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ABSTRACT 
 
BACKGROUND: In Alzheimer's disease (AD), the buildup of 
amyloid-β and hyperphosphorylated tau protein in the brain starts years 
before clinical symptoms appear. This process then progresses in 
parallel with cognitive decline, from mild cognitive impairment to 
dementia. Developments in AD biomarkers have improved the detection 
of underlying pathophysiological processes. Concurrently, 
methodological advancements in cognitive testing have been made. In 
this thesis, key challenges in the neuropsychology of AD are addressed 
to improve clinical practice and inform clinical trials. These challenges 
include the lack of demographically adjusted cognitive test norms, the 
need to map the sensitivity of cognitive measurements across AD stages, 
and the use of remote, unsupervised cognitive testing as a scalable tool 
to facilitate early detection of AD. 
 
METHODS AND RESULTS: In Paper I, demographically adjusted 
norms for a cognitive test used in Swedish clinical practice were 
developed. These norms demonstrated better performance compared to 
the original norms in an independent validation sample. In Paper II, 
novel non-linear mixed-effects methods were used to construct a 
timeline of disease progression, from preclinical AD to dementia, for 
various cognitive measures. The sensitivity of these measures was 
assessed, revealing variability both across and within clinical AD 
stages. In Papers III and IV, the feasibility, reliability, and validity of 
digital cognitive tests, administered remotely and unsupervised, were 
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investigated. Paper III demonstrated that meaningful cognitive data 
could be collected remotely, and validity in relation to conventional 
cognitive measures was established. In Paper IV, the relationship 
between preclinical AD biomarkers and digital test performance was 
examined in individuals from a population-based study, revealing 
associations between cerebrospinal fluid amyloid-β levels and test 
performance. 
 
CONCLUSIONS: This thesis contributes to the advancement of 
neuropsychological methods for AD assessment, addressing key 
challenges. In Paper I, the findings emphasize the need for updated 
norms in neuropsychological practice. The revised norms in Paper I can 
be directly implemented by clinicians to improve diagnostic processes. 
In Paper II, insights into the cognitive trajectory of AD were provided, 
supporting more informed selection and interpretation of cognitive tests, 
with applications in both clinical practice and trials. Findings in Papers 
III and IV highlight the potential of digital tests as cost-effective, non-
invasive tools for cognitive screening, particularly in clinical trials 
evaluating disease-modifying interventions in preclinical AD.  
 
Keywords: Alzheimer’s disease, neuropsychology, cognition, remote 
and unsupervised testing, norms, statistical disease modeling 
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SAMMANFATTNING PÅ SVENSKA 
 
Alzheimers sjukdom är en folksjukdom som medför såväl ohälsa och 
lidande för individer som stora kostnader för samhället. Forskningen har 
gjort stora framsteg inom läkemedelsbehandling av sjukdomen. Detta 
ställer ökade krav på tillgång till tillförlitliga och tillgängliga diagnostiska 
metoder, bland annat för att kunna sätta in behandling i rätt tid i 
sjukdomsförloppet. Framsteg har gjorts avseende biologiska markörer och 
numera kan vi i många fall upptäcka sjukdomen redan innan den ger 
symptom. Till de biologiska markörerna som används i diagnostiken hör 
avancerad hjärnavbildning, analyser av ryggmärgsvätska och, på senare år, 
blodbaserade biomarkörer.   
 
Parallellt med utvecklingen inom biologiska markörer för Alzheimers 
sjukdom har det även skett framsteg inom kognitiv testning. Den här 
avhandlingen tar sikte på tre specifika utmaningar inom neuropsykologi 
och Alzheimers sjukdom. Den första utmaningen omfattar bristen på 
testnormer som tar hänsyn till individuella faktorer. För att möta denna 
utmaning utvecklades i delarbete ett testnormer anpassade för svenska 
förhållanden. Dessa kan användas direkt i klinisk praxis. Den andra 
utmaningen berör behovet av bättre modeller för att bedöma hur känsliga 
kognitiva tester är under olika faser av sjukdomen. I delarbete två användes 
avancerade statistiska metoder för att kartlägga sjukdomens utveckling och 
skapa mer detaljerade modeller av hur kognitiv försämring sker över tid. 
Modellerna kan användas för att välja kognitiva tester utifrån dess relevans 
i olika faser av sjukdomen. Slutligen finns en utmaning avseende begränsad 
känslighet hos och möjlighet till storskalig användning av traditionella 
kognitiva tester. I delarbete tre och fyra utvärderades därför kognitiva 
tester utförda via digitala applikationer, som kan användas på distans utan 
övervakning av personal. De grundläggande egenskaperna hos dessa tester 
utvärderades, liksom deras samband med biologiska markörer för 
sjukdomen. 
 
Sammanfattningsvis har denna avhandling bidragit till att förbättra verktyg 
för kognitiv testning vid Alzheimers sjukdom. Dessa verktyg kan användas 
både inom kliniska prövningar och inom klinisk verksamhet och kan bidra 
till en bättre och mer individanpassad diagnostik. Arbetet med digital 
kognitiv testning visar också potential för att öka tillgången till bedömning 
av Alzheimers sjukdom, samtidigt som det kan bidra till en mer effektiv 
användning av resurser. 
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DEFINITIONS IN SHORT 
 
Alzheimer’s disease The most common neurodegenerative 

disorder marked by specific 
pathophysiological changes (amyloid-
beta, hyperphosphorylated tau, and 
neurofibrillary tangles) and a gradual 
decline in cognitive and functional 
abilities.  

biomarker A measurable indicator of biological 
processes or disease states. AD 
biomarkers are often assessed through 
cerebrospinal fluid or neuroimaging 
techniques and commonly include 
measures of amyloid-β, tau, and 
neurodegeneration. 

cognitive function Mental processes, conscious and 
unconscious, for example: attention, 
executive function, memory, visuospatial 
function and language. 

dementia A broad term for a variety of conditions 
(including Alzheimer’s disease 
dementia) that entail progressive 
cognitive and functional decline 
sufficiently severe to disrupt daily life. 

mild cognitive 
impairment (MCI) 

An intermediate stage between normal 
aging and dementia, involving objective 
cognitive decline that does not 
significantly impact daily activities. 
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cognitive impairment Cognitive impairment that can be 
confirmed through clinical or 
neuropsychological testing. 

preclinical Alzheimer’s 
disease  

The phase before MCI, encompassing 
clinically normal individuals with 
biomarker evidence of Alzheimer’s 
disease. 

subjective cognitive 
decline (SCD) 

Self-reported decline in cognitive 
abilities. SCD is a risk factor for future 
dementia development. 

 



Fredrik Öhman 

1 

1 INTRODUCTION 
 

1.1 SCOPE OF THIS THESIS 
 
In Alzheimer’s disease (AD), the main biological events, the 
accumulation of amyloid-β (Aβ) protein into plaques and the subsequent 
aggregation of hyperphosphorylated tau protein (p-tau) into 
neurofibrillary tangles (NFT) occur many years before the clinical 
dementia syndrome 1–3. AD progresses through several stages, starting 
with the preclinical phase 4, followed by mild cognitive impairment 
(MCI) 5, and lastly the dementia phase 6. As the neuropathological 
burden increases, cognitive impairment intensifies, eventually resulting 
in functional impairment. Subjective cognitive decline (SCD) is a 
concept that may or may not emerge during the transition between 
preclinical AD and MCI 7. 
 
Recent advancements in the field of biological markers (biomarkers)—
including neurochemical markers in cerebrospinal fluid (CSF) and 
neuroimaging modalities such as magnetic resonance imaging (MRI) 
and positron emission tomography (PET) 8–11—have significantly 
improved our ability to measure the pathophysiological processes in 
AD. Notable breakthroughs include the development of plasma-based 
(blood) AD biomarkers 12–15.  
 
Although biomarkers have greatly advanced our insight into the 
biological underpinnings of AD, cognitive assessments still play an 
important role for evaluating the cognitive impacts of the disease. The 
field of neuropsychology in AD—the study of the relationship between 
the brain and behavior, often through cognitive testing—has evolved 
alongside advancements in biomarkers for AD. Methodological 
developments are progressing rapidly 16–21, addressing both clinical and 
preclinical stages of AD. Recent breakthroughs in clinical trials have led 
to new disease-modifying pharmaceuticals for AD 22, highlighting the 
need to refine traditional cognitive assessment methods and develop 
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innovative approaches, such as remote, unsupervised cognitive testing 
using app-based digital tools. 
 
In this thesis, key challenges in the neuropsychology of AD are 
addressed, as outlined in Figure 1, with the aim of advancing clinical 
practice and improving clinical trials in both the clinical and preclinical 
stages of AD: 
 

1. Missing demographically adjusted and local norms for 
conventional tests: Accurate classification of cognitive 
performance is essential for diagnosing MCI, dementia, and 
appropriately staging patients. In Sweden, there is an absence of 
demographically adjusted and locally relevant norms for 
cognitive tests. Without such norms, there is a risk of 
misinterpreting patient performance, which can lead to incorrect 
diagnoses and treatment plans. In Paper I, this gap in norms was 
addressed by developing regression-based norms using healthy 
controls, and evaluating the performance of these norms in a 
separate comparison sample.  
 

2. Lacking models of the differential sensitivity of conventional 
cognitive tests: Information on cognitive performance and test 
sensitivity across different stages of AD is of importance for 
both clinical practice and research. There is a lack of studies that 
comprehensively cover the full continuum and spectrum of 
cognitive decline in AD. In Paper II, this issue was addressed by 
employing novel statistical disease progression modeling to 
provide a nuanced understanding of cognitive decline 
throughout the AD continuum. 

 
3. Limited sensitivity and scalability of conventional cognitive 

tests: Conventional cognitive tests lack the sensitivity needed to 
detect AD in its preclinical stages and are not scalable, meaning 
they cannot be efficiently administered to larger populations in 
diverse settings. Most existing tests are designed to detect 
impairments in clinical populations rather than subtle 
impairments in preclinical AD. In Papers III and IV, this issue 
was addressed by validating unsupervised, remotely 
administered app-based cognitive tests (app-based tests). 
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Figure 1. The three key issues explored in this thesis, along with the corresponding 
papers that address these challenges. 

 

1.2 ALZHEIMER’S DISEASE 
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diseases beyond AD. These include, but are not limited to, vascular 
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Diagnostic and Statistical Manual of Mental Disorders 23, clinical 
dementia is named Major Neurocognitive Disorder. The global impact 
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behavior, ultimately leading to significant health deterioration and an 
increased risk of life-threatening complications. 

The currently dominating and widely accepted hypothesis, the amyloid 
cascade hypothesis, stipulates that AD starts with the faulty processing 
of the amyloid precursor protein (APP) 26, resulting in the 
overproduction and/or inadequate clearance of Aβ in the brain. This 
accumulation of Aβ triggers a cascade of events including abnormal tau 
protein aggregation, neuroinflammation, synaptic dysfunction and 
degeneration, neuronal death, and ultimately, brain atrophy.  

1.2.1 TREATMENTS FOR ALZHEIMER’S DISEASE  

Cholinesterase inhibitors like donepezil, rivastigmine, and galantamine 
are authorized, including in Sweden, for symptomatic management of 
AD dementia. Although these drugs generally offer modest cognitive 
improvements, they do not prevent disease progression 27. Despite their 
unclear effectiveness in treating MCI 28, they are frequently prescribed 
off-label for MCI patients in clinical practice, as they are often perceived 
to be beneficial for this group 29. 

Recent advances in AD treatment have resulted in the approval of 
several disease-modifying therapies targeting Aβ. Three monoclonal 
antibodies—aducanumab (Aduhelm®; Biogen) 30, lecanemab 
(Leqembi®; Eisai Inc. and Biogen) 31, and donanemab (Kisunla™; Eli 
Lilly) 32—have received regulatory approval in multiple countries. 
These include the United States (US), China, South Korea, Japan, Hong 
Kong, and Israel (as of the date of this thesis), for their ability to slow 
cognitive decline in individuals with AD 22. In Europe, the European 
Medicines Agency (EMA) initially rejected applications for both 
lecanemab and aducanumab. While Biogen withdrew aducanumab, 
lecanemab was eventually approved by the EMA following an appeal, 
becoming the first monoclonal antibody to receive EMA approval. 
Donanemab is still under review by the EMA. 

Anti-Aβ treatments share common features but they have distinct 
characteristics as well. All of them target high-molecular-weight 
fibrillar (Aβ) aggregates, show significant reductions in Aβ levels as 
measured by Aβ PET imaging, and are associated with amyloid-related 
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imaging abnormalities (ARIA) 33. However, they differ in the specific 
types and range of Aβ species they target, as well as in pharmacokinetic 
properties such as infusion frequency. These antibodies have been 
studied in individuals with MCI associated with AD and mild AD 
dementia. More recently, they are being tested in preclinical AD 
populations, specifically Aβ-positive (Aβ+) cognitively normal (CN) 
individuals, with lecanemab being evaluated in the AHEAD 3-45 study 
34 and donanemab in the TRAILBLAZER-ALZ 3 trial 35.  

In short, although traditional treatments offer limited symptom relief, 
the introduction of Aβ-targeted therapies marks a major change that 
could reshape how we manage AD in the years ahead. 

1.2.2 THE DIAGNOSTIC CRITERIA AND 
BIOMARKERS FOR ALZHEIMER’S DISEASE  

 
Over the past four decades, several diagnostic criteria have been 
developed and introduced, reflecting advancements in the understanding 
of AD (an overview is shown in Table 1). These criteria differentially 
incorporated both clinical presentation and underlying biological 
changes, and have been shaped by different research and clinical 
perspectives.  
 
The National Institute of Neurological and Communicative Disorders 
and Stroke and the Alzheimer's Disease and Related Disorders 
Association (now the Alzheimer's Association) (NINCDS-ADRDA) 
criteria 36, established in 1984, became the standard for diagnosing AD 
and guiding clinical trials, alongside the Diagnostic and Statistical 
Manual of Mental Disorders (DSM) 37. These criteria primarily relied 
on clinical evaluation and required post-mortem histopathological 
examination for definitive diagnosis, classifying patients without this 
confirmation as probable or possible AD. Despite the ability of 
laboratory tests to rule out other causes, specific AD biomarkers were 
unavailable at the time. 
 
The introduction of biomarkers into diagnostic frameworks began with 
non-specific MRI measures of brain atrophy and the PET-based 
assessment of cerebral glucose hypometabolism, later expanding to 
include CSF and PET markers of Aβ and pathological tau. This 
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progression led to new diagnostic criteria by the International Working 
Group (IWG) 38, which aimed to better incorporate biomarkers into 
assessments. The IWG criteria, first published in 2007, and expanded in 
2010 39, represented an effort to diagnose AD before dementia onset. 
These criteria emphasized the significance of biomarkers in diagnosing 
AD and also addressed the challenge of identifying asymptomatic AD.  
 
In 2010 40, updated 2013 41, hypothetical models of the major 
biomarkers of AD were published, presenting a time-dependent ordering 
of these biomarkers. The purpose of these papers was to establish a 
conceptual framework that would guide and facilitate further research 
in AD (Figure 2 shows the hypothetical model for major biomarkers). 
 
 
 

 
 

Figure 2. Biomarker dynamics of the Alzheimer’s pathological cascade. At this time, 
Aβ was detected through CSF Aβ42 levels or PET Aβ imaging. Tau pathology and tau-
mediated neuronal injury and dysfunction were identified using CSF tau or 
fluorodeoxyglucose-PET. Brain structure was assessed with structural MRI. 
Abbreviations: Aβ, β-amyloid; MCI, mild cognitive impairment; MRI, magnetic 
resonance imaging; PET, positron emission tomography. This figure was first 
published in The Lancet Neurology, volume 9, issue 1. Jack et al. (2010). Hypothetical 
model of dynamic biomarkers of the Alzheimer's pathological cascade. Copyright 
Elsevier. Reprinted with permission from Elsevier.   
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In 2011, a roundtable convened by the National Institute on Aging and 
Alzheimer’s Association  (NIA-AA) 42 published separate criteria for 
AD-related dementia 6, and MCI due to AD 5. These criteria were 
accompanied by the introduction of the term preclinical AD by the NIA-
AA 4 and IWG 43 to describe individuals with biomarkers indicating Aβ 
and tau pathology but no clinical symptoms. This classification aimed 
to identify those in the earliest stages of AD for potential therapeutic 
trials and future treatments. According to the NIA-AA criteria for 
preclinical AD, there are three stages: Stage 1 is identified by abnormal 
Aβ levels, Stage 2 involves both Aβ and signs of brain 
neurodegeneration (e.g., CSF tau or phospho-tau), and Stage 3 includes 
the features of Stage 2 along with the onset of subtle cognitive changes. 
During the preclinical phase, the disease advances biologically until a 
certain pathological load accumulates, triggering the onset and 
progression of symptoms. This entire disease process can extend over a 
period of up to 30 years. 
 
In 2018, the NIA-AA research framework 2 was introduced, 
reclassifying individuals with biomarkers of Aβ and tau pathology as 
having AD, irrespective of whether they exhibited symptoms. A 
significant driving force behind this update was the substantial 
advancements in biomarker development. This approach removed the 
syndromic aspect of previous criteria, redefining AD as a biological 
concept diagnosed solely through biomarkers, without considering 
clinical aspects. This approach provoked debate and criticism, 
particularly from the International Working Group (IWG).  
 
In their latest 2021 publication 44, the IWG proposed updated criteria 
aimed at improving the clinical utility of biomarkers in diagnosing AD. 
They suggested that an AD diagnosis should be limited to those with 
symptoms, with asymptomatic individuals being categorized as at risk 
of developing AD. In the NIA-AA framework, clinical symptoms are 
integrated into the framework as indicators of disease progression or 
staging, however, they are not necessary for making a diagnosis.      
 
The AT(N) biomarker classification scheme, proposed in 2018 in the 
NIA-AA Research Framework, categorizes AD biomarkers into three 
groups: 
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1. A (Aβ): Reflects Aβ deposition, detected through PET imaging 
or CSF. 

2. T (Tau): Indicates tau pathology, measured via PET imaging or 
CSF. 

3. (N) (Neurodegeneration): Represents neurodegeneration or 
neuronal injury, assessed through MRI, fluorodeoxyglucose-
PET, or CSF. 

 
In this approach, diagnosis is determined by the presence of Aβ plaques 
(A) and tau tangles (T), rather than by symptoms. The criteria also utilize 
biomarkers of neurodegeneration (N) to stage the disease. Along the AD 
continuum, progression typically evolves from initial stages of A+T−N− 
to A+T+N−, and eventually to A+T+N+. The system categorizes stages 
from 1 to 6: Stage 1 denotes biomarker changes only, Stage 2 reflects 
subtle cognitive changes, Stage 3 indicates MCI, and Stages 4 to 6 
represent mild, moderate, and severe dementia, in that order. 
 
In 2024, members from the AA released revised criteria 3 for diagnosing 
and staging AD. This update was prompted by the regulatory approval 
of treatments targeting AD pathology and advancements in biomarker 
development, particularly the emergence of blood-based markers, with 
certain assays demonstrating reliable diagnostic accuracy 12,13,15. The T 
biomarker category is now divided into two subcategories: T1 
(phosphorylated and hypersecreted soluble tau), which may indicate a 
response to Aβ plaques) and T2 (tau PET imaging or fluid reflecting AD 
tau proteinopathy). A and T1 biomarkers are designated as core 
biomarkers due to their specificity for AD. 
 
Core 1 biomarkers, which change earliest, include soluble levels of Aβ 
and specific p-tau variants (p-tau217, p-tau181, p-tau231) in CSF or 
blood and Aβ PET. A combination or a ratio of abnormal Core 1 
biomarkers (CSF Aβ42/40, p-tau181/Aβ42, t-tau/Aβ42) is sufficient to 
diagnose AD across the AD spectrum. When used alongside Core 1 
biomarkers, Core 2 biomarkers can offer supplementary diagnostic and 
prognostic insights. Core 2 biomarkers, which change later in disease 
progression, include tau fragments such as microtubule-binding region 
(MTBR)-tau243 3. 
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Alongside these revised criteria, separate commentaries 45 were 
published on how these criteria can be used to support clinical practice. 
These recommend the use of Core 1 biomarkers in the diagnostic 
evaluation of patients seeking help for cognitive impairment, 
specifically those at clinical stages 3–6 (often referred to as MCI or 
dementia). Currently, AD biomarker testing is not recommended for 
clinical purposes in asymptomatic individuals, as there are no approved 
interventions for preclinical AD. These newly revised criteria, similar to 
earlier criteria proposed by the same group, have also faced criticism, 
with the IWG updated criteria was released in late 2024 46. Critics 
continue to argue that biomarker-positive asymptomatic individuals 
should be considered at risk for AD, rather than being classified as 
having the disease. In Table 1, an overview of current and former criteria 
for AD is presented.  
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Table 1. Development of the Diagnostic Frameworks for Alzheimer’s Disease. List of 
successive diagnostic criteria, including described type of intended setting. 
Abbreviations: ADRDA, Alzheimer’s Disease and Related Disorders Association (now 
the Alzheimer’s Association) Work Group; IWG, International Working Group 
criteria; IWG–AA, International Working Group and Alzheimer’s Association joint 
criteria; NIA–AA, US National Institute on Aging and Alzheimer’s Association joint 
criteria; NINCDS, US National Institute of Neurological and Communicative 
Disorders and Stroke criteria. 
 

AA-criteria Setting IWG-criteria Setting 

NINCDS–ADRDA 
(1984) 36 

(McKhann et al) 

Clinical and 
research setting 

IWG (2007) 38 
(Dubois et al) 

Research 
setting 

NIA–AA (2011) 6 
(McKhann et al, 

dementia) 

Clinical and 
research setting 

IWG (2010) 39 
(Dubois et al) 

Research 
setting 

NIA–AA (2011) 5 
(Albert et al, 

 MCI) 

Clinical and 
research setting 

IWG 2 (2014) 47 
(Dubois et al) 

Research 
setting 

NIA-AA (2011) 4 
(Sperling et al, 
preclinical AD) 

Research 
setting 

IWG–AA 
(2016) 43 

(Dubois et al, 
preclinical AD) 

Research 
setting 

NIA–AA (2018) 2 
(Jack et al) 

Research 
setting 

IWG 3 (2021) 44 
(Dubois et al) 

Clinical and 
research setting 

AA (2024) 3 
(Jack et al) 

Research 
setting 

IWG 4 (2024) 46 
(Dubois et al) 

Clinical and 
research setting 

 
 
 
 
 
 
 



Fredrik Öhman 

11 

1.2.3 PRECLINICAL ALZHEIMER’S DISEASE  
 
Advancements in biomarkers for AD have enabled the identification of 
a preclinical stage, a largely asymptomatic phase that precedes MCI and 
occurs up to 20 years before the onset of dementia (Figure 3 displays a 
NIA-AA model of the pre-clinical and clinical trajectory of AD). 
Although individuals with preclinical AD are, by definition, CN, studies 
indicate that this stage is marked by a gradual and progressive decline 
in cognitive function, which occurs alongside the ongoing accumulation 
of Aβ and tau 48–50. As a result, cognitive decline is recognized as the 
primary manifestation of preclinical AD, and altering its course is 
considered a valid measure of the effectiveness of drugs aimed at 
modifying the underlying AD pathology 4,43. This population is 
considered at high risk for cognitive decline, making them ideal 
candidates for secondary prevention trials evaluating disease-modifying 
therapeutics aimed at stopping disease progression 4, but also 
preventative measures like lifestyle interventions 51. 
 
