified using SUVR, where tracer uptake is normalized to a 
reference brain region that is not expected to show specific binding [29,235]. 
Atrophy on MRI is also commonly adjusted for intracranial volume to account for 
differences in brain size [246].  

It is likely that normalization will play a role in improving other parts of AD 
diagnostics as well, particularly cognition. Measuring cognition is difficult since it 
can fluctuate for many reasons (e.g., sleep, mood, concentration, stress, depression, 
dementia). Furthermore, individuals often have different base level abilities, so 
population-based cutoffs for cognitive impairment (even though typically age and 
education adjusted [247–249]) can likely lead to both false negatives and false 
positives. Normalization to an individualized cognitive measure could be a potential 
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way to address this, and digital tools hold promise for actively or passively 
collecting longitudinal data to enable person-specific reference levels. Paper III is 
an early step in this direction, illustrating a use-case where a self-administered 
digital tool can make cognitive evaluations more rigorous without increasing 
healthcare resource burden.  

Pathological subtypes 
Another key source of heterogeneity in AD is variation in tau accumulation (and 
downstream atrophy) patterns (see Introduction). Tau-PET provides valuable spatial 
information but is unlikely to be widely used to investigate tau patterns clinically 
due to its high cost and limited accessibility. In Papers V and VI, we predicted both 
load and spatial aspects of tau accumulation using machine learning, highlighting a 
potential avenue toward assessing individual tau-PET like accumulation patterns 
and thereby aligning with precision medicine goals. More research is needed to 
determine how information on individual tau patterns through synthetic PET might 
affect clinical decision-making, as well as its utility for trial recruitment and for 
evaluating treatment effects. 

Medical data analysis and modelling  
General limitations of data and models 
As described in the Introduction, there are several fundamental challenges in 
analyzing medical data. One issue is the sensitive nature of the data, which limits 
open data sharing. This is particularly problematic for machine learning models, 
since exposure to larger and more diverse training cohorts often is key for robust 
performance. Several potential avenues to mitigate this exist, all of which could be 
relevant to further improve the prediction models in this thesis.  

One possibility is through federated learning. Federated learning is a technique that 
decentralizes the training process of a model. The model, or its current parameters, is 
sent to different locations where data is stored locally. The model is then trained 
further at each location, and only the resulting updates are shared and aggregated to 
obtain an improved global model. In this way, the sensitive raw data can remain local. 
Potential negative aspects are that dataset heterogeneity related to location can slow 
model convergence, and the training process becomes less transparent [250,251].  

Another promising method is to generate synthetic datasets that resemble the 
original cohorts in terms of distributions and statistical structure but differ at the 
individual level. This way, data can be shared without original participants being 
identifiable. Although synthetic data could enable broader data sharing, it is not 
always clear where the boundary lies between preserving clinically relevant signal 
and ensuring strong privacy [252,253]. 
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Lastly, hospitals are increasingly building large data lakes and data pools, which are 
centralized, secure repositories that can support standardized storage, access 
procedures, and anonymization pipelines at scale. If implemented well, these 
infrastructures could substantially improve data access and enable more consistent 
and cost-efficient multi-site analyses. However, establishing and maintaining such 
structures can be challenging in terms of cost, governance, and security, and 
population biases as well as data noise (such as inconsistent diagnoses or diagnostic 
criteria that evolve over time) may limit the practical usefulness [254,255].  

In addition to data sensitivity, it is important to keep in mind that medical data itself 
may have many limitations. Prediction models will usually perform best on 
individuals who resemble the training population, while generalization to other 
settings, sites, or patient groups can be less certain. Rare cases are particularly 
challenging as they often are underrepresented or entirely absent from training 
cohorts, making both learning and evaluation unstable. Beyond sample size, 
additional risks include biases in cohort composition, site- and protocol-specific 
effects, and missingness that is not random, all of which can reduce real-world 
robustness [256]. 

AI in medicine 
Healthcare systems face growing challenges related to supply and demand, and AI 
has the potential to help address this gap, for example through decision support, 
automation, planning, and multimodal data integration [257]. This thesis highlights 
one such use case for AD healthcare: predicting informative PET composites (Paper 
IV and V) or synthesizing full tau-PET scans (Paper VI) from more accessible 
variables.  

