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Abstract

Objectives: The primary objective was to investigate the utility of blood-based
biomarkers of amyloid, tau, and neurodegeneration for (i) screening, (ii)
enrichment, and (iii) tracking response to treatment in clinical trials of Alzheimer’s
disease.

Methods: Longitudinal, participant-level data used in these studies was drawn from
the Swedish BioFINDER study and the ADNI study. Participants were classified as
cognitively unimpaired, mild cognitive impairment, or Alzheimer’s disease
dementia. For screening, logistic regression was used to predict amyloid PET status
in CU individuals from plasma AB42/AB40, APOE status, and age. For enrichment,
Linear mixed effects models were used to predict longitudinal cognitive decline and
future risk of AD dementia in CU individuals or in MCI individuals from a basic
model (age, sex, education, 4POE status) and varying combinations of blood-based
biomarkers (plasma AB42/AB40, plasma pTaul81, plasma pTau217, plasma NfL).
For treatment response, plasma NfL was measured longitudinally in MCI or AD
patients and properties such as slope, inter-subject variability, and intra-subject
variability were calculated. Plasma NfL was then compared with MRI and
cognition.

Results: The amyloid PET screening model had an AUC of 0.87, with a significant
independent effect for plasma AB42/AB40 and APOE status, but not age. This model
was estimated to reduce total cost of recruiting 500 amyloid-positive CU
participants by 31 — 42%, depending on the relative cost of amyloid scanning to
plasma measurement. For enrichment, plasma pTaul81 and pTau217 had the largest
effect on predicting cognitive decline in CU and MCI participants, with AB42/AB40
and NfL having significant effects in some scenarios. Using these biomarkers in a
clinical trial could reduce the required sample size of a clinical trial in CU
participants by up to 70%. Finally, plasma NfL was shown to have worse theoretical
performance as a trial progression marker compared to MRI-based measures,
primarily due to its high within-subject variability. NfL compared better to cognitive
measures as endpoints.

Discussion: The future of AD clinical trials will likely leverage plasma biomarkers
for initial screening. Their utility for enrichment and tracking treatment response
still needs to be evaluated in the context of other biomarkers measured in CSF, MRI,
or PET. The plasma ATN biomarkers evaluated here all appear to be independently
useful, but there is strong potential for more plasma biomarkers to be added to such
a panel.
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Background

The first generation of modern clinical trials of Alzheimer’s disease (AD) relied on
clinical diagnosis as the primary inclusion criteria (J. Cummings 2018). A clinical
diagnosis is assigned by a neurologist who interacts with the patient, performs
cognitive and functional assessment, and interviews caregivers or relatives to
understand if there has been a significant decline in any relevant domains. Notably,
a clinical diagnosis in the era of early AD clinical trials was not based on any
objective measure of underlying biological processes related to AD — namely,
abnormal amyloid and tau accumulation (Reitz 2012). This is not to assign blame,
however; none of those biological processes could be measured back then.

Because clinical diagnosis of AD is notoriously difficult and often inaccurate —
around 20% of diagnoses are incorrect in a specialized memory clinical setting and
up to 50% may be incorrect in generalized care settings — a significant portion of
participants who were included in the first generation of AD trials did not actually
have AD (Anderson et al. 2017). This phenomenon likely explains in part (but not
fully) why none of these early trials succeeded in halting or slowing the progression
of the disease.

With time, the idea that AD was better defined by its underlying biological processes
— namely, the accumulation of amyloid and subsequently tau proteins in the brain,
followed by neurodegeneration — rather than clinical symptoms began to be
appreciated. This led to a biological definition of AD in which abnormal amyloid
accumulation was specifically noted as a signature requirement of an AD diagnosis
(Dubois et al. 2007; McKhann et al. 2011).

Naturally, defining a disease by its biological characteristics necessitates a method
to measure these processes through objective measures or tests. Such objective tests
which measure underlying disease processing are conventionally called biomarkers
(Hansson 2021). For AD, biomarkers of amyloid and tau (and other related
processes such as neurodegeneration and neuroinflammation) were first developed
and validated in CSF and with PET (Zetterberg and Blennow 2013; Jagust et al.
2015).

CSF and PET biomarkers in AD quickly gained widespread use in specialized care
settings and have become the standard for inclusion into clinical trials of AD and
for detecting a biological response to treatment (Sevigny et al. 2016; Anderson et
al. 2017). As it stands today, it is exceedingly rare to see a late-stage clinical trial
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which does not require confirmation of abnormal amyloid and/or tau status through
CSF or PET. It is equally rare that such a clinical trial does not collect these
measures during the trial as well.

However, while CSF and PET biomarkers have become firmly established as
accurate methods for identifying underlying AD pathology and are thereby essential
to clinical trials of AD, they are not without their drawbacks. These biomarker
modalities are expensive to collect, invasive for the patient, and are largely
inaccessible outside of specialized care settings (Zetterberg 2017).

Solving the obvious clash between the fact that CSF and PET biomarkers have
become essential to run AD clinical trials and the fact that these biomarkers having
a large economic burden therefore constitutes an important area of research. Making
progress on this issue serves as the motivation and background for the present thesis
work.

Thankfully, a promising solution for this dilemma has begun to take hold: blood-
based biomarkers of amyloid, tau, and neurodegeneration. In the last few years,
blood-based biomarkers have started to become more mature and widespread
(Leuzy et al. 2022). The results are starting to pour in which show that these
biomarkers have significant utility for AD clinical care and, by extension, clinical
trials.

12



Introduction

Blood-based biomarkers have been proposed as a way to reduce the burden of CSF
collection and PET scanning in the context of AD clinical trials (Hampel et al.
2018). Still, it is unlikely that CSF or PET biomarkers will be replaced by blood-
based biomarkers in terms of what is used to determine whether an individual meets
the biological inclusion criteria for a clinical trial. Assuming that CSF or PET
biomarkers are likely to be required for inclusion into AD clinical trials for the near
future, then, blood-based biomarkers may be used in three ways: for screening, for
enrichment, or for tracking response to treatment.

Screening involves identifying individuals who are highly likely to meet the trial’s
inclusion criteria. In the case of AD clinical trials, the most important inclusion
criteria which has been established in recent years is requirement of abnormal
amyloid levels in the brain as evidenced by an amyloid PET scan (preferably) or by
measurement of CSF AB42/AB40 levels (Sevigny et al. 2016).

The reason blood-based biomarkers are needed for screening is because using CSF
or PET as required inclusion criteria leads to an expensive and drawn-out
recruitment process. Only about half of individuals at the MCI stage of the disease
are estimated to have abnormal levels of amyloid in the brain, and the prevalence
for abnormal amyloid accumulation in the brain is even lower in for CU individuals,
making it difficult to avoid a large number of negative (i.e., unnecessary) PET scans
(Jansen et al. 2015).

Still, CSF or PET are likely to continue to be required for trial inclusion because
they provide the most accurate way to measure AD pathology in the brain. The
failure of AD clinical trials of the past two decades has shown how important it is
to confirm that participants have AD pathology for inclusion into a trial (J. L.
Cummings, Morstorf, and Zhong 2014).

Blood-based biomarkers, on the other hand, are both inexpensive and highly
accessible. This makes them a perfect complement — rather than replacement — for
CSF or PET biomarkers when used for inclusion into AD clinical trials. A major
question, however, is how exactly blood-based biomarkers would be used for
screening and which biomarker(s) are best suited for the task depending on the
inclusion criteria (e.g., PET versus CSF; amyloid versus tau) and on the population
(e.g., CU versus MCI).
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One proposed workflow is to use blood-based biomarkers to identify individuals
who are likely to be amyloid positive on a PET scan, for instance (Keshavan et al.
2021). The individuals who are at high risk for amyloid PET positivity would then
be invited further to receive an amyloid PET scan. If the amyloid PET scan is
positive, then the individual could be included in the trial. While screening in this
way would result in added costs due to measuring blood-based biomarkers, if used
effectively it would also result in lower costs due to a sharp reduction in the number
of negative (i.e., wasted) amyloid PET scans which would be taken.

Understanding the predicted risk threshold for blood-based biomarker screening
which would result in the largest cost saving is therefore a major open question. The
optimal screening strategy (e.g., whether to have a low risk threshold and invite
everyone for PET screening who is in the top 75% of risk levels, or whether to be
strict and invite for PET screening only those who are in the top 25% of risk levels)
can be determined by weighing the performance of blood-based biomarkers to
accurately identify amyloid PET positive individuals with the cost ratio between
blood-based biomarker measurement and amyloid PET measurement. It is exactly
these questions which were addressed in Paper 1, which features an investigation of
the combined use of plasma AB42/AB40, APOE status, and age to screen for
amyloid PET positivity in prevention trials of AD.