 

 
 

Figure 3. Model of the clinical trajectory of Alzheimer's disease (AD). The preclinical 
stage of Alzheimer's disease (AD) comes before MCI, followed by dementia. This figure 
was first published in Alzheimer's & dementia: the journal of the Alzheimer's 
Association, volume 7, issue 3. Sperling et al. (2011). Toward defining the preclinical 
stages of Alzheimer's disease: recommendations from the National Institute on Aging-
Alzheimer's Association workgroups on diagnostic guidelines for Alzheimer's disease. 
Copyright Elsevier. Reprinted with permission from Elsevier.   
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Studies on the prevalence of preclinical AD vary depending on the 
definition used. A meta-analysis found that 22% of older CN individuals 
had preclinical AD (95% CI = 18–26%). Prevalence rates were age-
dependent, ranging from 16.5% at age 53 to 53% at age 86, with an 
increase of approximately 1.0% per year 52. Another meta-analysis 
reported that Aβ pathology increased from 10% (95% CI, 8%-13%) at 
age 50 to 44% (95% CI, 37%-51%) at age 90 among CN 53.  
 
CN individuals with preclinical AD do not inevitably experience 
cognitive decline, with statistically modelled lifetime risk estimates for 
developing dementia ranging from 5% to 42%, where older persons with 
positive biomarkers were more likely to die from other causes before 
developing dementia 54. The risk of progression to clinical stages has 
also been reported to vary by the stage of preclinical AD: those at NIA-
AA Stage 3 have the highest risk, estimated at 73% (95% CI = 40–92%) 
compared to 38% (95% CI = 21–59%) for Stage 2 and 20% (95% CI = 
10–34%) for Stage 1 over a period of 1 to 4 years 52. However, due to 
the potentially long duration of the preclinical phase and the limited 
follow-up periods many studies had, these estimates are subject to 
considerable uncertainty. 
 
Historically, most disease-modifying interventions have been tested in 
patients with clinical dementia or MCI, by which point Aβ-related 
neurodegeneration may be irreversible. One hypothesis proposes that 
early pathological events, like the buildup of Aβ plaques, trigger 
subsequent developments such as the spread of tau pathology, which 
may eventually progress independently of the initial Aβ accumulation 
55. The emerging therapeutic strategy, similar to approaches used in 
treating or ideally even preventing other medical conditions such as 
cardiovascular disease, cancer, stroke, HIV/AIDS, and diabetes, is to 
intervene earlier in the disease process to potentially halt disease or at 
least improve treatment outcomes. The largest secondary prevention 
study in preclinical AD to date, the Anti-Amyloid Treatment in 
Asymptomatic AD (A4) Study, found that their specific treatment—
solanezumab, a monoclonal antibody targeting the mid-peptide region 
of  Aβ—did not slow cognitive decline over a 4.5-year treatment period 
56. However, the trial confirmed a high prevalence of Aβ plaques in CN 
individuals and provided evidence of cognitive, clinical, and functional 
decline in preclinical AD. As previously discussed 57, two recent studies 
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in early symptomatic AD demonstrated that treatment with lecanemab 
31 and donanemab 32 led to significant reductions in Aβ levels and 
slowed cognitive decline. These positive cognitive outcomes suggest 
that the absence of cognitive benefits with solanezumab in the A4 study 
may have been due to its inability to sufficiently lower Aβ levels. 
Currently, the potential of lecanemab and donanemab to reduce Aβ and 
enhance cognitive outcomes is being tested in preclinical AD, with 
several ongoing trials using cognitive measures comparable to those 
employed in the A4 study (e.g., AHEAD 3-45 study 34, 
TRAILBLAZER-ALZ 3 trial 35, and DIAN-TU Amyloid Removal 
trial). 
 
Reviews 48–50 have reported that the relationship between cognitive 
function and preclinical AD biomarkers, while statistically significant, 
is relatively weak. This cognitive impairment is most evident in memory 
functions, but is also seen global cognitive function, visuospatial skills, 
processing speed, language, attention, and executive functions. Recent 
findings show similar results 58, but many studies indicating no 
significant association between cognitive function and the preclinical 
phase of AD 59–61. However, importantly, CN with Aβ have been shown 
to display cognitive decline over time 62–66 when observed over longer 
periods and face a greater likelihood of advancing to dementia 67–70.   
 
The weak cross-sectional association may be attributed to several 
factors. First, cognitive impairments might only become detectable in 
the late preclinical phase of AD, closer to the onset of MCI. In studies 
focusing on preclinical AD populations, the long-term clinical outcomes 
remain uncertain, and considerable proportion of individuals may not 
progress to clinical AD. Additionally, normal fluctuations in cognitive 
performance 71, practice effects 72, and the concept of cognitive reserve 
73 can obscure the detection of subtle cognitive decline. Conventional 
cognitive tests also have inherent limitations, as many are not designed 
to identify very slight impairments in preclinical populations 74. 
 
Given that this cognitive impairment is often subtle and observable 
typically over extended periods, clinical trials assessing various 
pharmaceutical and lifestyle interventions face challenges related to 
practicality and cost. Consequently, there has been significant effort to 
develop new cognitive assessment measures and tools. One such 
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measure is composite scores, which are typically created by normalizing 
and combining standardized z-scores 75. These scores are commonly 
used in research, and has been recommended as an outcome for clinical 
trials in early AD 76, with PACC being a prominent example for 
preclinical AD 69. It typically includes the following components: (1) 
Mini-Mental State Examination (MMSE): a cognitive screening test 
assessing global cognitive function; (2) Logical Memory (LM) Delayed 
Recall: A test from the Wechsler Memory Scale (WMS), assessing the 
ability to remember a narrative story after a delay; (3) Digit Symbol 
Substitution Test (DSST): A subtest of the Wechsler Adult Intelligence 
Scale (WAIS), evaluating processing speed and executive function; (4) 
Free and Cued Selective Reminding Test (FCSRT): Specifically, the 
total recall score, which measures the ability to learn and recall words. 

 
The PACC, employed as an outcome measure in the A4 secondary 
prevention study and various observational studies, has demonstrated 
greater sensitivity than individual cognitive test scores in detecting 
longitudinal cognitive changes during the preclinical stages of AD 77,78. 
Furthermore, subtle cognitive decline on PACC has been associated 
with a fivefold increased risk of progression to an MCI diagnosis 79. 
While PACC is a theory-driven composite, data-driven approaches have 
led to its optimization, resulting in variants such as PACC5 (with the 
inclusion of semantic fluency) 64 and Knight-PACC (e.g., with the 
exclusion of MMSE) 80.  
 
Significant attention is also directed toward developing new cognitive 
assessment tools, particularly those with increased sensitivity to 
preclinical AD 20,21,81. These include app-based tests that can be 
administered remotely and unsupervised, which often incorporate 
innovative paradigms designed to enhance the identification of early 
cognitive decline. Relevant advancements will be discussed in more 
detail in the subsequent sections. 
 

1.2.3.1 SUBJECTIVE COGNITIVE DECLINE  
 
Another factor in the context of preclinical AD is subjective cognitive 
decline (SCD), which refers to self-reported experiences of declining 
cognitive function without objective evidence from cognitive tests. 
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Emerging evidence suggests that subjective complaints may precede 
objective memory impairment during AD clinical progression. A 
growing number of CN individuals, worried about experiencing reduced 
cognitive function, are seeking medical assistance. The term SCD was 
developed to describe this condition, which may represent the late 
preclinical phase of AD. Research indicates that individuals with SCD 
have an increased risk of progressing to MCI and dementia 82. However, 
the majority of those with SCD will not develop increasing cognitive 
decline. SCD is a condition that can evolve in different ways over time 
due to a variety of potential underlying causes other than AD (including 
reversible causes, such as depression) 83. 
 
In 2014 7 and further developed in 2020 83, an international working 
group of researchers and clinicians proposed a standardized framework 
for SCD research, offering standardized terminology and criteria. The 
SCD criteria include two main features. First, a self-reported, sustained 
decline in cognitive ability compared to a previously normal state, not 
related to an acute event. This criterion suggests that SCD reflects 
perceived cognitive decline from the individual's perspective. The 
second criterion is normal performance on standardized cognitive tests 
used to classify MCI, with adjustments made for age, sex, and 
education. Thus, the individual's cognitive function appears unimpaired 
from an objective perspective. 
 
Several characteristics, known as SCD plus features, have been 
identified as indicators of a higher risk of objective cognitive decline. 
These features encompass: subjective memory decline, onset of SCD 
within the past five years, onset of SCD in individuals over the age of 
60, concerns associated with SCD, confirmation of cognitive decline by 
an observer, consistent SCD over time, pursuing medical help due to 
SCD, and presence of APOE ε4 83. Individuals with SCD who exhibit 
positive biomarkers for AD are more likely to be at risk of progressing 
to MCI and dementia 84. Furthermore, those with SCD who test positive 
for Aβ demonstrate a more significant cognitive decline compared to 
individuals who are Aβ positive but do not have SCD 85.  
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1.2.4 MILD COGNITIVE IMPAIRMENT   

The term MCI was first coined in the late 1980s 86 to describe 
individuals in a transitional stage between normal aging and dementia. 
This was during a period when biomarkers for AD were not yet available 
for routine clinical use. In the 1990s, the first clinical criteria for MCI 
were proposed at the Mayo Clinic 87. According to these criteria, 
individuals were classified as having MCI if they reported memory 
complaints corroborated by objective deficits in episodic memory tests, 
while not meeting the criteria for dementia. Additionally, individuals 
had to maintain general cognitive functioning and perform daily 
activities independently. This initial definition primarily focused on 
memory issues as early indicators of AD. 

In 2003, the Key Symposium led to an expanded set of international 
criteria for MCI 88,89, broadening the scope to include a variety of 
cognitive profiles and etiologies. This revision clarified the concept, 
recognizing that impairments in other cognitive domains than memory 
could also be present in MCI. 

More recently, NIA-AA tasked a workgroup with re-examining MCI 
criteria in the context of AD. The NIA-AA proposed criteria specifically 
for MCI due to AD, which largely align with the core clinical criteria 
established by the 2003 MCI Key Symposium, while incorporating 
newer insights related to biomarkers 5.  

In 2013, the Diagnostic and Statistical Manual of Mental Disorders, 
Fifth Edition (DSM-5), included a category for MCI, which was termed 
Mild neurocognitive disorder. This classification mirrors the expanded 
criteria for MCI, reflecting a broader understanding of cognitive 
impairments beyond memory issues. 

According to the expanded criteria, an MCI diagnosis requires a self-
reported or informant-reported cognitive complaint, typically gathered 
through interviews with the individual or their close relatives. This 
subjective cognitive complaint must be supported by objective cognitive 
assessments, such as neuropsychological test batteries. Objective 
cognitive impairment is defined as performance significantly below the 
expected level in one or more cognitive domains, typically 1 to 1.5 SD 
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below the mean, based on age- and education-matched normative 
data 5,88,89. These ranges serve as guidelines rather than strict cutoff 
scores. Since finding one impaired test result in a comprehensive battery 
is not uncommon, it has been recommended that criteria for MCI include 
at least two impaired scores (of 1 SD) within a single cognitive domain 
(i.e., Jak/Bondi criteria) 90,91. Additionally, individuals must maintain 
independence in daily activities, as assessed through interviews and 
scales measuring activities of daily living (ADL) and instrumental 
activities of daily living (IADL). Lastly, individuals must still be 
functionally independent and not meet the criteria for dementia. In Table 
2, a comparison of major definitions of MCI is listed. 
 
The expanded criteria also introduced the concept of MCI subtypes, 
categorizing patients into two main groups: amnestic MCI (a-MCI) and 
non-amnestic MCI (na-MCI). Patients with a-MCI exhibit significant 
impairment in episodic memory, while those with na-MCI show deficits 
in other cognitive areas like executive functions, language, or 
visuospatial skills. MCI can affect either a single cognitive domain 
(MCI single domain) or multiple domains (MCI multiple domain), 
leading to four possible clinical subcategories: (a) a-MCI–single 
domain, (b) a-MCI–multiple domain, (c) na-MCI–single domain, and 
(d) na-MCI–multiple domain. There is evidence suggesting that specific 
subtypes are linked to a heightened likelihood of developing specific 
types of dementia 88, e.g., a-MCI–multiple domain has typically higher 
risk for AD, although this has only been partially confirmed 92–95. 
Moreover, more sophisticated statistical methods have been suggested 
for identifying empirically derived subtypes of MCI, rather than relying 
solely on theoretical criteria. These aim to better characterize MCI and 
its associations with biomarkers, diagnostic stability, and disease 
progression 96,97.  
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Table 2. Clinical characterization of MCI. Criteria according to major definitions are 
listed. Abbreviations: NIA-AA, National Institute on Aging-Alzheimer's Association 
workgroup; DSM-V, fifth edition of the Diagnostic and Statistical Manual of Mental 
Disorders; X: criterion required. This table was first published in Journal of Internal 
Medicine, volume 275, issue 3. Petersen  et al. (2014). Mild cognitive impairment: a 
concept in evolution. Copyright John Wiley and Sons. Reprinted with permission from 
John Wiley and Sons.   

 

 
 
In meta-reviews 98–100, the global prevalence of MCI has been 
documented at 16% (95% CI = 13–18%) to 21% (95% CI = 17–26%). 
However, substantial variability exists, driven by differences in 
diagnostic criteria, geographic regions, and demographic factors. 
Among these, age emerged as a key factor associated with the 
prevalence of MCI. The risk of progression to dementia among those 
with MCI was found to be 34% (95% CI = 26–42%), with 31% (95% 

Definitions Original 
Mayo 
Clinic 

Expanded/ 
Key 

Symposium 

NIA-AA DSM-5 

Criteria 
Self- or informant-
reported memory 
complaint 

x 
   

Self- or informant-
reported cognitive 
complaint 

 
x x x 

Objective memory 
impairment 

x 
   

Objective cognitive 
impairment 

 
x x x 

Essentially 
preserved general 
cognitive 
functioning 

x 
   

Preserved 
independence in 
functional abilities 

x x x x 

No dementia x x x X 
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CI = 24–37%) specifically progressing to AD. Notably, a considerable 
number of individuals with MCI either maintain a stable condition or 
return to normal cognitive functioning. A substantial portion of patients 
with MCI, ranging from 40% to 70%, may not develop dementia even 
after a decade 101. This variability in progression rates may be attributed 
to the heterogeneity of MCI, as not all cases lead to AD.  
 
Accurate classification of MCI in clinical practice is crucial to avoid 
misdiagnosing individuals who may later return to normal cognitive 
function. This can occur when people initially diagnosed with MCI—
potentially due to factors unrelated to AD—are reassessed and found to 
have scores within normal range  102. Given the various potential causes 
of MCI, such as degenerative, vascular, depressive, traumatic origins, 
medical comorbidities, or mixed etiologies, a comprehensive 
assessment, including a detailed history, is typically performed. This 
assessment aims to rule out other systemic or neurological conditions 
that could explain the cognitive decline, thus increasing the likelihood 
of accurately identifying AD. For instance, it is essential to exclude 
signs of Parkinsonism, often associated with dementia with Lewy 
bodies. Similarly, multiple vascular risk factors or evidence of 
widespread cerebrovascular disease may suggest vascular cognitive 
impairment, while significant behavioral or language disorders could 
indicate frontotemporal lobar degeneration. These pathological features 
can coexist with AD, especially in older individuals. Such overlap 
makes it challenging to pinpoint the primary cause of cognitive 
impairment during life, as AD pathology often coincides with other 
conditions, both contributing to cognitive dysfunction 5. 
 
In complex cases, additional testing—including neuroimaging, fluid 
biomarker analysis, and neuropsychological assessments—is often 
necessary. These tests can be used to provide evidence supporting the 
primary etiology of the clinical syndrome in individuals with MCI and 
to assess the probability of cognitive and functional decline from MCI 
to dementia 103. 
 
The use of biomarkers for AD in MCI has evolved significantly over 
time. For instance, the NIA-AA criteria 5 utilize biomarkers such as Aβ 
and indicators of neuronal injury to categorize patients into groups with 
varying likelihoods of having MCI due to AD: unlikely, intermediate, 
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and high likelihood. Research indicates that individuals with MCI who 
also test positive for AD biomarkers are at a heightened risk of 
progressing to AD dementia. For instance, one study (n = 1607) reported 
a 59% three-year progression rate to AD-type dementia in those with 
MCI who exhibited both Aβ plaques and signs of neurodegeneration. In 
contrast, the progression rate was 22% among individuals with only Aβ 
pathology, and a significantly lower 5% in cases where both Aβ and 
neurodegeneration markers were absent 104. Recent research has 
increasingly highlighted the prognostic value of tau PET imaging in 
predicting future cognitive decline among individuals with MCI 105,106. 
 
Cognitive tests can be used to predict the progression from MCI to 
dementia. A meta-analysis 107 reported the sensitivities and specificities 
of various cognitive tests, noting that many tests demonstrated high 
sensitivity and specificity, or both, in discriminating between 
progressive MCI and non-progressing MCI. A few tests, particularly but 
not exclusively memory tests, achieved excellent sensitivity and 
specificity. It is further reported that many studies have shown that 
combining cognitive tests leads to better performance compared to using 
a single test. For instance, pairing a memory test (e.g., episodic memory) 
with assessments of other cognitive domains, such as language, visual 
perception, and executive function, often results in more accurate 
outcomes. 
 
The recommendation to use combinations of test scores is further 
supported by findings that single low or abnormal scores are often 
observed in CN individuals when multiple tests are administered, likely 
due to chance 108. This suggests that using a composite of test scores can 
provide a more reliable assessment, helping to differentiate between true 
cognitive impairment and normal variations in test performance. 
 
Importantly, combining AD biomarkers with cognitive tests can 
significantly improve the prediction of progression from MCI to AD 
dementia. It has been found that the risk of transitioning is 7% in patients 
without the use of biomarkers or cognitive tests. This risk increased to 
43% with the presence of abnormal CSF biomarkers and reached 86% 
when both abnormal CSF biomarkers and cognitive tests—using a 
composite of episodic memory, executive function, and verbal fluency 
tests—were considered 109. Other studies have found that combining 
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cognitive scores with MRI and CSF features outperforms any single data 
modality in predicting the progression from MCI to AD dementia 110. 
For instance, one study achieved an AUC of 0.96, indicating a very high 
level of predictive accuracy when using this multimodal approach 111. 
 

1.3 ADVANCEMENTS IN THE 
NEUROPSYCHOLOGY OF ALZHEIMER’S 
DISEASE  

 
To address the previously stated three challenges in the 
neuropsychology of AD—(1) the absence of demographically adjusted 
and region-specific norms for conventional tests, (2) the lack of models 
addressing the differential sensitivity of these cognitive tests, and (3) the 
limited sensitivity and scalability of traditional assessments— 
significant advancements have been made in recent years. 
 
This thesis focuses on three key areas of advancement: 
 

1. Demographically adjusted regression-based norms: 
Cognitive assessments in clinical settings often rely on norms 
derived from culturally and demographically diverse 
populations, which may not accurately reflect the characteristics 
of regional groups. This thesis seeks to establish regression-
based norms tailored to Swedish contexts, accounting for 
demographic variables. These regional norms are intended to 
improve the precision of cognitive assessments by ensuring that 
test scores are interpreted within the appropriate contextual 
framework. The norms are developed and validated in Paper I. 
 

2. Statistical disease progression modeling for Alzheimer’s 
disease: Understanding the trajectory of cognitive decline in AD 
is of importance for clinical practice and clinical trials. In this 
thesis, a novel statistical model are employed to construct a 
disease timeline that explores continuous cognitive decline and 
varying test sensitivities. This models may not only enhance our 
understanding of disease progression but also inform the 
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selection of cognitive tests most suitable for different disease 
stages. This statistical disease progression model is explored in 
Paper II. 

 
3. Unsupervised and remotely administered app-based 

cognitive tests: The increasing accessibility of digital 
technologies has made remotely administered cognitive 
assessments feasible and practical. This thesis examines the 
validation of app-based tests that can be administered outside 
traditional clinical settings. These digital assessments offer 
scalable solutions for cognitive testing and may provide more 
sensitive tools for detecting preclinical AD. These innovations 
are investigated in Papers III and IV. 

 

1.3.1 DEMOGRAPHICALLY ADJUSTED 
REGRESSION-BASED NORMS 

1.3.1.1 IMPORTANCE OF LOCALLY DEVELOPED NORMS   
 
The first advancement in the field of neuropsychology for AD that is 
addressed in this thesis is the development of test norms. Norms serve 
as a reference to help neuropsychologists and other healthcare 
professionals interpret raw test scores. These norms are derived from a 
defined population, typically consisting of healthy individuals without 
cognitive impairments and provide a benchmark for expected 
performance levels. Significant deviations from these norms can 
indicate cognitive impairments, such as in AD. Norms are also 
instrumental in categorizing patients into diagnostic groups such as CN, 
MCI, or dementia 112,113. For example, if a patient recalls 10 out of 36 
items on a memory test, this result only becomes meaningful when 
compared to the norm, which might indicate that an average 
performance would involve recalling 18–19.5 items, within a certain 
SD. This comparison allows clinicians to interpret the patient's cognitive 
abilities relative to the normative data accurately.  
 
However, knowing the mean and SD is often insufficient for interpreting 
neuropsychological test scores, as these scores can be influenced by 
factors such as age, sex, and education. For instance, older individuals 
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typically score lower than their younger counterparts in the general 
population. Therefore, the normative score range for a man aged 76 with 
nine years of schooling will differ from that for a man aged 49 with 17 
years of schooling. To accurately assess a patient's performance, it is 
crucial to adjust the norms based on the individual's demographic 
characteristics. This process, known as norm-referenced interpretation, 
ensures that test scores are compared to a relevant population that 
mirrors the patient's demographic background 112,113. 
 
In Sweden, many neuropsychological tests used by clinicians and 
researchers rely on norms derived from other populations, sometimes 
dating back decades (often to the 1990s or earlier). This means Swedish 
clinicians may use norms from other countries without knowing if they 
are valid in the local context. Differences in average cognitive 
performance, demographic influences, cohort variations, and cultural 
factors can all affect the validity of these norms 114,115. Given that 
neuropsychological test scores are crucial for clinical decisions, it is 
essential to develop regional norms and assess the implications of using 
imported ones. 
 
