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Abstract

Structural and functional brain changes are associated with the progression of Alzheimer’s
disease (AD). However, the precise alterations remain poorly understood. In light of this and
based on recent AD models, this thesis aims to investigate structural and functional changes
across the progression of AD using different methodological approaches. In study 1 gray
matter volume (GM) reductions in the cholinergic basal forebrain’s (BF) nucleus basalis of
Meynert (NbM) and medial temporal lobe (MTL) were compared between healthy older
adults (HC), those with mild cognitive impairment (MCl), and AD dementia patients using
coordinate-based voxel-based-morphometry (VBM) magnetic resonance imaging (MRI) meta-
analyses (including 54 experiments). Reduced GM was observed in the bilateral BF's NbM in
AD dementia but limited in MCI. Notably, MCl and AD dementia patients exhibited less GM in
the amygdala and hippocampus, indicating more pronounced effects in the amygdala in AD
dementia. Study 2 investigated relevant features contributing to the diagnostic status and
disease progression of HC, MCI, and AD dementia. Therefore, volumetric brain information,
socio-demographics, CSF status, and genotyping information from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) were analyzed using an XGBoost machine learning (ML)
algorithm to classify HC, MCl, and AD dementia (n=568). Moreover, longitudinal classifications
were made on HC converting to MCI and HC remaining cognitive normal (HC-converters vs.
HC-stable, n=92), and MClI converting to AD dementia and MCI remaining MCI (MCl-converters
vs. MCl-stable, n=378). The most relevant features for the classifications were CSF status,
hippocampal volume, entorhinal thickness, and amygdala volume. Interestingly, while the
hippocampus contributed to the conversion from healthy aging to MCl, in the conversion from
MCI to AD dementia the entorhinal cortex (EC) was prominent. In study 3, iron accumulations
in AD were explored, given that increased iron levels can be observed during healthy aging
and are even more pronounced in AD with detrimental consequences. Thus, using effect size
based meta-analyses (involving 22 in vivo MRI experiments), iron aggregation in the basal
ganglia (putamen, globus pallidus, nucleus caudate), thalamus, and hippocampus in AD
dementia compared to HC was examined and correlated with cognitive performance. Iron
level increases were found in the basal ganglia, with the strongest effect in the putamen and
the weakest in the thalamus. Iron deposition in the globus pallidus was negatively correlated

with cognitive functioning in AD dementia. In study 4, resting-state MRI activity markers were
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investigated using longitudinal data (baseline and two years later) based on CSF assays from
ADNI (n=71), considering that functional brain changes often precede structural ones. Two
region-of-interest (ROI) analyses revealed that at baseline the local activity, here fractional
amplitude of low-frequency fluctuations (fALFF), differed between normal and abnormal CSF
in the NbM but not EC. Furthermore, NbM’s fALFF signal linearly decreased, corresponding to
the CSF ratio (pTau/AB), reflecting the disease progression. Finally, NbM’s baseline fALFF
signal predicted the annual percentage signal change of fALFF in the EC, not vice versa,
independent of CSF status. Finally, this thesis gives novel insights into the complex
pathophysiology of AD, pinpointing the central role of the BF’'s NbM, MTL, and basal ganglia
in the onset and progression of AD. Furthermore, the results suggest potential clinical
implications for prevention and treatment as well as emphasize the necessity for future

multimodal investigations.
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German Abstract / Deutsche Zusammenfassung

Strukturelle und funktionelle Verdanderungen des Gehirns werden mit dem Fortschreiten der
Alzheimer Erkrankung (AD) in Verbindung gebracht. Die genauen Verdanderungen sind jedoch
nach wie vor nur unzureichend bekannt. Vor diesem Hintergrund und auf der Grundlage
aktueller AD-Modelle zielt diese Arbeit darauf ab, strukturelle und funktionelle
Veranderungen im Verlauf von AD mit verschiedenen methodischen Ansdtzen zu
untersuchen. In Studie 1 wurde die Verringerung des Volumens der grauen Substanz (GM) im
cholinergen Nucleus basalis von Meynert (NbM) des basalen Vorderhirns (BF) und im
medialen Temporallappen (MTL) zwischen gesunden alteren Erwachsenen (HC), Patienten mit
leichter kognitiver Beeintrachtigung (MCI) und AD-Demenzpatienten mit Hilfe von
Metaanalysen  der  koordinaten- und  voxelbasierten Morphometrie  (VBM)
Magnetresonanztomographie (MRT) verglichen (insgesamt 54 Experimente). Bei an AD-
Demenz Erkrankten wurde eine Verringerung der GM in dem bilateralen NbM des BF
beobachtet, bei MCI jedoch nur in geringem Malie. Insbesondere wiesen MCI- und AD-
Demenz-Patienten weniger GM in der Amygdala und im Hippocampus auf, was auf
ausgepragtere Effekte in der Amygdala bei der AD-Demenz hinweist. In Studie 2 wurden
relevante Merkmale untersucht, die zum Diagnosestatus und zum Krankheitsverlauf von HC,
MCI und AD-Demenz beitragen. Dazu wurden volumetrische Hirndaten, soziodemografische
Daten, Liquorstatus und Genotypisierungsdaten aus der Alzheimer's Disease Neuroimaging
Initiative (ADNI) mit Hilfe eines XGBoost-Algorithmus flr maschinelles Lernen (ML) analysiert,
um HC, MCl und AD-Demenz zu klassifizieren (n=568). Dartiber hinaus wurden longitudinale
Klassifizierungen von HC, die zu MCI konvertieren, und HC, die kognitiv normal bleiben (HC-
Converters vs. HC-Stable, n=92), sowie MClI, die zu AD-Demenz konvertieren, und MCI, die MCl
bleiben (MCI-Converters vs. MCI-Stable, n=378), vorgenommen. Die wichtigsten Merkmale fur
die Klassifizierung waren der Liquorstatus, das Hippocampusvolumen, die entorhinale Dicke
und das Amygdalavolumen. Interessanterweise trug der Hippocampus zur Progression von
gesundem Altern zu MCI bei, wahrend bei dem Fortschreiten von MCI zur AD-Demenz der
entorhinale Kortex (EC) im Vordergrund stand. In Studie 3 wurde, angesichts der Tatsache,
dass erhdhte Eisenspiegel bei gesundem Altern beobachtet werden kénnen und bei AD mit
schadigenden Folgen noch ausgepragter sind, die Eisenanreicherung bei AD untersucht.

Anhand von Metaanalysen auf der Grundlage von EffektgroRBen (insgesamt 22 in vivo MRT-
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Experimente) wurde die Eisenanhaufung in den Basalganglien (Putamen, Globus Pallidus,
Nucleus Caudatus), im Thalamus und im Hippocampus bei AD-Demenz im Vergleich zu HC
untersucht und mit der kognitiven Leistung korreliert. Erhohte Eisenspiegel wurden in den
Basalganglien festgestellt, wobei der starkste Effekt im Putamen und der schwachste im
Thalamus zu beobachten war. Die Eisenablagerung im Globus Pallidus zeigte eine negative
Korrelation mit der kognitiven Leistungsfahigkeit der AD-Demenz. In der Studie 4 wurden
MRT-Aktivitatsmarker im Ruhezustand anhand von Langsschnittdaten (Ausgangswert und
zwei Jahre spater) auf der Grundlage von Liquoruntersuchungen von ADNI (n=71) untersucht,
da funktionelle Hirnveranderungen haufig den strukturellen vorausgehen. Zwei Region-of-
Interest (ROI) Analysen zeigten, dass sich die lokale Aktivitat, hier die fraktionierte Amplitude
der niederfrequenten Fluktuationen (fALFF), zu Studienbeginn zwischen normalem und
abnormalem Liquor in dem NbM, nicht aber im EC unterschied. Dartber hinaus nahm das
fALFF-Signal in dem NbM entsprechend dem Liquorverhéltnis (pTau/Ap) linear ab, was das
Fortschreiten der Krankheit widerspiegelt. SchlieBlich sagte das fALFF-Basissignal des NoM die
jahrliche prozentuale Signalanderung des fALFF im EC voraus, nicht umgekehrt, und zwar
unabhdngig vom Liquorstatus. Zusammenfassend, gibt diese Arbeit neue Einblicke in die
komplexe Pathophysiologie von AD und verweist auf die zentrale Rolle des NbM, des MTL und
der Basalganglien bei der Entstehung und dem Fortschreiten von AD. Dariliber hinaus deuten
die Ergebnisse auf mogliche klinische Implikationen fiir Pravention und Behandlung hin und

unterstreichen die Notwendigkeit kiinftiger multimodaler Untersuchungen.



Abbreviations

Abbreviations

A

AA

ACh
ADAS-Cog
ADNI
ALE
APOE
APP
APSC
ATP
BFCS
BOLD
CDRSB
ChAT
CSF
DARTEL
DMN
DPARSFA
EC

EF
fALFF
FC
(F)MRI
FDRI
FEW
GM

HC

ICV

IDA
LONI

Amyloid-p

Alzheimer’s Association

Acetylcholine

Alzheimer's Disease Assessment Scale Cognitive
Alzheimer’s Disease Neuroimaging Initiative
Activation likelihood estimation

Apollipoprotein E

Amyloid precursor protein

Annual percentage signal change

Adenosine triphosphate

Basal forebrain cholinergic system

Blood Oxygen Level-Dependent

Clinical Dementia Rating Scale

Choline acetyl transferase

Cerebrospinal fluid

Diffeomorphic anatomical registration using exponential lie algebra
Default mode network

Data Processing Assistant for Resting-State fMRI Advanced
Entorhinal cortex

Executive function

Fractional amplitude of low-frequency fluctuations
Functional connectivity

(Functional) magnetic resonance imaging
Field-dependent R2 increase

Family-wise error

Grey matter

Healthy controls

Intracranial volume

Image and Data Archive

Laboratory of Neuro Imaging



Abbreviations

MCI
MEM
ML
MMSE
MNI
MoCA
MTL
NbM
NFTs
NIA
PET
PHFs
pTau
Qsm
RAVLT
ReHo
ROI
ROS
rsfMRI
SCD
SHAP
SN/VTA
SPM
SWi
VBM
WHO
WM
XGBoost

Mild cognitive impairment
Memory

Machine learning
Mini-Mental-State Examination
Montreal Neurological Institute
Montreal-Cognitive-Assessment
Medial temporal lobe

Nucleus basalis of Meynert
Neurofibrillary tangles

National Institute on Aging
Positron emission tomography
Paired helical filaments
Hyperphosphorylated Tau
Quantitative susceptibility mapping
Rey Auditory Verbal Learning Test
Regional homogeneity

Region of interest

Reactive oxygen species
Resting-state functional MRI
Subjective cognitive decline
SHapley Additive exPlanations
Substantia nigra/ventral tegmental area
Statistical Parametric Mapping toolbox
Susceptibility-weighted imaging
Voxel-based morphometry

World health organization

White matter

Extreme gradient boosting



Theoretical Background 8

1 General Introduction

The global population is rising, life expectancy is increasing, and many countries are seeing a
steady climb in the number of elderly individuals that make up their population (WHO[Ageing
and Health, 2022). Considering aging as a primary risk factor for neurodegenerative diseases
(Hou et al., 2019), the worldwide count of individuals living with dementia is projected to
increase from 55 million in 2019 to 139 million by 2050, according to the World Health
Organization (WHO|Dementia, 2021). Dementia has evolved into a progressively severe
global health problem, placing substantial economic and health burdens on society and
families (X. Li et al., 2022; Nichols et al., 2019). Alzheimer’s disease (AD) is the leading cause
of dementia, responsible for 60 to 80% of cases. It is associated with the progressive loss of
cognitive functions and impaired memory, and its pathophysiological alterations can manifest
years before diagnosis (‘2023 Alzheimer’s Disease Facts and Figures’, 2023). Although healthy
aging includes a moderate cognitive decline in specific domains (Deary et al., 2009), AD is
characterized by more severe pathological deteriorations across multiple cognitive domains
and a negative impact on quality of life (McKhann et al.,, 2011; Swerdlow, 2011). When
referring to its progression, AD involves the continuum from normal cognition over mild
cognitive impairment (MCI) to the debilitating symptoms characteristic of AD dementia in
diagnostic terms (Davis et al., 2018). In the following, the expression 'AD progression' is
explicitly used to describe the continuum of AD, while 'AD' alone refers to AD dementia in
diagnostic terms. AD’s progression encompasses specific pathophysiological changes
reflecting current biomarkers, such as amyloid-B (AB) deposition, tau pathology, and
neurodegeneration (Jack et al., 2018; Jack, Knopman, et al., 2010). Despite extensive research
efforts, the precise underlying neuronal mechanisms of the onset and progression of AD
remain partly elusive.

From a general perspective, it is crucial to improve the comprehension of these
neuropathological changes in order to better prevent, predict, and treat AD (Dubois et al.,
2023). In this context, this thesis examines biomarkers, including structural and functional
brain changes, throughout AD progression. The following chapters provide a theoretical
background on healthy and pathological aging, the pathogenesis and theories of AD, and the
associated structural and functional brain changes due to AD. The research aims are then

described, followed by the presentation of the studies and a discussion of the results.
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2 Theoretical Background

2.1 Aging

With life expectancy increasing worldwide due to improved medical care and living standards
(e.g., Hou et al., 2019), it is predicted that one out of six individuals will be 60 years or older
by 2030 (WHO|Ageing and Health, 2022; Hou et al., 2019). The extension of lifespan brings
with it the challenge of ensuring that these additional years are accompanied by a good quality
of life (Martinez et al., 2021). This necessitates a deeper understanding of the aging process,
both healthy and pathological, to mitigate age-related diseases and promote healthy aging.

Aging describes an irreversibly progressive decline in physiological integrity, resulting
in compromised function and heightened vulnerability to death (Z. Li et al., 2021; Lépez-Otin
etal., 2013). This natural decline represents a major risk factor for developing common human
pathologies such as cancer, diabetes, and cardiovascular and neurodegenerative diseases
(e.g., Hou et al., 2019). Although numerous theories exist regarding the underlying causes of
aging, there is currently no consensus (Da Costa et al., 2016). However, these theories can be
categorized into a) program theories, which postulate the existence of internal and external
programs shaping the aging process (Da Costa et al., 2016; Semsei, 2000); b) damage/error
theories, which suggest that aging results from destructive factors inducing errors, mutations,
regulatory dysfunctions, leading to dysfunction and senescence describing the gradual decline
in bodily functions as time passes (Da Costa et al., 2016; Semsei, 2000); and ¢) combined
theories, which integrate aspects from both theories above (Da Costa et al., 2016; Semsei,
2000). Despite these theories, the categorization of aging remains complex (Kirkwood, 2005)
and subjective (Da Costa et al., 2016).