While screening involves using inexpensive and/or accessible biomarkers to
identify individuals who are likely to meet the inclusion criteria of AD clinical trials,
it is no sure thing that individuals who meet the inclusion criteria will actually
decline cognitively during the trial. The complex and progressive nature of AD-
related cognitive decline is important to consider because a clinical trial full of
participants who all remain completely stable during the trial will have zero chance
of demonstrating a significant treatment effect (Veitch et al. 2018).

The issue of including non-progressors in AD clinical trials becomes even more
important to consider as trials move to earlier stages of the disease where cognitive
trajectories are more nuanced and drawn out (Brookmeyer et al. 2018). There are
two main options to address this issue: increase the length of the trial so that more
participants are likely to progress or select participants using criteria which goes
even further beyond the standard inclusion criteria and is based on an individual’s
likelihood of showing cognitive decline during the trial.

Increasing the length of AD clinical trials continues to be explored, as trials targeting
the earliest stages of the disease can now run up to four or six years (Insel et al.
2020). However, even this timeline does not ensure that enough participants will
progress during the trial. Therefore, using biomarkers to identify individuals likely
to show cognitive decline is an important area of research which can solve the issue
of non-progressors. This task is typically called enrichment, and it has been an open
question as to whether newly established blood-based biomarkers perform well here
(Freidlin and Korn 2014; Holland, McEvoy, Desikan, et al. 2012).
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It was clear quite early on in the development of blood-based biomarkers that they
were not on the same level as the same biomarkers measured in CSF and PET when
it comes to the strength of association with near-term (i.e., two to four years)
cognitive decline (Betthauser et al. 2019). However, it has been mostly unexplored
as to whether a combination of blood-based biomarkers could improve on the
prediction of cognitive decline compared to individual biomarkers. Paper 2 and
Paper 3 are aimed at answering exactly this question — does a combination of blood-
based biomarkers outperform individual blood-based biomarkers for predicting
cognitive decline? — along with trying to gain insight into what exactly that best
combination would be. Paper 2 addressed these questions in patients with MCI,
while Paper 3 featured elderly CU individuals.

Finally, measuring AD-related biomarkers in blood would also be beneficial when
it comes to tracking response to treatment during the actual trial. Clinical trials in
AD of today are focused on detecting not just a reduction in cognitive decline (the
primary endpoint), but also a reduction in AD pathology and neurodegeneration
(Howard and Liu 2020; Selkoe 2019). A reduction in AD-related pathology can be
a strong signal in both early- and late-stage clinical trials that the treatment is
effective. Deciding on the appropriate biomarkers which can measure the response
to treatment across the different pathological axes of AD is an open question (Insel
etal. 2015).

Tracking response to treatment involves identifying reduction in longitudinal
biomarker trajectories in the treatment group with the hope of relating this reduction
in biomarker to a reduction in clinical endpoint to establish proxy endpoints.
Measuring biomarkers longitudinally, however, would be expensive and invasive if
CSF or PET modalities were used. This claim is evidenced by the fact that recent
AD trials typically collected CSF or PET biomarkers longitudinally only in a small
subset of participants (Thambisetty et al. 2021).

Nonetheless, new data is starting to come out that suggests blood-based biomarkers
of AD indeed show reductions in response to treatment (Swanson et al. 2021).
Identifying the blood-based biomarkers which are most appropriate to measure
during the trial, however, requires an analysis of the longitudinal properties of the
biomarker in an observational context. Properties of interest which can affect the
utility of a biomarker as a longitudinal or proxy endpoint include (1) the change
over time in the disease group compared to normal aging, (2) the variability of the
biomarker change over time across different individuals, and (3) the variability in
the biomarker levels at each time point around the overall trajectory within the same
individual. These properties can respectively be called the slope, the inter-subject
variability, and the intra-subject variability; these properties are all important to
consider when deciding which biomarkers to collect during a trial (Huang et al.
2017; M. C. Donohue and Aisen 2012).
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An important question to be answered in the blood-based biomarker era is how these
properties measured in blood-based biomarkers compare to biomarkers measured in
other modalities. This question was addressed by Paper 4, where the focus was
specifically on biomarkers of neurodegeneration because the main blood-based
biomarker of neurodegeneration (plasma NfL) had been developed furthest at that
point in time.

In all, the blood-based biomarker revolution brought about the development of
multiple biomarkers for AD-related processes such as amyloid and tau
accumulation, along with general neurodegeneration. The blood-based biomarkers
of focus in the work presented here are plasma AP42/AP40 to reflect amyloid
accumulation, plasma p-taul81 and plasma p-tau217 to reflect tau accumulation,
and NfL to reflect general neurodegeneration (West et al. 2021; Janelidze et al.
2020; Thijssen et al. 2020; Mattsson et al. 2017). It is important to note that these
biomarkers are thought reflect the associated underlying AD pathology to varying
degrees of closeness, although this is not a focus of the current work. Validating
blood-based biomarkers for screening, enrichment, and treatment response involved
building clinical prediction models of AD-related outcomes and then developing
and testing strategies by which these blood-based biomarker models can make
clinical trials more efficient. It required data from longitudinal, observational
cohorts with harmonized, multi-modal biomarker collection.
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A1ims

The primary aim for each study was as follows:

1.

To assess the utility of plasma AB42/AB40, in combination with APOE and
age, to screen for abnormal amyloid PET status in CU individuals

To investigate the performance of a combination of blood-based biomarkers
for predicting cognitive decline in CU individuals

To investigate the performance of a combination of blood-based biomarkers
for predicting cognitive decline in MCI individuals

To measure properties of longitudinal trajectories for plasma NfL and to
compare these properties to other neurodegeneration biomarkers

There were also more general aims of these studies as a whole. These aims can be
defined as follows:

1.

To understand the degree to which blood-based biomarkers provide
independent information from each other

To compare blood-based biomarkers to more basic models consisting of
only demographics, baseline cognition, and APOE

To compare blood-based biomarkers to more invasive models consisting of
similar biomarkers measured in CSF

To determine whether blood-based biomarkers would be effective for
screening, enrichment, and treatment response in AD trials

17






Methods

Participants

The studies presented in this thesis rely on participants from two longitudinal,
observational cohorts: the ADNI study (NCT00106899) and the Swedish
BioFINDER-1 study (NCT01208675). Both cohorts share many similarities,
particularly in the fact that they both recruit and follow participants across the AD
spectrum — from subjective cognitive decline (SCD), mild cognitive impairment
(MCI), and AD dementia — along with cognitively unimpaired (CU), healthy elderly
individuals. The ADNI study was launched in 2003 as a public-private partnership
(Petersen et al. 2010). The Swedish BioFINDER-1 study began in 2005 (Palmqvist
et al. 2015). Both studies are still ongoing and were approved by local institutional
review boards. Written informed consent was received from all participants.

In Paper 1, CU participants from the Swedish BioFINDER-1 study were included.
The CU participants consisted of (i) individuals who were cognitively normal (CN)
with no objective evidence of cognitive impairment at baseline and (ii) individuals
with subjective cognitive decline (SCD) who were referred to the memory clinic for
investigation but deemed not to have any cognitive impairment after undergoing an
extensive neuropsychological battery. The inclusion criteria for these participants
included being at least 60 years of age, under 80 years of age if SCD, have no
objective cognitive impairment, have an MMSE score of at least 28 for CN
participants and at least 24 for SCD participants at the screening visit, be fluent in
Swedish, and not fulfil the criteria for MCI or dementia according to the DSM-5.
Exclusion criteria included having an unstable illness that would make it difficult to
participate in the study or have current alcohol or substance abuse.

In Paper 2, MCI participants from the Swedish BioFINDER-1 study were included
in the analysis. These MCI participants were recruited and evaluated in a memory
clinic setting after referral from primary care. Inclusion criteria involved being
between 60 and 80 years old, fulfilling consensus criteria for MCI, an MMSE score
of at least 24, and no or minimal impact of daily living activities, while not fulfilling
criteria for dementia. Exclusion criteria was cognitive impairment that could better
be attributed to another non-neurodegenerative condition, severe somatic disease,
and alcohol or substance abuse. The analysis in Paper 2 was also validated using
MCI participants from the ADNI study.
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In Paper 3, the same criteria as defined for Paper 1 was used to identify participants
from the Swedish BioFINDER-1 study.