Recent efforts have focused on developing and evaluating Scandinavian 
norms in comparison to those commonly used in Swedish clinical 
practice, which are typically derived from North America, particularly 
the US 116–118. For instance, a study on the Controlled Oral Word 
Association Test (COWAT FAS) involving adults from Norway and 
Sweden revealed that US norms did not adequately account for age or 
education effects in the Scandinavian sample 119. Older participants with 
higher education levels scored higher than US norms, potentially due to 
differences in word frequency between English and Norwegian. Another 
study examined the Rey Auditory Verbal Learning Test (RAVLT) in a 
Swedish and Norwegian cohort aged 49 to 79, uncovering notable 
differences from US norms 120. These findings underscore the 
importance of developing regional norms and the challenges associated 
with applying foreign norms in a regional context. 
 
Variations in neuropsychological performance across countries, regions, 
and cultures can arise from diverse factors such as health conditions, 
socioeconomic status, nutrition, physical and social activities, cognitive 
stimulation, education quality, and pollution. As a result, demographic 
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factors such as age, education, and sex may influence test scores 
differently in various countries. For example, the cognitive performance 
gap between younger and older individuals might be more noticeable in 
certain countries due to differences in healthcare access and 
socioeconomic conditions 121–123.  
 
The time of assessment also matters, as population-level cognitive test 
performance can change over time. The increase in cognitive 
performance, known as the Flynn effect 124, has been observed over the 
past century and is attributed to improvements in education, nutrition, 
healthcare, economic conditions, and reduced family size 125,126. While 
there are evidence suggesting stagnation of the Flynn effect 127, 
guidelines suggest caution with norms older than 15 years and deem 
norms over 20 years as inadequate 128. 
 

1.3.1.2 REGRESSION-BASED NORMS VERSUS TRADITIONAL 
NORMS  

 
Traditionally, norm developers calculate normative statistics, such as 
the mean, SD, or percentiles, by categorizing participants into subgroups 
based on demographic variables like age or sex (often referred to as 
traditional or discrete norms). Dichotomous variables, such as sex, 
typically divide the sample into two categories, while continuous 
variables, such as age and education, are often grouped into intervals 
(bins) to manage sample size limitations. For example, age may be 
divided into ten-year bins, such as 70–79 years 113. 
 
Traditional norming methods require large sample sizes because of how 
the scores are distributed within each specific bin used to derive 
normative statistics. Therefore, each bin must be representative of its 
population (e.g., men aged 70–79 years). To sample a normal 
distribution within each bin, a substantial sample size is necessary, 
making the development of norms resource-intensive. Another 
limitation of traditional norms is that they can produce misleading 
results due to these broad demographic categories. When individuals are 
near the edge of a bin, small demographic differences can lead to 
significantly different score interpretations. For example, identical test 
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scores might be interpreted differently even if their ages differ by just a 
few days (e.g., 78 years and 364 days vs. 79 years and 1 day). 
 
An alternative to traditional norms is linear regression analysis for 
estimating norms 129. This method models the relationship between 
predictors (such as age, education, and sex) and test scores through 
regression coefficients. It offers several advantages: 
 
First, it uses the entire sample to generate normative statistics, avoiding 
arbitrary demographic categories and improving efficiency. This 
approach can achieve similar precision to traditional methods with up to 
5.5 times smaller sample sizes 130.  

 
Second, regression-based norms are impacted to a smaller extent by 
sample imbalances and allow for the estimation of scores across all 
demographic combinations 131. 

 
Third, it eliminates the need for arbitrary stratification (i.e. bins), 
providing a smooth and continuous estimation of normed scores across 
varying predictor values. This reduces the risk of differing 
interpretations for nearly identical performances, which can occur when 
individuals are on the edge of bins 132. 
 
Importantly, it is crucial that norm developers ensure the assumptions of 
linear regression analysis are met when applying regression-based 
norming; otherwise, the resulting norms will be invalid 130. In this thesis, 
these considerations will be thoroughly discussed. 
 

1.3.1.3 REY COMPLEX FIGURE TEST (RCFT) 
 
The Rey Complex Figure Test (RCFT) is among the most widely used 
neuropsychological assessments in clinical practice in the US 133, 
Sweden 134 and Norway 135. It assesses not only episodic memory but 
also visuospatial and executive functions (in Figure 4, examples of 
performance on the RCFT are shown). 
  



Advancements in the Neuropsychology of Alzheimer's Disease 

26 

 
 
 

 
 
Figure 4. Examples of performance on the RCFT. The original figure is not shown in 
order to be compliant with Swedish law of test confidentiality. The figure depicts 
performance of individuals after cerebellar low‐grade astrocytoma surgery. This 
figure was first published in the Journal of Neuropsychology, volume 11, issue 2. 
Starowicz-Filip et al. (2015). The visuospatial functions in children after cerebellar 
low‐grade astrocytoma surgery: A contribution to the pediatric neuropsychology of 
the cerebellum. Copyright John Wiley and Sons. Reprinted with permission from John 
Wiley and Sons.    
  

 
 
The RCFT originated from a task developed by André Rey in 1941, 
which was later standardized by Paul Alexandre Osterrieth 136. Initially 
intended to evaluate visuospatial constructional ability and visual 
memory, the RCFT has also been valuable for assessing executive 
functions, including organization, planning, and fine motor skills. The 
time taken to copy the figure can reflect processing speed 137. 
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At the beginning of the task, participants are asked to replicate a 
complex geometric figure onto a plain sheet of paper. This task requires 
organizing the figure into a coherent perceptual unit. After completing 
the copy, both the stimulus and the copied figure are taken out of the 
participant's view. Shortly afterward, the participant is asked to recreate 
the figure from memory (immediate recall), followed by a delayed recall 
after 30 minutes. Philip Fasteneau 138 and John Meyers 139 later 
expanded the RCFT by adding a recognition component. This study 
followed the administration procedure detailed in the professional 
manual 140 
 
The RCFT is validated in diverse clinical settings 141 and has been shown 
to distinguish between healthy controls and individuals with MCI with 
those having MCI scoring lower on all RCFT trials 142. Furthermore, the 
RCFT can differentiate between vascular and suspected AD-related 
MCI, with AD-related MCI exhibiting more severe impairment in the 
delayed recall of the RCFT 143. This finding aligns with the observation 
that memory is notably impaired in MCI due to AD. Qualitative analysis 
of the RCFT has also been reported to differentiate between AD, 
vascular dementia, and Parkinson's disease, with more severe 
visuospatial impairments observed in the latter two conditions 144. In a 
related study, poor performance on figure-copying tests in AD patients 
has been linked to decreased volumes in the parietal lobe, particularly 
the right parietal cortex, which is known to be affected by AD. This 
deterioration in AD was linked to deficits in spatial attention and spatial 
perception. In contrast, patients with frontal lobe dementia did not show 
similar parietal volume reductions; their poor performance was related 
to impairments in spatial planning and spatial working memory. These 
findings highlight the specific visuospatial deficits in AD and support 
the use of the RCFT for assessing these particular cognitive impairments 
145  
 

1.3.1.4 NORMS FOR REY COMPLEX FIGURE TEST (RCFT) 
 
Despite the widespread use of the RCFT in clinical practice in Sweden, 
no locally developed norms are available. The norms most frequently 
used include those presented in the professional manual, which originate 
from North America 140. Multiple norms are available for older, healthy 
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populations across different regions, including additional ones from 
North America 146–148, Germany 149, Ireland 150, the Czech Republic 151, 
Spain 152, Latin America 153, Great Britain 150, Italy 154 Canada  155, 
Lebanon 156, and Greece 157. In these norms, demographic variables such 
as age, education, and sex influence RCFT performance. Age, in 
particular, most consistently plays a role, with older age groups 
generally showing lower performance on the copy, immediate recall, 
and delayed recall tests. Higher education levels are often associated 
with better RCFT scores, though this effect is generally smaller than that 
of age. The influence of sex on performance is less clear, with some 
studies noting differences 150, while most report no significant sex-based 
differences.  
 
The North American norms (original norms) outlined in the professional 
manual 140, commonly used in Scandinavia, were derived from a study 
involving 601 individuals aged 18 to 89, tested during the early 1990s. 
This sample was compiled from various groups: 134 students, 74 
individuals who were friends or family of patients at a facility for head 
injury treatment, and 393 people from diverse suburban communities 
across the western and midwestern US, as well as British Columbia and 
Canada.  
 
To address the issue of missing Swedish norms, it is essential to 
establish new norms based on regional populations in Scandinavia. This 
thesis focuses on evaluating the impact of demographic variables on 
performance on the RCFT, developing norms specifically for Swedish 
and Norwegian populations, and comparing these new norms with the 
original norms provided in the professional manual. 140. We 
hypothesized that our norms would be influenced by demographic 
variables differently from the original norms. These norms would offer 
a more accurate fit to the independent comparison sample. 
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1.3.2 STATISTICAL DISEASE PROGRESSION 
MODELING IN ALZHEIMER’S DISEASE 

1.3.2.1 IMPORTANCE OF TEST SELECTION IN CLINICAL 
PRACTICE AND CLINICAL TRIALS 

 
To understand the neuropsychological processes of AD and the 
relationships between symptom profiles and pathophysiological 
processes, it is key to recognize the progressive nature of the disease, 
where patients progress along a continuum that can last several decades. 
These types of questions can be addressed by statistical disease 
progression modeling 158,159, the second subject to be investigated in this 
thesis. As widely acknowledged, cognitive tests play a critical role in 
AD clinical practice 103,160. As more effective treatments for AD become 
available 161, including but not limited to lecanemab 31, and donanemab 
32, healthcare systems must be equipped to diagnose patients early and 
deliver timely interventions. This underscores the importance of 
selecting cognitive assessments that are reliable, valid, and sensitive to 
meaningful clinical changes 162. Early diagnosis is critical even in the 
absence of advanced therapies, as it empowers patients to adopt lifestyle 
changes that may mitigate or delay cognitive decline 51,163. A timely 
diagnosis can also enhance patient agency—enabling the patient to plan 
for the future and better understand their condition 164. Given the 
substantial societal costs associated with dementia 165, early 
assessment—despite its significant initial expense—proves to be cost-
effective over time. Identifying AD patients at an early stage results in 
considerable long-term cost savings compared to scenarios where 
treatment is delayed 166. These factors underscore the importance of 
utilizing cognitive tests that are the most suitable for the target 
population.  
 
Cognitive assessments also serve as key endpoints in clinical trials for 
emerging AD therapies . Despite a growing emphasis on the early stages 
of AD in clinical research, many phase 3 trials still rely on cognitive 
tests that have limitations, such as ceiling effects in common screening 
tools 167–170. Prioritizing assessments with demonstrated validity 171 and 
clinical relevance 172 is essential for obtaining meaningful outcomes.  
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Cognitive tests additionally play a role in determining eligibility for 
clinical trials. Many trials still use simpler screening tools like the 
MMSE to help categorize participants into clinical groups 173–175. To 
achieve adequate statistical power for detecting treatment effects on 
cognitive performance in preclinical AD trials, studies may need to last 
at least four years and include approximately 2,000 participants per 
group 176. One contributing factor is the variability within the trial 
population, as individuals may be at different stages of the disease 
continuum, even within defined clinical stages. Improving the selection 
of cognitive tests and refining inclusion criteria in clinical trials could 
help better characterize trial populations and reduce variability.  
 

1.3.2.2 AVAILABLE STATISTICAL METHODS FOR MODELING 
DISEASE 

 
Statistical disease progression modeling can provide valuable insights 
into the varying sensitivity of cognitive tests across the AD continuum. 
However, the development of robust models for AD progression has 
been constrained by the limited availability of studies with available 
biomarker and clinical data that track individuals over the full course of 
the disease, from preclinical stages to dementia, spanning several 
decades. Most research select individuals at different points in the 
disease, resulting in short-term, momentary views of longer disease 
trajectories. This fragmented approach hampers the ability to model the 
complete progression of AD 159. 
 
Nonetheless, rich datasets like those from The Alzheimer’s Disease 
Neuroimaging Initiative (ADNI) offer longitudinal cognitive 
measurements across multiple stages of the disease. A promising 
approach is to combine these short-term trajectories into a unified, long-
term timeline that captures the complete range of cognitive decline. By 
constructing a continuous disease timeline, we can gain a more 
comprehensive understanding of AD progression and, consequently, the 
differing sensitivity of cognitive tests at various stages. Despite the 
availability of such data, modeling disease progression remains 
challenging. Individuals progress through AD at different rates, with 
symptoms appearing at varying ages. Additionally, AD pathology often 
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begins years before clinical symptoms emerge, further complicating 
efforts to accurately model the disease's progression 177. 
 
To model longitudinal data, multilevel models such as mixed-effects 
models are particularly useful. These models handle repeated 
measurements flexibly, addressing missing data, irregular intervals, and 
variability both within and between participants. Mixed-effects models 
incorporate fixed effects, representing consistent factors like baseline 
disease severity (e.g., CN, MCI, dementia), and random effects, which 
capture variability between groups or individuals, such as differences 
between patients at the same disease stage 178. 
 
Conventional linear mixed-effects models (LMMs) have limitations 
when dealing with non-linear effects. In AD, cognitive scales often 
display strong non-linear trajectories over the course of disease, and an 
individual’s placement along the trajectory of cognitive decline will thus 
be a non-linear effect that cannot be captured by LMMs. To address 
these limitations, non-linear mixed-effects models have been proposed 
as more effective tools for modeling disease progression in AD. 
Donohue and colleagues 179 introduced growth models that 
simultaneously modeled multiple cognitive measures and biomarkers. 
This approach was later generalized into Bayesian latent-time joint 
mixed-effects models 180. More recently, Raket refined this model to 
provide a more detailed analysis of cognitive decline, estimating disease 
timelines based on repeated assessments of a single measure, such as a 
cognitive test, and modeling both vertical (observed cognitive scores) 
and horizontal (disease timing) variations 158. However, Raket’s model 
did not allow for the simultaneous analysis of multiple outcomes. 
 
Kuhnel and colleagues 177 expanded Raket's model to incorporate 
several cognitive measures with varying sensitivities across disease 
stages. A non-linear mixed-effects disease progression model was used 
to evaluate the benefits of predicting disease stage and future 
progression in cognitive decline by combining MMSE, CDR Sum of 
Boxes, and ADAS-cog. This model estimated a timeline of disease 
progression (in Figure 5, the mean trajectories of these measures 
modeled across the disease timeline are displayed), enabling the 
assessment of sensitivity of cognitive measures and their respective 
items across the disease course (Figure 6). Kuhnel's model 
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outperformed previous approaches 179,180 in predicting future cognitive 
decline, better capturing the progression of cognitive scores in AD.  
 
 

 
 
Figure 5. Mean trajectories for the three cognitive measurements were estimated 
concurrently using the disease progression model. The model's predicted disease 
month represents a time scale adjusted for both group-level (fixed) and individual 
(random) variations in disease stage. This figure was first published in Statistics in 
Medicine, volume 40, issue 14. Kühnel et al. (2021). Simultaneous modeling of 
Alzheimer's disease progression via multiple cognitive scales. Copyright John Wiley 
& Sons. Reprinted with permission from John Wiley & Sons. 

 

 
 
Figure 6. Item sensitivity of the Mini-Mental State Examination (MMSE) was 
evaluated over the predicted disease timeline. The displayed intervals were used to 
compare item sensitivity. Analysis of item sensitivity along the disease timeline 
revealed that delayed memory items were most sensitive during the initial stages, while 
language and attention-related items showed greater sensitivity in the later stages. 
This figure was first published in Statistics in Medicine, volume 40, issue 14. Kühnel 
et al. (2021). Simultaneous modeling of Alzheimer's disease progression via multiple 
cognitive scales. Copyright John Wiley & Sons. Reprinted with permission from John 
Wiley & Sons.   
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While cognitive impairment has been characterized along pre-defined 
stages of AD 181,182, there is limited research evaluating individual 
cognitive tests on a continuous scale across the entire disease spectrum. 
Our study aimed to address this gap, by applying a novel non-linear 
mixed-effects disease progression model designed to model continuous-
time disease progression 158,177 in order to assess the decline in 
performance on established cognitive tests and composites. 
Longitudinal cognitive data were aligned with a disease timeline 
constructed using biomarker assessments, specifically Aβ and tau PET 
imaging 11, and functional measures of IADL (Functional Activities 
Questionnaire, FAQ) 183.  
 

1.3.3 UNSUPERVISED REMOTELY ADMINISTERED 
APP-BASED COGNITIVE TESTS 

 
The third advancement addressed in this thesis is unsupervised remotely 
administered app-based testing. Recent technological progress has made 
it possible to conduct cognitive assessments via apps. In addition to the 
app-based testing examined in this thesis, similar areas of research exist, 
which, however, are beyond the scope of this thesis. These include, but 
are not limited, to passive monitoring 184, novel data collection (e.g., 
virtual reality, eye movement or digital pens) 185,186, personal computer-
based assessments 16,187, automatic speech and voice analysis 188,189, 
digital cognitive testing for elderly populations in general 190,191. A few 
reviews also cover digital cognitive testing in specific AD stages, 
including preclinical AD 20,21 and clinical stages of AD 19.  
 

1.3.3.1 LIMITATIONS OF CONVENTIONAL COGNITIVE 
ASSESSMENTS 

 
Conventional neuropsychological assessments face significant 
scalability issues due to their reliance on trained professionals and the 
necessity of in-person participation for each test session. This 
requirement severely limits their practicality, particularly in scenarios 
that require screening of large populations, frequent testing or extended 
follow-up periods. The recent approval of disease-modifying therapies 
in several countries underscores the critical need for better accessibility 
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in order to ensure that these treatments are made available to the right 
patient. However, timely and precise diagnostics remain a major 
challenge, especially in primary care settings, in which many patients 
are diagnosed readily in numerous health care systems around the world. 
Current diagnostic tools for AD are largely confined to specialized care 
units, which may result in diagnosing the disease only after it has 
progressed to a stage where treatments are less effective. Moreover, 
these facilities, despite having advanced equipment, suffer from 
significant resource and accessibility limitations 192–194.  
 
These limitations are further exacerbated in clinical trials involving 
populations with preclinical and early symptomatic AD, which require 
the screening and inclusion of large participant cohorts 195,196. For 
instance, recent clinical trials (e.g., TRAILBLAZER-ALZ 3 trial 35, 
AHEAD 3-45 study 34) are increasingly employing study designs that 
rely heavily on remote screening, thereby amplifying the logistical and 
financial burden associated with conventional cognitive assessments.  
 
Furthermore, conventional cognitive tests may not be optimal for 
detecting very early stages of AD (i.e. preclinical AD), as they were 
primarily designed to identify more pronounced cognitive impairments 
in clinical populations 74. Even though participants with preclinical AD 
typically decline over long periods of time, the cross-sectional 
associations between conventional cognitive tests and biomarkers in CN 
are generally weak 49,50. Additionally, different tests have shown widely 
varying sensitivity to cognitive decline over time. While most tests can 
detect decline over a year in clinical stages of AD, very few are sensitive 
enough to identify such changes in preclinical AD 182. 
 
It has been hypothesized that the detection of subtle cognitive 
impairment can be hindered by several factors. Cognitive reserve, 
representing the brain's capacity to compensate for damage, has been 
proposed—though debated—to mask early signs of decline 73. 
Similarly, normal day-to-day fluctuations in cognitive abilities may 
complicate the identification of genuine changes 71. Practice effects—
where test performance improves due to repeated exposure—can further 
impede the accurate detection of early cognitive deterioration 72. 
Additionally, ceiling effects in conventional cognitive tests, especially 
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screening tests, may limit their sensitivity and make it challenging to 
detect subtle cognitive declines 167–170,197. 
  

1.3.3.2 POTENTIAL OF UNSUPERVISED, REMOTELY 
ADMINISTERED APP-BASED COGNITIVE TESTS 

 
Remote and unsupervised cognitive testing may mitigate several 
limitations associated with conventional paper-and-pencil assessments. 
The self-administered format enables the collection of data from larger 
participant cohorts over extended periods, which is crucial for 
population screening e.g., in large-scale clinical trials. Additionally, by 
allowing participants to complete cognitive tests remotely, these trials 
can recruit a geographically diverse population, including individuals 
from rural and underserved areas, without the need for travel to a central 
testing site 196 .  
 
In health care, conventional cognitive testing methods are resource-
intensive, demanding substantial time and expertise from trained 
professionals. In contrast, app-based testing, when deployed 
unsupervised, offers scalability, enabling the assessment of large patient 
populations with fewer additional resources. This scalability may 
facilitate timely and cost-effective evaluations for a broader patient 
base, enhancing early detection, diagnosis, and monitoring of cognitive 
impairments. Consequently, app-based testing can lead to more efficient 
health care delivery, improved patient outcomes, and reduced overall 
costs 195. 
 
The remote setting not only offers a scalable alternative but also enables 
the development and implementation of novel test designs tailored more 
specifically to preclinical AD 20. For example, as demonstrated in this 
thesis, it allows for long-term delayed recall assessments 198,199, that 
would be unfeasible with conventional methods due to the high patient 
burden and substantial resource demands.  
 
Furthermore, it enables a variety of experimental designs, as detailed 
elsewhere. For instance, frequent cognitive testing allows for more 
nuanced evaluations of learning curves 200–203, enhancing sensitivity to 
subtle cognitive changes. Unlike in-person assessments, typically 
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conducted annually and potentially impacted by day-to-day variability 
that can obscure subtle impairments 204,205, so-called “burst-designs” 
characterized by high-frequency testing may offer more reliable 
longitudinal data for tracking cognitive decline over time 206. 
 

1.3.3.3 CHALLENGES WITH UNSUPERVISED, REMOTELY 
ADMINISTERED APP-BASED COGNITIVE TESTS 

 
While this type of testing shows substantial promise, it also presents 
several challenges related to reliability and validity that need to be 
addressed. Furthermore, the feasibility of administering app-based 
testing in unsupervised and remote settings must be thoroughly 
evaluated. 
 
 
Feasibility aspects  
 
Adherence rates in studies involving remote and unsupervised cognitive 
testing vary, with completion rates ranging from 75% to 93% in prior 
studies 200,203,204,206–208. While adherence to studies of shorter duration 
has typically been high, adherence to longitudinal studies, particularly 
those focused on AD with remote and unsupervised assessments, 
remains less certain. Overall, participant engagement and attrition rates 
in digital studies have presented challenges, with high dropout rates 
frequently observed in digitalized research settings 209.  
 