Research shows that the hallmarks of aging consist of different biological mechanisms
that influence the pace of damage and resilience (compensating damage). Along these lines,
telomere shortening, cellular senescence, epigenetic changes, mitochondrial dysfunctions,
decreased autophagy, and proteostasis were identified (Ferrucci et al.,, 2020). Studies
indicated an overall reduction of physical (Ferrucci et al., 2016; Ko et al., 2010; Stolz et al.,
2024) and cognitive functions (Harada et al., 2013; Murman, 2015) with age as well as the
interdependence between both (Bamidis et al., 2014; Rosano et al., 2005). Moreover, several

brain changes are associated with healthy aging, such as alterations in neurotransmitters and
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cells (Lee & Kim, 2022), brain atrophy (Dickstein et al., 2007), altered spontaneous brain

activity (Montala-Flaquer et al., 2023), and iron accumulation (J. Xu et al., 2012).
2.1.1 Cognitive changes associated with healthy aging

With advancing age, cognitive performance declines; however, interindividual differences
exist regarding the onset, speed of progression, and the extent of its impact (Ghisletta et al.,
2012; Ram et al., 2011). For instance, learning and memory, attention, decision speed, sensory
perception (vision, hearing, touch, smell, taste), and motor coordination deteriorate with age
(Mattson & Arumugam, 2018). It has been shown that memory impairment coincides with
changes in brain areas relevant to memory function (Lee & Kim, 2022; Sikora et al., 2021).
Similarly, structural and functional changes in the prefrontal cortex, medial temporal lobe
(MTL) regions, and white matter tracts are associated with age-related cognitive deficits
(Hedden & Gabrieli, 2004). Furthermore, age-related iron accumulation and demyelination in
basal ganglia structures are strongly associated with verbal memory performance (Steiger &
Bunzeck, 2017) and executive functioning (Biel et al., 2021).

Subjective cognitive decline (SCD) refers to a perceived memory worsening and other
cognitive abilities without detectable neuropsychological deficits (Jessen et al., 2006) and is
observed occasionally in nearly all elderly (Rabin et al., 2017; Slavin et al., 2010). SCD may
serve as an early indicator of AD (Rabin et al., 2017) and predicts faster conversion to MCl and
AD (Fernandez-Blazquez et al., 2016). Due to the less noticeable symptoms, discriminating
between cognitive decline in the initial phases of pathological aging and typical age-related
cognitive worsening is challenging (Denver & McClean, 2018). Therefore, rather than
categorizing healthy and pathological aging as distinct entities, it may be more insightful to

consider them as two extremes along a continuum (Franceschi et al., 2018; Sikora et al., 2021).
2.2 Alzheimer’s disease

Dementia refers to the broad term for a specific group of symptoms, including
difficulties with memory, language, problem-solving, and other cognitive abilities. This
neurodegenerative disease relies on different causes, reflecting unique neurophysiological
changes. The most common cause of dementia is AD, accounting for 60% to 80% of all cases
(‘2023 Alzheimer’s Disease Facts and Figures’, 2023). It was estimated that the prevalence of
AD in Europe is 5.05% (Niu et al., 2017). The progression of AD encompasses from normal

cognitive over MCl to increasing severity of AD (Davis et al., 2018). Early AD symptoms include
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difficulties in remembering past conversations, names, or events, apathy, and depression. This
is followed by confusion, communication challenges, poor judgment, and behavioral changes.
In the later stages of AD, walking, speaking, and swallowing problems occur (2023 Alzheimer’s
Disease Facts and Figures’, 2023). Despite promising advances in pharmacological treatments
for AD in recent years (Conti Filho et al., 2023), it is essential to note that there are currently
no curative therapies available (Cummings, 2021; Self & Holtzman, 2023).

Within AD progression, brain changes precede cognitive symptoms and cognitive as
well as physical impairments gradually increase (‘2023 Alzheimer’s Disease Facts and Figures’,
2023). Two hallmarks of brain alterations are the accumulation of AP into plaques outside
neurons and the abnormal aggregation of tau protein into tangles within neurons (e.g.,
Gallardo & Holtzman, 2019). Many researchers support the notion that AP triggers or
facilitates the pathologic tau spreading (e.g., Hanseeuw et al., 2019; C. Sato et al., 2018), which
is closely associated with neurodegeneration, and this, in turn, leads to cognitive decline (Jack
et al.,, 2013, 2018). The AT(N) framework categorizes the hallmarks AB (A), tau (T) and
neurodegeneration (N) based on imaging or biofluids, allowing the identification of distinct
disease stages as well as the interaction of the pathological processes (Jack et al., 2018).
Importantly, the AT(N) framework describes the progression of AD biologically instead of
syndromally and represents a research framework rather than clinical diagnostic guidelines
(Jack et al., 2018). Many AD patients exhibit brain changes associated with one or more causes
of dementia, a condition known as mixed dementia (Brenowitz et al., 2017; Kapasi et al.,
2017). However, there is a lack of adequate, especially in vivo, biomarkers for diagnosing
mixed pathology dementia (Kapasi et al., 2017).

Various guidelines exist for the clinical diagnosis of AD (for an overview see Tahami
Monfared et al. (2023)). According to the recommendations from the National Institute on
Aging (NIA) and the Alzheimer’s Association (AA) in 2011, AD progression can be classified into
three stages: a) preclinical AD linked with pathological brain changes due to AD but no
cognitive symptoms, b) MCI involving subtle memory, language, and cognitive deterioration
more pronounced than in healthy individuals, and c) AD that includes advanced cognitive
impairment, memory loss and functional decline (Albert et al., 2011; McKhann et al., 2011;
Sperling et al., 2011). Recent data has suggested that cognitive decline in AD occurs
continuously over time, along with biomarker progression. Here, biomarkers serve as

measures that indicate the presence or absence of AD or the risk of developing it. For instance,



Theoretical Background 12

in the preclinical phase, compensatory mechanisms in the brain maintain normal functioning;
however, in MCI, these mechanisms fail due to neuronal damage, resulting in subtle
symptoms that become more severe over the final AD stages (‘2023 Alzheimer’s Disease Facts
and Figures’, 2023). The recognition of continuity prompts a paradigm shift in understanding
AD as a continuum rather than distinct clinical stages, a concept recognized but not formalized
in the 2011 NIA-AA guidelines (Jack et al., 2018). Along the continuum from preclinical AD to
full-blown AD, factors such as age, sex, genetics, CSF markers, and setting (research versus
clinical) influence the duration of each phase, leading to variability in disease progression

among individuals (Vermunt et al., 2019).
2.2.1 Genetics and environmental factors

The pathogenesis of AD involves a complex interplay of genetic predispositions,
environmental factors, and neuropathological processes, leading to the progressive
neurodegeneration characteristic of the disease (Scheiblich et al., 2020; H. Wang et al., 2021).
Although not particularly central to this thesis, it is worth briefly mentioning genetic
predispositions and environmental factors influencing AD progression, as it provides insights
into the diverse factors affecting the disease.

Genetics play a role in the development of various forms of AD. For example,
autosomal mutations in the amyloid precursor protein (APP), presenilin-1 (PSEN1), and
presenilin-2 (PSEN2) were identified as accountable for the familial form of AD (Bateman et
al., 2010; Mendez, 2019). Here, the typical onset for this form is under 65 years (Harvey, 2003).
However, most AD cases are late-onset forms, lacking a clear familial clustering (Bellenguez et
al., 2020). In these cases, a complex interplay between genetic and environmental factors is
assumed (Lane et al., 2018). Various genes influence the biological processes involved in late-
onset AD (Bellenguez et al., 2022). Among these, the Apolipoprotein E (APOE) €4 allele
(APOE4) stands out as the primary risk factor for late-onset AD (Yamazaki et al., 2019). The
APOE gene is essential for lipid transportation and exists in three allelic variants (€2 (APOE2),
€3 (APOE3) and €4) (Husain et al., 2021). While APOE3 was found to have a neutral effect on
the AD risk, APOE2 is associated with a decreased risk and APOE4 with an increased risk (see
Yamazaki et al. (2019) for an overview). Furthermore, individuals with one or two copies of
the APOE4 allele experience an earlier onset of late-onset AD (Corder et al., 1993; Verghese

et al., 2011).
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Numerous epidemiological studies, alongside in vitro and in vivo work using animal and
cell models, explored diverse environmental factors as potential risks for AD (Migliore &
Coppede, 2009, 2022). However, these studies showed conflicting results and the data is often
based on non-objective measurements, interviews, or other measurements that do not assess
the dosage of environmental triggers (Migliore & Coppedé, 2022). For a comprehensive
overview of environmental protective and risk factors for AD see Migliore & Coppede (2022).
For instance, western diet, vitamin D deficiency, pesticides, metals and metalloids,
electromagnetic fields, and preventable factors such as depression, smoking, social isolation,
low education, hearing impairment, physical inactivity, obesity, hypertension, and diabetes
are associated with a higher risk of developing AD. In contrast, protective factors against AD
include a Mediterranean diet, antioxidants, fruit and vegetables, caffeine, physical activity,
anti-inflammatory drugs, cognitively demanding work, and high education (Migliore &
Coppede, 2022). Finally, genetic and environmental factors can interact and affect the

probability of AD development (Dunn et al., 2019).
2.2.2 Alzheimer’s disease theories

Over the years, different theories and models have been proposed for the pathogenesis
of AD to describe the progression of pathological changes within the brain (Berry & Harrison,
2023; Therriault et al., 2022). Two prominent theories explaining the mechanisms of AD would
be the cholinergic hypothesis, emphasizing the role of the basal forebrain (BF) cholinergic
system (BFCS), and the amyloid hypothesis, focusing on AB pathology (Bartus, 2000; Berry &
Harrison, 2023; Braak & Braak, 1991; Fernandez-Cabello et al., 2020; M. J. Grothe et al., 2018;
Mesulam, 2004b; Thal et al., 2002).

Between 1970 and 1980, the cholinergic hypothesis was prominent in AD research
(Bartus et al., 1982; Berry & Harrison, 2023; Plotkin & Jarvik, 1986; Whitehouse et al., 1982).
This hypothesis proposes that the loss of the cholinergic neurons in the BF, a subcortical brain
region consisting of many small nuclei producing a variety of neurotransmitters (Mesulam et
al., 1983; Woolf, 1991), notably Acetylcholine (ACh), contributes to cognitive decline (e.g.,
Berry & Harrison, 2023). This decline affects memory, learning, and attention in healthy aging
but is even more pronounced in AD (Grothe et al., 2012; Mesulam, 2012; Muir, 1997). Along
these lines, in AD reduced levels of choline acetyltransferase (ChAT) the final enzyme in the

ACh synthesis pathway can be observed (Davies & Maloney, 1976). Moreover, memory and



Theoretical Background 14

attention deficits can be induced by pharmaceutical disruption of the basal BFCS (Broks et al.,
1988; Safer & Allen, 1971).

Cholinergic neurons, such as the medial septal nucleus (Ch1), vertical and horizontal
diagonal band nuclei (Ch2, Ch3), and the magnocellular complex (Ch4), which primarily
comprises the Nucleus basalis of Meynert (NbM), build the BFCS (Mesulam et al., 1983). These
project to numerous brain regions and receive reciprocal inputs and modulation from various
subcortical systems. Considering that the NbM is recognized as the largest nucleus within the
BF, it has been a primary target for investigation (Mesulam & Geula, 1988). It should be noted
that providing an extensive delineation of the BFCS projections falls outside the scope of this
thesis. However, in summary, the following projections can briefly be outlined. The prefrontal
cortex and amygdala receive cholinergic input from the NbM (Mesulam et al., 1983), while the
entorhinal cortex (EC) and hippocampus receive cholinergic inputs from the medial septum
and vertical diagonal band nuclei (Mesulam et al., 1992; Mesulam & Geula, 1988).
Reciprocally, the BFCS is modulated by other subcortical systems, such as the noradrenergic
locus coeruleus, serotonergic dorsal raphe nucleus, and dopaminergic substantia
nigra/ventral tegmental neurons (Bari et al., 2020; Gaykema & Zaborszky, 1997; Halberstadt
& Balaban, 2008; Hornung, 2003; Rho et al., 2018; Zaborszky & Cullinan, 1996). Since 1990,
AD research has shifted from the cholinergic hypothesis to the currently prevalent amyloid
hypothesis. This shift is due to the findings of insufficient effects of acetylcholinesterase
(AChE) inhibitors, which inhibit the enzyme AChE, thus increasing the levels of ACh in the
synaptic gap (Colovic et al.,, 2013), and evidence supporting cortical AB pathology.
Additionally, the role of AP and tau is not thoroughly considered (Berry & Harrison, 2023).

The amyloid hypothesis of AD describes the pathophysiological process that AB
pathology triggers the spread of tau pathology from the MTL, including the transentorhinal
and EC, to the hippocampus and following to other cortical regions, leading to
neurodegeneration and cognitive decline (Braak & Braak, 1991; Corder et al., 2000;
Duyckaerts et al., 1990; Jack et al., 2018; Jagust, 2018). The identification of genetic mutations
in the genes APP, PSEN1, and PSEN2 supports this hypothesis (Goate et al., 1991; Rogaev et
al., 1995; Schellenberg et al.,, 1992; Van Broeckhoven et al., 1992). Extracellular
accumulations known as senile amyloid plaques consist of abnormally folded AP proteins
comprising 40 or 42 amino acids (AB40 and AB42) derived from the APP metabolism. AB42 is

more prevalent within plaques than AB40 due to its higher rate of fibrillization and insolubility
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(Serrano-Pozo et al., 2011). This abnormal aggregation of AR peptides disrupts neuronal
function, triggers neurotoxicity, and promotes synaptic dysfunction. However, ambiguity
remains regarding both the physiological and pathological forms of AB, as well as the precise
mechanism causing the pathology (‘2023 Alzheimer’s Disease Facts and Figures’, 2023; G.
Chen et al.,, 2017). Increased AB is linked to the subsequent accumulation of tau
abnormalities, which manifests as intraneuronal aggregates of hyperphosphorylated and
misfolded tau proteins (pTau), known as neurofibrillary tangles (NFTs) (Bilgel et al., 2022; G.
Chen et al.,, 2017; Jack et al., 2018). These structures primarily consist of paired helical
filaments (PHFs) and occasionally exhibit variations such as straight filaments or hybrid forms
(Crowther, 1991; Wegmann et al., 2010). Upon the death of tangle-bearing neurons, NFTs
can transition into extraneuronal 'ghost' tangles, accompanied by the breakdown of
dendrites and axons, known as neuropil threads (Serrano-Pozo et al., 2011). Tau pathology
disrupts the transport of vital nutrients and molecules required for normal neuronal function
and is closely associated with neuronal loss and cognitive impairment (2023 Alzheimer’s
Disease Facts and Figures’, 2023; Bejanin et al., 2017).