In Paper 4, participants from the ADNI study were included in analysis. Inclusion
criteria for this analysis involved being between 55 and 90 years of age, completing
at least six years of education, fluent in Spanish or English, and no significant
neurological disease. All participants included in this analysis had a CDR score
between 0 — 1 and had amyloid PET or CSF AB42 measurement available.

Cognitive & Clinical Assessment

Paper 1 did not feature any cognitive assessment in the analysis beyond what was
used for determining participant inclusion and exclusion as defined above.

The main outcomes in Paper 2 involved the Mini-Mental State Examination
(MMSE), which is a global cognitive measure scored from 0 — 30, and clinical
conversion to AD dementia (Chapman et al. 2016). Both of these outcomes were
evaluated four years and two years after baseline. Clinical status of dementia due to
AD was evaluated according to the DSM-5 criteria in the Swedish BioFINDER-1
study and the ADNI study used the National Institute of Neurological and
Communicative Disorders and Stroke and the Alzheimer’s Disease and Related
Disorders Association criteria for probable AD (Dubois et al. 2007).

Paper 3 featured the Pre-Alzheimer’s Cognitive Composite (PACC) as the primary
cognitive outcome because this cognitive scale was developed to be more sensitive
to the earliest cognitive changes in CU individuals (Michael C Donohue et al. 2014).
The PACC score used in this analysis consisted of a weighted sum of the z-score
values of four cognitive assessments: the MMSE, delayed word recall from the
Alzheimer’s Disease Assessment Scale — Cognitive Subscale (weighted double),
animal fluency, and trail-making B tests. The secondary cognitive assessment was
the MMSE score on its own. Conversion to AD dementia or all-cause dementia was
similarly assessed as described above for Paper 2 and used as a secondary outcome.

The analysis in Paper 4 involved two cognitive scales evaluated longitudinally. The
scales included the Clinical Dementia Rating — Sum of Boxes (CDRSB) and the
modified PACC score. The CDRSB score reflects clinically relevant symptoms
throughout AD progression and the PACC score attempts to detect these symptoms
earlier on (Aisen 2015). The PACC score used here was composed of the MMSE,
logical memory delayed recall, trail-making test B, and the delayed word recall from
the ADAS-Cog scale. Since Paper 4 was focused on cognitive endpoints in clinical
trials, it was important to include two of the most commonly used cognitive
endpoints in actual clinical trials.
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Imaging Biomarkers

In Paper 1, amyloid PET scans were collected at baseline and used at the primary
outcome for analysis. The amyloid PET scan used was 18F-flutemetamol PET
conducted on a Philips Gemini TF 16 scanner. A global neocortical compositive
standardized uptake ratio (SUVR) was calculated using cerebellar cortex as
reference region, with an abnormal amyloid PET scan was defined as SUVR > (0.742
as defined previously (Palmgqvist et al. 2014; Janelidze et al. 2017).

No imaging biomarkers were assessed as outcomes in Paper 2 or Paper 3. In Paper
4, structural MRI scans were collected longitudinally and used as an outcome in the
analysis. The scans were acquired using a 3T scanner with a standardized protocol
across sites. Regional volume and cortical thickness measurements were derived
using the 2010 Desikan-Killany atlas and the longitudinal pipeline from FreeSurfer
v5.1 software (Fischl 2011). From these regional structural brain estimates, a
temporal composite was derived from consisted of the area-normalized bilateral
cortical thickness in entorhinal, fusiform, inferior temporal, and middle temporal
regions (Jack et al. 2015). The bi-laterally averaged hippocampal volume was also
used a structural MRI outcome.

Amyloid PET scans were also used in Paper 4 to defined amyloid-positive
individuals using 18-F Florbetapir PET scans, with abnormality being defined from
SUVR values derived from a cortical ROI (Carotenuto et al. 2020).

Fluid Biomarkers

In Paper 1, plasma AB42/AB40 was measured at baseline using an [P-MS method
described previously (Janelidze et al. 2021). The average intra-assay coefficient of
variation (CV) was 0.72% and the average inter-assay CV was 3.46%. Analysis was
done at the Bateman laboratory at Washington University in St. Louis. Additionally,
APOE genotype was measured at baseline and treated as a binary variable indicated
the presence of at least one e4 allele or not.

In Paper 2, a wider range of plasma biomarkers were measured. For the Swedish
BioFINDER-1 cohort, this included plasma AP42/AB40 as measured using an
Elecsys immunoassay on a Cobas e¢601 analyzer, as well as using a mass
spectrometry-based plasma AB42/AB40 assay from Araclon Biotech (Palmgvist et
al. 2019). Plasma pTaul81 was measured on a Meso Scale Discovery platform using
an assay developed by Eli Lilly (Janelidze et al. 2020). Plasma NfL was analyzed
using a Simoa-based assay (Mattsson et al. 2019). CSF biomarkers were also
measured in this cohort. CSF AB42 was and pTaul81 were measured using Elecsys
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assays from Roche Diagnostics and CSF NfLL was measured using an ELISA
method from Uman Diagnostics.

Additionally, plasma biomarkers were measured in Paper 2 for participants from the
ADNI study. Plasma AP42/AB40 was measured using an IP-MS method, and
pTaul81 was measured using a Simoa HD-X Analyzer from Quanterix using an
assay developed in the Clinical Neurochemistry Laboratory at the University of
Gothenburg, Sweden (Karikari et al. 2020). Plasma NfL in ADNI study participants
was measured using the same Simoa-based assay as described above. All
biomarkers used in Paper 2 were natural log transformed and any binary cutoffs
were derived using Youden’s index to maximize separation between amyloid-
negative CU participants and amyloid-positive AD dementia patients.

In Paper 3, the biomarkers were measured using the same method as was done for
participants in Paper 2. The main difference was that plasma pTau217 was also
measured and available for the analysis in Paper 3. Plasma pTau217 levels were
measured on a Meso-Scale Discovery platform using an assay developed by Eli
Lilly (Palmqvist et al. 2020).

In Paper 4, plasma NfL was the only fluid biomarker included in the analysis. Here,
longitudinal plasma NfL levels were measured at the Clinical Neurochemistry
Laboratory at University of Gothenburg, Sweden using an in-hour ultrasensitive
ELISA on the Simoa platform from Quanterix (Mattsson et al. 2019). The assay had
limits of quantification of 6.7 ng/L and 1620 ng/L, with an intra-assay CV of 6.2%
and an inter-assay CV of 9.0%.

Statistical Analysis

A variety of statistical methods were used across the studies presented here,
although the methods were generally consistent based on whether the outcome was
cross-sectional versus longitudinal and continuous versus binary.

For cross-sectional, continuous outcomes, linear regression was used. Linear
regression models were fit with combinations of biomarkers as independent
variables. Performance metrics of interest for linear regression include R* and AIC.
For longitudinal, continuous outcomes, linear mixed effects modelling was used (M.
C. Donohue and Aisen 2012). Linear mixed effects models were employed in Paper
2 and Paper 3 to analyze the association between baseline levels of plasma
biomarkers and longitudinal change in cognition. The models featured random
intercepts and random slopes, and baseline levels of the outcome were always
included as a covariate. Performance metrics of interest here included R* and AIC.
Similar linear mixed effects models were used in Paper 4 to model longitudinal
biomarker trajectories. Multiple metrics of model fit relevant to statistical power
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analysis were extracted and compared across biomarkers. These metrics included
the residual error, inter-subject variability, and intra-subject variability.

For cross-sectional, binary outcomes, logistic regression was used. Such a logistic
regression model was used in Paper 1 to predict abnormal amyloid PET status from
plasma AP42/AB40, APOE, and age. The metrics used to evaluate this model were
AUC and AIC. For longitudinal, binary outcomes, Cox regression was used. Cox
regression requires an outcome variable representing whether or not each individual
converting to AD dementia (or any type of dementia) while in the study, along with
another variable specifying how long after baseline the individual converted to AD
dementia (or any type of dementia) or how long the individual has been in the study
(if they have not converted). Alternatively, logistic regression can be used instead
of Cox regression if the longitudinal, binary outcome is viewed at a specific point
in time — here, two years or four years after baseline. In this case, only participants
who have developed the positive binary outcome value or who have been followed
in the study up to the given time cutoff while not developing the positive binary
outcome value can be included.