In this thesis, various feasibility aspects were examined, including 
participants' perceptions and self-reported experiences of performing 
these tests unsupervised and remotely, without in-person support. 
Research shows that older adults are becoming increasingly proficient 
with digital technology—96% of individuals aged 50-64 and 88% of 
those aged 65 and older in the US. use the Internet—similar trends are 
observed in Sweden. The gap in Internet usage between younger and 
older populations is notably small in both the US. and Sweden, though 
it remains significantly larger in several middle- and low-income 
countries. Despite this progress, some individuals may still encounter 
challenges due to limited technical skills or inadequate access to 
technology 210,211. 
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Existing research on app-based testing in both preclinical and clinical 
populations generally supports the feasibility of these tools, with 
participants often finding them user-friendly and enjoyable 202,204,206,212–
214. One study revealed, through in-depth usability interviews, that over 
90% found the tests and app easy to use, with 76% preferring app-based 
tests over conventional methods. Most participants found the screen size 
adequate and the number and duration of tests appropriate, with 86% 
rating their experience positively 212. However, technical support was 
sought by between 16% 213 and 30% 201 of the participants.  
 
Another critical feasibility is the rate of consent and enrollment in 
smartphone-based studies. For example, one study reported an 86% 
consent rate, with common obstacles including concerns about 
smartphone security and limited internet access 201. In a recent study, 
36% of individuals who initially consented to the smartphone study did 
not proceed to enroll in the application or complete any tasks 212. The 
study found that participants who completed valid test sessions were 
generally younger than those who either declined to enroll or did not 
complete at least one session. While there was no association between 
will to participate and biomarker levels, the majority of those 
uninterested in participating were MCI patients. Additionally, 62.5% of 
those who declined participation or failed to enroll within the app had 
either not previously installed an app or only did so with assistance.  
 
Several more potential challenges to remote cognitive assessment have 
been identified in a recent review 215, for example those related to legal 
considerations and patient privacy. A requirement for conducting 
remote cognitive assessments depends on the clinician or researcher 
having relevant tools, including secure software and appropriate 
technology. However, the costs associated with these technologies can 
be prohibitive and often necessitate administrative support, which may 
present additional barriers. Furthermore, a lack of training and 
discomfort with administering cognitive assessments can hinder 
effective implementation. Competency in this area requires a solid 
understanding of the advantages and limitations of remotely 
administered tests. Further exploration of these factors is needed to 
understand the feasibility of employing these cognitive tests. This thesis 
will investigate a selection of aspects related to this issue. 
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Reliability aspects  
 
Reliability refers to the consistency of measurements for a given score. 
There are several types of reliability: internal reliability (or internal 
consistency), which pertains to consistency across test items; inter-rater 
reliability, which involves consistency across different raters; and test-
retest reliability, which refers to consistency over time. This thesis 
focuses on test-retest reliability. The degree of correlation and 
agreement between measurements is commonly assessed using 
Pearson's correlation coefficient or the intraclass correlation coefficient 
(ICC) 216. This type of reliability is crucial even when tests are used 
solely as a baseline measure, as it reflects the stability and replicability 
of results 137. In AD research, where follow-up testing is common, 
distinguishing actual changes in performance from measurement error 
is important. This concern is particularly pertinent in the context of 
preclinical AD, where cognitive declines are subtle. Detecting these 
subtle changes, as well as any slowing of decline or improvements, 
requires highly reliable cognitive tests.  
 
Smartphone testing allows for greater control over the administration of 
assessments—ensuring they are conducted in a systematic and 
predefined manner—thus traditional concerns, such as inter-rater 
reliability, do not apply. However, other factors that may influence the 
reliability of these tests are introduced and warrant further investigation. 
For instance, performance on a single test can be impacted by day-to-
day variations and participants'  stress, mood or fatigue 205 and 
depending on the time of day 204. Additionally, potential distractions 
during smartphone testing may influence performance, a factor that 
cannot be controlled as effectively as in a supervised testing 
environment 217. 
 
Cognitive ecological momentary assessment (EMA) studies employing 
high-frequency testing (i.e., "burst-testing") evaluate both between-
person and within-person reliability. Between-person reliability 
assesses how consistently performance differences among participants 
are maintained across multiple sessions, providing insight into the 
stability of relative performance over time. In contrast, within-person 
reliability measures the consistency of an individual's performance 
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across repeated assessments, revealing the stability of intra-individual 
fluctuations across testing sessions 205,218. 
 
Several studies have demonstrated that remote cognitive tests generally 
exhibit moderate to high reliability. For example, the test-retest 
reliability of the Boston Remote Assessment for Neurocognitive Health 
(BRANCH) yielded a correlation coefficient of r = 0.81 between two 
sessions 213, and ICC ranging from 0.78 to 0.94 202. Relatively similar, 
the Stricker Learning Span (SLS) showed ICC values between 0.71 and 
0.76 across sessions 219. The Mobile Monitoring of Cognitive Change 
(M2C2) displayed lower reliability, with ICCs ranging from 0.26 to 0.53 
between sessions 220. 
 
However, when averaged across 24 sessions, the M2C demonstrated 
much higher reliability, with ICC ranging from 0.89 to 0.97 220. 
Similarly, apps that employ high-frequency testing have reported robust 
reliability estimates. For instance, in the Ambulatory Research in 
Cognition (ARC) app, where 21 sessions are completed, all measures of 
between-person reliability showed reliability coefficients ranging from 
0.80 to 0.98 204. Yet another study demonstrated that the same tests have 
between-person reliability ranging from 0.81 to 0.98 across 21 short 
sessions. Additionally, test-retest reliability between two sessions 
yielded ICC from 0.85 to 0.97 206. Understanding the reliability of these 
tests in this emerging field is of importance. For the purposes of this 
thesis, the primary focus is on test-retest reliability. 

 
Validity aspects  
 
Test validity is evaluated through various methods; the most common 
approaches focus on content-related, construct-related, and criterion-
related validity 137. Content validity is generally assessed by evaluating 
whether a smartphone test measures a theoretical construct relevant to 
AD, such as memory or learning rates in the context of preclinical AD.  

In this emerging field, construct validity has been studied with a primary 
focus on the correlation between the test and other clinically relevant 
assessments. Several studies have investigated the relationship between 
app-based tests and conventional cognitive measures, such as the PACC 
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or similar cognitive composites, generally reporting moderate to strong 
correlations ranging from 0.47 to 0.7 202,206,213,221. These correlations 
vary based on whether the app test is evaluated using a composite 
measure and whether the sample is CN or from a clinical setting. Ideally, 
an app-based test should exhibit strong convergent validity with 
assessments that measure the same construct and low divergent validity 
with those measuring different constructs. 

Criterion validity refers to how well a test correlates with an external 
criterion, or how accurately it predicts that criterion. A growing number 
of studies have examined unsupervised, remotely administered tests in 
relation to biomarkers, such as CSF or PET measures of Aβ and tau 
200,201,203,204,206,207,207,208,213,219,221,222 (concurrent validity) and their 
ability to predict future cognitive and clinical decline (predictive 
validity) 203,212. Notably, one study found that combining remote 
unsupervised cognitive testing with blood biomarkers, p-tau217, 
provided the most accurate prediction of future cognitive decline 212. 
The majority of these studies have utilized the tests with preclinical AD 
populations, demonstrating considerable variability in effect sizes for 
associations with biomarkers, with most studies reporting moderate 
effect sizes. Additionally, the discriminative accuracy between CN Aβ+ 
and Aβ– groups has been assessed, yielding AUC values between 0.63–
0.77, 208,223, indicative of a generally moderate performance in 
distinguishing between these groups. 

1.3.3.4 NEOTIVTRIALS APPLICATION  
 
In our studies, we used two app-based tests: the Mnemonic 
Discrimination Task for Objects and Scenes (MDT-OS) 224 and the 
Object-In-Room Recall Task (ORR-LDR) 225 (in Figure 7, a depiction 
of test design is shown) as implemented in the neotivTrials mobile 
application. These tests were designed based on cognitive theories of 
pattern separation and pattern completion, as well as recent discoveries 
regarding the functional brain structures involved in episodic memory 
and the spatiotemporal spread of AD pathology.  
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Figure 7. neotiv tests included in Papers III and IV. (A) ORR-LDR and (B) MDT-OS. 
Abbreviations: ORR-LDR, Object-in-Room Recall Task; MDT-OS, Mnemonic 
Discrimination Task for Objects and Scenes. Used with permission from neotiv GmbH. 
This figure was first published in a special issue (Digital Brain Health: Remote 
assessment, Passive Monitoring, and Digital Interventions) of Frontiers in Digital 
Health, volume 4. Öhman et al. (2023). Unsupervised mobile app-based cognitive 
testing in a population-based study of older adults born 1944. Reprinted with 
permission from the author and neotiv GmbH. 
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The MDT-OS focuses on pattern separation, a process crucial for 
distinguishing between highly similar but distinct bits of information 
226,227, for example, remembering what you had for breakfast this 
morning versus yesterday. This task, which targets memory, is based on 
the principle that effective pattern separation is essential for accurate 
memory retrieval. Functional MRI studies have shown that specific 
subregions of the medial temporal lobe (MTL), such as the dentate 
gyrus, are particularly involved in this task 224,228,229  The ORR-LDR was 
designed to strain pattern completion, which involves retrieving a stored 
memory based on incomplete cues. The MTL region Cornu Ammonis 3 
(CA3) area supports these processes of pattern recognition through its 
interactions with neocortical regions 225,230. 
 
While the delayed recall phase of the ORR-LDR is typically 
administered with shorter intervals between encoding and recall (e.g., 
60 minutes), the ORR-LDR Long-term Delayed Retrieval (LDR) task 
evaluates memory via a recall interval of one to three days, aligning with 
the concept of accelerated long-term forgetting (ALF) 231. ALF is 
characterized by normal retention over brief periods (e.g., minutes or 
hours), with greater forgetting occurring over extended durations (i.e., 
days or weeks). This design is believed to challenge memory 
functionality more effectively than conventional delayed recall tests. 
ALF might indicate a disruption in memory consolidation, a process 
largely controlled by the MTL 232. Because memory impairment during 
the initial phases of AD is linked to pathophysiological processes in the 
hippocampus and other cortical areas in the MTL, ALF is hypothesized 
to be an early marker of MTL dysfunction 233. 
 
In Papers III and IV, the tests were administered through the 
neotivTrials app, which participants downloaded and accessed on their 
personal mobile devices (smartphones or tablets) according to a Bring-
Your-Own-Device (BYOD) approach. Prior research has similarly 
employed the neotivTrials application, albeit with slightly different test 
designs and in different contexts. For example, one study utilized the 
app within a Citizen Science project conducted across Germany, 
engaging 1.407 adults aged 18 to 89 over a period of up to 12 weeks. 
Despite the unsupervised nature of the study and the absence of direct 
participant contact with research personnel, the study reported a 77.5% 
compliance rate with the study protocol. Furthermore, the study 
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demonstrated acceptable-to-good test-retest reliability, with correlation 
coefficients ranging from 0.64 to 0.74. Notably, when results were 
averaged across two sessions, reliability coefficients improved, ranging 
from 0.72 to 0.81 234.  
 
The app has further been evaluated in a memory clinic setting, utilizing 
a composite score of neotiv tests. This study reported robust test-retest 
reliability between two independent time points, with an ICC of 0.8, 
while individual components of the composite score showed moderate 
reliability. Construct validity was demonstrated by a correlation 
coefficient of 0.62 with the PACC in the clinical group. The app further 
demonstrated strong criterion-related validity, distinguishing between 
SCD and MCI with an AUC of 0.83 221. 
 
A second clinical study demonstrated construct validity of the tests, as 
evidenced by their association with the PACC, with correlation 
coefficients ranging from 0.58 to 0.7. Importantly, the study found that 
performance on the neotivTrials tests was predictive of future cognitive 
decline. Moreover, the combination of plasma p-tau217 levels with a 
specific neotiv task provided the strongest predictive performance. The 
neotiv test results were also significantly associated with tau-PET 
measures and MTL atrophy on MRI, indicating that these tests rely on 
the functional stability of the MTL and are sensitive to early AD 
pathology 212.  
 
In conclusion, while the potential of app-based testing, particularly for 
preclinical AD, has been conceptually demonstrated, further validation 
work is needed before these tools can be widely implemented. Papers 
III and IV of this thesis examine not only the feasibility and reliability 
of these app-based tests, but also their validity, including content, 
construct, and criterion-related aspects.  
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2 AIMS 

2.1 OVERARCHING AIM   
Advance neuropsychological methods and the utility of cognitive tests 
in preclinical and clinical stages of AD.  

2.2 SPECIFIC AIMS  
1. Refine established methods for cognitive testing and provide 

implementable norms for clinical practice. Addressing this 
aim in Paper I entailed: 
1a. developing regression-based regional normative data for 
widely used cognitive tests. 
1b. comparing these proposed norms with existing, widely used 
norms. 
 

2. Inform clinical practice and clinical trials by evaluating the 
sensitivity of existing cognitive tests to guide test selection 
and interpretation. Addressing this aim in Paper II 
encompassed: 
2a. creating a comprehensive statistical disease model that 
captures the entire disease continuum of AD. 
2b. demonstrating how individual cognitive measures decline 
throughout this continuum. 
 

3. Validate newly developed cognitive testing methods in older 
adults using app-based cognitive tests and evaluate their 
potential as screening tools. This aim is covered in Papers III 
and IV, involving: 
3a. evaluating the feasibility, validity compared to traditional 
cognitive measures, and reliability of app-based tests. 
3b. investigating the association of app-based tests with 
biomarkers of preclinical AD. 
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3 METHODS 
 
Paper I is a methodological development study that includes data from 
334 healthy controls, drawn from two Swedish studies: the Gothenburg 
MCI Study (G-MCI) and The Swedish CArdioPulmonary bioImage 
Study (SCAPIS), as well as one Norwegian study, the Dementia Disease 
Initiation (DDI). 
 
Paper II is a methodological development study using data from 1.447 
ADNI participants. 
 
Paper III is a validation study involving 112 participants from The 
Gothenburg H70 Birth Cohort Studies (the H70 studies). 
 
Paper IV is a validation study utilizing the same cohort from the H70 
studies, focusing specifically on 59 CN participants with available 
biomarker results. 
 
See Table 3 for an overview of the papers. The following sections 
provide a detailed methodological description of each individual study. 
 
All analyses in the papers were conducted using R Statistical Software 
235. Specifically, Papers I and III used version 4.1.2 ("Bird Hippie"), 
Paper II utilized version 4.2.3 ("Shortstop Beagle"), and Paper IV 
employed version 4.4.1 ("Race for Your Life"). 
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Table 3. Overview of included studies and their study design. ADNI: Alzheimer's 
Disease Neuroimaging Initiative; DDI: Norwegian Dementia Disease Initiation 
study; G-MCI: Swedish Gothenburg MCI study; H70 studies: Gothenburg H70 
Birth Cohort Studies; SCAPIS: Swedish Cardiopulmonary Bioimage Study. 

 
 Paper I Paper II Paper III Paper IV 

Cohort/ 
dataset 

G-MCI, DDI, 
SCAPIS 

 

ADNI H70 study H70 study 

Key issue Methodological 
development 

Methodological 
development 

Validation Validation 

Study type Clinical 
observational 

longitudinal and 
longitudinal 

population-based 
cohorts 

 

Multi-site clinical 
observational 

cohort 

Longitudinal 
population-
based cohort 

Longitudinal 
population-
based cohort 

Sample size 
(n) 

344 1.447 112 59 

Analysis 
design 

Cross-sectional Longitudinal Cross-
sectional and 
longitudinal 

Cross-
sectional and 
longitudinal 

 
Specific 
groups 

included 

Healthy controls, 
SCD 

CN, 
MCI, dementia 

Non-demented 
population-

based sample 

CN 
population-

based sample 
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3.1 PAPER 1: DEMOGRAPHICALLY ADJUSTED 
NORMS 
 

3.1.1 SAMPLES 
 
In this paper, data from 344 healthy controls from Sweden (G-MCI and 
SCAPIS studies) and Norway (DDI study) were used to develop the 
norms for the RCFT. Additionally, 145 cognitively healthy individuals 
with SCD served as an independent validation sample to compare these 
norms against the original norms provided in the professional manual 
140. 
 

3.1.1.1 HEALTHY CONTROLS  
 
Data from 112 healthy controls were utilized from the Gothenburg MCI 
study 236, a Swedish longitudinal, single-center study. Assessments took 
place at Sahlgrenska University Hospital in Gothenburg, Sweden, from 
January 2001 to March 2014. The majority of healthy controls were 
recruited through senior citizen organizations, with a smaller proportion 
being relatives of patients. To be considered healthy, participants should 
not have experienced or exhibited cognitive impairment at the time of 
study inclusion. They were required to be between 50 and 79 years old 
and have an MMSE score greater than 26. 

Twenty-seven healthy controls were utilized from the DDI study 237, a 
Norwegian longitudinal, multicenter study. Assessments for the DDI 
study began in January 2013 and are ongoing. Healthy participants were 
predominantly spouses of symptomatic participants, individuals who 
responded to newspaper advertisements, or patients recruited from the 
orthopedic ward at Akershus University Hospital. The study included 
healthy controls aged 40–80 years with an MMSE score greater than 26.  

The SCAPIS study 238 is a large nationwide Swedish population-based 
study examining cardiopulmonary disease in individuals aged 50 to 64 
years. Between February and November 2012, a smaller substudy was 
conducted in Gothenburg, Sweden, where SCAPIS participants 
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underwent additional cognitive assessments. From this substudy, 205 
participants were recruited as healthy controls for the development of 
RCFT norms. 
 
The exclusion criteria for all studies were consistent, excluding 
participants with systemic or somatic diseases that could impair 
cognitive function, including conditions like brain tumors, subdural 
hemorrhage, hypothyroidism, unstable heart disease, encephalitis, and 
psychiatric disorders such as schizophrenia, major affective disorder, 
substance abuse, and confusion. Cognitive tests were administered in 
each study in a standardized manner by certified study nurses, certified 
psychologists, or psychologists-in-training under the supervision of 
certified psychologists. 
 
Since our analysis involved data pooled from three distinct samples, we 
needed to assess any significant differences between the study cohorts. 
To achieve this, we performed ANCOVAs for each RCFT score, using 
cohort membership as the main variable of interest, with age and 
education included as covariates. This approach allowed us to evaluate 
performance differences between cohorts while controlling for 
demographic factors. 
 

3.1.1.2 INDEPENDENT COMPARISON GROUP 
 
An independent sample of 145 individuals, comparable to the healthy 
controls, was utilized to assess the new norms against the North 
American norms. This sample consisted of 108 participants from the G-
MCI study and 37 from the DDI study. These individuals, with SCD 7, 
scored within the normal range on various neuropsychological tests. To 
qualify as having SCD, participants in the DDI and DTS studies had 
subjective cognitive impairment but needed to have an MMSE score 28 
or higher. They exhibited no objective cognitive impairment, as 
determined by: (1) Trail Making Test (TMT)-B 239; (2) Visual Object 
and Space Perception Battery (VOSP) Silhouettes 240; (3) Phonemic 
verbal fluency (COWAT FAS) 241; (4) Verbal episodic memory 
(CERAD word list memory test for the DDI study 242 and RAVLT for 
the G-MCI study 243.  
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These tests were selected to cover various cognitive domains and were 
available at both research sites. Scores adjusted for demographics 117–
119,244–246 that were greater than −1.5 SD (>T35) were considered within 
the normal range. Participants with scores less than −1.5 SD (<T35) 
were excluded, as these scores would meet the criteria for MCI 5.  
 

3.1.2 PROCEDURES AND STATISTICAL ANALYSIS 
 

3.1.2.1 NORMALIZATION 

To create regression-based norms, we utilized methods similar to those 
described in prior research 117–119,247. First, we normalized test scores 
using the Classical Test Theory Functions (CTT) R package (Willse, 
2018). We began by computing percentile ranks for the raw scores of 
the RCFT immediate and delayed recall. These percentile ranks were 
then transformed into standardized z-scores. Next, these z-scores were 
redefined as scaled scores (S) with a mean of 10 and a SD of 3. For 
example, a raw score at the 50th percentile corresponded to a scaled 
score of 10. The same procedure was applied to the RCFT copy time, 
but the percentile ranks were reversed, so that a longer completion time 
resulted in lower scaled scores. 

3.1.2.2 HIERARCHICAL REGRESSION MODELS 

Hierarchical regression models were constructed to examine the 
relationship between RCFT and key demographic variables, including 
age, years of education, and sex. To explore potential non-linear effects, 
squared terms (²) for age and years of education were incorporated after 
mean-centering these variables. Interaction effects, such as those 
between age and years of education, were also evaluated. The 
demographic predictors were introduced sequentially into the models, 
beginning with age, followed by the addition of age², years of education, 
years of education², and finally sex. Interaction terms were evaluated for 
inclusion only if more than one demographic predictor showed a 
significant association with RCFT performance at the α = 0.05 level. 
The final models were used to establish the norms and then to compare 
these norms with those from the independent comparison sample. 
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3.1.2.3 ASSUMPTIONS FOR REGRESSION ANALYSIS 

After defining the model variables, we examined whether the final 
models satisfied the necessary assumptions for linear regression 
analysis. Adhering to these assumptions is needed for drawing valid 
conclusions. To ensure the validity of our models, we evaluated the 
following assumptions: 

1. Linearity and additivity: Linearity assumes a consistent 
relationship between each predictor and the outcome, while 
additivity implies that the effect of one predictor on the 
outcome remains consistent across levels of other predictors. 
Nonlinear relationships can lead to inaccurate conclusions and 
reduced predictive performance 248. We examined polynomial 
and interaction terms to determine if they improved model fit. 
Residuals versus fitted value plots were inspected for patterns 
that might indicate violations of these assumptions. 
 

2. Normality and independence of residuals: It is essential that 
residuals follow a normal distribution, particularly in 
regression-based norming, where residuals are used to calculate 
normed scores based on a Z-score distribution. Furthermore, 
residuals should be independent to avoid underestimating 
standard errors and inflating Type I errors 131,248. We assessed 
normality using visual methods such as histograms and 
quantile–quantile plots (Q–Q) plots. 
 

3. Homoscedasticity: This assumption requires that the variance 
of residuals be consistent across all levels of the covariates. In 
regression-based norming, a constant variance of residuals is 
crucial because it affects the accuracy of normative scores. 
Heteroscedasticity can lead to inaccurate norm estimates if 
residuals are not uniformly distributed 130. We evaluated 
homoscedasticity by visually inspecting residuals for consistent 
spread around a horizontal line. 
 

4. Collinearity: Collinearity arises when predictors are highly 
correlated, which can inflate the standard errors of regression 
coefficients and produce unreliable p-values and confidence 
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intervals 248. We assessed collinearity using Leverage Plots to 
visually identify potential issues.  
 