Previous research indicated that AP and tau proteinopathies may trigger various
neuronal alterations contributing to the progression of AD. For instance, AR and tau pathology
initiate synaptic and mitochondrial dysfunction, demyelination, as well as brain atrophy due
to cell loss. Additionally, both lead to inflammatory responses in glial cells, resulting in
sustained neuroinflammation (e.g., Y. Chen & Yu, 2023; Kent et al., 2020; Van Der Kant et al.,
2020; L. Wang et al., 2015). Furthermore, dysregulation of iron homeostasis reinforces the
pathological cascade, highlighting the complex interplay between these proteinopathies and
various cellular processes implicated in AD (e.g., Ayton et al., 2017; Spotorno et al., 2020).
However, it is important to note that only a subset of potential alterations linked to the
proteinopathology are presented here. The exact sequence of events and causal relationships
in these processes remains not well understood, underscoring the complexity of AD and the
challenges in capturing its underlying mechanisms (e.g., Y. Chen & Yu, 2023; Jack et al., 2018;
Kent et al., 2020).

Although the amyloid hypothesis has gained substantial support, it faces difficulties in
fully explaining AD pathology. Contradictory findings were observed, such as unsuccessful
anti-AB clinical trials, the presence of AB in aged cognitively normal without AD, discrepancies

between the clinical phenotype and neuropathology, and the involvement of other factors,
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such as the BFCS (Berry & Harrison, 2023; Morris et al., 2018). The cholinergic evidence
underlines the importance of integrating the role of the BFCS into the amyloid hypothesis
(Berry & Harrison, 2023; Hampel et al., 2018). Interactions between the BFCS and AR
pathology may bridge the cholinergic and amyloid hypotheses in AD, as highlighted in a recent
review article (Berry & Harrison, 2023). This review article discusses bidirectional effects:
increasing AR levels disrupt cholinergic transmission, while reduced cholinergic integrity
accelerates the AB pathology, creating a detrimental cycle of compromised BFCS integrity and
pathological processes (Berry & Harrison, 2023).

In AD, the proteinopathies AR and pTau are assumed to spread along the neural
projection system to prone brain regions (Warren et al., 2013) and across anatomically and
functionally connected brain regions (de Calignon et al., 2012; Grothe et al., 2018; Hanseeuw
etal.,, 2019; L. Liu et al., 2012; Sepulcre et al., 2018; J. W. Wu et al., 2016). Despite differences,
comparisons between the BFCS and MTL structures, like the hippocampus, highlight a
common susceptibility to AD pathology (Berry & Harrison, 2023). Hence, both regions share
characteristics such as the continual demand for synaptic plasticity based on their
contribution to memory and attention processes (Hasselmo, 2006; Suh et al., 2011). However,
it remains unclear whether these shared characteristics imply shared mechanisms of

vulnerability to AD pathology (Berry & Harrison, 2023).
2.3 Structural and functional brain changes in Alzheimer’s disease

Evidence from mouse models of AD (de Calignon et al., 2012; Khan et al., 2014; L. Liu et al.,
2012; J. W. Wu et al., 2016) and human patients (Grothe et al., 2018; Hanseeuw et al., 2019;
Sepulcre et al., 2018) underscores the spreading of AB and tau pathologies with alterations in
both brain structure and function throughout the disease progression. Interestingly, it has
been hypothesized that with structural degeneration in older adulthood, there is a functional
compensation to maintain functioning that, however, breaks down in pathological aging, such
as AD, due to more pronounced structural degeneration (Bunzeck et al., 2024). In the
following, structural changes in gray matter (GM), iron, and functional changes in resting-state

functional magnetic resonance imaging (fMRI) will be presented.
2.3.1 Gray matter

The GM includes neuronal cell bodies (somata), synapses, glial cells, capillaries,

dendrites, and unmyelinated axons. It is distributed across the brain and throughout the spinal
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cord. Specifically, in the brain, it is located both cortically and in various subcortical brain
regions, such as the thalamus, subthalamus, hypothalamus, and basal ganglia, which include
structures like the putamen, nucleus accumbens, globus pallidus, and septal nuclei. Unlike
GM, white matter (WM) is structured into bundles of primarily myelinated axons, forming
tracts that facilitate communication between different functional GM networks across the
brain (Kolb & Whishaw, 2003; Purves, 2008; Wen & Chklovskii, 2005). Structural MRI studies
revealed reduced GM volume and cortical thickness in multiple brain areas in preclinical AD,
which were strongly associated with cognitive impairment (Lombardi et al., 2020; Suzuki et
al., 2019; Vemuri & Jack, 2010).

The relevance of the BF is emphasized by studies combining in vivo anatomical MRI
with CSF assessments of AR and pTau, showing more pronounced GM loss in the NbM than
EC in cognitively healthy individuals with abnormal compared to normal CSF biomarkers
(Schmitz & Spreng, 2016). Along these lines, as stated in the pathological staging model, the
baseline volume of the NbM has been shown to predict longitudinal degeneration of the EC.
However, the EC predicted the degeneration in temporal and parietal cortices, suggesting a
trans-synaptic propagation of AB originating from the NbM (Fernandez-Cabello et al., 2020;
Schmitz & Spreng, 2016). These findings align with animal work, adding a crucial upstream
connection to the subsequent spread from the EC to other MTL structures, including the
hippocampus, and further to more distant neocortical brain regions, such as the posterior
parietal cortex (de Calignon et al., 2012; Khan et al., 2014; L. Liu et al., 2012; J. W. Wu et al.,
2016). Although the cholinergic BF is recognized for its role in AD, empirical evidence,
especially in vivo remains limited. Therefore, study 1 addresses this limitation by investigating
structural differences across the disease progression using a meta-analytic approach.

Due to the prevailing assumption of the amyloid hypothesis, in vivo structural MRI
studies mostly focused on abnormalities in the MTL and cortical regions. For instance, volume
(Karas et al., 2004) and shape (Gerardin et al., 2009) differences were found in the
hippocampus and variations in hippocampal subfields in patients with MCl and AD compared
to age-matched healthy controls (Frisoni et al., 2010). Similarly, for example the EC, amygdala,
as well as frontal and parietal cortices are affected by GM volume loss as AD progresses (Z.
Wou et al., 2021). Moreover, machine learning (ML) studies successfully classified HC, MCl, and
AD patients using structural MRI information (Basaia et al., 2019; Rathore et al., 2017; Sarica

et al., 2017). These classifications mainly were based on volumetric differences of the
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hippocampus, amygdala, EC, precuneus, cingulate gyrus, and the rostral and caudal regions
within the medial frontal lobe, indicating a GM loss in MCl and AD compared to HC (Bohle et
al., 2019; Diogo et al., 2022; Pan et al., 2020; Rondina et al., 2018; Son et al., 2017). While the
MTL plays an important role in ML based classifications of AD, neurodegenerative processes
affect the entire brain (Diogo et al., 2022), a consideration that has not been fully explored.
Furthermore, only limited studies exist on the classification of AD progression or lack
information on contributing features. Therefore, study 2 aims to address this gap by
employing ML based classification techniques on brain integrity (volume and thickness), as
well as additional features, such as sociodemographic information, CSF assays, and APOE4

genotyping for AD progression.
2.3.2 Iron

There are two types of iron in the human body: heme and non-heme. Heme iron is essential
in transporting oxygen via hemoglobin throughout the circulatory system. In contrast,
intracellular non-heme iron is essential for various physiological functions, such as cellular
energy production through adenosine triphosphate (ATP) synthesis, axonal myelination, and
neurotransmitter synthesis (Todorich et al., 2009; Zecca et al., 2004). The iron metabolism is
regulated by various proteins, governing its uptake, storage, and utilization (Mills et al., 2010;
Reinert et al., 2019). Despite the intricate regulatory mechanisms, disruptions in iron
homeostasis can occur, particularly with advancing age, leading to detrimental effects on
cellular function (Lillig et al., 2008; Tian et al., 2022). Dysregulation of the iron metabolism can
result in oxidative stress. Free ferrous iron (Fe2+) interacts with hydrogen peroxide,
generating reactive oxygen species (ROS) through the Fenton reaction (H. C. Sutton &
Winterbourn, 1989). This can further exacerbate iron dysregulation, forming a destructive
feedback loop promoting oxidative damage (Altamura & Muckenthaler, 2009; Horowitz &
Greenamyre, 2010; Mastroberardino et al., 2009). Finally, neuroinflammation can be
triggered, and potentially ferroptosis, an iron-depending programmed cell death (Dixon et al.,
2012; H. Long et al., 2023; Ward et al., 2022).

In the context of AD, a post-mortem meta-analysis revealed increased non-heme iron
levels in the basal ganglia structures, cingulate cortex, frontal, parietal, and temporal lobe
areas in AD compared to HC individuals (Tao et al., 2014). Moreover, in vivo neuroimaging

studies, which offer the potential for a clearer connection to cognitive impairment and
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provide novel insights into paramagnetic brain iron (Haacke et al., 2005; Tran et al., 2022),
observed accumulated non-heme iron particularly in the basal ganglia, thalamus, and
hippocampus (Damulina et al., 2020; Ding et al., 2009; Du et al., 2018; H.-G. Kim et al., 2017;
Kuchcinski et al., 2022). Therefore, individuals with MCl and AD showed increased iron levels
correlated with cognitive decline and structural brain atrophy (Ayton et al., 2017; Du et al.,
2018; H.-G.Kim et al., 2017; Y. Moon et al., 2016; A. Yang et al., 2022). Moreover, post-mortem
and in vivo studies revealed a link between elevated iron levels and the presence of tau and
AR pathology (Ayton et al., 2017; Spotorno et al., 2020; Van Bergen et al., 2016; Van Duijn et
al., 2017; Bulk et al., 2018). However, in vivo imaging meta-analytic findings regarding
increased iron levels in AD brains are lacking, particularly in relation to cognitive decline.
Accordingly, study 3 investigates the iron accumulation in AD compared to HC using meta-

analyses in the basal ganglia regions, hippocampus, and thalamus.
2.3.3 Resting-state fMRI

fMRI represents a non-invasive marker of brain activity by measuring blood oxygen level-
dependent signals (Cai et al., 2020; Huang et al., 2020; Logothetis & Wandell, 2004; Xing et
al., 2021). Previous studies detected changes in connectivity across various brain networks in
AD patients (Dennis & Thompson, 2014). For example, decreased connectivity within the
default mode network (DMN) and altered functional connectivity (FC) between the DMN and
salience network were found in preclinical AD (A. P. Schultz et al., 2017). Along these lines,
broad-scale dynamic network disruptions were linked to cognitive decline and to the presence
of molecular biomarkers associated with AD as well as genetic risk factors (Q. Wang et al.,
2021). Furthermore, prominent functional resting-state activity markers, such as FC between
brain regions, regional homogeneity (ReHo), and fractional amplitude of low-frequency
fluctuations (fALFF) assessing local functioning of specific brain regions, could classify
cognitively normal adults with and without AB burden, reflecting sensitivity to AD pathology
(S.-M. Wang et al., 2021). However, there is only a limited number of studies investigating
these functional activity markers, which show partly divergent effects, such as an activity
increase or decrease in various brain regions reflecting possible compensatory effects to
maintain an adequate level of cognitive performance (He et al., 2007; Y. Liu et al., 2014; S.-M.
Wang et al., 2021; Zeng et al., 2019; Zhang et al., 2012). Building upon the pathological staging

model (Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016) outlined previously, which
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identified structural degeneration in the NbM predicting the degeneration in the EC, and
considering that functional brain changes often precede structural brain changes (Johnson et
al.,, 2012; Sperling, 2011; Warren & Moustafa, 2023), study 4 investigates the functional
properties of the NoM and EC.

2.4 Research aim

Previous studies have identified alterations in biomarkers along the AD progression,
challenging the prevailing amyloid hypothesis and prompting investigations on an overlap
with the cholinergic hypothesis (Berry & Harrison, 2023). Consequently, neuropathological
changes were observed in key regions such as the cholinergic BF, MTL, and basal ganglia.
Despite these findings, the neurophysiology of AD remains not fully understood. Thus, the aim
of this thesis is to gain insights into the underlying pathophysiology of AD progression using
structural and functional MRI measures, as well as different analysis methods (i.e., meta-
analyses, ML based classification, and functional activity marker analyses). Explicitly, four
specific goals associated with four individual studies were outlined:

Study 1 further investigates the exact nature of structural degeneration of the BF and
interconnected MTL. Structural differences, specifically GM volume, were compared between
HC and MCI as well as HC and AD patients using a coordinate-based meta-analytic approach.
We expected GM volume reductions in the cholinergic BF and MTL in MCIl and AD compared
to HC.

In study 2, we examined the predictive value of volumetric brain information (i.e.,
volume and thickness), socio-demographics, CSF, and APOE4 genotype information for AD
onset and progression. Therefore, utilizing a ML based extreme-gradient boosting algorithm,
classifications were performed cross-sectionally on diagnostic groups (i.e., HC, MCl, and AD)
and longitudinally on converters (HC to MCl and MCI to AD) to identify crucial features for
these classifications. Based on the work described above, reduced volumes and thicknesses
were expected in the MTL and, with disease progression, other cortical regions.

In study 3, we tested the hypothesis that iron accumulations are a characteristic
hallmark of AD and relate to cognitive decline. Hence, a meta-analytical approach was used
to compare iron levels in HC and AD patients and further the relationship between iron levels
and cognitive decline in AD was investigated. Increased iron levels were hypothesized in AD

patients compared to HC, with an expected correlation between iron accumulation with
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neuropsychological performance indicating higher iron load associated with worse
performance.

Study 4 aims to characterize how functional activity markers in the BF’'s NbM relate to
those in the EC depending on CSF assays along the progression of AD (including HC, MCl, and
AD). Based on the previous findings of the pathological staging model mentioned above, we
hypothesized that the NbM precedes and predicts functional changes in the EC using
longitudinal fMRI resting-state data. Moreover, a reduction in disease severity in local
spontaneous brain activity was expected.