All statistical analysis in these papers was performed using the R programming
language. All statistical tests were two-sided with an alpha of 0.05. Correction for
multiple comparisons was not relevant for any analyses.
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Results

Participant characteristics

The ADNI and BioFINDER studies made up the core of the participants used in the
studies presented here. Inclusion into the studies was based primarily on meeting
diagnostic and biomarker criteria, completing enough follow-up visits (usually, 2 or
4 years), and availability of relevant biomarker data.

In Paper 1, the group consisted of 180 CU participants from the BioFINDER study,
of which 80 individuals (44.4%) were SCD participants. A total of 52 participants
(28.9%) had abnormal amyloid PET scans at baseline. The percentage of amyloid
PET positive participants in the SCD group (32 of 80; 40%) was significantly
greater than in the CN group (20 of 100; 20%; P = 0.005). The average age of
participants in this study was 73.0 = 5.3 years, 111 participants (61.7%) were
female, and the average years of education was 11.9 + 3.3 years.

In Paper 2, the participants consisted of 148 MCI individuals from the BioFINDER
study who had available plasma and CSF biomarker measurements. The mean age
in this group was 71.4 years, 36.5% were female, and the mean education was 11.2
years. The mean MMSE score in this group was 27.2 (1.7) at baseline and decreased
to 21.8 (5.2) on average four years after baseline. Moreover, 59.8% of participants
in this group developed AD dementia within four years after baseline.

The analysis in Paper 2 also included 86 MCI individuals from the ADNI study for
whom the full set of plasma biomarker measurements (AB42/AB40, P-taul81, and
NfL) were available. In this cohort, the mean age was 71.5 years, 51.2% were
female, and the mean education was 16.4 years. The mean MMSE score was 28.3
(1.7) at baseline and dropped only slightly to 27.6 (2.9) at four years after baseline.
Similarly, only 10.8% of participants in this group developed AD dementia within
four years after baseline.

There was also a separate group of 425 MCI participants from the ADNI cohort
which was used for validating fitted statistical models. this group had only plasma
P-taul81 and plasma NfL measurements available. This group had similar baseline
characteristics as the smaller group of ADNI participants but showed more decline:
the mean MMSE score dropped from 28.2 (1.7) at baseline to 26.6 (4.1) four years
after baseline, and 33.1% of participants developed AD dementia within four years
of baseline.
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In Paper 3, the participants consisted of 435 CU individuals, of which 167 (38.4%)
had SCD while all other patients were CN. The average age in the overall CU group
was 72.58 (5.45), with 44.6% being female and having 12.17 (3.66) years of
education on average. The average MMSE score at baseline was 28.8 (1.2) and the
average PACC score at baseline was 0.01 (0.74). These participants were followed
for an average of 4.75 (1.66) years, during which the average four-year change in
MMSE was -1.02 (2.93) points and the average four-year change in PACC was -
0.33 (0.85) points. Moreover, 28 participants (6.4%) developed AD dementia and
39 participants (9.0%) developed any form of dementia.

The primary difference in how SCD versus CN participants were recruited is that
SCD participants were referred to the memory clinic but did not meet the criteria
for MCI after undergoing cognitive testing, while CN participants were recruited
from the community and not followed in a memory clinic setting. Therefore, looking
at differences in demographics, biomarker levels, and outcomes in the CN versus
SCD groups was highly relevant for participants involved in Paper 3.

For demographics, it was found that the SCD group was significantly younger (73.62
in CN versus 70.92 in SCD; P < 0.0001) and had a significantly higher proportion of
APOE ¢4 carriers (27% in CN versus 45% in SCD; P = 0.0001). There was no
significant difference in education or gender representation between the two groups.

In terms of cognitive and clinical outcomes, the SCD group had lower MMSE scores
at baseline (-29.03 versus 28.44; P < 0.0001) and lower PACC scores at baseline
(0.17 versus -0.23; P <0.0001), although there was no significant difference in four-
year change in MMSE (P = 0.414) or four-year change in PACC (P = 0.102)
between the two groups. Moreover, the SCD group was significantly more likely to
develop AD dementia (1.1% in CN versus 15.0% in SCD; P < 0.0001) or any type
of dementia (P < 0.0001).

For biomarker levels, there were no significant differences between CN and SCD
participants in terms of plasma AB42/40 or CSF AB42/40, nor in terms of plasma
pTau217 or CSF pTaul81. However, the SCD group had significantly lower plasma
NfL levels (7.63 versus 7.54; P = 0.036) yet significantly higher CSF NfL levels
(6.75 versus 6.86; P =0.027).

In Paper 4, the participants consisted of individuals from the ADNI study who were
classified into three separate groups based on baseline amyloid status as defined by
amyloid PET (or CSF AB42 if amyloid PET was not available) as well as baseline
cognitive status as defined by the CDR Global cognitive score. This study was
focused on analyzing longitudinal biomarkers of plasma, MRI, and cognition, but
there was no requirement to have completed a given number of visits.

The first group (“controls™) consisted of 330 individuals defined by a negative
amyloid status (i.e., normal levels of amyloid) and a CDR score of 0. In this group,
the average age was 72.7 (6.1), 50% were female, and the education level was 16.2
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(2.5) years. The average MMSE at baseline was 29.2 (1.1) and the average PACC
score at baseline was 0.05 (2.6). This group had a total of 631 MRI observations,
750 plasma NfL observations, and 1,794 cognition observations.

The second group (“preclinical AD”) consisted of 218 individuals defined by a
positive amyloid status and a CDR score of 0. In this group, the average age was
73.3 (6.1), 61.9% were female, and the education level was 16.4 (2.5) years. The
average MMSE at baseline was 29.0 (1.2) and the average PACC score at baseline
was -0.35 (2.8). This group had a total of 343 MRI observations, 430 plasma NfL
observations, and 1,117 cognition observations.

The third and final group (“mild AD”) consisted of 697 individuals defined by a
positive amyloid status and a CDR score of 0.5 or 1. A total of 388 of the 697
participants in this group also had abnormal tau accumulation as define by CSF
pTau levels greater than 27 pg/mL. In this group, the average age was 73.4 (7.2),
43.5% were female, and the education level was 15.7 (2.8) years. The average
MMSE at baseline was 26.0 (2.7) and the average PACC score at baseline was -9.8
(6.2). This group had a total of 1,510 MRI observations, 1,457 plasma NfL
observations, and 3,559 cognition observations.

In terms of differences between groups, the demographics were quite similar
between all groups, although the mild AD group had slightly less educational
attainment than the other groups. The preclinical AD group had similar baseline
MMSE levels as the control group but lower baseline PACC levels.

Predicting amyloid PET status

The first step for investigating how biomarkers perform for screening is to fit a
statistical model to predict the relevant screening outcome. Here, a logistic regression
model was fit to predict amyloid PET status (normal versus abnormal) from plasma
APB42/AB40, APOE status, and age. This model had an AUC of 0.87 (95% CI [0.82,
0.92]) and there was a significant independent effect for plasma AB42/Ap40 (OR =
5.98[3.27, 12.32], P <0.0001) and APOE status (OR = 1.85 [1.26, 2.76], P = 0.002),
but not age (P = 0.62). A model which excluded age was tested and found to have a
similar performance for predicting amyloid PET status as the full model.

As there was an overrepresentation of amyloid PET positivity in the SCD group
compared to the CN group, a sensitivity analysis was performed in which the logistic
regression analysis was restricted to CN participants. The results here showed only
a small decrease in model performance (AUC = 0.84 [0.75, 0.92]). A significant
effect remained for plasma AB42/Ap40 (OR =4.21 [1.92, 11.02], P = 0.001), but
the effect became only a trend for APOE status (OR = 1.55[0.92, 2.64], P = 0.098)
and remained non-significant for age.
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Trial screening

The results from testing this model in a screening scenario with different risk
percentile cutoffs demonstrated that the expected amyloid PET+ rate would increase
from 28.9% with no screening (i.e., the baseline rate in the entire population) to
38.7% (CI [29.8, 47.7]; P < 0.0001 versus no pre-screening) with a 25™ percentile
risk score cutoff (i.e., the 75% of screened individuals with highest predicted
amyloid PET risk scores would be invited for PET scanning). With a 50" percentile
risk score cutoff, the amyloid PET+ rate would increase to 54.6% (CI [43.0, 66.2],
P < 0.0001). With a 75" percentile cutoff, the amyloid PET+ rate would increase
even further to 63.7% (CI [48.8, 78.6]; P <0.0001).