5. Outliers and influential data points: Outliers are observations 
with residuals that significantly deviate from the predicted 
values, while influential cases can disproportionately affect the 
model. We identified outliers and influential cases using 
residuals versus leverage plots and Cook's distance plots, 
focusing on visual inspection rather than rigid statistical 
thresholds. Outliers can distort the residual standard error and 
affect p-values, confidence intervals, and the model’s overall 
explained variance (R²) 248. Influential cases were particularly 
scrutinized due to their potential impact on normative studies. 

 
The assumptions underlying the models for RCFT copy time, immediate 
recall, and delayed recall were evaluated and found to be satisfied. 
However, the distribution of RCFT copy scores was extremely skewed 
and non-normally distributed, failing to meet the necessary criteria for 
regression-based norms. As a result, discrete norms were developed for 
the RCFT copy score, rather than computing regression norms. 
 

3.1.3 INSTRUMENTS 
 

3.1.3.1 COGNITIVE AND CLINICAL TESTS  
 
This paper developed norms for the RCFT, as outlined in the 
introduction. Among the various scoring systems for the RCFT, we 
utilized the Osterrieth scoring system in this study, which provides a 
highest possible score of 36 for both the copy and recall trials. Within 
this system, the figure is divided into 18 distinct components. Units that 
are unrecognizable receive a score of zero. A unit that is correctly 
reproduced earns 2 points. If a unit is either distorted or incomplete but 
placed correctly, or correctly reproduced but misplaced, it is awarded 1 
point. A unit that is incorrectly placed and distorted or incomplete 
receives 0.5 points. 
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In addition, the following cognitive tests were used to classify the SCD 
group: (1) TMT B: Assesses cognitive flexibility and executive function 
by requiring participants to alternate between connecting numbered and 
lettered circles as quickly as possible; (2) VOSP Silhouettes: Evaluates 
visual object perception by having participants identify objects from 
silhouette images; (3) COWAT FAS: Measures language production 
and executive function by asking participants to generate the greatest 
number of words possible starting with the letters F, A, and S within a 
set time limit; (4) CERAD Word List Memory Test: Tests memory 
recall by requiring participants to remember and retrieve a list of words 
presented over several trials; (5) RAVLT: Assesses verbal memory 
through immediate and delayed recall of a list of words; (6) MMSE 249: 
A brief cognitive screening tool that evaluates orientation, attention, 
recall, language, and visuospatial abilities, with a maximum score of 30 
points; lower scores indicate greater cognitive impairment. 
 

3.2 PAPER II: STATISTICAL DISEASE 
PROGRESSION MODELING IN 
ALZHEIMER’S DISEASE 

 

3.2.1 SAMPLES 

3.2.1.1 THE ALZHEIMER’S DISEASE NEUROIMAGING 
INITIATIVE (ADNI) 

 
Participants for this study were drawn from ADNI, which began in 2003 
as a collaborative project involving 63 clinical sites across the US and 
Canada 251,252. The dataset comprised 2430 individuals, 55 to 90 years 
old. We excluded those without a baseline assessment of disease 
severity, valid Aβ status at baseline based on CSF or PET, as well as 
individuals with non-AD-related cognitive impairments. The latter 
included those diagnosed with MCI or dementia, a Clinical Dementia 
Rating (CDR) global score greater than 0, or an MMSE score below 26 
without being Aβ+. The resulting 1447 participants were classified into 
four groups: Aβ-negative (Aβ-) CN (n = 384), Aβ+ CN (n = 293), Aβ+ 
MCI (n = 500), and Aβ+ dementia (n = 270). 
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3.2.1.2 CN, MCI AND DEMENTIA  
 
Criteria for CN included: (1) Normal memory function on the LM 
delayed (Wechsler Memory Scale – Revised, WMS-R); (2) MMSE 
score between 24 and 30; (3) CDR score 0; No significant impairment 
in cognitive functions or daily living activities. 
 
Criteria for MCI included: (1) Subjective memory concern, as noted 
by themselves, a study partner, or a clinician; (2) Abnormal memory 
function, indicated by LM delayed; (3) MMSE score between 24 and 
30; CDR score 0.5; (4) and no significant functional impairment. 

 
Dementia criteria included the following: (1) Subjective memory 
concern; (2) Abnormal memory function, demonstrated by LM delayed 
recall (3) MMSE score from 20 to 24; (4) CDR score 0.5 or 1.0; (4) 
Meets the NINCDS/ADRDA criteria for probable AD (e.g., 
impairments that interfere with daily functioning or work, along with 
typical clinical features). 
 
Exclusion criteria: Any significant neurological disorders (except AD 
for clinical groups), or severe mental or somatic conditions. 
 
Aβ status: Aβ+ and Aβ- status were determined using Aβ PET imaging 
with either [11C]Pittsburgh Compound B,  [18F]florbetapir or 
[18F]florbetaben tracers, or by abnormality of Aβ42/40 ratio in CSF 
(Roche Elecsys or 2D-UPLC tandem mass spectrometry). 
 

3.2.2 PROCEDURES AND STATISTICAL ANALYSIS 

3.2.2.1 STATISTICAL DISEASE MODELING 
 
To establish a continuous staging of patients along a disease continuum, 
we applied a statistical disease progression model (a non-linear mixed-
effects model) that predicted an individual's disease stage based on 
longitudinally observed data 177, utilizing the progmod R package 253. 
This model allows for staging based on single or repeated measurements 
of any combination of the three markers. We used longitudinal data from 
Aβ PET, tau PET, and FAQ as the outcome measures in this analysis: 
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𝑦𝑦!"# represent the observation of subject i for the kth outcome measure 
(where k=1,2,3) at time 𝑡𝑡!", which is the number of years since the 
baseline visit. The mean trajectory 𝜃𝜃# of the kth outcome over the 
assumed disease continuum was estimated using the following model 

𝑦𝑦!"# = 𝜃𝜃#&𝑡𝑡!" + 𝑠𝑠bl status(!) + 𝑠𝑠bl Ab-(!) + 𝑠𝑠!) + 𝑥𝑥!# + 𝑒𝑒!"#	 (1) 
In this model, the term 𝑡𝑡!" + 𝑠𝑠bl status(!) + 𝑠𝑠bl Ab-(!) + 𝑠𝑠! represents the 
time argument, shared across all outcomes, which we refer to as disease 
time. 
The parameters of the model were defined as follows: 

• 𝜃𝜃# was a monotone Hermite spline with 5 degrees of freedom. 
The knots were positioned relative to the average predicted 
disease time for the Aβ+ CN group at baseline, with knot 
placements at -8.33, 0, 8.33, 16.67, and 25 years. Two additional 
knots were placed 1 month before and after these boundary 
points to minimize boundary artifacts. 

• 𝑠𝑠bl status(!) was a fixed effect time shift accounting for the average 
shift in disease time based on the baseline status group of 
subject i. 

• 𝑠𝑠bl Ab-(!) was a fixed effect time shift representing the average 
shift in disease time associated with Aβ- status at baseline. 

• 𝑠𝑠! was a random effect time shift, capturing the deviation in 
disease time for subject i, relative to their baseline group and 
Aβ+/Aβ- status. 

• 𝑥𝑥!# was a random effect intercept, representing subject ii’s 
consistent deviation from the mean for outcome measure k, with 
an unstructured covariance matrix modeling the correlation 
across outcomes within each subject. 
𝑒𝑒!"# was independent, identically distributed Gaussian noise, 
with separate variance parameters for each outcome measure k. 

 
To prevent overparameterization, the disease timeline were anchored to 
specific criteria. In this case, the anchoring was achieved by adjusting 
the fixed effect time shifts so that a disease time of 0 corresponded to 
the average time when a subject reached Aβ+ status, as determined by 
PET. The resulting disease time reflects the predicted number of years 
since the individual became Aβ PET positive. All model parameters 
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were estimated using maximum likelihood estimation, while maximum 
a posteriori estimation was applied to predict random effects. 

3.2.2.2 STATISTICAL ANALYSIS OF ABNORMALITY 
THRESHOLDS 

 
Cognitive scores may be influenced by numerous factors that are 
unrelated to AD. When demographic variables are assumed to impact 
scores, adjusting for these factors can enhance the precision 
measurements 112,113. To account for demographic influences we 
calculated T-scores for each cognitive test result, representing the 
normalized deviation from the performance of Aβ- CN individuals 
matched by age, education, and sex. The reference values were obtained 
using a linear mixed-effects model with a subject-level intercept, 
adjusting cognitive test scores for age, education, and sex within the Aβ- 
CN reference group. T-scores were calculated by subtracting the 
predicted demographic effects from each individual’s cognitive test 
score and normalizing the residuals by the SD of the reference 
population. All cognitive test scores were reoriented to increase with 
disease progression. 
 
The T-score trajectories of cognitive tests were then analyzed along the 
estimated disease continuum, where each participant’s disease stage at 
each visit was predicted. These trajectories were modeled employing a 
mixed-effects model, with the mean trajectory over predicted disease 
time represented by a natural cubic spline. The spline’s degrees of 
freedom (0–8) were selected based on the Bayesian Information 
Criterion. 
 

3.2.3 INSTRUMENTS 

3.2.3.1 COGNITIVE AND CLINICAL MEASURES 
 
The following cognitive measures commonly used in AD research were 
included: (1) MMSE 249: Screens for cognitive impairment across 
various domains; (2) Montreal Cognitive Assessment (MoCA) 254: An 
alternative to the MMSE; (3) Alzheimer's Disease Assessment Scale-
Cognitive Subscale (ADAS-Cog) 255: A cognitive test battery assessing 
a wide range of cognitive functions; (4) RAVLT 243: Evaluates verbal 
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memory through word recall across multiple trials; (5) TMT A and B (in 
ADNI named Trails A and B) 256: Assesses executive function and 
attention through sequencing tasks; (6) LM from the WMS 257: Tests 
narrative episodic memory with immediate and delayed recall; 
(7) Boston Naming Test (BNT) 258: Measures language function by 
assessing object naming; (8) Digit Symbol Substitution Test 
(DSST)  259: Evaluates processing speed, attention, and executive 
function; (9) Digit Span 259: Assesses working memory through forward 
and backward digit repetition; (10) Clock Drawing Test 260: Evaluates 
visuospatial abilities and executive function by drawing a clock; 
(11) Verbal Fluency Tests (Animal fluency and Vegetables fluency) 261: 
Measures executive function and semantic memory by naming items 
within a time limit; (12) mPACC 69: Includes the MMSE, LM Delayed 
Recall, TMT B, and Delayed Word Recall from the ADAS-Cog, with 
two versions based on available tests. 
 
The following clinical measures were used: FAQ 183, a caregiver-
reported scale for iADLs was used, assessing impairment in several 
areas, including finances, shopping, meal preparation, housekeeping, 
hobbies, medications, and transportation. The FAQ includes 10 
questions, usually administered to an informant who rates each item on 
a 4-point scale, where higher scores reflect greater difficulty. It is 
considered a generally reliable and valid tool for assessing functional 
impairments relevant for AD 262.  CDR 250 was used for clinical staging. 
It rates cognitive and functional performance across six domains— 
orientation, memory, home and hobbies, community affairs, judgment 
and problem solving, and personal care. The score is determined through 
a semi-structured interview involving the participant and an informant, 
alongside the clinician's professional judgment. The CDR uses a scale 
from 0 to 3 to categorize the severity of dementia: 
 

• 0: No dementia 
• 0.5: Questionable dementia 
• 1: Mild dementia 
• 2: Moderate dementia 
• 3: Severe dementia 

 
The CDR score is determined through an algorithm that prioritizes 
memory as the primary domain and treats other domains as secondary.  
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3.3 PAPERS III AND IV: APP-BASED 
COGNITIVE TESTS 

 

3.3.1 SAMPLES 

3.3.1.1 H70 STUDIES 
 
The participants included in Papers III and IV were selected from the 
H70 studies (the 1944 birth cohort), in detail described elsewhere 263. 
The eligibility criteria included all men and women born in 1944 on 
specific dates (ending in 0, 2, 5, or 8) and listed as residents of 
Gothenburg, totaling 1.839 individuals. Of these, 1.203 participants 
(72% response rate, 559 men and 644 women, mean age 70 years) 
consented to participate and were subsequently invited for assessments 
conducted between January 2014 and December 2016. Participants were 
invited to undergo clinical examinations, as well as blood and CSF 
sampling, details of which will be provided in the following sections. 
 
In 2020, participants were contacted for a five-year follow-up in-clinic 
examination, and 902 individuals (mean age 76 years) agreed to take 
part. The majority of these participants were recruited at age 70, with an 
additional 32 new participants incorporated at the follow-up stage to 
augment the biomarker group and increase the sample size. The clinical 
and neuropsychological assessments referenced in this study were 
derived from these follow-up examinations. Concurrently, participants 
were also invited to join the app-based add-on study (the neotiv study), 
which will be detailed in the next section. 
 

3.3.1.2 NEOTIV STUDY 
 
At the time of Paper IV, 193 of the 902 participants enrolled in the 
follow-up examination had consented to and initiated cognitive testing 
using the neotivTrials app, with an average age of 77 years at the outset. 
However, by the time Paper III was prepared, so far only 172 
participants had been actively engaged in the study.   
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3.3.1.3  COGNITIVELY NORMAL INDIVIDUALS 
 
Data obtained from clinical examinations performed during the H70 
follow-up, which coincided with the neotiv study, were utilized to 
determine the status of CN participants in Paper IV. This determination 
was based on the following exclusion criteria: 
 

1. Exclusion of MCI and Dementia: Individuals who met the 
neuropsychological criteria for MCI were excluded following 
the Jak/Bondi criteria 91,97. These criteria stipulate that 
participants must score at least one SD below the mean on two 
cognitive tests within a specific cognitive domain. 
Standardization of scores was conducted using data from 
biomarker-negative individuals within the larger H70 cohort, 
who were free from severe psychiatric or neurological disorders 
and significant subjective memory impairment that interfered 
with IADL. We assessed MCI using 2 to 4 tests from each 
cognitive domain, based on availability: 
 

• Memory: RAVLT sum of learning trials 1-5 243, 
the Brief Visuospatial Memory Test - Revised 
(BVMT) sum of learning trials 1-3 264, BVMT delayed 
recall 264, Alzheimer's Disease Assessment Scale-
Cognitive Subscale word list recall 167 

• Language: Controlled Oral Word Association—
FAS (FAS) 241, BNT 241 

• Speed/Attention: Trail Making Test A 256, Figure 
identification – Psif 265, Digit span forward 266 

• Executive Function: Trail Making Test B 256, Digit span 
backwards 266, Figure logic – SRB2 265 

• Visuospatial Function: Block design – SRB3 265, Clock 
drawing test 260 
 

2. Exclusion of severe psychiatric or neurological disorders: 
Participants were excluded if they had a diagnosis of major 
depression according to DSM-5, self-reported or relative-
reported psychosis, Parkinson’s disease, hydrocephalus, or any 
other severe psychiatric or neurological disorder that could 
significantly impact cognitive function. 
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3. Exclusion of significant subjective memory impairment: 
Individuals who reported substantial memory impairment that 
considerably affected their daily lives were also excluded from 
the study. 

 

3.3.2 PROCEDURES AND STATISTICAL ANALYSIS 

3.3.2.1 PROCEDURE 
 
The test protocol, conducted remotely using a "Bring-Your-Own-
Device" (BYOD) approach, involved minimal interaction; participants 
received initial guidance for app installation via postal mail and, if 
needed, by telephone, but no further support was provided during the 
study. All communications, including instructions for the app, were 
delivered in Swedish. Participants were prompted monthly via push 
notifications to complete their tasks. The initial test session could be 
initiated at any time, and exactly 24 hours later, participants received a 
push notification to start the second session. Prior to each session, the 
app instructed participants to ensure a quiet environment, have their 
glasses available if needed, and modify screen brightness for optimal 
visibility of stimuli. Each task session was preceded by a brief practice 
session. Following each session, participants reported any distractions 
and rated their concentration, perceived performance, interest, and 
effort.  
 
 

3.3.2.2 STATISTICAL ANALYSIS 
 
In Paper III, we analyzed data collected up to March 1, 2022, while for 
Paper IV, data collected up to January 1, 2024, was examined. The 
analyses primarily focused on the results from the first session of each 
task, except for reliability analyses in Paper III, or when subsequent 
sessions were used to substitute invalid data from the first session in 
Paper IV. Linear regressions were employed to examine the 
relationships between app-based tests, self-rated experience (such as 
task performance, concentration, interest, and effort), device-specific 
factors (including screen size), contextual factors (like distractions), 
demographics (sex and education), and biomarkers. In Paper IV, 
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problems with both outliers and heteroscedasticity were identified. To 
address these issues, robust regression was performed using 
the robustbase R package 267. Assumptions for statistical tests were 
assessed graphically and with statistical tests (e.g., Shapiro-Wilk’s test). 
Group differences were evaluated using Welch’s and Student's t-tests, 
χ2, Fisher’s exact test, and Mann-Whitney U test, depending on data 
characteristics and test assumptions. Spearman correlation was used to 
assess relationships between app-based tests and conventional 
neuropsychological tests. Test-retest reliability was calculated using 
ICC for individual sessions and for the mean of two sessions, reported 
with 95% confidence intervals. Receiver operating characteristic (ROC) 
analyses were conducted to determine the AUC, with DeLong's test used 
to compare the discriminative performance between ORR-LDR and the 
PACC5. All tests were two-tailed, with a p-value <0.05 considered 
statistically significant. 
 

3.3.3  INSTRUMENTS 
3.3.3.1 NEOTIVTRIALS APP 
 
In Paper III, both the ORR-LDR and the MDT-OS were examined, 
whereas Paper IV focused solely on the ORR-LDR. 
 
In the MDT-OS task, participants are presented with 3D-rendered 
objects and scenes that are either unchanged or slightly modified. The 
goal is for participants to determine whether each displayed image is an 
exact replica or a modified version of the original. They make their 
decision by tapping on the location where they perceive a difference or 
selecting “nothing has changed” if they detect no alteration. This task 
includes 32 pairs of objects and 32 pairs of scenes, divided equally 
between identical and altered. The assessment is carried out over two 
days, with the first day involving a one-back task and the second day a 
two-back task. The main outcome measure is the corrected hit rate, 
which is computed by subtracting the false alarm rate (incorrect 
identification of altered stimuli as identical) from the hit rate (correct 
identification of identical stimuli). Scores for this measure range from 0 
to 1. 
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In the ORR-LDR task, participants view a virtual room with two 3D-
rendered objects. During the encoding phase, participants are told to 
memorize the locations of these objects and are immediately tested on 
their recall. They are then shown empty rooms and must identify which 
object was in a specified location by choosing from three options: the 
correct object, an object from the room but at a different spot, or an 
unrelated object. The task involves establishing 25 object-location 
associations. After a 24-hour interval, participants repeat the recall task, 
and the primary outcome measure is the total number of objects 
correctly recalled, with scores ranging from 0 to 25 (Figure 11 depicts 
the content and design of ORR-LDR). 
 
 

 
Figure 8. Object-in-Room Recall Task (ORR-LDR) and the 24-hour delay period. 
Reprinted with permission from the authors. Used with permission from neotiv GmbH. 

 
 

24-hour delay period

Encoding phase

~ 10 minutes

Retrieval phase

~ 4 minutes



Advancements in the Neuropsychology of Alzheimer's Disease 

62 

3.3.3.2 IN-CLINIC ASSESSMENTS 
 
Participants in the study underwent follow-up clinical evaluations either 
at the Sahlgrenska University Hospital outpatient Clinic in Mölndal, 
Sweden, or in their own residences. Neuropsychological testing was 
conducted by research nurses either by pencil and paper or using an iPad 
Pro 12.9″ (3rd generation) equipped with the Delta cognitive testing 
platform (ki elements GmbH). Research nurses received training from a 
licensed psychologist. The neuropsychological test battery included: (1) 
visuospatial function assessed with the Block Design—SRB 3 version 
265 and Clock drawing test 260; (2) executive function tests Digit-
Symbol-Test—Delta version, Verbal Fluency Test animals, COWAT 
FAS 241, TMT B 256, and Stroop—Delta version, and Figure logic – 
SRB2 265; (3) memory evaluations including the RAVLT 243, ADAS-
Cog word list recall 167 and BVMT 264; (4) measures of speed and 
attention such as the Digit Span 266, Figure identification – Psif 265, and 
TMT A 256; and (5) the language test BNT 241. The digital versions of 
these tests were designed to closely match their paper-and-pencil 
equivalents. For tests that conventionally used pencil input (TMT A/B, 
Digit-Symbol-Test, Stroop, and BVMT), an Apple Pencil (2nd 
generation) was employed. Global cognitive function was evaluated 
using the MMSE 228.  
 
The PACC cognitive composite, aimed at detecting AD-related 
cognitive decline, encompasses assessments of episodic memory, 
executive function, and overall cognition. In this study, a PACC5 
composite was developed by averaging z-scored results from MMSE,  
RAVLT delayed recall (counted twice), Digit-Symbol-Test, and Word 
Fluency for animals. The PACC5 emphasizes episodic memory and 
incorporates aspects of semantic memory, such as category fluency. 
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3.3.3.3 BIOMARKER ASSESSMENTS  
 
At the initial study visit, blood samples were collected from all 
participants, and lumbar punctures (LP) were performed by a 
neurologist or psychiatrist 268 
 
Biomarker retrospective to neotiv study: 

• CSF biomarkers: Total tau (t-tau), tau phosphorylated at 
threonine 181 (p-tau181) 269, Aβ42 270, and Aβ42/Aβ40 ratio 271, 
using the Innotest method.  
 

• Thresholds: Pathological thresholds: Aβ42; 530 pg/mL, p-tau; 
80 pg/mL, and t-tau; 350 pg/mL 272,273. The pathological cut-off 
for the Aβ42/Aβ40 ratio was set at 0.082, based on H70 data (n 
= 318). 

 
CSF neurofilament light chain (NfL) 274 and neurogranin 275 were 
evaluated using proprietary ELISA methods developed at the Mölndal 
Clinical Neurochemistry Laboratory 276. For plasma neurofilament light 
(P-NfL) measurements, the NF-Light kit was employed on the Simoa 
HD-X Analyzer (Quanterix, Billerica, MA, USA). 

 
Biomarker concurrent to neotiv study: 

• CSF biomarkers: Aβ42, total tau, and pTau 181 were measured 
using the LUMIPULSE method.  

• Thresholds: 409 ng/L for total tau, 50 ng/L for pTau 181, and 
526 ng/L for Aβ42 277. 