In the subsequent sections, the methods employed in each of the four studies will be
described, followed by the presentation of their respective manuscripts. Finally, the general
discussion will provide a summary of the findings, their integration as well as the limitations
and future directions. Figure 2.1 gives an overview of the studies which are included in this
thesis. The specific hypotheses of the studies have been elaborated in detail in the

manuscripts (please refer to sections 4-7).
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Figure 2.1 Overview of all four studies included in this thesis to gain insights into the
underlying pathophysiology of AD progression. Studies 1-3 were based on structural MRI and
study 4 focused on functional MRI. Studies 1 and 3 involved meta-analyses using data from
previous research. Abbreviations: AD=Alzheimer’s disease; ADNI=Alzheimer’s Disease
Neuroimaging Initiative; AB=Amyloid-B; BF=Basal forebrain; CSF=Cerebrospinal fluid;
EC=Entorhinal cortex; fALFF=Fractional amplitude of low-frequency fluctuations; GM=Gray
matter; HC=Healthy controls; MCI=Mild cognitive impairment; MMSE=Mini-Mental-State
Examination; NbM=Nucleus basalis of Meynert; pTau=Hyperphosphorylated Tau, ROI=Region
of interest; rsfMRI=Resting-state functional magnetic resonance imaging; VBM=Voxel-based
morphometry; XGBoost=Extreme gradient boosting
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3 General methods

3.1 Magnetic resonance imaging (MRI)

Magnetic resonance imaging (MRI) is a non-invasive imaging technique utilizing magnetic
fields to acquire images of anatomical structures and physiological processes within a body
(Hussain et al., 2022; Serai et al., 2021). Over the past decades, MRI imaging has increased
utilization and refinement of (Hussain et al., 2022; Kabasawa, 2022). In this thesis, structural
and functional MRI data were analyzed. While a detailed presentation of the principles of MRI
is beyond the scope of this work, the subsequent section will offer an overview of the
structural and functional MRI methods employed in the articles. Detailed explanations of MRI
principles can be found elsewhere (e.g., Weishaupt et al., 2014; Serai et al., 2021).

Structural MRI offers insights into brain structure, encompassing shape, size, and
integrity assessments (Bischoff-Grethe & Fennema-Notestine, 2023). Different methods can
be applied to investigate structural MRI properties, which will be outlined below. While
various methods exist regarding the analysis of structural brain characteristics, in this work,
the focus lies on voxel-based morphometry (VBM), extracted GM volume and cortical
thickness by FreeSurfer, an open-source software package for processing, analyzing, and
visualizing brain images (https://surfer.nmr.mgh.harvard.edu/), and iron sensitive MRI.

VBM typically includes a voxel-wise comparison of local GM volume between two
groups of subjects. Therefore, data processing involves the spatial normalization of high-
resolution images from all subjects into a common stereotactic space. Subsequently, GM
segmentation is conducted on the spatially normalized images, followed by spatial smoothing.
Parametric statistical tests are then applied voxel-wise to compare the smoothed GM images
from the two groups (Ashburner & Friston, 2000). Here, the results, i.e., VBM coordinates
from specific studies were utilized and further analyzed using a coordinate based meta-
analytic approach (study 1, see below for more information, 3.2). A common alternative to
VBM is cortical reconstruction and volumetric segmentation using FreeSurfer, documented
and freely available for download online (http://surfer.nmr.mgh.harvard.edu/). The technical
details of the processing are available in previous publications (Dale et al., 1999; Dale &
Sereno, 1993; Fischl et al., 2001, 2002, 2004b, 2004a; Fischl & Dale, 2000; Han et al., 2006;
Jovicich et al., 2006; Reuter et al., 2010, 2012; Ségonne et al., 2004). Briefly, the processing

steps involve motion correction (Reuter et al., 2010), removal of non-brain tissue (Ségonne et
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al., 2004), intensity normalization (Sled et al., 1998), automated Talairach transformation,
segmentation and parcellation (Fischl, 2012; Fischl et al., 2002, 2004a). Based on the Desikan-
Killany atlas (Desikan et al., 2006) and the subcortical whole brain segmentation (Fischl et al.,
2002, 2004a) the scans were processed and extracted features provided by ADNI (processed
by the Tosun laboratory at the University of California-San Francisco, see
https://adni.loni.usc.edu/data-samples/data-types/mri/) as a component of the shared data-
set and further analyzed using ML (study 2, see below for more information on ML, 3.3).

Numerous MRI sequences are sensitive to iron, including T2, T2*, T2’, R2, R2*, R2’,
field-dependent R2 increase (FDRI), phase imaging, and susceptibility-weighted imaging (SWI)
(Haacke et al., 2005; Langkammer et al., 2014) along with quantitative susceptibility mapping
(QSM) (Langkammer et al., 2012). However, not all methods are equally sensitive and specific
in iron detection. For instance, T2 and R2 show substantial limitations, such as susceptibility
to interference from other factors like water, thereby impacting their efficacy in iron detection
(Haacke et al., 2005; Langkammer et al., 2010, 2012). Importantly, no iron-sensitive MRI data
has been acquired for this thesis. Instead, the data and results from previously published
studies were analyzed using effect size based meta-analyses (study 3, see below for more
information on meta-analyses, 3.2).

fMRI detects brain activity by identifying changes in blood flow and oxygenation levels,
utilizing the Blood Oxygen Level-Dependent (BOLD) contrast (Ogawa et al., 1990). For
instance, when brain regions get activated (e.g., because of a task), these require more
energy, resulting in an increased demand for oxygen and nutrients. To meet this demand, the
blood flow increases. This, in turn, leads to a longer T2* relaxation time of the surrounding
water, contributing to the observed signal elevation in T2*-weighted images (Glover, 2011;
Weishaupt et al., 2014). Two basic approaches are involved in fMRI: task-based fMRI and
resting-state fMRI (rsfMRI). Task-based fMRI monitors brain activity in subjects performing a
specific cognitive or motor exercise. Therefore, changes in blood flow and oxygenation levels
associated with this performance are detected, allowing to map the brain regions involved. In
contrast, rsfMRI examines spontaneous neural activity while subjects rest without actively
engaging in any specific activity. This approach can reveal regional brain activity or FC patterns
between different brain regions, providing insights into intrinsic brain networks (Glover, 2011,
Lee et al., 2013; Weishaupt et al., 2014; Yuan et al., 2021). Since study 4 of this thesis employs

rsfMRI, a brief overview of the measures and properties used will be given. These include
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fractional amplitude of low-frequency fluctuation (fALFF), regional homogeneity (ReHo), and
ROI-to-ROI FC.

fALFF measures spontaneous local brain activity by assessing the amplitude of low-
frequency fluctuations (ALFF). It represents the ratio of total amplitude within the low-
frequency range (0.01-0.1 Hz) to the amplitude across the entire detectable frequency range
(Biswal et al., 1995; Zou et al., 2008; Zuo et al., 2010). ReHo evaluates local connectivity within
brain regions by measuring regional synchronization among neighboring voxels (Zang et al.,
2004), assuming that structurally neighboring voxels exhibit functional homogeneity (Jiang &
Zuo, 2016). ReHo is quantified using Kendall's coefficient of concordance (KCC) (Kendall &
Gibbons, 1990), with larger values indicating higher local synchronization. ROl to ROI FC
assesses the temporal dependence between anatomically separated brain regions, reflecting
functional communication and shared functions (Biswal et al., 1995; Lowe et al., 1998, 2000;

van den Heuvel & Hulshoff Pol, 2010).
3.2 Magnetic resonance imaging based meta-analyses

Many neuroimaging studies suffer from small sample sizes, leading to underpowered analyses
and false positive results (Button et al., 2013). Results can be influenced by experimental as
well as analytic procedures and replication studies are rare. Moreover, it is challenging to
overlook all published findings due to numerous neuroimaging studies (Button et al., 2013;
Eklund et al., 2016; Wager et al., 2007). Performing a neuroimaging meta-analysis might
address these issues since it stands out as a powerful method for combining various results
unbiasedly (Cieslik et al., 2018).

Neuroimaging meta-analysis methods can be categorized as image-based and
coordinate-based. Image-based meta-analyses use the full statistical images from the original
publications, whereas the coordinate-based meta-analyses utilize the x, y, z coordinates (in
certain instances their z-statistic) of the peak location, resulting from the analysis in the
respective study. Since whole-brain statistical images are rarely shared and most studies
report their results in standardized coordinates, coordinate based meta-analyses can address
more research questions and allow the inclusion of many of the published neuroimaging
articles. Notably, the results should be based on a whole-brain analysis without a correction
for small volume (Cieslik et al., 2018). However, to investigate differences on a region-of-

interest (ROI) level, effect size-based meta-analysis can be carried out. Here, effect sizes
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between groups across studies are compared and an overall effect size can be generalized

beyond the included studies (Borenstein et al., 2009).
3.3 Machine learning

ML is a specific approach coming from computer science. It is applied in data mining and
classification tasks, facilitating the process of generalization and optimization (Martinez-Florez
et al.,, 2021; X.-D. Zhang, 2020). ML has become a valuable tool in MRI data analysis, for
example, aiding in image segmentation, disease classification, and treatment outcome
prediction (Gassenmaier et al., 2021). In this thesis in study 2, extreme gradient boosting
(XGBoost) was employed for binary and multi-class classification tasks involving various
categorical and numeric variables, specifically sociodemographic, brain volumetric, CSF, and
genotyping data. XGBoost represents a gradient-boosting-based algorithm that uses decision
trees as its base model (Chen & Guestrin, 2016). It functions as a supervised algorithm,
meaning it learns from labeled data consisting of input-output pairs during training (Chen &
Guestrin, 2016; X.-D. Zhang, 2020). XGBoost is a powerful and valid tool for investigating the
combination of different classes of variables (e.g., biomarkers, MRI data, neuropsychological
test results) (Franciotti et al., 2023). Moreover, XGBoost demonstrated strong performance in
various regression and classification tasks, such as predicting brain age and classifying brain
tumors (Hashmi & Osman, 2022; Kaufmann et al., 2019; Lange et al., 2020). A model-agonistic
explanation approach can be used to interpret the XGBoost classifications and gain insights
into its internal mechanisms. Specifically, in this thesis, SHAP (SHapley Additive exPlanations)
was employed to calculate and visualize the contribution of each input feature to the XGBoost

binary and multi-class model's prediction (Mosca et al., 2022).
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4 Structural Degeneration of the Nucleus basalis of Meynert in Mild
Cognitive Impairment and Alzheimer’s disease — Evidence from an

MRI-based Meta-Analysis

This chapter refers to study 1, investigating the structural degeneration of the NbM in MCI
and AD (see section 2.4, Fig. 2.1). It has been formally integrated into the dissertation’s style

for consistency. The content corresponds to the following publication:

Mieling, M., Meier, H., & Bunzeck, N. (2023). Structural Degeneration of the Nucleus basalis
of Meynert in Mild Cognitive Impairment and Alzheimer’s Disease — Evidence from an
MRI-based Meta-Analysis. Neuroscience & Biobehavioral Reviews, 105393.
https://doi.org/10.1016/j.neubiorev.2023.105393

Author’s contributions
MM and NB conceived the study. MM ad HM analyzed the data. MM and NB wrote the

manuscript and revised it.

Abstract

Recent models of Alzheimer’s Disease (AD) suggest that neuropathological changes of the
medial temporal lobe (MTL), especially entorhinal cortex (EC), are preceded by degenerations
of the cholinergic Nucleus basalis of Meynert (NbM). Evidence from imaging studies in
humans, however, is limited. Therefore, we performed an activation-likelihood estimation
meta-analysis on whole brain voxel-based morphometry (VBM) MRI data from 54
experiments and 2581 subjects in total. It revealed, compared to healthy older controls,
reduced gray matter (GM) in the bilateral NoM in AD, but only limited evidence for such an
effect in patients with mild cognitive impairment (MCI), which typically precedes AD. Both
patient groups showed less GM in the amygdala and hippocampus, with hints towards more
pronounced amygdala effects in AD. We discuss our findings in the context of studies that
highlight the importance of the cholinergic basal forebrain (BF) in learning and memory
throughout the life span, and conclude that they are partly compatible with pathological
staging models suggesting initial and pronounced structural degenerations within the NoM in

the progression of AD.
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Introduction

Anatomy and function of the cholinergic basal forebrain

The basal forebrain (BF) cholinergic system is a subcortical structure located in the frontal
cortex. It can be subdivided into four nuclei with predominantly cholinergic neurons, namely,
the medial septal nucleus (Ch1), the vertical and horizontal limb of the diagonal band of Broca
nuclei (Ch2, Ch3), and the magnocellular complex (Ch4), which mainly includes the Nucleus
basalis of Meynert (NbM) (Mesulam et al., 1983). The NbM is considered to be the largest of
the BF’s nuclei with ca. 13-14 mm from anterior-posterior and 16-18 mm from medial-lateral
(Mesulam & Geula, 1988), and has, therefore, been targeted both in animal and human
imaging studies. Functionally, the NbM plays an essential role in the modulation of complex
behaviors and cognition through the communication with limbic structures and the entire
neocortex (Mesulam et al., 1983), which we further explain below. Finally, cholinergic neurons
within the NbM are complexly branched and, important for the understanding of life-long
development, the axonal arborizations and synapses are required to remodel continuously
due to their principal role in learning, memory and attention (Hasselmo, 2006; Mitsushima et
al., 2013; Schmitz & Duncan, 2018; H. Wu et al., 2014).

Acetylcholine (ACh) has long been identified as a powerful neuromodulator that is
involved in the regulation of neural activity in distant brain regions and thereby serves several
functions, including learning and memory (Picciotto et al., 2012). For instance, the processing
of novel stimuli is associated with neural responses in the monkey cholinergic BF (Wilson &
Rolls, 1990) as well as increases in fronto-cortical and hippocampal acetylcholine levels in rats
(Acquas et al., 1996). Further, high levels of ACh in the rat perirhinal cortex during the
encoding of novel information promote memory performance, but they have a detrimental
effect on consolidation (Winters et al., 2006) (see Gais and Born (2004), for a similar effect in
humans). Compatible with this observation, the removal of cholinergic inputs to the perirhinal
cortex impairs object recognition in rodents (Winters & Bussey, 2005).

In humans, pharmacological stimulation of cholinergic activity by acetylcholinesterase
inhibition leads to a change in neural novelty signals within the MTL, including the
parahippocampal cortex and hippocampus (Bunzeck et al., 2014). In electrophysiological
studies, also in humans, cholinergic stimulation led to a shift in novelty responsive brain

regions from medio-temporal to prefrontal areas, which suggests that the influence of the
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MTL and prefrontal regions in novelty processing is mediated by acetylcholine levels (Eckart
& Bunzeck, 2013). Indeed, cholinergic antagonists can impair working memory (Aigner &
Mishkin, 1986) and the encoding of novel information in explicit memory tasks (Sherman et
al., 2003). In contrast, cholinergic agonists can have opposite effects (Buccafusco et al., 2005).
Finally, acetylcholine also modulates attentional processing (Bauer et al., 2012; Hasselmo &
Sarter, 2011) as well as human working memory and subsequent familiarity based recognition
(Eckart et al., 2016) via changes in neural oscillations.