In terms of the number of plasma measurements versus PET scans which would be
required to recruit 500 amyloid PET+ CU individuals, the baseline amyloid PET+ rate
of 28.9% in the overall population means that 1,749 amyloid PET scans would be
needed to fulfill recruitment. However, implementing pre-screening with the fitted
model above (i.e., only taking amyloid PET scans in the pre-screened population)
would reduce the expected number of amyloid PET scans to 1,312 at a 25™ percentile
risk score cutoff. At a 50™ percentile risk score cutoff, 926 amyloid PET scans would
be needed. And at a 75™ percentile risk score cutoff, only 796 amyloid PET scans
would be needed. These results are visualized in the figure below.
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While 1,749 amyloid PET scans would be expected to recruit 500 amyloid PET+
individuals without pre-screening, this strategy requires no plasma measurement. In
contrast, implementing pre-screening with the fitted model above would require
1,750 individuals to receive plasma measurement to screen in enough amyloid
PET+ individuals with a 25™ percentile risk score cutoff. With a 50™ percentile risk
score cutoff, 1,850 plasma measurements would be required. And with a 75"
percentile risk score cutoff, 3,184 plasma measurements would be required.

As these results show, there is a tradeoff between the number of plasma
measurements and the number of amyloid PET scans which would be expected
under various pre-screening risk score cutoffs. A cost-benefit analysis performed
under the assumption that amyloid PET scanning was only four-times (4x) as
expensive as plasma biomarker measurement showed that there would be no
significant cost savings by employing the fitted pre-screening model with a 25%
percentile risk cutoff (Acost = -8.7% [-12.1, 29.5], P = 0.18), or a 75th percentile
risk cutoff (Acost = -0.27% CI [-1.3, +5.6], P = 0.05). However, with a 4x
PET:plasma cost ratio there was indeed a significant cost saving with a 50th
percentile risk cutoff (Acost = -20.8% CI [-26.9, -14.7], P < 0.001).

When assuming an 8x PET:plasma cost ratio, there was always a significant cost
savings to be had by plasma pre-screening. The cost savings by pre-screening with
a 25" percentile risk score cutoff compared to no pre-screening was 31.3% ([16.2,
46.4], P = 0.002). With a 50™ percentile risk score cutoff at an 8x PET:plasma cost
ratio, the cost savings was 33.9% ([28.9, 38.9], P <0.001), and the cost savings with
a 75" percentile risk score cutoff was only 12.8% ([11.2, 14.3], P <0.0001).

Lastly for the cost-benefit analysis, assuming an 16x PET:plasma cost ratio showed
that there was again always a significant cost savings to be had by plasma pre-
screening regardless of the risk score cutoff to be invited further for an amyloid PET
scan. The cost savings by pre-screening compared to no pre-screening increased to
42.7% with a 25" percentile risk score cutoff, increased to 30.6% with a 50"
percentile risk score cutoff, and increased to 18.9% with a 75" percentile risk score
cutoff.

Moreover, the cost-benefit analysis was performed in a logistic regression model
which excluded age. This sensitivity analysis was performed because age was not a
significant predictor in the original logistic regression model that included plasma
AP42/AB40, APOE status, age. Here, the results showed almost no difference
compared to the results found when age was included in the model. Thus, age had
little impact on the amyloid PET risk scores.
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Predicting AD-related decline

Investigating how plasma biomarkers perform for enrichment involves first fitting
a statistical model to predict longitudinal outcomes such as cognitive decline or risk
for AD dementia from baseline biomarker levels. In the case that the best
combination of biomarkers to use at baseline for predicting longitudinal outcomes
is not known, there can also be a model selection step in which different
combinations of biomarkers are tested and the most parsimonious (i.e., the best
performing combination set of variables with the fewest number of variables) set of
variables is identified.

In Paper 2, in which plasma AB42/AB40, pTaul81, and NfL was analyzed in MCI
participants from the BioFINDER and ADNI cohorts, a model selection procedure
was performed to identify the best performing combination of plasma biomarkers
to predict longitudinal cognition (four-year MMSE) and clinical conversion (four-
year risk of AD dementia). All possible combinations of the three plasma
biomarkers were tested, but these combinations were always tested when added to
a “basic” model consisting of age, sex, education, and baseline MMSE score.

With four-year MMSE as outcome in the BioFINDER sample (n = 118), the model
which included all three plasma biomarkers (R2 = 0.36, AIC = 684) fit the data
significantly better than the basic model which included age, sex, education, and
baseline MMSE score (R2 = 0.24, AIC =702, P =0.0001). The most parsimonious
model, however, which achieved the lowest AIC score included only plasma P-
taul81 and plasma NfL (R2 = 0.36, AIC = 683). In this most parsimonious model,
there was a significant effect of plasma pTaul81 (B =-1.65 points decline in MMSE
per standard deviation increase in biomarker value; P < 0.0001) but not for plasma
NfL (B =-0.70; P =0.13).

This finding was successfully replicated in the ADNI model selection sample (n =
64) with four-year MMSE as outcome. Here, the performance of the full plasma
biomarker model containing all three plasma biomarkers (R2 = 0.25, AIC = 310)
was significantly better than that of the basic model consisting only of age, sex,
education, and baseline MMSE (R2 = 0.15; P = 0.01). Again, the model which
included only plasma P-taul81 and plasma NfL was the most parsimonious in terms
of AIC value (R2 =0.25, AIC =309). However, in this model there was a significant
individual effect for plasma NfL (B = -1.02, P = 0.02) but only a near-significant
effect for plasma pTaul81 (B =-0.64, P = 0.06). These results are visualized in the
figure below.
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When performing the same model selection procedure in the BioFINDER and
ADNI cohorts with four-year conversion to AD dementia as the outcome, the results
were again replicated showing that 1) the full plasma biomarker outperformed the
basic model and 2) the model consisting of only plasma pTaul81 and plasma NfL
(in combination with the basic model) was the most parsimonious model in terms
of AIC.

More specifically, in the BioFINDER cohort, the performance of the full plasma
biomarker model for predicting four-year conversion to AD dementia (AUC = 0.88,
AIC = 106) was significantly better than the basic model (AUC = 0.70, AIC = 140;
P < 0.0001). The most parsimonious model included only plasma P-taul81 and
plasma NfL (AUC = 0.88, AIC = 104). Again, this model had a significant effect of
plasma pTaul81 (OR = 5.87, P = 0.0001) but only a trend for plasma NfL (OR =
1.73, P =0.10).

In the ADNI cohort, the performance of the full plasma biomarker model for
predicting four-year conversion to AD dementia (AUC = 0.88, AIC = 50) was again
significantly better than the basic model alone (AUC = 0.74, AIC = 57, P = 0.005).
The most parsimonious model again included only plasma pTaul81 and plasma NfL
(AUC = 0.89, AIC = 49). In this model, there was a significant effect of plasma
pTaul81 (or =4.58, P =0.009) but not plasma NfL (OR = 2.15, P = 0.20).

A sensitivity analysis was performed in which apoE4 status was included as part of
the basic model in addition to age, sex, education, and baseline MMSE, but this did
not affect any of the findings — i.e., the full plasma biomarker model still
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outperformed the basic model even with apoE4 status included, and the combination
of plasma pTaul81 and plasma NfL was generally the most parsimonious when
added to the basic model.

Due to the low independent prognostic value provided by plasma AB42/AB40 in the
tested models, another sensitivity analysis was performed in which a more sensitive,
mass spectrometry-based assay was used to measure AP42/AB40 in plasma.
However, while the results were qualitatively stronger for this assay, it still had no
significant effect on the model selection procedure — i.e., plasma AB42/AB40 was
never selected as part of the most parsimonious model.

Because the analysis in Paper 2 involved data from two independent cohorts
(BioFINDER and ADNI), it was possible to perform an out-of-sample validation
where the statistical models described above to predict cognitive decline and
conversion to AD could be fit in one of the cohorts and then evaluated in the other.
However, because the plasma assays were not harmonized across studies, this
analysis was performed after dichotomizing plasma biomarker levels for each
participant into “normal” or “abnormal” based on pre-defined cutoffs. For this
validation analysis, only the most parsimonious biomarker model (i.e., plasma
pTaul81 and plasma NfL) was tested along with the basic model consisting of age,
sex, education, and baseline MMSE.