 
We employed the ATN classification system to categorize participants 
according to the presence of biomarkers indicative of Aβ (A+), tau 
pathology (T+), and neurodegeneration (N+) 2. Based on their biomarker 
profiles, individuals were classified into one of four categories within 
the "Alzheimer's continuum": A+/T+/N+, A+/T+/N-, A+/T-/N-, or 
A+/T-/N+. Those with an A–T–N– profile were designated as the 
“normal AD biomarker” group. The remaining A– profiles (A–T–N+, 
A–T+N–, and A–T+N+) were categorized as “non-AD pathological 
change.” 
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To determine the overall status of Aβ, p-tau, and neurodegeneration for 
the entire sample, we assessed Aβ42, p-tau181, and t-tau levels closest 
to the ORR-LDR, utilizing concurrent data when available, or 
retrospective data when necessary. Innotest assays were employed for 
measuring CSF biomarkers in a retrospective context relative to the 
neotiv study, while LUMIPULSE assays were used concurrently with 
the neotiv study. This approach precluded direct comparisons between 
the two methods. Consequently, we analyzed data from each assay 
independently to examine biomarker associations at each time point, 
rather than tracking longitudinal changes. 
 

3.4 ETHICS 
 
All studies received approval from appropriate ethical committees, 
including the Regional Committees for Medical and Health Research 
Ethics in Norway, the local ethics committee in Sweden, and various 
institutional review boards in the US and Canada. The research adhered 
to the principles of the Helsinki Declaration of 1964, as revised in 2013. 
Participants were thoroughly informed about the study, including their 
right to withdraw at any time, as well as the potential risks and benefits 
associated with their participation. 
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4 SUMMARIZED RESULTS 
 

4.1 PAPER 1: DEMOGRAPHICALLY ADJUSTED 
NORMS 

4.1.1 DEVELOPMENT OF NORMS  

In Paper I, we developed norms based on demographic variables. In our 
analysis of the healthy control group, older age was associated with 
slower RCFT copy times and poorer immediate and delayed recall. 
Conversely, more years of education improved performance on 
immediate and delayed recall but did not impact copy time. There were 
no significant differences based on sex or interactions between age and 
education affecting performance. 

We presented a method for calculating normative performance on a 
single test score for an individual, using the following steps. This 
method can be readily incorporated into any norm calculator, and 
utilizes information from the regression model (see Table 4) and specific 
data from the individual: 

1. The predicted score for an individual is derived using the following 
formula: 
 
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + (𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖	𝑎𝑎𝑎𝑎𝑎𝑎	𝑥𝑥	𝑎𝑎𝑎𝑎𝑎𝑎	𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)

+ (𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦	𝑜𝑜𝑜𝑜	𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒	𝑥𝑥	𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒	𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)	 

For example, for a 55-year-old male with 18 years of schooling, the 
regression calculation for RCFT delayed recall would be:  

(13.123)  +  (55  ×  −0.079)  +	(18  ×  0.140)  
=  	11.298	(predicted	score) 
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2. Next, the following formula is used to obtain the z-score:  

(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼	𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜	𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠	𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝	𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)
	

(𝑆𝑆𝑆𝑆	𝑜𝑜𝑜𝑜	𝑡𝑡ℎ𝑒𝑒	𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟) 

The z-score can be transformed to a T-score (M = 50, SD 
= 10) using the following formula:  

(𝑧𝑧 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠	𝑥𝑥	10) + 50 

For example, the 55-year-old male with 18 years of schooling, scores 
15.5 points on RCFT immediate recall, in this case, corresponds to 
scaled score of 8, the difference between the obtained scaled score (8) 
and the predicted scaled score (11.298) is -1.120. Dividing by the SD of 
the residuals from the healthy control group (2.9427) results in a z-score 
of -1.158. The subsequent transformation can obtain t-
scores: t = z × 10 + 50, which is 38.793 (t ~ 39). The equation would be: 

(8 − 11.298)
	

(2.9427) = -1.158 (z-score) 

 
Since the RCFT copy trial scores were extremely skewed to the right 
and not following a normal distribution, linear regression was not 
applicable. Non-parametric analyses revealed a weak correlation with 
years of education and RCFT copy performance. Based on these 
findings, we established discrete norms by categorizing education into 
high (≥14 years) and low (≤13 years) levels, using the median education 
level from our normative sample to define these categories and applying 
cumulative frequency distributions and percentile ranks. 
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Table 4. Normative regression model for RCFT measures from the G-MCI, DDI, and 
SCAPIS (N = 344). The information in these regression models can be used to 
calculate an individual's normative performance on a specific test measure. 
Abbreviations: b = unstandardized regression coefficient; t = the t-test statistic; 
SD = standard deviation; p = p-value. aAdjusted R2 reported. This table was first 
published in Scandinavian Journal of Psychology, volume 65, issue 2. Öhman  et al. 
(2023). Demographically adjusted Rey–Osterrieth Complex Figure Test norms in a 
Swedish and Norwegian cohort aged 49–77 years and comparison with North 
American norms. Reprinted with permission from the authors.    

 
 

 

4.1.2 EVALUATION OF PROPOSED NORMS WITH 
ORIGINAL NORMS 

 
To assess our regression-based normative data, we adjusted the 
performance of 145 individuals from the independent comparison 
sample using our suggested norms and compared these results with 
norms from the original professional manual. We used multiple 
regression models to analyze t-scores from both sets of norms, 
evaluating mean estimates and the impact of demographic factors. Our 
findings showed no significant demographic associations with t-scores 
using our proposed norms, indicating that they are well suited for the 
independent sample (Figure 12). In contrast, the original norms revealed 

Variable Predictor B Stan-
dard 
error 
B 

t p R 2 Partial
 R2 

SD  

resid-
ual 

RCFT copy 
time 

Intercept 16.730 1.999 8.368 <0.001 0.030 
 

2.9513 

Age −0.108 0.032 3.365 <0.001 0.030 

RCFT 
immediate 
recall 

Intercept 13.123 2.206 5.949 <0.001 0.036a 
 

2.9427 

Age −0.079 0.032 −2.474 0.014 0.018 

Education 0.140 0.053 2.627 0.009 0.020 

RCFT 
delayed 
recall 

Intercept 14.098 2.180 6.468 <0.001 0.050a 
 

2.9082 

Age −0.098 0.032 −3.100 0.002 0.028 

Education 0.150 0.053 2.846 0.005 0.023 
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significant associations between age and t-scores for both immediate 
and delayed recall, suggesting these norms provide a worse fit. 
Additionally, higher-level education was linked to greater t-scores in the 
original norms for both recall measures, indicating that also education is 
not properly adjusted for in the original norms.  
 
 

 
 
Figure 9. Normative adjustments of our suggested norms versus the original norms in 
the independent SCD sample. Panel A illustrates the relationships between RCFT 
immediate recall t-scores and both age and education. Similarly, Panel B presents 
these relationships for RCFT delayed memory. In all figures, the horizontal black 
dashed line at T50 serves as the optimal reference for normative adjustments across 
all age and education levels. Deviations from this line indicate lower normative 
performance. The solid green line represents t-scores based on our suggested norms, 
the red short-dashed lines indicate t-scores from the original norms, and the blue long-
dashed lines show unadjusted t-scores included for graphical comparison. This figure 
was first published in Scandinavian Journal of Psychology, volume 65, issue 2. 
Öhman  et al. (2023). Demographically adjusted Rey–Osterrieth Complex Figure Test 
norms in a Swedish and Norwegian cohort aged 49–77 years and comparison with 
North American norms. Reprinted with permission from the authors.    
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Finally, paired-samples t-tests revealed that the independent sample had 
higher t-scores with the original norms compared to our proposed norms 
(Figure 13). Specifically, the original norms produced t-scores about 4.8 
points higher for immediate recall and about 4.4 points higher for 
delayed recall than our proposed norms. 

 

 
 
Figure 10. The t-score distributions for our suggested norms and the original norms 
within the independent SCD sample are illustrated. The left figure shows the t-score 
distribution for RCFT immediate recall, comparing our suggested norms (green dots) 
with the original norms (red dots). Similarly, the right figure presents the t-score 
distribution for RCFT delayed recall, with green dots representing our suggested 
norms and red dots the original norms. Black dots indicate the mean t-score in each 
distribution. This figure was first published in Scandinavian Journal of Psychology, 
volume 65, issue 2. Öhman  et al. (2023). Demographically adjusted Rey–Osterrieth 
Complex Figure Test norms in a Swedish and Norwegian cohort aged 49–77 years and 
comparison with North American norms. Reprinted with permission from the authors.    
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4.2 PAPER II: STATISTICAL DISEASE 
PROGRESSION MODELING IN 
ALZHEIMER’S DISEASE 

 

4.2.1 DISEASE PROGRESSION MODELING 
 
In Paper II, we employed a statistical disease progression model to 
create a disease timeline, which was then used to analyze the varying 
sensitivity of cognitive tests. The model estimates indicate an 
approximate duration of 20 years from the onset of Aβ PET positivity to 
AD dementia. The distribution of diagnoses along the predicted timeline 
suggests that the Aβ+ CN status is prevalent from 2 years prior to 6 years 
following predicted Aβ PET positivity. This is followed by the MCI 
Aβ+ status from 6 to 14 years post-Aβ PET positivity, with dementia 
Aβ+ emerging after 14 years from the same point. 
 

4.2.2 CHARACTERISTICS OF THE CLINICAL 
GROUPS 

 
The baseline characteristics of the four biomarker-stratified groups 
include the following: Aβ- CN (n = 384), Aβ+ CN (n = 293), Aβ+ MCI 
(n = 500), and Aβ+ dementia (n = 270). There was a noticeable increase 
in age across these groups, with the Aβ- CN group having an average 
age of 70 years, while the Aβ+ dementia group averaged 74 years. 
Education levels were relatively uniform among the groups, with a 
median duration of 16 to 17 years. In terms of gender distribution, the 
percentage of females ranged from 57% to 61% in the CN groups, 
whereas the MCI and dementia groups had a lower proportion of 
females, ranging from 42% to 45%. 
 
Significant differences were observed in biomarker levels across the 
groups. The Aβ PET centiloid values escalated from 0.0 in the Aβ- 
group to 92.4 in the Aβ+ dementia group, indicating a clear distinction 
in Aβ burden. Similarly, tau PET SUVR in the temporal meta-region of 
interest (ROI) increased from 1.17 in the Aβ- individuals to 1.71 in those 
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diagnosed with Aβ+ dementia. Functional impairment, as assessed by 
the FAQ, showed a dramatic rise from 0.1 in the Aβ- group to 13.1 in 
the dementia cohort. Cognitive performance also deteriorated with the 
progression of impairment: MMSE scores decreased from 29 to 23, 
MoCA scores dropped from 26 to 17, and the ADAS-Cog scores 
increased from 8.27 to 30.6. The mPACC scores also declined 
significantly, from around 0 in the Aβ- group to -15.4 and -14.4 in the 
Aβ+ dementia group. 
 

4.2.3 INFLUENCE OF DEMOGRAPHIC FACTORS 
 
Regarding the influence of demographic factors on cognitive tests 
among Aβ- CN individuals, higher levels of education consistently 
correlated with improved performance across most cognitive 
assessments. In contrast, increasing age was linked to poorer 
performance on roughly half of the cognitive measures, while male sex 
was linked to lower scores on about half of the measures, suggesting 
worse cognitive functioning in males. 
 

4.2.4 COGNITIVE TESTS ACROSS THE AD 
CONTINUUM 

 
By employing a continuous-time disease progression model to classify 
individual patients, we were able to estimate the average trajectories of 
T-scores across various cognitive assessments. To define abnormality, 
we evaluated individual tests against the Aβ- CN group, using two 
thresholds: 1.5 SD as the lower threshold (corresponding to the 93rd 
percentile) and 2 SD as the higher threshold (corresponding to the 98th 
percentile).  
 
Regarding composite measures, both variations of the mPACC 
displayed the earliest indicators of abnormality in the disease 
progression. Following this, the ADAS-Cog also showed early 
abnormalities, reaching the lower threshold during the CN stage and the 
higher threshold during the MCI stage. The PACC exhibited lower-level 
abnormalities approximately 3 to 4 years after the onset of Aβ positivity, 
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eventually reaching the higher threshold for abnormality 6 to 7 years 
later. In contrast, the cognitive screening tests, including MoCA and 
MMSE, began showing lower-level abnormalities in the MCI stage, 
occurring 8 to 9 years post-Aβ positivity, with more significant deficits 
emerging near the transition from MCI to dementia (11 to 13 years after 
Aβ positivity). 
 
For individual cognitive assessments, LM Delayed, LM Immediate, and 
RAVLT 1-5 were the first tests to indicate abnormalities, reaching the 
lower threshold during the CN phase and the higher threshold during the 
MCI stage. BNT first showed abnormalities at the lower threshold in the 
MCI stage, followed by tests like TMT B, Digit Span: DSST, RAVLT 
30, vegetable fluency, and TMT A. These assessments generally 
reached higher levels of abnormality during late MCI or at the transition 
from MCI to dementia. Animal fluency, Digit Span b, and Clock 
Drawing demonstrated lower levels of abnormality in late MCI, with 
higher levels emerging during the dementia stage. Lastly, Digit Span f 
showed both lower and higher levels of abnormality solely in the 
dementia stage. 
 
All cognitive measures reflect a steadily increasing rate of abnormality 
along the disease continuum. The most significant decline is observed 
during the MCI stage and the transition from MCI to dementia. Notably, 
the degree of certainty in time for crossing abnormality thresholds varies 
across tests, especially at the lower threshold of abnormality. 
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4.3 PAPERS III AND IV: APP-BASED 
COGNITIVE TESTS 
 

4.3.1 QUALITY CONTROL OF DATA GATHERED 
UNSUPERVISED AND REMOTELY 

 
In Paper III, 172 participants, and in Paper IV, 192 participants had 
started app-based testing. To address potential recruitment bias, both 
studies compared participants who consented and engaged in app-based 
testing with those who did not (in Paper IV, the sample was compared 
to CN in the larger H70 group). The analyses found no significant 
differences in sex and CDR. Although MMSE scores differed 
statistically, the differences were small. Paper III also noted a slight 
difference in years of education. Overall, while the app-based study 
participants showed marginally higher cognitive function and, in Paper 
III, slightly higher educational levels, they were broadly representative 
of the larger study sample. 
 
In the final datasets, we applied specific filtering criteria. For ORR-
LDR, 35% to 38% of participants completed the delayed recall after the 
allowed time (72 hours). These sessions were substituted using 
subsequent test sessions when available, otherwise excluded from 
further analysis, as the extended interval between encoding and retrieval 
(time-to-retrieval) was found to negatively impact task execution, 
potentially distorting the results. 
 
In Paper III, we also limited the number of timeouts (e.g., failure to 
respond within the allotted time) due to the possibility of technical issues 
or other complications that that may have prevented participants from 
responding to an item on time. However, in Paper IV, a different 
strategy was employed in which participants were not excluded based 
on timeouts. This decision was made because, with the longer recall 
delays (over 24 hours), timeouts could potentially indicate poor 
performance. In this context, non-responses may have reflected the 
task's inherent difficulty. 
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Finally, some participants reported experiencing distractions during the 
testing sessions. Since these distractions did not significantly impact 
performance across most measures, we chose not to exclude these 
participants from the analyses presented in Paper III. In the subsequent 
Paper IV, a different approach was adopted to address the presence of 
distractions: sessions impacted by distractions were replaced with 
subsequent test sessions not affected by distractions, when available. 
 
 

4.3.2 FACTORS WITH POTENTIAL INFLUENCE ON 
TEST PERFORMANCE  

 
In Papers III and IV, participants reported user experience in this 
remote, unsupervised setting, with most reporting good concentration 
and only a minority stating any distractions (in Table 5, the self-reported 
experiences from Paper III are outlined for all test phases). Although 
some phases, such as the long-term delayed recall and MDT-OS tests, 
were perceived as demanding, task interest remained high. Self-rated 
performance was positive for the ORR-LDR encoding phase, though 
ratings were lower for more challenging phases.  
 
While self-rated concentration and interest did not significantly 
correlate with actual task performance, there were positive associations 
between self-rated effort and performance on certain tests, notably the 
first phase of MDT-OS. Distractions were found to negatively impact 
performance specifically during the ORR-LDR encoding phase, but, 
importantly, did not significantly affect performance on the main 
outcomes. Screen size did not have any effect on performance across the 
tests. Additionally, we found that app-based test performance was not 
significantly associated with participants' years of education or sex, 
indicating consistent task performance across different educational 
backgrounds and genders.  
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Table 5. Self-reported test experiences in Paper III. Please note that due to rounding, 
the percentages may not sum to exactly 100%. Abbreviations: ORR-LDR, Object-in-
Room Recall Task; MDT-OS, Mnemonic Discrimination Task for Objects and Scenes. 
This table was first published in a special issue (Digital Brain Health: Remote 
assessment, Passive Monitoring, and Digital Interventions) of Frontiers in Digital 
Health, volume 4. Öhman  et al. (2023). Unsupervised mobile app-based cognitive 
testing in a population-based study of older adults born 1944. Reprinted with 
permission from the authors.    
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4.3.3 PSYCHOMETRIC ASPECTS  
 
We assessed the psychometric characteristics of each phase of the app-
based tests in Paper III. Most tests exhibited a normal distribution with 
no significant floor or ceiling effects, including the delayed recall phase 
and MDT-OS tests. The ORR encoding phase displayed negative 
skewness, indicative of a ceiling effect, due to its design aimed at 
ensuring successful item encoding. In the ORR-LDR task, a small 
percentage of participants scored below chance after a delay, indicating 
it’s a very challenging task.  
 
Test-retest reliability is important when assessing a participant’s 
cognitive trajectory, for example, when a test is used as an outcome 
measure. For the ORR-LDR task, test-retest reliability was low when 
assessed with single sessions. When averaging results from two 
sessions, the reliability improved to moderate. The MDT-OS task 
showed moderate reliability with single sessions, but the reliability 
increased to good when averaged over two sessions. 
 

4.3.4 CORRELATIONS WITH CONVENTIONAL 
COGNITIVE TESTS 

 
As part of the validation process in Paper III, we assessed the construct 
validity of the tests by examining their correlations with conventional 
cognitive measures, including the PACC5 (Figure 17). Both the ORR-
LDR and MDT-OS tests demonstrated weak to moderate correlations 
with the PACC5. Furthermore, we evaluated convergent and divergent 
validity by examining the connections between the app-based tests and 
conventional cognitive measures across various cognitive domains, 
including those represented in the PACC. The strongest correlations for 
ORR-LDR and MDT-OS were, as anticipated, observed with episodic 
memory measures.  
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Figure 11. ORR-LDR, MDT-OS and their corresponding correlations with the 
PACC5. (A) ORR-LDR and (B) MDT-OS were weakly to moderately correlated with 
the PACC5. The correlation values are Spearman's Rho. Colored dots represent 
Clinical Dementia Rating (CDR) 0 (black) and CDR 0.5 (orange). Abbreviations: 
ORR-LDR, Object-in-Room Recall Task; MDT-OS, Mnemonic Discrimination Task 
for Objects and Scenes; PACC5, Preclinical Alzheimer's Cognitive Composite. This 
figure was first published in a special issue (Digital Brain Health: Remote assessment, 
Passive Monitoring, and Digital Interventions) of Frontiers in Digital Health, volume 
4. Öhman  et al. (2023). Unsupervised mobile app-based cognitive testing in a 
population-based study of older adults born 1944. Reprinted with permission from the 
authors.    

 

4.3.5 ASSOCIATIONS WITH BIOMARKERS  
 
In Paper IV, we explored criterion validity by examining the 
relationship between one of the app-based tests (ORR-LDR) and 
biomarkers, in comparison with conventional in-clinic 
neuropsychological tests.  
 
Firstly, we investigated group differences between Aβ+ and Aβ- 
individuals. Among the participants, 15% were identified as Aβ+ based 
on CSF Aβ42. While significant differences were seen for ORR-LDR, 
no significant differences were seen for the PACC5 or its components. 
 
Secondly, our analyses revealed significant associations between ORR-
LDR and both retrospective CSF Aβ42 and the CSF Aβ42/40 ratio, as 
well as concurrent CSF Aβ42. The PACC5 exhibited an association only 
with retrospective CSF Aβ42. Further analysis of the PACC5 
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components revealed that the delayed recall from the RAVLT exhibited 
significant associations with both retrospective CSF Aβ42 levels and the 
CSF Aβ42/40 ratio. No significant associations were observed between 
any cognitive measures and other biomarkers, including CSF p-tau181, 
CSF t-tau, plasma NfL, CSF NfL, and CSF neurogranin. 
 
Finally, we evaluated the ability of the ORR-LDR and the PACC5 to 
differentiate Aβ status by analyzing the Aβ42 measurements taken 
closest in time. The ORR-LDR demonstrated moderate discriminative 
performance for Aβ42. In comparison, the PACC5 exhibited a slightly 
lower numerical performance for the same biomarker. However, the 
difference in discriminative performance between the ORR-LDR and 
the PACC5 was not statistically significant.  
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5 DISCUSSION 
 

5.1 GENERAL DISCUSSION  
 
This thesis addressed three significant challenges in the 
neuropsychology of AD: (1) the absence of demographically adjusted 
and locally relevant norms for conventional tests; (2) the lack of models 
that assess the differential sensitivity of these tests; and (3) the limited 
sensitivity in preclinical AD and scalability of conventional cognitive 
tests.  
 
To tackle these challenges, we investigated three corresponding 
advancements in the field: (1) the development of demographically 
adjusted regression-based norms; (2) the application of statistical 
models for disease progression in AD; and (3) the development of app-
based tests.  

Accordingly, the aims of this thesis were: (1) to refine established 
cognitive testing methods by providing implementable norms (Paper I); 
(2) to support clinical practice and trial design by evaluating the 
sensitivity of existing cognitive tests for more informed test selection 
and interpretation (Paper II); and (3) to validate newly developed app-
based tests, assessing their feasibility in older adults, their alignment 
with conventional tests (Paper III) and their association with preclinical 
AD biomarkers (Paper IV). 

In Paper I, we analyzed the impact of the demographic factors of age, 
education, and sex on the RCFT measures, in order to develop regional 
norms. All RCFT recall scores were negatively correlated with age, 
consistent with the original norms, though less pronounced in our 
norms. Education level was positively correlated with the RCFT scores, 
a trend not seen in the original norms. We then developed 
demographically adjusted norms using regression-based methods. 
Following this, we evaluated these norms in an independent comparison 
sample. A comparative analysis with the original norms commonly used 
in clinical practice demonstrated that our proposed norms provided a 
superior fit to the independent validation sample. The failure to account 
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for age and education levels was particularly noticeable among the 
oldest participants and those with the highest educational attainment.  

In Paper II, we applied a novel non-linear mixed-effects model that 
integrated Aβ and tau biomarkers with functional measures of IADL to 
construct a continuous progression model of AD. This model provided 
a detailed timeline of cognitive decline, identifying when specific 
cognitive tests become abnormal and how these changes unfolded across 
disease stages. By examining the trajectory of cognitive decline over 
two decades, from the preclinical phase to dementia, we observed a non-
linear pattern, with the rate of abnormality accelerating as individuals 
approached clinical stages. Notably, cognitive composites like the 
PACC were effective in detecting early cognitive decline. 