While the involvement of ACh in cognition, especially learning and memory, is widely
accepted, the underlying mechanisms are still under debate. In this regard several effects of
ACh within the MTL seem particularly important (Hasselmo, 2006). For instance, ACh
enhances the afferent input from dentate gyrus and EC to CA3 (Giocomo and Hasselmo, 2005;
Radcliffe et al., 1999); ACh is closely related to hippocampal theta rhythm (Bland and Oddie,
2001; Siok et al., 2006), which was linked to mnemonic processes (Herweg 2020); ACh can
increase synaptic plasticity within hippocampal CA1 region (Adams et al., 2004; Huerta and
Lisman, 1993) and EC (Cheong et al., 2001); and finally, ACh can enhance encoding related
spike activity for novel information in the EC (Klink and Alonso, 1997). Computational models
suggest (Gluck et al., 2005; Myers et al., 1996) that cholinergic projections from the BF, in
particular the medial septum, to the hippocampus influence suppression of synaptic
transmission within the hippocampus and the neocortex. This suppression is selective in as
much it affects intrinsic, recurrent collaterals (such as CA1 and CA3) more strongly than
external afferents (such as from the EC to CA1) of the hippocampal formation (Hasselmo et
al., 1995; Myers et al., 1996).

Together, the BF, including the NbM, is a major source of cholinergic projections to the
MTL and neocortex. Thereby, it has the potential to promote cognitive functions, including
learning and memory, via the modulation of spike activity, neural oscillations and network

properties (Picciotto et al., 2012; Zaborszky et al., 2018).
Age related changes of the basal forebrain

Structural degenerations of the BF can be observed during healthy aging, which leads to
cognitive impairment (Duzel et al., 2010; Heys et al., 2010; Mesulam, 2004a). While this can
be distinguished from more prominent pathological changes in mild cognitive impairment

(MCI) and Alzheimer’s disease (AD), it is also clear that healthy and pathological aging can be
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described on a continuum and, therefore, understanding developmental trajectories is
essential. For instance, aged rats showed significant atrophy and a loss of cholinergic BF
neurons (de Lacalle et al., 1996), which, in another study, closely related to specific cognitive
impairments, including spatial learning (Fischer et al., 1989). Further, magnocellular BF
cholinergic neurons are vulnerable to intraneuronal amyloid-g (AB) accumulation even in
cognitively unimpaired healthy older humans, as shown in a post-mortem study (Baker-Nigh
et al., 2015).

With regard to disease progression, MCI is typically defined by mild cognitive
problems, including memory and language, that are more pronounced than healthy age-
related changes, but only minimally interfere with daily life. People with MCl are at higher risk
of developing AD, which is characterized by even more pronounced cognitive impairments
and structural degenerations (Jessen et al., 2014; Petersen et al., 2018). Physiologically, the
prevailing view on the development of AD is that deposits of AR and p-Tau first occur in the
trans-entorhinal cortex and EC, located within the MTL, followed by the hippocampus and
other cortical regions (Braak & Braak, 1991; Corder et al., 2000; Duyckaerts et al., 1990).
Therefore, previous MRI studies in humans have often focused on structural abnormalities of
these brain regions using voxel-based morphometry (VBM), or similar measures (Ashburner
& Friston, 2000), and more recently, positron emission tomography (PET), that allows to
quantify AB and pTau in vivo (Jagust, 2018). They could show that the volume (Karas et al.,
2004) and shape (Gerardin et al., 2009) of the hippocampus as well as hippocampal subfields
(Hett et al., 2019) differ between MCI and AD patients as compared to age-matched healthy
controls (Frisoni et al., 2010). Similar but more heterogeneous effects have been observed in
the EC, amygdala, and frontal and parietal cortex (Arrondo et al., 2022).

The focus on MTL regions as origin of AD has been challenged by histologic studies
(Geula & Mesulam, 1996; Mesulam et al., 2004; Schliebs & Arendt, 2011) and in vivo imaging
that shows early pathological changes in the NbM (Grothe et al., 2012, 2013). Specifically, the
BF was suggested as one of the first sub-cortical regions affected by neuronal loss (Davies &
Maloney, 1976; P. J. Whitehouse et al., 1981), possibly due to accumulation of AB and pTau,
which is followed by decreased levels of ACh (Rajmohan & Reddy, 2017). This, in turn, could
interfere with neuronal signaling, especially in memory encoding (Atri et al., 2004) and
attentional processing (Ballinger et al., 2016). Therefore, major damages of cholinergic

neurons of the BF in AD not only leads to a 90-95% loss in cortical ACh activity but also
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cognitive and behavioral impairments (Ballinger et al., 2016; Geula et al., 2021). Finally, in
advanced AD neural loss is more pronounced in the NobM as compared to layer-Il EC (Arendt
et al., 2015). Based on these findings, a recent view suggests the NbM as early origin of
structural degeneration followed by the EC and other cortical brain regions. In humans, direct
evidence comes from anatomical MRI studies in combination with measures of AB and pTau
(Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016). They revealed more pronounced
NbM GM loss in cognitively healthy humans depending on abnormal vs normal CSF biomarkers
(Fernandez-Cabello et al., 2020; Schmitz et al., 2020; Schmitz & Spreng, 2016). Importantly,
NbM baseline volumes predicted longitudinal EC degenerations, implying a trans-synaptic
spread of AB starting in the NbM (Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016).
This conclusion is compatible with work in animals and adds a crucial upstream link to the
subsequent spread from EC to other MTL structures, including the hippocampus, and more
distant neocortical brain regions such as the posterior parietal cortex (de Calignon et al., 2012;
Khan et al., 2014; L. Liu et al., 2012; J. W. Wu et al., 2016). Apart from these and other studies
(Arrondo et al., 2022; Colloby et al., 2014; Fernandez-Cabello et al., 2020; Jessen et al., 2006;
Kerbler et al., 2015; Kilimann et al., 2014; Schmitz et al., 2018; Schmitz & Spreng, 2016)
showing structural degenerations of the BF in vivo with MRI, others have demonstrated
reduced structural integrity of cholinergic white matter pathways in AD (Nemy et al., 2023;

Schumacher et al., 2022).
Research Question and hypotheses

Despite the prominent view of a role of the cholinergic BF in AD, empirical evidence is limited,
especially in vivo, and a meta-analytic investigation is missing. Here, we assumed that AD and
MCI are characterized by smaller NoM volumes as compared to healthy controls (HC). More
specifically, we hypothesized that patients with MCl show less GM in the NbM compared to
age-matched HC (HC>MCI, hypothesis 1); patients with AD show less GM in the NbM
compared to age-matched HC (HC>AD, hypothesis 2); and patients with MCI or AD show less
GM in the MTL (EC and hippocampus, hypothesis 3) compared to age-matched HC
(HC>MCI/AD). To this end, we employed an activation likelihood estimation (ALE) meta-
analytic approach on the basis of recently published whole brain voxel-based morphometry

(VBM) MRI data. This allowed us to focus on the NbM and EC, and, in a more exploratory
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fashion, other brain regions, such as temporoparietal areas, which have also been associated

with AD (Fernandez-Cabello et al., 2020).
Methods

Literature search and selection

This work followed the PRISMA 2020 guidelines (Page et al., 2021) and is in accordance with
suggestions by Miiller et al. (2018) for Neuroimaging Meta-Analyses (see Table S1.1). More
specifically, a systematic review was conducted based on the VBM BrainMap database using
the search application Sleuth (version 3.0.4) (Fox et al., 2005; Fox & Lancaster, 2002; Vanasse
et al., 2018). Here, the rationale is to identify those studies with convergence regarding brain
volume reductions in MCl and AD compared to HC; therefore, literature review and statistical
analyses (see below) were run separately for HC>MCI and HC>AD (Eickhoff et al., 2009;
Vanasse et al., 2018).

The search included all whole-brain VBM studies in the database until Aug. 16, 2022 —
these were 1316 publications with 4345 experiments (Fox et al., 2005; Fox & Lancaster, 2002;
Vanasse et al., 2018). Here, the term experiment refers to a single analysis conducted in a
given publication (Turkeltaub et al., 2012). Applying a specific category selection in Sleuth (see
Table S1.1) and specific inclusion and exclusion criteria (Table 4.1) resulted in 22 publications
with 33 experiments for the contrast HC>MCI. However, only 16 publications (17 experiments)
remained after a more careful inspection (Table S1.2, Fig. 4.1.). For the contrast HC>AD, the
initial search resulted in 71 publications, with 103 experiments but after a detailed inspection

only 37 publications (37 experiments) could be included in the analysis (Table S1.2, Fig. 4.1).
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Figure 4.1. Flowchart of the steps performed in the meta-analysis.

Table 4.1. Inclusion and exclusion criteria for the systematic literature research

Inclusion criteria

Exclusion criteria

Study contrasted MCl vs HC or AD vs HC.

MCI/AD and HC were matched regarding age,
gender, education etc.

Patient groups were clearly defined and if
necessary summarized, e.g., “early AD” or
“late AD”.

Study was based on one temporal
measurement per patient. In longitudinal
studies, the first MRI acquisition was selected.

Analysis and report of GM based whole brain
VBM.

Study did not contrast MCl vs HC or AD vs HC,
e.g., MCl vs AD.

MCI/AD and HC were not matched regarding
age, gender, education etc. or compared with
patients other than MCI/AD.

Several subgroups of AD were defined (e.g.,
early/late AD) and analyzed separately.

Multiple measurements across time for each
subject included in one analysis.

Other analysis than GM based whole brain
VBM, e.g., region of interest (ROI) analysis or
correlation analysis.
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In total, structural MRI data from 347 MCI patients with 462 matching controls, and
799 AD patients with 973 matching controls were analyzed. Therefore, data from 1146
patients were compared with 1435 healthy older adults. A possible sample overlap between
the studies was avoided by applying appropriate exclusion criteria in BrainMap, and additional
cross-checks with the primary literature. Specifically, this included the sample characteristics,
author affiliations and scanning locations. Note, however, that in the HC>MCI meta-analysis,
two experiments from Bozzali et al. (2006) were included, contrasting MCI retrospective
converters and non-converters with healthy controls separately. Here, these experiments
were treated as independent analyses due to different MCI groups involved, the focus on
coordinate-based contrasts, and no other coding possibility of the experiments (Turkeltaub et
al., 2012). Additionally, in four studies (Bozzali et al., 2006; Hamaladinen et al., 2007; Rami et
al., 2009; Shiino et al., 2006) the same HCs were contrasted against MCl and AD, respectively;
here they were entered into both meta-analyses HC>MCI and HC>AD, respectively. However,
study-specific biases are unlikely due to the number of included experiments (see Fig. 4.1)
(Heckner et al., 2021; Turkeltaub et al., 2012).

MRI scanners included field strengths from 1.0 to 3.0 Tesla, for one study the field
strength was unknown, and all incorporated studies performed a VBM whole brain analysis
(Ashburner & Friston, 2000; Mechelli et al., 2005), typically with SPM, MedX or FSL. A possible
bias resulting from different MRI scanner field strengths (Tardif et al., 2009) was investigated
using a chi-squared test. It revealed no significant effects, indicating no systematic differences
in MRI field strength in the two meta-analyses (x*(3) = 1.55, p = 0.67, Cramer’s V= 0.168).

About 80 percent of the studies reported their findings in MNI and 20 percent in
Talairach reference space. Ten of 17 experiments used voxel- or cluster-wise corrected p-
values in the HC>MCI comparison, the remaining seven used uncorrected p-values. In the
HC>AD comparison 30 of 37 experiments used corrected p-values and seven used uncorrected
p-values. All information is listed in detail in Table S1.2 and Table S1.3.

Two researchers (M.M. and H.M.) independently inspected each study individually
with regard to the inclusion and exclusion criteria, based on the abstract, title, information
provided by Sleuth, and finally, a full text read. Disagreements were, if required, discussed
with a third researcher (N.B.). The final selection of included publications and experiments,

respectively, with further study-specific information is shown in Tables S1.2 and S1.3.
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Statistical analysis
Activation likelihood estimation (ALE)

The activation likelihood estimation (ALE) meta-analytic approach was used to investigate the
convergence of VBM results from all included whole-brain experiments (Eickhoff et al., 2009,
2012; Turkeltaub et al., 2012; Vanasse et al., 2018). ALE is implemented in BrainMap’s
application GingerALE (version 3.0.2) (Eickhoff et al., 2009, 2012; Turkeltaub et al., 2012) and
represents a coordinate-based neuroimaging meta-analyses technique. Here, in a first step,
all reported Talairach coordinates were automatically converted to MNI space by the
implemented algorithm icom2tal (Laird et al., 2010; Lancaster et al., 2007). All other studies,
i.e., those that already provided MNI coordinates, were not further converted. Second, the
ALE random-effects algorithm treated all included coordinates of maximum activation, called
foci, as spatial Gaussian probability distributions weighted by the number of subjects (Eickhoff
et al.,, 2009; Laird et al., 2009). Further, the probability distributions of the foci from the
specific experiment are summarized per voxel, resulting in a model activation (MA) map. Here,
the voxel-wise MA values were calculated based on the maximum probability of any focus in
the given experiment (Eickhoff et al., 2012; Turkeltaub et al., 2012). The voxel-wise union of
these MA maps results in ALE scores on a voxel level. Accordingly, ALE scores represent the
convergence of results across studies instead of foci. Third, to statistically evaluate the degree
of convergence across studies, ALE scores are compared to an empirical null distribution of
random spatial associations between all MA maps (Eickhoff et al., 2009, 2012). Here, our
results were thresholded at p<0.05 with 1,000 permutations (cluster-level) corrected for
multiple comparisons by the family-wise error (FWE) and an cluster-forming (uncorrected)
p<0.001 (Eickhoff et al., 2016). Again, this approach was conducted separately for the meta-
analysis HC>MCI and HC>AD.

Additionally, to investigate the differences and common effects of the two meta-
analyses HC>MCI and HC>AD, their results were combined in a contrast analysis
([HC>MCI]>[HC>AD] and [HC>AD]>[HC>MCI]) and a conjunction analysis (HC>MCI and
HC>AD), respectively. Therefore, the conjunction included computing the voxel-wise-
minimum based on the HC>MCI and HC>AD ALE images resulting from initial meta-analysis
(Eickhoff et al., 2011; Laird et al., 2005). The subtraction resulted in a new ALE image for each

dataset, which was then subtracted from the other and compared to the true data. Finally,
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after permutations, a final voxel-wise p-value image is created and then z-scored to represent
significance rather than the direct ALE subtraction (Eickhoff et al., 2011; Laird et al., 2005).
Note that different sample sizes between the meta-analyses were corrected for the
conjunction and contrast (Eickhoff et al., 2011). The results were thresholded at p<0.01
(uncorrected) and 10,000 permutations.