When externally validating the plasma biomarker models, it was found that the
plasma biomarker model significantly improved participant-level, out-of-sample
prediction of four-year MMSE score compared to the basic model, both when the
model was fit on BioFINDER participants and tested on ADNI participants (MAE
= 3.74 versus 4.08, P = 0.0006; 8.3% improvement) and when the model was fit on
ADNI and tested on BioFINDER (MAE = 4.15 versus 5.19, P < 0.0001; 20.1%
improvement.

The same result was found when four-year conversion to AD was used as the
outcome. When fitting on BioFINDER and testing on ADNI, the out-of-sample
AUC was 0.62 with the basic model while the out-of-sample AUC was 0.73 with
the plasma biomarker model (P < 0.0001; 18.3% improvement). Similarly, when
fitting on ADNI and testing on BioFINDER, the out-of-sample AUC was 0.61 with
the basic model and the out-of-sample AUC was 0.79 with the plasma biomarker
model (P <0.0001; 29.3% improvement).

A similar procedure to that of Paper 2 for evaluating plasma biomarkers in terms of
predicting AD-related decline was also performed in Paper 3. The primary
difference was that Paper 3 featured CU individuals from the BioFINDER cohort
rather than MCI individuals. Moreover, the analysis in Paper 3 included plasma
pTau217 instead of plasma pTaul81 (reflecting advancements in plasma biomarker
assay technology), and the analysis in Paper 3 also included PACC instead of
MMSE as the primary outcome (reflecting the need to have a cognitive outcome
which reflects more subtle changes in cognition when studying CU individuals).
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The first analysis tested whether plasma biomarkers were significantly associated
with four-year change in PACC when added individually to a basic model consisting
of age, sex, and education. The main result here showed that all three plasma
biomarkers were significant associated with cognitive decline. Plasma pTau217 had
the strongest standardized association with four-year PACC (B = -0.2 points/year
per standard deviation increase in biomarker value, P <0.0001), followed by plasma
AP42/AB40 (B =-0.18, P = 0.0002), and then plasma NfL (B =-0.16, P = 0.001).
These results are visualized in the figure below.
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When combining all three biomarkers together with the basic model, all three
biomarkers retained their significant association (P = 0.004 for AB42/Ap40, P =
0.002 for pTau217, P =0.01 for NfL). Interestingly, a sensitivity analysis of adding
APOE e4 status to this model did not remove the significance of any individual
plasma biomarkers, but it did decrease the effect size of plasma AB42/AB40 the most
(B=-0.16, P = 0.002 with APOE e4 status included).

Looking at model performance for predicting four-year change in PACC, the basic
model had an R2 of 0.07 (CI1[0.06, 0.11]) and an AIC of 6699. These values were the
baseline by which plasma biomarkers models were compared. And of the plasma
biomarker models, the model which included all three plasma biomarkers had the best
performance (R2 = 0.14 [0.12, 0.17], dAIC = -28 versus basic model), followed by
the model which included only plasma AB42/Ap40 (R2 = 0.11, dAIC = -14 versus
basic model, P <0.0001), the model which included only plasma pTau217 (R2=0.10,
dAIC = -9 versus basic model, P =0.0002), and finally the model which included only
plasma NfL (R2 = 0.10, dAIC = -9 versus basic model, P = 0.002).

Two additional analyses were performed when investigating the association between
plasma biomarkers and four-year change in PACC in this study. First, the analysis
was done again using data only from SCD participants. The results here showed a
significantly increased basic model fit (R2 = 0.17 for SCD-only participants compared
to R2 = 0.07 for all CU participants), but no qualitative difference in the model
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performance or association of plasma biomarkers with PACC. Secondly, the same
analysis was performed using corresponding CSF biomarkers (AB42/Ap40, pTaul81,
NfL) instead of plasma biomarkers. The results here showed that a model which
combined all CSF biomarkers was significantly better at predicting four-year change
in PACC compared to the model which combined all plasma biomarkers (dAIC = -98
for CSF model compared to basic model versus dAIC = -28 for plasma compared to
basic model; dAIC = -70 for CSF compared to plasma models).

A similar analysis as above was performed with four-year conversion to AD
dementia as the outcome. In general, the results were similar: the performance of
the basic model for predicting four-year conversion to AD dementia (AUC = 0.64
[0.55, 0.77], AIC = 274) was significantly improved by adding all three plasma
biomarkers (AUC = 0.82 [0.77, 0.91], dAIC = -25 versus basic model, P < 0.0001).

There were only a few differences in the results when using four-year conversion to
AD dementia as outcome. For one, plasma pTau217 had the strongest association
with four-year conversion to AD dementia — as opposed to plasma AB42/AB40 for
four-year change in PACC — and plasma NfL on its own (with the basic model) did
not have a significant association with four-year conversion to AD dementia (OR =
1.51, P=0.07). However, when using four-year conversion to any form of dementia
as the outcome, the association between plasma NfL and the outcome became
significant. Importantly, adjusting for CN/SCD status in the models did not have an
effect on any associations between plasma biomarkers and the outcomes.

Trial enrichment

After having fit statistical models to predicting four-year PACC change in CU
participants using plasma biomarkers, a natural extension to this analysis was to
investigate the utility of these plasma biomarker-based models for clinical trial
enrichment. This analysis involved determining whether using predicted cognitive
decline from the plasma biomarker models to include participants would reduce the
required sample size of a theoretical clinical trial of CU individuals aimed at slowing
change in PACC by 30% over four years compared to an identical clinical trial
which did not use plasma biomarker-based enrichment.

The hypothesis was that using plasma biomarkers for enrichment would result in a
clinical trial with more participants who progressed during the trial (rather than
remaining cognitively stable), which in turn would increase the likelihood of
detecting a treatment effect with fewer participants.

Enrichment using individual plasma biomarkers was investigated first. The results
here showed that enriching for plasma pTau217 — by including only individuals with
abnormal plasma pTau217 levels as determined by a pre-defined cutoff — would
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reduce the required sample size by 47% (CI [16, 65]; P = 0.007) compared to no
enrichment. Similar results were found when simulating enrichment by other
individual plasma biomarkers. Plasma APB42/AB40 enrichment would reduce
sample size by 45% (CI [20, 63], P = 0.003) and plasma NfL would reduce sample
size by 41% (CI [5, 63], P = 0.03).

Most importantly, combining all three plasma biomarkers for enrichment reduced
the sample size by 70% (CI [54, 81], P < 0.001) compared to no plasma biomarker
enrichment for this simulated clinical trial in CU participants aimed at slowing
change in PACC by 30% over four years. These results were robust when simulating
an identical clinical trial in CU participants using conversion to AD dementia as the
primary endpoint, and these results were also robust when testing systematic bias in
plasma biomarker levels between -20% and 20%. These results are visualized in the
figure below.
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Modelling longitudinal biomarker trajectories

In Paper 4, longitudinal trajectories of plasma NfL, hippocampal volume, a cortical
thickness temporal composite (“temporal composite”), CDR-SB, and PACC were
estimated in participants from the ADNI study classified as controls, preclinical AD,
or mild AD.

In the preclinical AD group, plasma NfL levels did not increase significantly faster
over time compared to the control group (dB = 0.04 standard deviations per year, P
=0.10). Moreover, plasma NfL levels were not found to be significantly elevated at
baseline in the preclinical AD group compared to controls (dB = 0.21 standard
deviations, P = 0.07). All other biomarkers (hippocampal volume, temporal
composite, CDR-SB, PACC) saw significantly greater worsening over time in the
preclinical AD group compared to controls.
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In the mild AD group, plasma NfL levels did worsening significantly faster
compared to controls (dB = 0.06 standard deviations per year, P = 0.002) and were
also significantly higher at baseline (dB = 0.64 standard deviations, P <0.0001). All
other biomarkers also saw significantly greater worsening over time in the mild AD
group compared to the preclinical AD group.

The longitudinal trajectories of the biomarkers described above were estimated
using linear mixed-effects models. There are three inherent factors of these LME
models which are relevant to determine the statistical power to detect a treatment
effect using a given biomarkers: average slope (how much a biomarker changes over
time), between-subject variability (how much biomarker slopes vary across
individuals), and within-subject variability (how much biomarker values vary for an
individual around their slope). In general, the utility of a biomarker to detect
treatment effects is better with a higher average slope, lower between-subject
variability, and lower within-subject variability. Therefore, these three factors were
quantified for the above biomarkers and compared. These results are visualized in
the figure below.
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The results of this analysis in preclinical AD showed that plasma NfL had the lowest
average slope, with cognitive measures (CDR-SB, PACC) having the highest
average slope and MRI measures (hippocampal volume, temporal composite) in a
middle tier with slightly higher slopes compared to plasma NfL. These results were
also qualitatively the same when looking at between-subject variability, but in this
case lower between-subject variability implies better utility as a trial endpoint.
Looking at within-subject variability (where lower is better) in the preclinical AD
group, plasma NfL had the highest levels, followed closely by cognitive measures.
MRI measures, on the other hand, had greatly lower within-subject variability
levels.