In Papers III and IV, we employed remote, app-based assessments in a 
group of older adults. Our findings showed that contextual factors, 
device-related aspects, and individual characteristics had minimal 
impact on the participants overall performance. Participants found the 
tests challenging yet interesting. The app-based tests demonstrated 
construct validity, including convergent and discriminative validity, 
when compared to in-clinic cognitive tests. While test-retest reliability 
was initially weak to moderate for a single session, it improved 
significantly when averaging two sessions. We also explored the 
relationship between these cognitive measures and fluid biomarkers. 
Results showed that Aβ+ CN had lower ORR-LDR scores than Aβ- CN, 
and significant associations were found between ORR-LDR and CSF 
Aβ levels. Furthermore, ORR-LDR demonstrated numerical higher 
accuracy in distinguishing Aβ status than conventional assessments, 
albeit not statistically significant.  

While all four papers aimed to advance neuropsychological methods, 
each employed distinct approaches and focused on different aspects of 
the neuropsychology and stages of AD, resulting in varied implications 
and applications. In Paper I, the norms are useful for clinical phases of 
MCI and dementia, aiding in diagnostic processes, such as identifying 
MCI. These norms are readily implementable by clinicians using this 
test. Paper II took a broader approach, providing an overview of the 
differential sensitivity of cognitive tests both across and within the 
stages of AD. This information can be valuable for clinicians for making 
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informed test selections and interpreting results, as well as for 
optimizing clinical trial designs by selecting appropriate outcomes and 
refining inclusion criteria for studies targeting both preclinical AD and 
MCI. While the findings from Papers III and IV are not immediately 
implementable, they contribute to our understanding of how digital 
cognitive assessments may be used in various contexts. These app-based 
tests may offer scalable cognitive outcomes in clinical trials, enabling 
remote evaluations of larger populations than what is typically possible 
with in-clinic evaluations. While the app-based tests discussed in these 
papers may have a variety of applications, Paper IV specifically 
explored the potential for screening in clinical trials for preclinical AD, 
possibly serving as a cost-effective and non-invasive method to identify 
candidates before conducting more expensive and invasive procedures.  

All three approaches across the four papers in this thesis addressed 
demographic factors—age, education, and sex—in distinct ways. The 
influence of demographics on cognitive test performance is well 
established 149,278, and it is essential to account for these factors in 
studies involving cognitive assessments. However, the approaches vary 
depending on the study's objectives and methods. In Paper I, 
demographic variables were critical for developing the normative data. 
In Paper II, test scores were normalized based on Aβ- CN individuals 
to ensure that demographic effects did not confound the analysis of test 
sensitivity along the AD continuum. We also reported the differential 
effects of demographics on cognitive performance in CN- individuals, 
confirming that demographic factors had correlations with test 
performance. In Paper III, we explored the potential relationship 
between demographic variables and outcomes on digital assessments, 
but no significant associations were found, possibly due to the 
homogeneous age group of the sample. In Paper IV, demographics were 
still included as covariates to account for their potential influence on test 
performance, recognizing their potential role in cognitive outcomes. 

The following sections discuss the specific approaches and individual 
papers in detail.  
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5.2 DEMOGRAPHICALLY ADJUSTED NORMS  

In the paper, we illustrated the application of our norms by assessing the 
normative performance of a 55-year-old man with 18 years of education, 
who achieved a T-score of 39 using our proposed norms. A T39 score is 
approximately in the 14th percentile, indicating that this individual 
performed worse than about 86% of the normative population. 
According to the Wechsler scale guidelines 279, the average range is 
within one SD above or below the mean. A T39 score is beyond 1 SD 
below average, indicating a "significantly below average" or impaired 
result. In contrast, using the original norms, this individual would score 
T45, placing him within the average range and potentially leading to a 
normal assessment. Such misclassification could have serious 
implications in clinical practice, as it risks overlooking cognitive 
impairments. Under certain conditions, this could also prevent a person 
from being classified as meeting the criteria for MCI, potentially 
resulting in missed opportunities for treatment. While less likely with 
our proposed norms, there is also a risk that a patient's performance 
could be underestimated, meaning it might be judged as worse than it 
actually is when using normative values. Conversely, this could result 
in a healthy individual being incorrectly assessed as having cognitive 
impairment, potentially leading to unnecessary stress, or inappropriate 
treatment.  

This example underscores the importance of locally developed and 
updated norms in the assessment of individuals seeking help for 
cognitive impairment. In general, the clinical implications are that using 
the original norms in Scandinavian samples is likely to result in a higher 
incidence of false negative MCI cases. More specifically, our 
comparisons suggest that these original norms are particularly prone to 
producing false negatives for individuals with high levels of education 
and advanced age. 

The effect of age was more pronounced in the original norms based on 
the North American sample. This difference could be attributed to 
generational variations among the cohorts, likely due to advancements 
in health, education, and other factors. Whereas the Swedish and 
Norwegian participants underwent cognitive assessments in the 2000s, 
the North American participants were examined earlier, likely in the 
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early 1990s. Cognitive performance tends to improve across generations 
126, with today's adults and elderly scoring better on tests compared to 
those from earlier generations (a phenomenon known as the Flynn 
Effect 124). Another possible explanation may be lower rates of vascular 
disease or other health-related conditions, which could reflect better 
access to healthcare. Vascular disease is known to impact cognitive 
function even in the absence of AD. Unlike the US healthcare system, 
which lacks universal access and is often influenced by economic status, 
Scandinavian countries such as Norway and Sweden benefit from free 
access to healthcare. These countries are ranked highly on the Human 
Development Index (HDI) by the World Health Organization, which 
assesses economic, education, and health factors 280.   

The modern concept of MCI emerged in the late 1990s, with Petersen 
and colleagues at the Mayo Clinic proposing the first clinical criteria in 
1999 87. Consequently, an alternative explanation to the more 
pronounced age effect observed in the original norms is that they may 
have enrolled participants with MCI, as this condition was not widely 
recognized as a diagnostic standard at the time. In contrast, in our study, 
all control participants underwent thorough interviews regarding their 
physical and mental health prior to inclusion, likely contributing to a 
more cognitively healthy sample. 
 
The RCFT has consistently been one of the most frequently utilized 
neuropsychological assessments in Sweden, particularly by 
neuropsychologists in clinical practice 134. Our normative data serve 
clinicians not only in dementia evaluations but also in assessing various 
neurological and psychiatric conditions. These clinicians primarily 
operate within specialist care. However, the RCFT has not gained the 
same level of popularity in clinical trials as other standard 
neuropsychological tests and likely will not, even with improved norms. 
One reason for this may be the need for an experienced rater to 
accurately score the 18 items, typically a trained psychologist.  
 
Completing the RCFT requires engaging multiple cognitive abilities, 
such as attention, visuo-spatial perception, organizational skills, and 
executive function. These abilities, however, are largely masked within 
the overall score. In clinical practice, the multidimensional nature of the 
RCFT is often evaluated qualitatively, offering clinicians valuable 
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insights. Systems like the Boston Qualitative Scoring System (BQSS) 
for the RCFT 281, which includes scores for Planning, Fragmentation, 
Perseveration, and Organization, have been developed to support such 
qualitative analyses. While this detailed information can be useful in 
clinical settings, particularly for differential diagnoses, its value as a 
reliable outcome measure in clinical trials remains uncertain. 
 
Despite the advantages of our norms, there are limitations that must be 
addressed. Using individuals with SCD as an independent validation 
sample is reasonable, given that SCD is a common occurrence in healthy 
aging and is typically regarded as a benign condition. However, SCD is 
also an well-established risk factor for neurodegenerative diseases 7. 
While the risk of transitioning from SCD to MCI is elevated in groups 
with abnormal Aβ levels 84, we cannot account for possible hidden 
pathophysiological mechanisms, like preclinical AD, as we lack 
biomarker data for both the SCD group and the healthy controls. 
 
This leads to another potential weakness of most modern norms, 
including our norms: the lack of biomarker data for the healthy controls. 
The hypothesis is that some individuals in the healthy control group may 
eventually develop cognitive impairment, such as MCI, likely due to 
being in the preclinical phase of AD. The inclusion of such individuals 
in a normative sample increases the chance that minor cognitive 
impairments could be overlooked in normative adjustments. Not 
excluding these can lead to increased variability in performance and a 
reduction in the mean performance level 282.  
 
When relying on self-reported cognitive status, there is even a chance 
that the normative samples may unintentionally include individuals who 
meet the criteria for MCI. Norms in use today may have been developed 
before the advent of current diagnostic concepts, such as MCI, and may 
have been influenced by models of cognitive aging that assume 
cognitive decline is an inevitable part of the aging process 283. Despite 
these criticisms, traditional normative groups remain the most 
commonly used in clinical practice, as evidenced by instruments such as 
Wechsler Adult Intelligence Scale (WAIS) 279, Wechsler Memory Scale 
(WMS) 284, the Delis-Kaplan Executive Function System (D-KEFS) 285, 
and the Repeatable Battery for the Assessment of Neuropsychological 
Status (RBANS) 286. 
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This issue has, however, been addressed through two approaches. The 
first approach involves including only healthy controls with available 
AD biomarkers, enabling the exclusion of individuals with biomarker-
defined preclinical AD 287,288. However, this approach remains relatively 
uncommon, likely due to the limited availability of AD biomarkers in 
clinically healthy individuals. The second, much more common 
approach, is to include healthy controls who have been followed over 
many years to ensure they do not progress to a clinical stage of AD, 
known as using robust norms 282. Some studies have demonstrated that 
robust norming is more effective than using conventional samples in 
predicting future progression from healthy cognition to cognitive 
impairment 288–292.  
 
The effectiveness of robust norming is still debated, with some research 
suggesting that conventional norms are as precise as robust norms in 
identifying future pathological aging 293,294, or that they may have 
relatively limited impact on the accuracy of clinical classification 287. A 
recent large-scale study reported similar findings 295, demonstrating that 
robust norms did not substantially enhance clinical classification. 
However, the authors proposed an alternative approach, suggesting that 
excluding individuals with positive biomarkers and evidence of 
succeeding cognitive impairment could create robustly robust norms. 
This raises additional questions regarding defining "normal" 
performance. Normative data aim to benchmark expected performance 
for typical age groups. Biomarker-refined data, which may exclude 
individuals progressing to clinical stages, might not fully achieve this 
goal for older adults. For instance, a meta-analysis shows that Aβ 
positivity rises from 10% at age 50 to 44% by age 90 and beyond 53. 
While biomarker-refined norms can better detect early cognitive 
changes and assess risk for conditions like late preclinical AD or early 
MCI, using overly healthy comparisons might misclassify CN 
individuals as impaired, causing unnecessary stress, especially given the 
lack of disease-modifying treatments for preclinical AD. 
 
Recent advances in statistical methods, including Generalized Additive 
Model for Location, Shape, and Scale (GAMLSS) 296, shape-constrained 
additive models (SCAMs) 297, quantile regression 298, and semi-
parametric continuous norming approaches 299,300, have been 
increasingly applied in the development of norms, particularly for data 
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that is non-normally distributed, or exhibits non-linear relationships. 
These methods offer significant potential for creating continuous norms 
for non-normally distributed measures, allowing for the modeling of a 
wide age range and capturing non-linear age effects. They may also be 
applicable to other assessments where traditional linear models fall 
short. Initiatives have been undertaken to make these advanced methods 
more easily available to norm developers who may lack extensive 
statistical modeling expertise. In future research, these methods might 
be utilized to establish continuous norms for tests like the RCFT copy 
trial, where only discrete norms are currently available. One 
consideration with these methods is that they cannot be easily computed 
by hand and would need to be integrated into tools such as calculators 
with embedded normative models, like the "Shiny app" 301 or other 
applications. 
 

5.3 STATISTICAL DISEASE MODELING IN 
ALZHEIMER’S DISEASE 

 
One important aspect of Paper II is the development of a sensitive, 
comprehensive disease timeline independent of individual cognitive 
tests. This timeline integrates Aβ PET, tau PET, and FAQ, allowing us 
to track disease progression across the AD continuum, without biasing 
the estimated timeline to overfit to the specific cognitive domains of a 
single test. The FAQ captures functional decline in later stages, while 
Aβ PET is sensitive to changes in the preclinical phases, and tau PET is 
more relevant in the MCI and dementia phases. Clinical trials aiming to 
detect meaningful treatment effects should consider using both 
cognitive and functional outcomes as co-primary measures, particularly 
in later stages of AD 302 
 
As AD progressed, the number and severity of abnormal cognitive test 
results increased. Episodic memory, a well-documented early indicator 
of AD, was the first cognitive domain to display abnormality, followed 
by executive function, language, processing speed, and visuospatial 
abilities. This sequence of cognitive decline is consistent with prior 
research 49,181,182, underscoring the requirement of assessing memory in 
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the early stages of AD. As the disease advances, broader cognitive 
testing becomes essential to capture the full spectrum of decline. 
 
Our findings demonstrate that cognitive decline accelerates along the 
AD continuum, with the most rapid deterioration occurring during the 
transition from MCI to dementia. This non-linear pattern of decline is 
consistent with other studies, which suggest a prolonged preclinical 
phase, followed by rapid deterioration in the years leading up to 
dementia 303,304.  
 
Crucially, our continuous trajectory model not only identifies which 
cognitive domains are affected first, but also pinpoints when these 
changes typically occur. For example, TMT A showed early 
abnormalities in the MCI phase, whereas Digit Span b reached similar 
levels of impairment four years later, in late MCI. Although clinical 
stages like MCI and dementia provide useful frameworks for 
understanding AD progression 2, our findings highlight considerable 
variability in cognitive decline within these stages. This variability 
suggests that the conventional staging of AD may oversimplify the 
complex nature of disease progression. 
 
Cognitive composites like the PACC became abnormal early in the 
disease timeline, emphasizing their utility in detecting early cognitive 
decline. the PACC, which includes multi-domain assessments, has been 
shown to effectively track early-stage AD changes 69,78,305. It has also 
been employed in a large clinical trial, the A4 study. Although the effect 
of omitting FCSRT (as is included in the original PACC) from the 
PACC remains uncertain, our findings suggest that the two PACC 
versions in ADNI may have slightly different sensitivities during early 
AD stages, aligning with prior research 80. 
 
Our study also found that demographic variables—such as age, sex, and 
education—had significant, yet distinct, effects on performance level 
across most cognitive tests. This underscores the importance of using 
demographically adjusted norms in clinical neuropsychology to improve 
diagnostic accuracy, particularly for single-assessment testing. 
However, the adjustment for demographics have been argued can reduce 
a test's discriminatory power 306. To minimize this issue, we normalized 
test scores using Aβ- CN, mimicking robust norming methods.  
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Interestingly, visuospatial function tests displayed abnormalities 
primarily in later stages of AD, particularly during the dementia phase. 
This may in fact be due to the limited number of visuospatial tests 
included in the ADNI dataset. Other studies have found that non-
constructional visuospatial tests, such as spatial navigation 307, 
perceptual identification 308, and line orientation 309, can detect cognitive 
impairment in the MCI stage. Moreover, recent advances, such as the 
digital clock drawing test enhanced by artificial intelligence, show 
promise in assessing visuospatial and executive functions in AD 310,311.  
 
Some unexpected results with regards to test sensitivity were found in 
our model. Firstly, RAVLT delayed, contrary to expectations, became 
abnormal relatively late in the disease progression. This finding 
contrasts with the fact that episodic memory is known to be one of the 
earliest functions to be affected in AD. Several factors may account for 
this discrepancy. The RAVLT, a test of memory, is susceptible to 
practice effects, which can obscure the true trajectory of cognitive 
decline. In the ADNI study, two parallel forms of the RAVLT were 
used—Form A and Form B—with Form B administered at 6 months and 
3 years, and Form A administered at 1, 2, 4, and 5 years. However, these 
alternate forms may not be perfectly equivalent. One study reported a 
significant decline in performance at 6 months and 3 years compared to 
baseline when using Form B. In contrast, more consistent improvements 
were observed with Form A 72. Thus, the use of alternate forms may 
introduce variability, complicating the interpretation of longitudinal 
performance and potentially affecting the detection of cognitive 
changes. 
 
Secondly, verbal fluency tests (Animal and Vegetables fluency) did not 
show abnormalities during the preclinical stages of AD in our study. 
This finding contrasts with previous research suggesting that semantic 
memory decline, as assessed by verbal fluency, can be detected in 
preclinical AD 77,312,313 and is a key reason for including these tests in 
the PACC5 64. However, our study confirms the sensitivity of these tests 
in detecting MCI 314. Novel methods of assessing verbal fluency, such 
as Clustering and Switching or Item-Based Scoring 315, and their 
potential for preclinical AD, were not examined in this study. 
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In our disease timeline, the Aβ biomarker statuses of individuals do not 
always align with the anticipated timing of PET Aβ+ positivity. For 
instance, some individuals test positive earlier than expected, while 
others remain negative for some time after the predicted onset of PET 
Aβ+. This variability can be attributed to two main factors. First, the 
model estimates the most likely time since PET Aβ+ for each participant 
by analyzing all available data, which involves balancing the signal-to-
noise ratios of Aβ PET biomarkers with those of tau PET and the FAQ. 
This approach may occasionally compromise the precision of Aβ PET 
assessments in favor of achieving a more comprehensive fit across all 
data. Second, Aβ status is assessed through both PET imaging and CSF 
analysis (specifically the Aβ42/40 ratio). Research suggests that a 
CSF+/PET− status may occur because CSF can detect Aβ at an earlier 
stage; notably, reductions in soluble Aβ42 in CSF happen before the 
formation of fibrillary deposits that PET imaging can identify 316,317. 
This hypothesis is further corroborated by the observation of higher 
rates of CSF+/PET− cases compared to CSF−/PET+ cases in multiple 
studies 318–320. 
 
Our methodology has limitations, particularly the assumption that 
missing data occur randomly (MAR), which may not hold in 
longitudinal studies, especially with elderly populations. Missing data 
mechanisms are generally categorized as MAR, or missing not at 
random (MNAR), where missingness is influenced by unobserved 
factors. In AD studies, for instance, participants often drop out as the 
disease progresses due to factors like cognitive decline or mortality, 
introducing MNAR bias. This bias tends to increase in the later stages 
of the disease, potentially distorting estimates, since subjects who 
remain in the study despite of disease progression tend to do better than 
the overall population 321,322. In the ADNI study, an attrition rate of 
approximately 7% per year has been reported 323, indicating the potential 
for bias in this dataset. While handling of MNAR is possible, it requires 
explicitly modeling the dropout mechanism or missingness process.  
 
Additionally, our study did not account for distinct AD phenotypes, 
which may follow unique cognitive decline trajectories. Previous 
research has found that early-onset AD often presents with atypical 
symptoms, such as language and visuospatial impairments, while late-
onset AD is more likely to feature memory deficits 324. Co-pathologies, 
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such as Lewy Body disease, can also result in distinct cognitive profiles 
325,326. It does not either account for individual variability in cognitive 
decline rates. Prior studies have shown that this variability can be 
significant 327,328. Factors such as APOE ε4 carrier status, age, sex, 
education, and lifestyle choices—though some remain debated—are 
also thought to influence the rate of decline 329,330. 
 

5.4 UNSUPERVISED REMOTELY 
ADMINISTERED APP-BASED COGNITIVE 
TESTS 

5.4.1 FEASIBILITY, RELIABILITY AND VALIDITY 
 
An important aspect of cognitive testing is balancing task difficulty to 
capture subtle impairments without introducing floor or ceiling effects. 
While the tasks were found challenging by many study participants in 
Paper III, no significant floor or ceiling effects were observed overall. 
However, some participants scored below chance on the ORR-LDR 
task, suggesting that the 72-hour delay period may have been too 
difficult for certain older participants. This highlights the need for task 
difficulty to be appropriate for the population being assessed, as overly 
challenging tasks can obscure performance insights, especially in 
clinical populations with advanced cognitive impairments. 
 
Task exclusion criteria also played a role in shaping outcomes. In Papers 
III and IV, participants who finished the delayed recall too late were 
excluded. Had we applied less stringent exclusion criteria, more 
participants would likely have performed at very low levels, increasing 
the risk of floor effects. This is exemplified in Paper IV, where a few 
participants scored near zero, possibly due to a more lenient approach, 
not excluding participants with timeouts. All tests included a time 
component, requiring participants to respond to items within a specific 
timeframe, which may have influenced their performance. Future 
studies should ensure that these time limits are suitable for the target 
population and further investigate how low performance might impact 
adherence to study protocols. For instance, perceived task difficulty 
could increase the likelihood of dropout. 
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Adherence to study protocols is a critical aspect of digitalized studies. 
Given that adherence is a key aspect of digital research, it is essential 
that it be thoroughly analyzed and reported. In Papers III and IV, the 
ongoing study (with a duration of two years) is still in progress, and as 
participants were recruited continuously, no conclusions regarding 
adherence are drawn in these studies. This is, however, something that 
will be addressed in a future paper. It is important to note that previous 
research suggests that dropout rates tend to be higher in digital studies 
compared to those conducted in clinical settings 209. This study was 
conducted entirely unsupervised, and without in-person contact. It is 
also important to recognize that this study was conducted with a 
relatively healthy participant sample. In studies in clinical settings, with 
individuals who have MCI or dementia, or intellectual disabilities (e.g., 
AD in individuals with Down syndrome), adequate technical support 
becomes essential. This may necessitate greater allocation of personnel 
resources to ensure the study is carried out effectively. 
 
A significant limitation of Paper IV is its small sample size, which may 
have contributed to limited statistical power and an increased risk of 
Type II error—the failure to detect a true effect. This limitation may 
cause the study to miss meaningful differences between tests, potentially 
leading to inaccurate conclusions. While an adequate sample size is 
crucial for detecting meaningful effects with high probability, 
excessively large samples may detect trivial effects as significant, which 
can waste resources. Ideally, studies should use power calculations to 
determine the optimal sample size. However, practical constraints often 
lead to "convenience sampling" in observational studies, influenced by 
factors such as disease prevalence, inclusion criteria, enrollment 
timelines, study sites, and budget. For instance, the mobile add-on 
study's sample size was limited by the number of H70 participants 
willing to engage in smartphone testing, and Paper IV faced additional 
constraints with CSF sampling. 
 