Significant clusters and associated brain regions will be reported based on the
probabilistic cytoarchitectonic human brain maps as implemented in the SPM Anatomy
Toolbox Version 3.0 (Eickhoff et al., 2005, 2006, 2007; Heckner et al., 2021) (available from

https://www.fz-juelich.de/en/inm/inm-7/resources/jubrain-anatomy-toolbox).
Region-of-Interest analyses

On the basis of our a priori hypotheses (see introduction), we performed post-hoc region-of-
interest (ROI) analyses for the NbM and EC, separately, using the whole-brain ALE meta-
analysis approach. The ROIs for both regions were generated for the left and right hemisphere
as well as one bilateral ROI for the NbM and one bilateral ROI for the EC. This was done in
MNI space using the SPM Anatomy Toolbox Version 3.0 (Eickhoff et al., 2005, 2006, 2007)
(available from https://www.fz-juelich.de/en/inm/inm-7/resources/jubrain-anatomy-
toolbox). Specifically, the NbM was defined using previous published probabilistic maps
labeled as Ch4 (Zaborszky et al., 2008), and the EC was derived from the previously published
probability map (Amunts et al., 2005). The mean p-values of the NbM and EC were extracted
at a threshold of 50% probability from the uncorrected p-value maps (resulting from the
analyses HC>MCI and HC>AD, respectively) using Marsbar (Brett et al., 2002) implemented in
the SPM toolbox (SPM 12, https://www.fil.ion.ucl.ac.uk/spm/) for MATLAB®. Note that this
approach allows the extraction of p-values from each ROI but no other statistical values such

as standard deviations or individual data points.
Results

The HC>MCI meta-analysis included 17 experiments from 16 studies, and the HC>AD meta-
analysis included 37 experiments from 37 studies. The mean age of the subjects ranged from
62 to 76 years (HC>MCI) and 59 to 83 years (HC>AD), respectively. For both meta-analyses,
the patient groups were matched to the HC regarding age and gender. See Table S1.2 and

S1.3, respectively, for further information on sociodemographics
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HC > MCI

The meta-analysis HC>MCI revealed two significant clusters (Table 4.2, Fig. 4.2A). The first
cluster was driven by seven studies and included the right amygdala and right hippocampus.
The second cluster was driven by four studies and included the left hippocampus and left

amygdala.
HC > AD

The meta-analysis HC>AD revealed six significant clusters (Table 4.2, Fig. 4.2B). The first cluster
was driven by twenty studies and included the right amygdala and right hippocampus. The
second cluster was driven by eighteen studies and included the left amygdala, left
hippocampus and EC. The third cluster was driven by eleven studies and included the left
hippocampus and left thalamus. The fourth cluster was driven by eight studies and included
the right hippocampus. The fifth cluster was driven by seven studies and included the right
angular gyrus and right lateral occipital cortex (LOC). The sixth cluster was driven by four

studies and included the left and right thalamus.

A HC>MCI B HC>AD

Figure 4.2. Results of meta-analyses HC>MCI (A) and HC>AD (B). Clusters represent significant
convergence across experiments in GM reductions. Cluster-level p<0.05, family-wise error
corrected with a cluster-forming threshold p<0.001. The color bar represents the activation
likelihood estimation (ALE) scores. The light green region indicates the NbM. Clusters were
overlaid onto a T1 weighted template image.
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Table 4.2. Results of the ALE meta-analysis for the contrasts HC>MCI and HC>AD. Significant
clusters, their sizes (in voxels, 2x2x2 mm), peaks, regional assignment (probability in %) and
cytoarchitectonic probabilities (in %) are based on the Jilich Brain atlas. Additionally, we also
report the contributing studies, based on GingerALE. Abbreviations, R: Right; L: Left; CA: Cornu
Ammonis; DG: Dentate Gyrus; HATA: Hippocampus-Amygdala-Transition Area; EC: Entorhinal
Cortex; LOC: Lateral Occipital Cortex; Area FG3=Fusiform Gyrus; Area PGa (IPL)= Rostral region
in the Angular Gyrus (Inferior Parietal Lobe); Area PGp (IPL)= Caudal region in the Angular
Gyrus (Inferior Parietal Lobe)

ALE Size Peak MNI Cytoarchitecto Contributing studies
Meta-Analysis  (in voxel) Coordinates nic probability

and significant (x,y,2)

clusters

HC>MCI

# Cluster 1 282 28,-10,-28 58.9%R Bai et al. (2008), Barbeau et
CAl Hippocampus  al. (2008), Bell-McGinty et
58.5% CA 1 30.2% R al. (2005), Hamalainen et al.
23.9% DG Amygdala (2007), Z. Long et al. (2016),
17.6 % Pennanen et al. (2005),
Subiculum Shiino et al. (2006)

# Cluster 2 121 -26,-14,-26  92.5% L Bell-McGinty et al. (2005),
CAl Hippocampus  Gold et al. (2010),

416 % CA1 3.8%L Hamalainen et al. (2007),
37.8% DG Amygdala Shiino et al. (2006)

20.6%

Subiculum

HC>AD

# Cluster 1 690 28,-12,-26  373%R Baron et al. (2001), Boxer et
CAl Hippocampus al. (2003), Bozzali et al.
48.0% CAl 34.1% R (2006, 2012), Dashjamts et
38.0% DG Amygdala al. (2011), Farrow et al.
13.9 (2007), Frisoni et al. (2002),
Subiculum Gili et al. (2011),

Hamaldinen et al. (2007),
Irish et al. (2013, 2016), Ishii
et al. (2005), Kanda et al.
(2008), S. Kim et al. (2011),
Matsuda et al. (2002),
Ohnishi et al. (2001), Rami
et al. (2009), Rémy et al.
(2005), Shiino et al. (2006),
S. Xie et al. (2006)
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# Cluster 2
Subiculum
45.6%
Subiculum
31.8% EC
12.8% CA1l
9.5% HATA

# Cluster 3
DG

57.5% CA1
42.5% DG

# Cluster 4
30.9% CA1l
1.7% Area FG3

# Cluster 5
Area PGa (IPL)
42.5% Area
PGa (IPL)
21.6% Area
PGp (IPL)

# Cluster 6
Not specified

-18, -10, -28

-36,-28,-14

36, -36, -12

54, -58, 26

0,-14,-2

41.4% L
Hippocampus
38.4% L
Amygdala

45.5% L
Hippocampus
11.2% L
Thalamus

27.5%R
Hippocampus

62.3% R
Angular Gyrus
32.0% R LOC,
superior
division

48.0% L
Thalamus
40.3% R
Thalamus

Baron et al. (2001), Bozzali
et al. (2006), Dashjamts et
al. (2011), Di Paola et al.
(2007), Farrow et al. (2007),
Frisoni et al. (2002), Guo et
al. (2010), Hall et al. (2008),
Hamaldinen et al. (2007),
Ishii et al. (2005), Kanda et
al. (2008), S. Kim et al.
(2011), Ohnishi et al. (2001),
Rémy et al. (2005), Shiino et
al. (2006), Wei et al. (2020),
Whitwell et al. (2007), S. Xie
et al. (2006)

Bozzali et al. (2012, 2006),
Brenneis et al. (2004),
Dashjamts et al. (2011), Di
Paola et al. (2007), Frisoni
(2002), Guo et al. (2010),
Hamaldinen et al. (2007),
Matsuda et al. (2002), Rémy
et al. (2005), Shiino et al.
(2006)

Baron et al. (2001), Brenneis
et al. (2004), Dashjamts et
al. (2011), Frisoni et al.
(2002), Hamaldinen et al.
(2007), Matsuda et al.
(2002), Rémy et al. (2005),
Shiino et al. (2006)

Brenneis et al. (2004),
Frisoni (2002), Hamalainen
et al. (2007), Kanda et al.
(2008), Rémy et al. (2005),
Shiino et al. (2006), Wei et
al. (2020)

Bozzali et al. (2006),
Hamaldinen et al. (2007),
Rami et al. (2009), Rémy et
al. (2005)
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Contrast and conjunction analyses

The conjunction of both meta-analyses (HC>AD & HC>MCI) showed two significant clusters.
The first was driven by eleven experiments and included the right amygdala and right
hippocampus (Table 4.3, Fig. 4.3A). The second cluster was driven by nine experiments and
included in the left hippocampus and left amygdala (Table 4.3, Fig. 4.3A).

Finally, the contrast of both meta-analyses (HC>AD minus HC>MCI) revealed a
significant effect in the left amygdala (Table 4.3, Fig. 4.3B), which was driven by two studies.
This indicates more pronounced GM differences in AD (<HC) as compared to MCI (<HC). The

reverse contrast (HC>MCI minus HC>AD) revealed no significant effects.

A HC>MCI and HC>AD B HC>AD minus HC>MCI

Figure 4.3. Results of the conjunction (A) and contrast analyses (B). A) shows the conjunction
image (p<0.01, uncorrected) of both meta-analyses (HC>MCI and HC>AD), and color bar
indicating the activation likelihood estimation scores. B) shows the results of the subtraction
HC>AD minus HC>MCI (p<0.01, uncorrected), and the color bar reflects the z scores. Clusters
were overlaid onto a T1 weighted template image.
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Table 4.3. Results of the meta-analyses for the conjunction HC>MCI AND HC>AD as well as the
contrast HC>MCI MINUS HC>AD. Significant clusters, their sizes (in voxels, 2x2x2 mm), peaks,

regional assignment (probability in %) and cytoarchitectonic probabilities (in %) are based on

the Jllich Brain atlas. Additionally, we also report the contributing studies, based on
GingerALE. Abbreviations, R: Right; L: Left; CA: Cornu Ammonis; DG: Dentate Gyrus; BF: Basal

Forebrain
ALE Meta- Size Peak MNI Cytoarchitectonic Contributing studies
Analysis (in Coordinates probability
voxel) (x,v,2)
HC>MCI AND HC>AD
# Cluster 1 174 28,-12,-26  57.7%R Bai et al. (2008), Barbeau et
CAl Hippocampus al. (2008), Frisoni et al.
48.0% CA1 39.1% R Amygdala  (2002), Hamaldinen et al.
38.0% DG (2007, 2 experiments), Irish
13.9% Subiculum et al. (2016), Ishii et al.
(2005), S. Kim et al. (2011),
Pennanen et al. (2005),
Shiino et al. (2006, 2
experiments)
# Cluster 2 116 -24,-14,-24 92.2%L Bell-McGinty et al. (2005),
CAl Hippocampus Farrow et al. (2007), Gold et
59.2% CA1 4.0% L Amygdala al. (2010), Guo et al. (2010),
29.1% DG Hamalainen et al. (2007), S.
8.4% Subiculum Kim et al., (2011), Rémy et
1.5% Amygdala al. (2005), Wei et al. (2020)
(ventro-medial)
HC>AD MINUS HC>MCI
# Cluster 1 13 -24,-6,-14 100% L Amygdala Frisoni (2002), Hall et al.

Amygdala
(centromedial)
41.9% Amygdala
(centro-medial)
15.2% Amygdala
(intermediate fiber
bundles)

13.8% Amygdala
(laterobasal)
12.9% BF (Ch4)
12.0% Amygdala
(internale medial
fiber bundles)

(2008)
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ROI analysis

To further investigate possible GM differences in the NbM, a more liberal post-hoc ROI
analysis based on the uncorrected p-value maps was carried out. It revealed a significant effect
for the comparison HC>AD (p=0.007, Table 4.4) but not HC>MCI (p=0.122, Table 4.4). For the
sake of completeness, in Table 4.4, we also report the p-values for the left and right NbM,
which indicates a borderline significant effect in the right but not left NoM (p=0.073) for the
comparison HC>MCI. In the EC, the analyses revealed no significant effects for HC>MCI

(p=0.223) and HC>AD (p=0.208).

Table 4.4. Results of the post-hoc ROl analysis. Listed are the average p-values extracted from
the uncorrected p-value map of both meta-analyses (HC>MCI and HC>AD) for both the
Nucleus basalis of Meynert (NbM) and Entorhinal cortex (EC). * indicates p<0.01.

Contrast and ROI p-value
HC>MCI

L NbM 0.165
R NbM 0.073
Bilateral NbM 0.122
LEC 0.335
REC 0.089
Bilateral EC 0.223
HC>AD

L NbM 0.012
R NbM 0.001*
Bilateral NbM 0.007*
LEC 0.121
REC 0.312

Bilateral EC 0.208
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Discussion

We investigated structural abnormalities, with a focus on the cholinergic BF (NbM) and MTL,
in MCl and AD patients compared to HC using the whole brain ALE meta-analytic approach.
Our analyses included 53 previously published whole brain MRI studies with 54 experiments,
and revealed less GM in the NbM of AD patients but only weak evidence in MCI. Furthermore,
MCI and AD both showed, compared to HC, reduced GM in the MTL, including the
hippocampus and amygdala, with hints towards more pronounced amygdala effects in AD. As
such, our findings provide novel evidence in favor of the notion that structural degeneration
of the cholinergic BF and interconnected MTL play a critical role in the progression of AD.
The cholinergic BF is a core region involved in complex behaviors and cognition,
including attention and learning, through the modulation of neural activity in distant brain
regions (Picciotto et al., 2012; Zaborszky et al., 2018). It is also known to degenerate during
healthy aging and AD, as shown in post-mortem and in vivo imaging studies. For instance, in
healthy older adults, the BF integrity, as measured with MRI based magnetization transfer
ratio (MTR), closely related to verbal learning and working memory performance (Diizel et al.,
2010). Importantly, in AD these structural changes appear to be much more pronounced, as
reported in individual MRI studies (Hall et al., 2008; Whitwell et al., 2007), and evident in our
post-hoc ROI analysis based on the whole-brain estimated uncorrected p-value maps (Table
4.4), which further points towards a critical role of the BF, especially the NbM, in the disease
progression. Indeed, post-mortem studies in AD have identified pathological changes of the
NbM, including accumulations of AR and pTau, as early features that are associated with
cognitive decline (Contestabile, 2011; Mesulam, 2004b; Schliebs & Arendt, 2011). This
selective vulnerability might be explained by the large projecting axons with wide arbors
expanding vast distances in the central nervous system (X. Li et al., 2018; Mesulam & Geula,
1988; H. Wu et al., 2014). With regard to AD progression, previous studies suggest that
pathologies of the BF precede those within other cortical regions, especially the EC and
hippocampus. In humans, such a view is supported by longitudinal MRI studies showing that
the BF volume predicts atrophy in the EC, which was further moderated by AD specific
proteinopathies (Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016). Finally, there is also
evidence for reduced NbM volumes in patients with MCl and preclinical AD, which underlines
the notion of a characteristic disease progression (Grothe et al., 2012; Hall et al., 2008;

Kilimann et al., 2014; Muth et al., 2010).
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In our meta-analysis, NboM GM reductions in MCI were only marginally significant
(p=0.073, Table 4.4), which is contrary to our hypothesis and the pathological staging model
(Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016). While this is difficult to interpret, at
least two explanations seem to be relevant. First, the number of included experiments for the
meta-analysis HC>MCI (n=17) was much smaller as compared to HC>AD (n=37). Therefore, the
null-finding could simply reflect a power problem, which could be addressed in future studies
by searching more or other databases. Second, since NbM atrophy in MCl is not as pronounced
as in AD, it is much more difficult to detect it with MRI based VBM. Indeed, not the entire NboM
but posterior parts of it seem to be particularly vulnerable to the early stages of AD (Arendt
et al., 1985; Doucette et al., 1986; Grothe et al., 2012, 2013; Kilimann et al., 2014; A. K. L. Liu
et al.,, 2015; Vogels et al., 1990), which further calls for more fine-grained microstructural MRI
measures such as multiparameter mapping (Leutritz et al., 2020) (see below).