In the mild AD group, the results were similar in the fact that plasma NfL had the
lowest average slope and lowest between-subject variability among the biomarkers,
but also had the highest within-subject variability levels. Again, MRI measures had
extremely low levels of within-subject variability in the mild AD group, but also
actually had higher average slope in this group compared to cognitive measures.
MRI measures had by far the highest levels of between-subject variability in the
mild AD group, indicating a large spread in cognitive change over time among
participants in this group.

Trial power analysis

Using the three characteristics of longitudinal trajectories which are derived from
linear mixed effects models — average slope, between-subject variability, within-
subject variability — a power analysis was performed in which the number of
participants needed to detect a 30% reduction in biomarker levels for the preclinical
AD group or the mild AD group was calculated. A power analysis also requires
specification of key trial parameters, particularly the length of the trial and the
frequency of visits (i.e., biomarker measurement). For the primary analysis, the trial
length was defined as 30 months for a trial in preclinical AD and 18 months for a
trial in mild AD, while the biomarker sampling frequency was defined as every
month for plasma NfL and every three months for MRI and cognitive measures.

In a theoretical 30-month clinical trial in preclinical AD patients, using plasma NfL
as a progression marker would require 289 participants (CI [76, 496]) to achieve
80% power to detect a 30% treatment effect, while using the MRI-based temporal
composite would require 125 participants (CI [78, 172], P < 0.0001 compared to
plasma NfL) and using hippocampal volume would require 184 participants (CI [91,
278], P < 0.0001 compared to plasma NfL). On the other hand, using CDRSB as
trial endpoint in a 30-month clinical trial of preclinical AD patients would require
939 participants (CI [634, 1245], P < 0.0001 compared to plasma NfL) and PACC
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would require 669 participants (CI [430, 909], P <0.0001 compared to plasma NfL.).
These results are visualized in the figure below.
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In a theoretical 18-month clinical trial in mild AD patients, using plasma NfL as a
progression marker would require 432 participants (CI [334, 529]) to achieve 80%
power to detect a 30% treatment effect, while using the MRI-based temporal
composite would require 161 participants (CI [140, 180], P < 0.0001 compared to
plasma NfL) and using hippocampal volume would require 90 participants (CI [76,
104], P < 0.0001 compared to plasma NfL). On the other hand, using CDRSB as
trial endpoint in an 18-month clinical trial of mild AD patients would require 230
participants (CI [211, 249], P < 0.0001 compared to plasma NfL.) and PACC would
require 249 participants (CI [220, 277], P <0.0001 compared to plasma NfL).

Sensitivity analyses were performed in which the design parameters of trial duration
and biomarker measurement frequency were systematically altered across a range
of values. Altering such parameters has the effect of placing more or less emphasis
on various longitudinal biomarker characteristics — i.e., a trial with more frequent
biomarker measurement will be more favorable to biomarkers with high within-
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subject variability, and a longer trial will be more favorable to biomarkers with low
average slope.

The result of this analysis showed that even when the measurement frequency of
plasma NfL. was fixed to one month while measurement frequency was increased
for MRI and cognition endpoints from one per 3 — 9 months, the utility of plasma
NfL as a trial endpoint was still low. In other words, plasma NfL was less efficient
than MRI measures for preclinical AD and was less efficient than MRI and
cognition measures for mild AD regardless of the less frequent measurement
frequency of the other measures.

When increasing the trial duration for a theoretical trial with MRI or cognition as
endpoints compared to a theoretical trial with plasma NfL endpoint, however, the
results were different. Here, there was a much stronger effect — plasma NfL became
as efficient than other MRI and cognition measures for theoretical trials which were
between 1.5 — 2 times longer.

Together, these results suggest that increasing sampling frequency of plasma NfL
would not make it as efficient as MRI or cognition measures for detecting treatment
effects in preclinical AD or mild AD, while increasing trial duration may have a
slightly larger effect.
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Discussion

The studies presented here investigated some of the possible applications for blood-
based biomarkers to improve clinical trials in the future — either indirectly via
improved diagnosis and prognosis or directly through clinical trial design decision-
making. Blood-based biomarkers were tested for three tasks in particular: screening,
enrichment, and tracking response to treatment. These three areas are all vital to
improving clinical trials of AD which have been plagued by failure over the past
few decades.

The findings related to screening demonstrated that plasma AB42/AB40, in
combination with APOE and age, could greatly reduce the number of amyloid PET
scans that are needed to recruit and include enough participants for secondary
prevention trials of AD in CU individuals. Reducing the number of PET scans is a
major need for such trials since the prevalence of amyloid positivity is low in CU
elderly individuals.

Interestingly, the cost-benefit analysis for plasma screening demonstrated that the
optimal relative risk threshold to refer individuals further for amyloid PET scanning
was around 50%. In other words, this finding suggests that around half of those CU
elderly individuals who receive a plasma screening test should be referred for a PET
scan. As the plasma screening risk threshold becomes stricter, the expected amyloid
PET positivity rate will increase among those who receive an amyloid PET scan.
However, the number of plasma screening tests which must be performed in this
case also increases. Therefore, the tradeoff between being increasing or decreasing
the risk threshold required to refer individuals for a PET scan depends greatly on
the cost ratio between PET and plasma. A higher PET-to-plasma cost ratio (e.g., at
16x as was tested) suggests that fewer individuals should be referred for PET scans
as there is a strong incentive to avoid negative (i.e., normal) amyloid PET scans.

A major limitation of the screening work is that it did not consider the contribution
of multiple blood-based biomarkers. It is likely that including multiple plasma
biomarkers such as pTaul81 or pTau217 could greatly increase the screening utility.
Still, the panel tested in the study is the only blood-based biomarker test which is
commercially available (West et al. 2021). This fact makes it highly relevant to
investigate its performance in the BioFINDER cohort.

Another potential limitation of the plasma screening analysis is that it did not take
into consideration the ethical aspects of denying potentially amyloid PET positive
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participants access to an amyloid PET scan. In other words, there was no
consideration of the sensitivity of the plasma screening test for detecting true
amyloid PET positive individuals. In practice, such a strategy may result in the
exclusion from clinical trials of a large number of CU elderly individuals who would
eventually develop AD (Visser et al. 2008; Insel et al. 2020). It is likely more
applicable to instead consider minimum thresholds for detection sensitivity in MCI
and AD populations, and then compare which blood-based biomarker(s) perform
best for screening while meeting the minimum sensitivity threshold.

Nonetheless, blood-based biomarker screening has important role to play in the
future of clinical trials for AD (Leuzy et al. 2022). There are already efforts to
incorporate blood-based biomarkers in screening pipelines such as those developed
by “trial-ready cohort” initiatives (Aisen et al. 2020). The way such trial-ready
cohort initiatives have set up their screening pipeline is by first making a short
cognitive screening test available online from individuals in the community, and
then inviting individuals for further testing if they meet criteria based on the first
cognitive and/or demographic screening tests. In this way, blood-based biomarkers
are still likely to be the second line of screening after demographics and cognition.
It is highly important that blood-based biomarkers are tested in combination with
demographic and cognition variables, rather than as a replacement. These
biomarkers should not a replacement for cognitive assessment.

The next set of studies investigated the performance of core blood-based biomarkers
of AD to predict cognitive decline in an MCI population (Paper 2) and a CU
population (Paper 3). These biomarker models of cognitive decline were then
considered in the context of clinical trial enrichment, where inclusion into a clinical
trial would involve individuals who are predicted to show cognitive decline during
the trial. Enrichment is important because many participants remain stable during
AD clinical trials due to the variable nature of disease progression (Freidlin and
Korn 2014; Holland, McEvoy, Desikan, et al. 2012; Kerr et al. 2017).