An important first step in developing AI for medicine is to identify problems where 
an AI solution is clinically relevant and implementable. This requires more than just 
technical and practical feasibility. The target outcome should also be clinically 
meaningful, and performance should reflect healthcare priorities (e.g., low-cost 
access to 3D pathological tau information not otherwise available). To achieve this, 
multidisciplinary collaboration is typically required, for example combining 
expertise in machine learning with medical domain knowledge (as was an objective 
of this thesis). A second consideration is that a substantial part of building effective 
AI models in medicine relates to the underlying data. In practice, data collection and 
pre-processing are often the most time-consuming stages of the work, and inherent 
biases and noise can affect translation to real-world settings.  

With these and other requirements in mind, AI holds promise in many medical 
applications beyond the examples in this thesis. In addition to task-specific models, 
a class with high potential is AI models that can learn more general representations 
of data and then be fine-tuned for more specific clinical purposes, e.g., foundation 



85 

models [258–260]. A closely related direction is multimodal modelling, where 
multiple data modalities can be combined to better reflect AD heterogeneity and to 
make use of whatever data are available for a given patient [261]. Additionally, 
natural language processing (NLP) has recently showed substantial methodological 
progress and may be useful in cognitive evaluations, where the clinical interview 
and narrative descriptions of symptoms often contain rich diagnostic information 
[262,263].  

Despite these methodological advances, relatively few AI tools have been translated 
to medical practice. Common barriers include limited external validation, 
uncertainty about generalization across sites and patient groups, potential risk of 
hallucinations, regulatory and liability constraints, integration with clinical 
workflows, and the need for ongoing monitoring after deployment as populations 
and practices change. 

Future AD data initiatives 
There are many exciting ongoing data initiatives and advances in AD research aimed 
at further increasing diagnostic accuracy, reducing burden of tests, and improving 
our mechanistic understanding of the disease. Collaborative efforts are made to 
collect and share large amounts of research data, for example across Alzheimer’s 
disease research centers (ADRCs) in the US [264,265], or the long-term prospective 
UK Biobank study including half a million individuals [266]. Furthermore, 
initiatives in China are aimed to accelerate AD research and provide cognitive 
screening to up to 80% of its older adults [267,268]. In parallel, technological 
development is expanding what can be measured outside specialized centers, 
including for example portable MRI techniques [269], and minimally invasive self-
sampling blood biomarker tests [270].  

Other promising data analysis areas include multi-omics, which generate thousands 
of data points per individual and can be paired with advanced machine learning 
methods to improve understanding of disease mechanisms [82,271–273]. Finally, 
biomarkers of co-pathologies are becoming increasingly important for determining 
whether AD pathology is the main driver of symptoms and for characterizing 
disease heterogeneity (see Introduction). Recent progress has for example enabled 
measurements of α-synuclein in vivo using seed amplification assays [274]. 
Continued efforts to measure additional pathologies in vivo, such as TDP-43 [275], 
can hopefully further improve diagnostic precision and our understanding of 
neurodegenerative diseases. 
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Concluding remarks 

This thesis advances more accurate and less burdensome AD diagnostics and 
biomarkers by applying statistical and machine learning methods to multimodal 
data. The work addressed clinically relevant questions and contributed to building 
bridges between the fields of data science and neuroscience, promoting 
collaboration and knowledge exchange across disciplines. 

The main findings from this thesis are the following: 

1. The observation that there are inter-individual differences in CSF protein 
abundance. Adjusting for these differences with reference proteins 
improves biomarker precision and reduces the risk of false positive findings 
(Paper I). 

2. The finding that CSF Aβ40 and np-tau are promising reference proteins. 
Normalization to them strengthened biomarker associations with PET and 
supported better interchangeability between fluid and imaging markers for 
AD diagnosis and staging (Paper II). 

3. The finding that a brief self-administered digital cognitive test battery could 
identify cognitive impairment in primary care with higher accuracy than 
standard paper-and-pencil testing and assessment of primary care 
physicians. Combined with blood biomarkers, this approach could be a 
time- and cost-effective way to improve clinical AD diagnosis when 
specialist resources are limited (Paper III). 

4. The development of machine learning models that could largely predict 
amyloid-PET and tau-PET load and/or spatial distribution from fluid 
biomarkers, MRI, and clinical variables, with plasma p-tau217 and MRI 
showing particular promise (Papers IV and V). 

5. The development of deep learning models that can synthesize tau-PET 
images well from structural MRI, blood biomarkers, and clinical data. 
These models have potential to provide tau-PET approximations in settings 
with no access to costly PET scans (Paper VI). 
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Generative artificial intelligence language models (including GPT-5.2 
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