Our study reveals a potential challenge for large-scale implementation 
of smartphone-based research due to relatively low consent and 
enrollment rates in the neotiv study. Although we were unable to gather 
direct feedback from those who declined participation, our analysis 
suggests that non-participants generally had slightly higher cognitive 
function and possibly higher education levels. Insights from previous 
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research shed light on similar issues. Samaroo and colleagues 201 
reported an 86% consent rate, with older adults frequently citing 
concerns about smartphone usage or lack of Internet access as reasons 
for declining. Berron and collegues 212 identified that in a clinical 
sample, key reasons for non-participation included lack of time due to 
extensive assessments (13%), unfamiliarity with smartphones and 
insecurity regarding their abilities (7%), and not having a smartphone 
with Internet access (7%). Additionally, among those who consented to 
the smartphone study, 36% did not complete a full session. Notably, 
62.5% of individuals who chose not to participate or who never enrolled 
had no prior experience installing an app or had only done so with help. 
In comparison, 69% of participants who participated and provided valid 
data had previously installed apps independently. Thus, this suggests 
that technological proficiency should be considered in the design and 
implementation of smartphone-based research studies. Our study 
included participants with an average age of approximately 77 years, 
and while data indicates that older adults are increasingly adopting 
digital technology, advanced age and limited digital experience may 
have affected their willingness to enroll in the neotiv study. 
 
Another factor to consider when comparing unsupervised and in-clinic 
tests is the "white-coat effect," which refers to differences in cognitive 
performance observed in clinical or medical settings versus at home. For 
example, in one experiment, cognitive performance was found to 
improve in unsupervised settings compared to in-clinic testing 331, 
possibly due to the individual feeling more at ease in their home 
environment. This could potentially lead to more accurate or stable 
results during repeated testing, thereby enhancing validity and 
reliability. However, unsupervised settings also introduce other 
potential variables that could affect performance, such as environmental 
distractions 217. Although distractions were not significantly associated 
with performance on most tests in Paper III, they remain a potential 
source of possible influence in future use cases. 
 
The white-coat effect, as demonstrated in the previous experiment, may 
be relevant in scenarios involving cognitive testing, such as cognitive 
screening, and particularly when performed by a less trained and 
experienced rater or when testing is conducted under strict time 
constraints. However, this phenomenon warrants further discussion 
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within the specific context of neuropsychological assessments, where its 
impact may not be as pronounced as observed in the experiment. It is 
here important to note that a neuropsychological evaluation conducted 
by a specialized neuropsychologist—unlike the conditions of the 
previously mentioned experiment—ideally incorporates several 
measures aimed at both assessing performance and optimizing the 
patient’s effort and engagement to achieve the most accurate results 
possible. For example, discussing patients comprehension and consent 
regarding the assessment process, and offering positive reinforcement 
to maintain their focus and commitment. Also, to arranging appropriate 
seating, adequate lighting, and other factors to promote physical ease 
during evaluations. These methods strive to establish an accommodating 
testing atmosphere, alleviating stress, or other barriers that might 
impede full participation and ideal performance 332. 
 
Another potential factor to consider for app-based testing is the 
uncertainty involved in verifying participants’ identities (i.e., ensuring 
the correct individual is completing the test), not addressed in Papers III 
and IV. To address identity verification, sophisticated biometric 
methods are available, but they present both technical and regulatory 
challenges for researchers. In the future, it may however be necessary to 
thoughtfully incorporate identity verification measures to ensure that the 
individual assessed remotely is indeed the correct person. Related to 
identity verification is the risk of malingering (e.g., exaggerating, 
feigning, or fabricating cognitive impairment) in remote and 
unsupervised testing. While malingering can occur in supervised 
settings, the incentive in dementia assessments has traditionally been 
considered lower than in contexts such as forensic and insurance 
assessments. However, this dynamic may change with the advent of 
more effective treatments, as a low test result might become a perceived 
gateway to accessing these therapies. Although methods for addressing 
malingering have been developed for traditional cognitive testing (e.g., 
performance validity tests and symptom validity tests) 333, this issue has 
not yet been adequately addressed in the context of remote unsupervised 
testing. 
 
In Paper III, our findings revealed that the app-based tests were 
significantly correlated with the PACC5. As anticipated, our memory 
scores showed the strongest associations with conventional memory 
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measures. These findings, along with other results from Paper III, play 
a role in validating cognitive assessments within clinical settings. 
Recent studies using remote and unsupervised app-based assessments 
through the neotivTrials app have shown potential in detecting MCI 221 
and predicting future cognitive decline 212 in clinical populations. It is 
important to highlight that while construct validity can initially support 
the use of newly developed cognitive tests, conventional cognitive 
assessments tend to show only weak correlations with AD biomarkers 
during preclinical stages. For instance, the relationship between Aβ and 
conventional cognitive tests in biomarker-defined preclinical AD tends 
to be modest 48–50. Many conventional tests were developed prior to the 
advent of biomarkers and neuroimaging techniques, potentially 
rendering their constructs insensitive to subtle changes in CN 
individuals. Therefore, the utility of cognitive tests for disease-specific 
applications may not solely rely on their association with conventional 
tests. To address this limitation, we investigated the associations 
between ORR-LDR and AD biomarkers in Paper IV. 
 

5.4.2 UTILITY AS A SCREENING TOOL FOR 
PRECLINICAL AD  

 
We investigated the potential for identifying Aβ+ individuals in a 
preclinical setting using one of the neotivTrials-based tests in Paper IV. 
Although the associations between ORR-LDR scores and Aβ levels 
were significant, and the diagnostic performance numerically surpassed 
that of conventional cognitive tests, the discriminative accuracy of 
ORR-LDR was still relatively modest. Nonetheless, our findings align 
with those from similar studies. For example, one study 208 used a burst-
design approach with brief tests administered over three daily sessions 
for eight days. Their episodic memory test achieved an AUC of 0.76 in 
distinguishing Aβ+ from Aβ- individuals, which is consistent with our 
results.  
 
The advancement of anti-Aβ disease-modifying therapies for AD is 
ongoing. Notable examples include the TRAILBLAZER trial for 
donanemab and the AHEAD 3-45 study for lecanemab. These trial 
required participants to test positive for Aβ, underscoring the need for 
scalable and cost-effective methods to identify individuals with Aβ 
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pathology. Although PET and CSF biomarkers can detect both Aβ and 
tau, their widespread use is limited by factors such as cost, availability, 
and invasiveness. In contrast, app-based tests offer a more practical 
alternative. Blood biomarkers are already being implemented for this 
purpose. For instance, in the AHEAD trial (lecanemab), plasma 
Aβ42/40 ratios in blood are used to exclude individuals unlikely to be 
Aβ+, reducing reliance on CSF or PET testing. As discussed in previous 
studies 194,222, combining app-based tests with high-performance blood 
biomarkers like p-tau assays and the Aβ42/40 ratio could improve the 
accuracy of case detection. For example, Tsoy and colleagues 194 
reported that a combination of blood biomarkers, app-based tests, and 
demographic and clinical covariates more effectively discriminated 
between Aβ-PET positivity and negativity than any single measure 
alone. However, it is important to note that the discriminatory 
performance of blood biomarkers was already very high, and the 
addition of cognitive tests contributed relatively little to this 
performance. The added value of app-based tests in this specific context 
should be evaluated in future studies.  
 
Digital cognitive assessments are already employed to direct individuals 
with cognitive impairments and an increased risk of AD into research 
studies. For instance, in ADNI4 252, these digital tests will be used to 
evaluate and screen approximately 20.000 participants. Out of these, 
around 4.000 will be invited to undergo remote blood testing, which will 
aid in determining their eligibility for enrollment into a clinical cohort 
of 500 new participants. This initiative will assess the effectiveness of 
cognitive tests in pre-screening participants for case selection. A 
promising aspect of this approach is the potential to utilize more 
accessible and cost-effective methods to identify individuals at risk of 
AD, thereby reducing the costs associated with performing expensive 
and invasive LP and PET scans exclusively for the most suitable 
candidates. While the focus will be on identifying individuals most 
likely to have MCI, it remains to be explored whether a combination of 
cognitive tests and blood biomarkers can provide additive value in 
identifying individuals even earlier in the AD continuum, specifically 
during the preclinical stage of AD. 
 
Once blood biomarkers become available in the cohort studied in Paper 
III and IV, the application of the app-based tests will need to be 
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evaluated accordingly. This evaluation should assess the sensitivity and 
specificity of these measures, both individually and combined, in 
distinguishing between Aβ+ and Aβ− individuals. Additionally, for 
clinical interpretation, it is essential to assess the positive predictive 
value and negative predictive value, as the prevalence of Aβ+ can 
significantly influence the performance of these tests across different 
groups.  
 
Importantly, the prognostic performance of these app-based tests in CN 
should be evaluated. Previous research has demonstrated that these tests 
improve the prediction of future cognitive decline in individuals with 
MCI 212. Whether these app-based tests provide similar prognostic value 
in the CN population remains to be determined in future studies. This 
will be assessed during the 5-year in-clinic follow-up of participants in 
the neotiv study, scheduled to commence when they are approximately 
80 years old. 
 
In our CN sample, we found that 15% of participants exhibited abnormal 
Aβ levels as indicated by Aβ42. This figure is significantly lower than 
the 28%–32.5% prevalence rates reported in comparable age groups in 
other studies 334 and the 22.8% prevalence in the 70-year-old cohort 
from the H70 studies 268. This variation might be attributed to the 
generally healthy cognitive profile of our participants. Furthermore, we 
identified abnormal tau levels (as measured by p-tau181) in 13.6% of 
the participants, while 23.7% displayed signs of neurodegeneration as 
indicated by t-tau. Previous H70 studies reported lower figures for tau 
(6.9%) and higher figures for neurodegeneration (33.2%). 
 
Using the NIA-AA ATN classification system 2, most Aβ+ participants 
were tau- and neurodegeneration-negative (A+/T-/N-), indicating "AD 
pathologic change," the earliest stage of the "AD continuum". A few 
participants were classified as having "AD" (A+/T+/N+), showing both 
Aβ and pathological tau, while one participant presented with A+/T-
/N+, suggesting AD with concomitant non-AD pathology. According to 
the newly revised AA criteria 3, only those with both Aβ and tau 
positivity (A+/T+) meet the criteria for AD, based on core biomarkers 
such as CSF Aβ42 and p-tau181 (the Aβ42/Aβ40 ratio was not available 
for all participants in our study). Full biological staging, which ranges 
from initial to advanced stages, requires Aβ and tau PET or a mixture of 
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core fluid biomarkers and tau PET, but these markers were unavailable, 
preventing complete staging. In contrast, using the IWG criteria 43,47, 
Aβ+ but tau-negative participants would be categorized as "at risk" or 
"probable AD," while those with both Aβ and tau positivity would be 
classified as "highly probable" or "established AD." However, these 
IWG classifications require the presence of an AD-specific clinical 
phenotype, which was not present in this sample. According to the 2011 
NIA-AA preclinical staging 4, most participants would fall into 
preclinical Stage 1, characterized by Aβ without evidence of neuronal 
injury, with a smaller subset classified as Stage 2, depending on their 
biomarker profiles.  
 
In our sample, 20.3% of participants showed a combination of abnormal 
tau and neurodegeneration biomarkers, paired with normal Aβ levels. 
This could signify early non-AD pathophysiological processes 335. 
Additionally, 10.2% had abnormal tau levels despite normal Aβ status—
a phenomenon often linked to non-AD tauopathies 336, and not unusual 
in CN individuals 337,338. Studies suggest that individuals with an 
abnormal tau status but normal Aβ levels (A−T+) exhibit cognitive and 
biomarker trends akin to those with normal tau and Aβ levels (A−T−), 
aligning with our findings where Aβ42 and p-tau were used as markers 
339–341. In our analysis, we found significant correlations between ORR-
LDR scores and Aβ levels, but no such relationships were found with 
tau or neurodegeneration biomarkers. A similar pattern was observed 
with the PACC5 scores, suggesting that abnormal tau and 
neurodegeneration biomarkers, in the context of normal Aβ levels, may 
reflect non-AD processes in our sample of CN individuals. 
 
Importantly, individuals who test positive for biomarkers do not 
necessarily experience cognitive decline, with modelled lifetime risk 
estimates for developing dementia ranging from 5% to 42%. Older 
individuals with preclinical AD may die from other causes before 
progressing to dementia 54. Indeed, many individuals with preclinical 
AD will not advance to AD dementia within their lifetimes. The risk of 
progression varies by preclinical AD stage, with those at NIA-AA 
preclinical Stage 3 having the highest estimated risk (73%) over 1 to 4 
years, compared to 38% for Stage 2 and 20% for Stage 1 52. However, 
these estimates remain uncertain due to the potentially long duration of 
the preclinical phase and the limited follow-up periods in many studies. 
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Greater certainty regarding the clinical significance of these findings 
will emerge in future studies when longer-term follow-up allows for a 
clearer understanding of cognitive and functional progression through 
AD stages. 
 
In addition to ongoing efforts to examine preclinical AD, future studies 
will aim to replicate previous findings from other cohorts 212,221, assess 
the applicability of these tests in clinical settings, and evaluate their 
usefulness in healthcare for individuals presenting with early symptoms 
of cognitive impairment. Although not addressed in this thesis, future 
research will further explore the potential of these app-based tests for 
longitudinal monitoring of cognitive function. Such longitudinal data 
hold promise as outcome measures in clinical trials and may be useful 
for monitoring treatment effects over time. 
 

5.5 ETHICAL ASPECTS 
 
The growing emphasis in research and healthcare on the very early 
stages of potential dementia could be crucial for improving diagnosis 
and treatment of the disease. However, ethical concerns arise, 
particularly in cases of screening for CN individuals without symptoms. 
One question is whether AD is diagnosed when individuals are 
categorized based on evidence of Aβ or very subtle cognitive changes. 
Given that a clinical diagnosis traditionally refers to the identification of 
a disease through its observable signs and symptoms, should the 
presence of Aβ or subtle cognitive decline be classified as a diagnosis, 
or are they more appropriately viewed as risk factors? In the AD field, 
opinions differ, with some viewing AD primarily as a biological 
condition (as in the NIA-AA (now AA) criteria 2,3) and others 
considering it a clinical-biological construct (as per the IWG criteria 
43,46,47). The ethical concern with terminology lies in the fact that patients 
may interpret preclinical AD as a diagnostic label or even as a pre-
dementia stage, leading to the belief that dementia is inevitable. The 
term "preclinical AD" can be considered misleading, suggesting that 
dementia is bound to occur, despite research not proving this. While 
exploring preclinical AD is important for potential future treatments, 
clinicians and researchers must clearly communicate its meaning, 
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uncertainties, and limitations. As discussed by for example Alzheimer’s 
Europe Ethics work group 342, at the same time, communicating that a 
larger segment of the general population could be affected by AD (even 
though it is in a preclinical phase) might help normalize and de-
stigmatize the condition. By redefining AD as a matter of varying 
degrees of risk, we may reduce the oversimplification of health and 
disease concepts and mitigate stigma. This approach suggests a 
continuum between those with and without dementia rather than a clear-
cut distinction. However, there is a risk that this shift could also foster 
the view that developing AD is a personal failure—whether due to a 
reckless lifestyle or insufficient preventive measures—potentially 
leading to increased blame and stigmatization.  
 
Considering that one potential future application of the app-based tests 
described in this thesis could serve as a screening tool for inclusion in 
clinical trials investigating anti-Aβ treatments, a discussion on this topic 
is necessary. While successful treatments have been shown to slow 
cognitive decline, approximately 13% to 17% 31 and 10% 343 for 
lecanemab to 24% for donanemab 32 of patients receiving anti-Aβ 
disease-modifying therapies develop Aβ-related imaging abnormalities 
(ARIA). ARIA are typically asymptomatic and tend to resolve within 
around 10 weeks. When symptoms do occur, they are often mild, 
manifesting as headaches or increased confusion, though in some cases, 
more severe symptoms like seizures may arise. In rare instances, these 
abnormalities can become life-threatening and even result in death. 
Among participants treated with donanemab, 1.6% experienced serious 
complications which required hospitalization, supportive care, and 
sometimes corticosteroid treatment. Among these cases, there were 
three deaths out of 860 participants. Given the potential risks associated 
with these treatments, it is crucial to thoroughly evaluate the risk-benefit 
ratio before starting therapy. Additionally, it is important to consider the 
risk factors linked to ARIA, including the ApoE ε4 genotype, treatment 
dosage, signs of microhaemorrhage on MRI, and the fact that most cases 
of ARIA occur during the first dose of treatment 33,344. That said, the 
app-based tests presented in this thesis, combined with sensitive blood 
biomarkers, might present a promising approach to this challenge. 
Together, these tools could more effectively identify patients most likely 
to benefit from anti-Aβ therapies, thereby reducing the risk of exposing 
individuals who are unlikely to gain from the treatment. 
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A similar rationale applies to clinical diagnoses in healthcare, 
particularly with MCI. Traditionally, MCI has been viewed as a 
condition that does not necessarily progress to dementia, with many 
individuals either reverting to normal cognitive function or remaining 
stable 88. However, more recent models of AD, such as the NIA-AA 
framework 2, classify biomarker confirmed MCI as MCI due to AD. 
While biomarker-confirmed MCI is linked to a higher likelihood of 
progressing to AD dementia (e.g., 59% over three years 104), this remains 
relatively uncertain due to the lack of conclusive longitudinal data. The 
distinction between "timely" and "early" diagnosis is important; 
"timely" diagnosis refers to identifying the disease at the most beneficial 
moment for the patient, while "early" diagnosis seeks to detect it as early 
as possible. While early diagnosis might allow for future planning, it 
may also cause unnecessary distress if the predicted progression does 
not happen. The development of disease-modifying therapies has further 
shifted the importance of timely diagnosis, as earlier intervention may 
alter the disease course, pushing the timing of "timely" diagnosis earlier 
in the disease process. Improved characterization of individuals with 
MCI who have a higher likelihood to progress to dementia would be 
highly beneficial in addressing these concerns 345.  
 
To date, much of AD research has been conducted in cohorts that are 
predominantly white and highly educated, which does not accurately 
reflect the general population. This lack of diversity is also evident in 
the cohorts included in this thesis. In Sweden, the population has 
become increasingly diverse, particularly since the 1980s, when 
refugees and asylum seekers to a greater extent began arriving in 
Europe. Currently, 21% of Sweden’s population is born outside the 
country, with 11% coming from non-Western nations 346. The under-
representation of racially minoritized groups in research used to 
establish normative and reference values casts doubt on the validity of 
these tests for assessing disease risk in populations that were not 
sufficiently included. For example, while the fourth iteration of ADNI 
(ADNI4) has recently begun to emphasize broader participant selection, 
previous iterations of the ADNI study have disproportionately 
underrepresented ethnoculturally diverse and lower-educated 
individuals 347. This raises concerns that ADNI findings may not be fully 
generalizable to these populations. Additionally, clinical trials for 
disease-modifying therapies in AD have lacked diverse representation 
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348. Ensuring that these therapies benefit all individuals requires 
equitable access to healthcare, including both biomarker testing and 
treatment. However, ethnic minorities often face disproportionate 
barriers to healthcare access, especially in dementia care 349. There is a 
risk that the introduction of preclinical AD testing and new disease-
modifying treatments could exacerbate existing disparities, as the 
benefits may not be equally distributed across the population. In many 
countries, including Sweden, numerous neuropsychological tests are not 
appropriate for some ethnic groups due to their reliance on culture-
specific skills based on Western educational systems. Moreover, there 
is an absence of suitable normative data for these groups in clinical 
settings 350. Although some cognitive tests, like visual memory 
assessments, are theoretically less influenced by culture and education, 
caution must still be taken with tests that claim to be “culture-free” 
without having been validated in diverse populations. There is a need to 
develop and validate cognitive tests that reduce inequalities in dementia 
diagnosis, particularly as new pharmacological interventions are 
becoming available in several countries and may soon be introduced in 
Europe and Sweden. 
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6 CONCLUSIONS 
The main implication of Paper I is that psychologists and other 
professionals can now apply more contextually relevant normative data 
in their assessments. The findings of the study highlight significant 
discrepancies between the Swedish and North American norms, 
underscoring the critical need for relevant norms in neuropsychological 
practice. The norms introduced in Paper I offer practitioners in Sweden 
greater confidence in the validity of their assessment tools, facilitating 
more accurate patient evaluations. 

The findings of Paper II indicate that cognitive tests vary in their 
sensitivity both across and within the stages of AD, as shown by the 
statistical disease progression model. This model encompassed the 
trajectory of cognitive decline across multiple cognitive measurements 
over nearly twenty years, spanning from the preclinical phase to 
dementia. This research enhances our understanding of cognitive 
decline in AD, providing insights for both clinical practice and trial 
design, especially in the selection of appropriate assessment tools. 

In Paper III, app-based tests were evaluated and found to be valid in 
relation to conventional in-clinic evaluations. The app-based tests were 
feasible in this sample, and participants generally found these tests 
interesting yet challenging. While the findings suggest that app-based 
tests can improve accessibility in cognitive testing, careful calibration 
of task difficulty is essential to minimize bias. Non-compliance was also 
observed, highlighting the need for thoughtful study protocols. In Paper 
IV, the app-based assessments were consistently associated with Aβ 
levels in CSF, which is important for the validation of scalable, cost-
effective screening tools for preclinical AD. Although the discriminative 
performance was modest, the study shows potential for future 
implementation of app-based tests alongside blood biomarkers, which 
could aid in identifying individuals at risk for AD. 
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7 FUTURE PERSPECTIVES 
The results presented in Paper I demonstrate differences between 
Swedish and North American norms, highlighting the necessity to 
update norms for neuropsychological tests. Although this has been 
accomplished for some tests (e.g., RAVLT 120, TMT 117, and D-KEFS 
Color-Word 116), many still rely on outdated or unsuitable norms. 
Additionally, ensuring high-quality cognitive assessments for ethnic 
minorities in Scandinavia requires evaluating the validity of existing 
norms for these populations—an issue not addressed in this thesis. 
Furthermore, future research should assess the effectiveness of our 
regression-based norms versus robust norms in classifying clinical 
criteria such as MCI AD. 

The findings from Paper II provided insights into the cognitive 
trajectory of AD, enabling more informed selection and interpretation 
of cognitive tests. Moving forward, the disease progression model can 
be used to assess the efficacy of emerging digital cognitive assessment 
tools, such as the automated remote story recall tasks in ADNI4 252. 
Further research should also explore the complexities of cognitive 
decline in AD, particularly the impact of comorbidities and phenotypic 
variations. Additionally, the evaluation and possibly refinement of 
further cognitive composites may improve our capacity to capture 
cognitive decline across the stages of the disease. 

The results from Papers III and IV underscore the potential of remote, 
unsupervised cognitive testing as a screening tool, particularly in 
preclinical AD scenarios. Future research should prioritize evaluating 
the integration of ORR-LDR with high-performing blood biomarkers to 
determine their combined efficacy in population-based screening 
contexts. Additionally, it is essential to explore the added prognostic 
value of these measures and ensure they are examined in more diverse 
cohorts. Initiatives like the ADNI4 study 252 and the Swedish study 
Validation of a realistic screening approach for early Alzheimer’s 
disease (REAL AD) 351, among others, are already moving in this 
direction.  
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