For predicting cognition in MCI patients, the combination of plasma pTaul81 and
plasma NfLL was consistently the most parsimonious model across the different
outcomes and sensitivity analyses that were performed. Plasma pTaul81 provided
the strongest independent information, while plasma NfL. was more relevant for
non-AD specific outcomes such as predicting risk of any type of dementia rather
than predicting AD dementia specifically. This result cements the role of plasma
NfL as an important blood-based biomarker for AD — a result which only
strengthened by its importance in other neurodegenerative diseases (Byrne et al.
2017; Gisslén et al. 2016; Lewczuk et al. 2018). Importantly, this blood-based
biomarker panel was tested relative to a basic model consisting of age, sex,
education, and baseline MMSE score. Any P-values or comparisons were made first
relative to this basic model. Having a fair model to compare with is greatly
important when investigating blood-based biomarkers for AD prognosis.
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The combination of plasma pTaul81 and NfL performed well in out-of-sample
testing across the BioFINDER and ADNI cohorts. Interestingly, the test
performance of the panel was better when fitting the model on BioFINDER and
testing the model on ADNI, rather than vice-versa. This supports the idea that
deriving biomarker cutoffs or model coefficients from more symptomatically
diverse and representative population goes a long way to improve the
generalizability of biomarker models (Barnes 2019). Conversely, more pure
amnestic AD cohorts like ADNI may be more suitable for investigating biological
questions related to AD but less suitable on their own for developing generalizable
biomarker models for diagnosis or prognosis in more representative populations. In
any case, much more work is needed to ensure that biomarker-based clinical
prediction models in AD can generalize in different scenarios and populations
(Steyerberg 2019).

In a CU population, the results when testing the entire combination of plasma
AB42/AB40, pTau2l7, and NfLL were quite similar. Both pTau217 and NfL were
independently significant in predicting AD-related outcomes such as cognitive
decline and risk of AD dementia — with the importance of plasma NfL increasing
when predicting risk of all-cause dementia. One difference in this cohort was that
plasma AB42/AB40 also was important for prediction of AD-related outcomes. It is
likely that the increased importance of plasma AP42/AB40 has to do with a
combination of two factors: 1) improved assay technology between Study 2 in MCI
patients and Study 3 in CU individuals, and 2) a potential greater importance of
knowing amyloid information in CU populations (Wang et al. 2017; Reitz 2012).

While plasma AB42/Ap40 was important in this population, however, adding APOE
status to the combined model greatly decreased the effect size of plasma Ap42/AB40
in predicting cognitive decline and risk for AD dementia. This supports what is
already known — that APOE e4 status primarily affects amyloid-related processes —
and additionally suggests that knowing APOE e4 status may partially substitute on
a group-level for knowing plasma amyloid status (Belloy, Napolioni, and Greicius
2019; O’Donoghue et al. 2018).

This result from Study 3 in a CU population suggests that the core plasma ATN
biomarkers provided significant prognostic information. Combining the plasma
biomarkers was much better than individual biomarkers. Still, the overall model
performance was quite low, even for the combined model. This suggests one of three
things: 1) that there is still room to improve plasma ATN biomarkers to make them
more accurate, 2) that it is important to add other plasma biomarkers which reflect
other biological processes such as vascular disease, inflammation, etc., and 3) that
the measurement error (i.e., “noise”) related to measuring cognition in CU
participants puts a low ceiling on how well future outcomes can be predicted.

All three of these ideas presented above likely contribute to the low overall model
performance of plasma biomarkers in CU populations. The finding in Paper 3 that
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corresponding CSF biomarkers greatly outperform plasma biomarkers suggests that
there may be room to improve plasma biomarkers further to make them correspond
more closely with their CSF counterparts.

Testing the prognostic models for clinical trial enrichment in a CU population
showed that between 40 — 50% reduction in trial sample size could be achieved by
using individual plasma biomarkers. This reduction improved even further to 70%+
when combining plasma biomarkers. Looking at the number of participants required
to detect treatment effects in CU populations, it is hard to see how some form of
screening or enrichment can be avoided (Holland, McEvoy, Dale, et al. 2012; Huang
et al. 2017). The issue of running a clinical trial in this population is simply that the
overwhelming majority of participants would remain stable — their cognitive
trajectories remaining completely flat — during the trial. This phenomenon would
make it extremely difficult to detect a significant group-level difference in cognitive
trajectories between the placebo and treatment groups.

Importantly for the enrichment results, simulating large, systematic shifts (i.e., bias)
in plasma biomarker cutoffs did not significantly decrease the sample size reduction
seen by using these plasma biomarkers for enrichment. Such systematic shifts may
be rare but may be more likely for plasma biomarkers compared to CSF biomarkers
(Mattsson et al. 2013). In other words, even in the worst-case scenario where plasma
biomarker assays do not perform as well as expected, it would still be preferable to
enrich with plasma biomarkers rather than do nothing.

While the first three papers were focused on design decisions which must be
undertaken before the trial begins, the focus of Paper 4 was on an important design
decision which affects execution of the trial itself — namely, selecting trial endpoints.
Determining which biomarkers to measure during a clinical trial is important
because biomarker endpoints have a large influence on whether a trial will continue
to Phase III from Phase II studies, as well as whether a Phase III trial has a high
likelihood of detecting a true treatment effect — i.e., power.

Evaluating biomarkers as potential endpoints requires first investigating group-level
and individual-level trajectories of the biomarkers when measured longitudinally.
This was explored in Paper 4 for plasma NfL, two MRI-based measures, and
cognition. A primary application of this analysis can be considered the comparison
of MRI versus plasma NfL as biomarkers of general neurodegeneration during
clinical trials of AD, with cognition as a key reference point.

The results from this investigation showed that plasma NfL had both a high within-
subject variability compared to MRI, as well as a low or similar change over time
compared to MRI. In fact, plasma NfL was the only biomarker tested whose
longitudinal change over time was not significantly greater in the preclinical AD
group compared to controls; although this is likely due to the fact that the groups
really only differed by amyloid positivity. In any case, the high within-subject
variability — i.e., the finding that plasma NfL levels often jump up and down
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drastically for an individual across visits — greatly hinders its ability as a biomarker
endpoint.

And indeed, taking the estimated longitudinal trajectories and applying them to a
power analysis showed that plasma NfL was greatly outperformed by MRI-based
measures in terms of efficiency to detect a treatment effect in clinical trials of
preclinical AD or mild AD. The main reason for this finding likely goes back to the
within-subject variability: it is high for plasma NfL and extremely low for MRI. The
finding that MRI is preferable to plasma NfL for “standard” clinical trials of AD
was not changed when biomarker measurement frequency in the simulated trial was
increased or when the length of the simulated trial increased. The properties of MRI-
based measures are simply too strong.

Nonetheless, clinical trials are not run via simulation. The use of MRI in clinical
trials of AD has been widespread, yet recent trials of AD have actually shown
adverse effects on MRI-based measures (Howard and Liu 2020; Swanson et al.
2021; Mintun et al. 2021). This demonstrates how simulation and reality can be at
odds, making integration of biological findings and assumptions into clinical trial
design a key to success.
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Conclusion

The future of clinical trials for AD involves clever integration of blood-based
biomarkers at various stages. The open questions when this thesis was started were
best described by the classic “who, what, where, when, and how?”” In other words,
the open questions were many.

Work from this thesis has shown that blood-based biomarkers are theoretically
likely to perform well for pre-screening to identify individuals across the AD
spectrum who are likely to be amyloid PET positive. This may even be possible for
tau PET positivity, as well. It can be inferred from these results that blood-based
biomarkers should be employed to reduce the number of PET scans or lumbar
punctures in AD clinical trials in the future.

For enrichment, on the other hand, the results for blood-based biomarkers are less
obvious. Despite the fact that blood-based biomarkers relate to cognitive decline,
they do not relate so strongly when compared to corresponding proteins measured
via CSF or PET. Perhaps a few smaller, Phase II trials may be run based solely on
blood-based biomarker levels, but it does not appear that PET or CSF collection is
likely to being taken out of service any time soon. In fact, it will probably only grow
more important with the future approval of AD therapies likely to require
confirmation of amyloid and/or tau pathology. And because PET or CSF will be
required for inclusion and enrichment decisions occur after participants are already
confirmed to meet inclusion criteria, then they will always be available for
enrichment.

Finally, the use of blood-based biomarkers to measure treatment effects during AD
clinical trials is one of the most exciting frontiers in this area of research. The idea
of gaining a fine-grained understanding of how participants respond to various
treatments seems on the horizon via blood-based biomarkers. These biomarkers
allow for frequent analysis and track AD-related processes well enough to provide
biological insights which can inform future trial decisions. Blood-based biomarkers
have already become an integral progression biomarker for recent AD clinical trials,
and their role in this area is likely to increase in the future.
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