Compared to healthy controls, both patient groups showed significant GM reductions
in the amygdala with cautious evidence for more pronounced effects in AD (Table 4.3, Fig.
4.3). This is, again, in line with individual studies that drive the effect (Hall et al., 2008; S. Kim
et al., 2011) and others that also show early structural degenerations within the amygdala
(Planche et al., 2022; Poulin et al., 2011; Ramos Bernardes da Silva Filho et al., 2017). From an
anatomical point of view, the amygdala represents a central target region of NbM projections,
including a high density of cholinergic axons (Mesulam & Geula, 1988; Mesulam et al., 1992),
and functionally it is prominent for its role in processing emotional information (Dolan, 2002;
LeDoux, 2003) but also memory formation and consolidation (Rutishauser et al., 2010; Yousuf
et al., 2021). For instance, cholinergic stimulation in healthy middle aged humans reduced
activity in the right amygdala for successful versus unsuccessful spatial context retrieval
(Kukolja et al., 2009), which is in line with others suggesting that high levels of ACh promote
encoding but interfere with retrieval (Winters et al., 2006). With regard to AD, a longitudinal
study in humans could show that amygdala degeneration and abnormal memory-related
alpha oscillations, as measured with electroencephalography (EEG), predict the conversion to
AD (Prieto del Val et al., 2016). Further, fMRI based functional connectivity (FC) between the
NbM and amygdala during resting state was increased with neuropathology as indicated by
AB and tau PET (Zeng et al., 2022). This is in line with other PET studies on the spread of AB
and tau (Insel et al., 2020), as well as MRI studies in MCl and AD showing that NbM atrophy

covaries with atrophy in innervating regions, including the amygdala (Cantero et al., 2016;
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Schmitz et al., 2018). Therefore, the loss of cholinergic inputs to the amygdala, together with
a trans-synaptic spread of tau, might facilitate and accelerate AD pathology (Clavaguera et al.,
2009; de Calignon et al., 2012; Khan et al., 2014).

As expected, both meta-analyses (HC>MClI and HC>AD) revealed significant

hippocampal GM atrophy in AD and MCI compared to HC. However, in the EC a significant
effect was observed only in AD (Table 4.2, second cluster, 31.8% probability based on the
Jilich Brain atlas) and not MCI. Note that our post-hoc ROl analysis did not confirm the effect
in AD possibly since it was spatially limited to a small portion of the rather large EC. In any
case, these findings are only partly compatible with another prevailing model suggesting the
trans-entorhinal cortex as origin of AD pathology (Braak & Braak, 1991; Corder et al., 2000;
Duyckaerts et al., 1990). Together with an arguably stronger effect in the NbM in AD, this
could be interpreted as evidence in favor of the view that NbM pathology precedes EC
pathology (e.g., Schmitz and Spreng, 2016; Fernandez-Cabello et al., 2020). However, the
absence of structural degenerations in EC might also have methodological reasons, see below.
Therefore, more fine-grained MRI based methods should be used, preferably in combination
with larger samples and longitudinal designs, to further address this important issue.
The significant GM effect in the hippocampus in AD and MCI was driven by large numbers of
studies (Table 4.3) and confirms, on a meta-analytic level, its involvement in AD pathology and
its important role in early AD detection (Good et al., 2002; Hett et al., 2019; Planche et al.,
2022; Wolz et al., 2011).

With regard to the BF, the hippocampus (and EC) receives a high density of cholinergic
axons, which mainly originate in the medial septum and vertical diagonal band nuclei (i.e. Ch1l
and Ch2, Mesulam and Geula, 1988; Mesulam et al., 1992); this is in contrast to the amygdala,
which receives cholinergic innervations from NbM (i.e. CH4) (Mesulam et al., 1983). Here, we
focused in the NbM due to its early vulnerability in AD but the hodological separation between
BF nuclei and specific projection sites in the MTL points towards another fruitful avenue in
future research to fully understand healthy and pathological age-related development.

Apart from cortical projections, the cholinergic system is interconnected with
subcortical regions that are part of the dopaminergic mesolimbic system and play a central
role in the encoding and consolidation of novel information into long-term memory (Bunzeck
et al., 2014; Lisman et al., 2011; Lisman & Grace, 2005). For instance, substantia nigra/ventral

tegmental area (SN/VTA) dopamine neurons receive cholinergic projections from the
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laterodorsal and pedunculopontine (PPT) tegmental nuclei, which modulate their activity via
muscarinic and nicotinic receptors (Futami et al., 1995; Oakman et al., 1995). Therefore,
systemic injections of the nonselective muscarinic antagonist scopolamine increased
dopamine release into the striatum in rats (Chapman et al., 1997; Miller & Blaha, 2004), and
cholinergic agonists, and the other hand, attenuated the striatal dopamine efflux (Miller &
Blaha, 2004). In humans, both the dopamine precursor levodopa and the acetylcholinesterase
inhibitor galantamine modulated hemodynamic activity in the SN/VTA and MTL during novelty
processing (Bunzeck et al., 2014). Therefore, these and other studies (e.g., Mark et al., 2011;
Threlfell et al., 2012) point towards a close structural and functional interaction between the
cholinergic and dopaminergic system.

Importantly and similar to the cholinergic system, the dopaminergic mesolimbic
system also undergoes age-related changes (Backman et al., 2006; Guitart-Masip et al., 2016)
but their common effect on cognition and behavior across the life span remain little
understood. For instance, the structural integrity of the SN/VTA, as measured with MRI based
magnetization transfer ration, was reduced in healthy older adults (Bunzeck et al., 2007) and
correlated with learning abilities (Dlzel et al., 2008). Moreover, age-related iron accumulation
and demyelination in basal ganglia structures are closely related to verbal memory (Steiger &
Bunzeck, 2017) and executive functioning (Biel et al., 2021). Along these lines, microstructural
brain changes, in particular iron depositions, are not only a hallmark of healthy but also
pathological aging. In fact, excessive iron depositions have long been observed in AD and
Parkinson’s Disease (PD) (Guan et al., 2022; Loeffler et al., 1995; Sian-Hilsmann et al., 2011),
which points towards a dysfunction of brain iron homeostasis (Ward et al., 2014). From a
mechanistic point of view, this could have neurotoxic effects via oxidative stress, which
accelerates neurodegeneration (Ward et al., 2014). More specifically, enhanced iron levels
have been linked to AB and tau in AD (Rogers et al., 2008; Yamamoto et al., 2002), and a-
synuclein and Lewy body aggregation in PD (Ostrerova-Golts et al., 2000).

Together, cognitive deficits during healthy and pathological aging can have complex
etiologies involving both the cholinergic and dopaminergic system (Amalric et al., 2021).
Therefore, future studies in humans might leverage recent advances in microstructural MRI
and PET imaging to focus on several open questions, including interactions. Another line of

research might focus on functional brain changes in AD, which often precede structural
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degenerations (Johnson et al., 2012; Sperling, 2011; Warren & Moustafa, 2023) and could
involve compensational mechanisms (Cabeza et al., 2018) to promote cognition.

Finally, our meta-analytic approach has several strengths but also limitations, which
both could guide future research. First, we focused on the convergence across experiments
on the basis of previously published whole-brain VBM studies that are included in the
BrainMap database. Currently, these are limited to ca 20-30% of all published neuroimaging
studies. While this may be considered a limitation, the advantage is that BrainMap’s database
allows a fast and less error-prone search and data extraction (Cieslik et al., 2018). As such, it
represents a powerful tool to provide robust and generalizable results (Heckner et al., 2021).
The disadvantage of our whole brain approach is that we could not integrate original studies
with a region of interest approach showing significant structural changes in the BF (e.g.,
Arrondo et al., 2022; Colloby et al., 2014; Fernandez-Cabello et al., 2020; Jessen et al., 2006;
Kerbler et al., 2015; Kilimann et al., 2014; Schmitz et al., 2018; Schmitz and Spreng, 2016) or
reduced structural integrity of cholinergic white matter pathways in AD (Schumacher et al.
2022, Nemy et al., 2023).

Second, the NbM is a rather small brain structure but not all original studies were
specifically optimized with regard to spatial resolution and imaging analysis. For instance, too
large voxels in combination with inappropriate smoothing kernels might ,wash-out” possible
effects. Nevertheless, it isimportant to note that the voxel size (typically 1x1x1 mm or slightly
larger) and smoothing kernel (approximately 8-12 mm full width at half maximum) employed
in most studies should be sufficient to detect signals in the NbM. Third, the meta-analysis
HC>MCI only included 17 experiments, which is at the lower end of recommendations (17-20)
to achieve adequate power to detect even small effects (Eickhoff et al., 2016). Fourth, the
contrast and conjunction analyses did not include a minimum cluster size (Eickhoff et al., 2009,
2011, 2012; Turkeltaub et al., 2012). This is particularly relevant for the rather small amygdala
effect (Table 4.3, 13 voxels, which correspond to 104 mm?3, driven by two studies), which,
therefore, needs to be interpreted with caution.

Fifth, participants were included in the analyses solely based on their clinical status. To
avoid possible heterogeneity (e.g. by including preclinical AD cases in the group of healthy
controls), the AT(N) framework, which incorporates AB (A), tau (T), and neurodegenerative
(N), could have been used (Jack et al., 2018). However, in most studies, these markers were

not assessed, and larger sample sizes would be necessary to include at least three groups (A-
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T-, A+T-, A+T+), with typically imbalanced distributions (see, e.g., Zeng et al. (2022)).
Additionally, other forms of dementia were excluded based on the specified exclusion criteria
in BrainMap that were validated by cross-checking the original literature. Finally, the direct
comparison of MCI>AD (rather than HC>MCI vs HC>AD) might have been helpful, but a search
in BrainMap’s database revealed only four studies, which is not suitable to perform a
statistical meta-analysis (Eickhoff et al., 2016).

In conclusion, using the ALE meta-analytic approach, involving 54 experiments and
2581 subjects, our study provides novel evidence for structural degenerations of the NbM in
AD patients, but only limited evidence in MCI. In both patient groups, the hippocampus and
amygdala showed GM reductions, with hints towards more pronounced amygdala effects in
AD. As such, our findings provide novel insights into the role of the cholinergic BF and

interconnected MTL in AD.
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5 Predicting MCl and Alzheimer’s disease on structural brain integrity

with machine learning

This chapter corresponds to study 2 and focuses on the prediction of MCl and AD using various
features (see section 2.4, Fig. 2.1). It has been formally integrated into the dissertation’s style
for consistency. The manuscript has been submitted to a peer-reviewed journal. The content

corresponds to the following preprint:

Mieling, M. T, Yousuf, M. T, & Bunzeck, N. (2023). Predicting MCI and Alzheimer’s disease on
structural brain integrity with machine learning.

https://doi.org/10.31219/0sf.io/8dtcm

Tshared First Autorship

Author’s contributions
MM, MY and NB conceived the study. MM and MY analyzed the data. MM, MY and NB wrote

the manuscript and revised it.

Abstract

Machine learning (ML) on structural MRI data revealed that a classification along the
Alzheimer’s disease continuum is possible. However, the contributing brain regions, also in
comparison to other features such as demographics and proteinopathology, remain little
understood. Therefore, we utilized Alzheimer’s Disease Neuroimaging Initiative (ADNI) data
in combination with an extreme-gradient-boosting algorithm and SHAP (SHapley Additive
exPlanations) values on cognitively normal (HC) older adults, older adults with mild cognitive
impaired (MCI) and Alzheimer’s disease (AD) patients. Our analyses included one cross-
sectional multi-class classification of HC vs. MCI vs. AD (n=568), and two longitudinal binary-
class classifications of HC who converted to MCI vs. those remaining healthy (HC-converters
vs. HC-stable, n=92), and MCI who converted to AD vs those remaining MCl (MCl-converters
vs. MCl-stable, n=378). Classifications included bilateral volumes of 46 brain regions and
thickness of 34 brain regions, CSF status of A and pTau ratio, demographics and genetic data
(APOE4). All classifications exceeded chance-level with a global accuracy of 70-77%, and
precision of 61-83%. The most important features included CSF status, hippocampal volume,

entorhinal thickness and amygdala volume with a clear dissociation: while the hippocampus
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contributed to the conversion from healthy aging to MCI, the EC played a more prominent
role in the conversion from MCI to full-blown AD. As such, our findings demonstrate a novel
way to make explainable predictions of the trajectories of healthy and pathological aging, and
they provide novel evidence in favor of a dissociation of medial temporal lobe (MTL) brain

regions in the progression of AD.
Introduction

Structural brain integrity has long been associated with cognitive abilities across the adult
lifespan (Biel et al., 2021; Hedden & Gabrieli, 2004; Mesulam, 2004a). While a distinction can
be made between healthy vs. pathological changes in mild cognitive impairment (MCI) and
Alzheimer’s disease (AD), it is also clear that age-related changes can be described on a
continuum rather than one-off events, and, therefore, understanding developmental
trajectories is essential. In this regard, machine learning (ML) (Brossollet et al., 2023) offers
novel ways to systematically investigate the contribution and developmental changes of
complex feature constellations, including brain regions, proteinopathology or genetic factors;
however, longitudinal studies with cognitively normal (HC) older adults, MCl and AD patients
are scares. Filling this apparent gap, and to identify fingerprints of complex feature
constellations in the context of AD progression, was the goal of this work.

Apart from typical neurodegeneration, especially within medial temporal lobe (MTL)
regions, such as the hippocampus and EC, the progression of AD is associated with
accumulation of amyloid-B (AB) and hyperphosphorylated tau (pTau) (Jack et al., 2018; Jack &
Holtzman, 2013; Olsson et al., 2016). These neuropathologies may all serve as biomarkers, but
the initial stages of AD often manifest without noticeable symptoms, making it challenging to
identify them early on (Jack et al., 2018). Previous research indicates that the progression of
AD is distinguished by the dissemination of structural brain degeneration, which is influenced
by AB and pTau proteinopathology, quantified based on cerebrospinal fluid (CSF) assays.
Accordingly, initial structural degeneration spreads from subcortical brain regions, such as the
nucleus basalis of Meynert (NbM) but also possibly the locus coeruleus (Beardmore et al.,
2021), to the EC moderated by CSF status (Ferndandez-Cabello et al., 2020; Schmitz & Spreng,
2016). Importantly, this is followed by a spread of neural degeneration from the EC to
temporal and parietal brain regions, which can be detected in vivo by structural MRI
(Fernandez-Cabello et al., 2020) even in preclinical AD. For instance, in subjects with

preclinical AD (i.e., cognitively normal and abnormal AB and pTau biomarkers) showed more
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atrophy in the EC than cognitively healthy (i.e., cognitively normal, normal AB and pTau
biomarker) (Fernandez-Cabello et al., 2020). Hence, the development of AD can be described
on a continuum encompassing normal aging, initial pathological shifts in biomarkers, followed
by the onset of mild symptoms as seen in MClI, finally leading to the development of full-blown
AD (Jack et al., 2018). In this regard, CSF status and MRI measures of structural brain integrity
appear to be important biomarkers (Counts et al., 2017; Jack & Holtzman, 2013).

Previous studies have already used different ML approaches to classify high-
performing cognitively normal (HC), MCI, and AD patients based on structural MR images
(Basaia et al., 2019; Rathore et al., 2017; Sarica et al., 2017). Classification accuracies in binary
classifications ranged from 80-100% for HC vs AD, 60-90% for HC vs. MCl, and 50-85% for AD
vs MCI (Pellegrini et al., 2018; Tanveer et al., 2020). These effects were often based on lower
volumes in MCIl and AD as compared to HC in specific brain regions, which is in line with the
prevailing view on the etiological and neuroscientific comprehension of AD (Bohle et al., 2019;
Diogo et al., 2022; Pan et al., 2020; Rondina et al., 2018; Son et al., 2017). These include the
hippocampus, amygdala, EC, precuneus, cingulate gyrus, as well as the rostral and caudal
regions within the medial frontal lobe (Grueso & Viejo-Sobera, 2021). Despite the apparent
specificity, especially within the MTL, AD encompasses widespread neurodegenerative
processes throughout the entire brain (Diogo et al., 2022), which have not fully been
addressed. Along these lines, research on ternary classifications of HC vs. MCl vs. AD, and
longitudinal studies on the disease progression, involving the conversion from HC to MCI or
MCI to AD, are scares or do not provide information on the contributing features (i.e., brain
regions) of the classification (e.g., Basaia et al., 2019; Beheshti et al., 2017; Lim et al., 2022;
Ocasio & Duong, 2021; Pellegrini et al., 2018; Sarica et al., 2017).

Therefore, we utilized data from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) to examine how differences in brain integrity (volume and thickness) and additional
features, such as CSF status, age, sex, education, and APOE4 genotyping, contribute to the
classification of HC vs. MCl vs. AD (cross sectional, analysis 1). In a second step, we performed
a longitudinal binary-class classification of HC older adults who later converted to MCl vs those
that remained healthy (i.e., HC-converters vs. HC-stable, analysis 2), and MCI patients that
later converted to AD vs those that remained MCI (i.e., MCl-converters vs. MCl-stable, analysis
3). All three analyses were based on state-of-the-art XGBoost (eXtreme Gradient Boosting) ML

algorithm, and the assessment of SHAP (SHapley Additive exPlanations) values to pinpoint the
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contributing features for the classification models. We expected that the integrity of MTL
brain regions, especially the hippocampus and EC, contribute to the distinction of HC, MCl and

AD, and, importantly, they would allow a precise prediction of the disease progression.
Material and Methods

ADNI data

Data used in the preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). ADNI was launched in 2003 as a
public-private partnership, led by Principal Investigator Michael W. Weiner, MD, to test
whether serial magnetic resonance imaging (MRI), positron emission tomography (PET), other
biological markers, and clinical and neuropsychological assessment can be combined to
characterize the progression of mild cognitive impairment (MCI) and early Alzheimer’s

disease.
Participants and diagnoses

We included participants based on their diagnosis as HC, MCl and AD at the time point of MRI
measurement. The assignment of diagnoses was conducted by the ADNI Clinical Core, which
categorized individuals into three groups: HC (Clinical dementia rating [CDR]=0, Mini Mental
State Examination [MMSE]=24-30), MCI (CDR=0.5, MMSE=24-30), and AD (CDR=0.5-1,
MMSE=20-26). These classifications are commonly used in clinical trials to assess cognitive
and functional measures (Aisen et al., 2010, 2015). For more information on the diagnostic
procedure and in- and exclusion criteria, please see http://adni.loni.usc.edu.

For the first analysis (HC vs. MCl vs. AD, Fig. 5.1A), the disease classification was based
on a participants’ baseline measures. In the longitudinal analyses 2 (HC-converters vs HC-
stable, Fig. 5.1B) and 3 (MCl-converters vs MCl-stable, Fig. 5.1C), for the converters (HC-
converters and MCl-converters) the latest available measurement as HC before the
conversion to MCI (minimum 4 months), and AD (minimum 4 months), respectively, was

Ill

selected. Therefore, the term ,longitudinal” refers to the diagnostic information rather than
changes in MRI measures. For HC-stable and MCl-stable, the earliest available measurement
was chosen (e.g., baseline information or if MCI converted from HC, then the first
measurement associated with MCI), and time of stability was assessed by the time interval
between the earliest available measurement and the last available ADNI visit. These

participants remained stable for at least one measurement or longer and did not undergo
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conversion in their follow-up visits recorded by ADNI. For all analyses, participants with
reverting diagnoses (e.g., MCl to HC, or AD to MCI) were excluded.

Participants were only included with available high-quality FreeSurfer MRI, CSF
drawings, and genotyping data acquired in close proximity with their neuropsychological
assessment (<6 months ago). For more specific information regarding the criteria for inclusion
and exclusion in ADNI, see http://adni.loni.usc.edu. Table S2.1 gives an overview of the
participants' demographics, information on APOE4 genotype and harmonized CSF assay. Table

S2.3 shows neuropsychological test results.

A
Baseline Final
measure measlure
1
1 . 1
Diagnostic "™ Diagnostic
visit visit
B
CN CN stable
l L
I 1
Time \\
Converter
to MCl
C
MCI MCI stable
1 1
1 1
Time\’\
Converter
to AD

Figure 5.1 Schematic illustration of the experimental design and analyses. All subjects
underwent at least two diagnostic visits, including a baseline measure and follow-up (A). In a
first cross-sectional analysis, cognitively normal (HC) older adults were compared against
patients with mild-cognitive impairment (MCI) and patients with Alzheimer’s disease (AD). B)
depicts analysis 2 with HC that either remained stable over all follow-ups or developed a MCI
at a following measure. C) Analysis 3 with MCl patients who remained stable and MCI patients

who later converted to AD.
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MRI acquisition and FreeSurfer processing

The participants' MRI scans were obtained at various sites equipped with 1.5 and 3.0 Tesla
scanners, following the standardized monitoring protocols of ADNI; see
http://adni.loni.usc.edu for more information. The T1 images were processed using the cross-
sectional pipeline (Fischl & Dale, 2000) provided by FreeSurfer (Ezzati et al., 2020) (version
4.3, 5.1 and 6.0, https://surfer.nmr.mgh.harvard.edu/). FreeSurfer is an open-source
software package for processing, analyzing, and \visualizing brain images
(https://surfer.nmr.mgh.harvard.edu/). The features were extracted based on the Desikan-
Killany atlas (Desikan et al., 2006) and the subcortical whole brain segmentation (Fischl et al.,
2002, 2004a). The final results were provided by ADNI (processed by the Tosun laboratory at
the University of California-San Francisco, see https://adni.loni.usc.edu/data-samples/data-
types/mri/) as a component of the shared data-set.

In ADNI 1/GO, FreeSurfer version 4.3 encompassed data acquired from 1.5 Tesla
scanners, version 5.1 included data from 3.0 Tesla scanners in ADNI GO/2, and version 6.0
integrated data from 3.0 Tesla scanners in ADNI 3. We merged FreeSurfer results, recognizing
a potential bias (Mofrad, Lundervold, & Lundervold, 2021), however, FreeSurfer
morphometric techniques have displayed strong test-retest reliability across various scanner
manufacturers and field strengths (Han et al., 2006). Due to a limited number of participants
in analyses 2 and 3, we combined data from 1.5 Tesla and 3.0 Tesla scanners, including all
available FreeSurfer versions. In analysis 1, which had a sufficient number of participants, we
adopted a more stringent approach by only including data from 3.0 Tesla scanners, utilizing
the newer FreeSurfer versions 5.1 and 6.0. Further, we corrected for scanner manufacturer to
mitigate bias and used only cross-sectional data.

The methods for identifying and calculating regional brain volume and thickness using
FreeSurfer have been previously described (Fischl et al., 2002). Briefly, the volumes of brain
regions were corrected for intracranial volume (ICV) by dividing the regions of interest (ROI)
of the left and right hemispheres by the ICV. In the following, ICV-corrected bilateral ROI
volumes were averaged; a similar approach was adopted for ROI thicknesses. Only MRI scans
that exhibited exceptional overall segmentation and successfully passed ADNI's quality
assessment were included. We only included FreeSurfer information with no missing values

for each participant. In total, volume information on 46 bilateral brain regions and average
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thickness information on 34 bilateral brain regions (see Table S2.2) served as input for our

XGBoost classification model.
CSF biomarker

AD’s neuropathology involves the accumulation of AB, leading to plaques, and pTau, resulting
in neurofibrillary tangles (Palmquvist et al., 2016; Shaw et al., 2009). We included CSF samples
obtained through a fully automated Elecsys® protocol for AR and pTau measurements related
to MRI acquisition dates to comprehend their association with structural degeneration and
diagnostic classification. AB 1-42 and pTaul81 values were extracted for each participant. It is
important to note that the Elecsys® protocols are still being developed, and the reported
results are restricted to a specific technical limit (>1700 pg/mL). Higher values beyond this
limit were extrapolated from the calibration curve solely for research purposes, not
diagnostics. For additional information on CSF draws and analyses see
http://adni.loni.usc.edu.

In this study, we included both proteins in the classification models as a previously
established pTau/AB ratio to depict the pathological processes of both proteins,
demonstrating high concordance with PET measures and clinical diagnoses (Hansson et al.,
2018). Analysis 1 involved CSF, while analysis 3 was run with and without CSF, as CSF data
were available only for a limited number of participants (n=44). Analysis 2, however, was run
only without CSF due to the limited number of participants with CSF data (n=16). Therefore,

descriptive CSF values were presented in Table S2.1 for this analysis.
APOE genotyping

The Apolipoprotein E (APOE) gene's €4 allele is widely recognized as the most influential
genetic risk factor for non-familial AD (Corder et al., 1993), and it is related to the grey matter
atrophy in AD spectrum (Spampinato et al., 2011). To better understand the diagnostic
classification relying on structural ROIs, we incorporated APOE4 genotyping as a variable,
factoring in the count of APOE4 alleles (0, 1 or 2) (Gupta et al., 2019). A blood sample was
collected during the screening or baseline visit for APOE genotyping, and the analysis of

genotypes followed standard procedures (Saykin et al., 2010).
Neuropsychological assessment

The participants’ cognitive performance was investigated using a comprehensive

neuropsychological test battery. Here, we included the validated memory (MEM) and
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executive function assessments, as determined by confirmatory factor analysis (Crane et al.,
2012; Gibbons et al.,, 2012). The memory scores encompassed the Alzheimer's Disease
Assessment Scale, Logical Memory test, MMSE, and Rey Auditory Verbal Learning Test
(RAVLT). The executive function scores were derived from the Category Fluency, Digit Span
Backwards, Digit Symbol Substitution, Trails A and B, and Clock Drawing tests (Crane et al.,
2012; Gibbons et al., 2012). Furthermore, to gain a more comprehensive understanding of the
participants' cognitive profiles, we also included the Montreal-Cognitive-Assessment (MoCA),
the Sum of Boxes in the Clinical Dementia Rating Scale (CDRSB), and the Alzheimer's Disease

Assessment Scale Cognitive (ADAS-Cog 13) (see specific details below).
Ensemble model: XGBoost

For binary and multi-class classification, XGBoost version 1.6.2

(https://xgboost.readthedocs.io/en/latest/python/) was used (Chen & Guestrin, 2016) in

Python version 3.9.12 (Rossum & Drake, 2010) and scikit-learn version 1.0.2 (Pedregosa et al.,
2012) on Jupyter Notebook version 6.4.12 (Kluyver et al., 2016) running on Windows 11.
XGBoost is a gradient-boosting based algorithm that uses decision trees as its base model (T.
Chen & Guestrin, 2016), and it has been recently shown to perform well in various regression
and classification tasks, including predicting brain age and classifying brain tumors (Hashmi &
Osman, 2022; Kaufmann et al., 2019; Lange et al., 2020). Splitting data into training and testing
sets is @ common practice in ML to assess a trained model's performance on unseen test
datasets. In the current study, XGBoost models were trained on 65% of the stratified data and
then evaluated on the remaining 35%. A grid search was performed to optimize the hyper
parameters of an XGBoost model by using a 5-fold cross-validation, which included imaging
data (volume and thickness), CSF, demographics (age and sex), and genotyping features as
inputs. Optimizing hyper parameters aims to find the best set of hyper parameters resulting
in high performing XGBoost models. Balanced accuracy was used as the scoring metric for
multi-class classification analysis that comprises imbalanced data. Balanced accuracy accounts
for imbalanced class distributions, i.e., it gives equal weight to each class regardless of the
number of samples within each class (Garcia et al., 2009; Moreno-lbarra et al., 2021).
Furthermore, the scoring metric accuracy was used for binary classification analyses that
comprise the balanced data. Finally, SHAP version 0.41.0

(https://shap.readthedocs.io/en/latest/) was used to calculate and visualize the contribution
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of each input feature to the XGBoost binary and multi-class model's prediction (Mosca et al.,
2022).

In ML, precision, recall, and F1-score are metrics used to evaluate the performance of
classification models. The F1 score, a metric combining precision and recall, is vital for
evaluating classification models as it balances their ability to classify positive instances and
minimize false positives correctly. Precision measures the accuracy of positive predictions,
while recall evaluates the model's capability to capture all positive instances, collectively
providing a comprehensive evaluation of model performance. Additionally, global accuracy,
which assesses the overall correctness of classifications across all classes, offers an overall

view of model effectiveness (Goutte & Gaussier, 2005; Hicks et al., 2022).
ADNI dataset classification

We conducted three analyses based on the subjects’ cognitive status provided by ADNI;
individual subjects were only included once in any of the analyses. In the first analysis, a cross-
sectional multi-class classification was performed by concatenating subjects with normal
cognition (HC), MCI, and AD into one group (n=568). The CSF values of each subject were
included as input in the first multi-class classification analysis. In the second analysis, a
longitudinal binary classification was performed by concatenating HC-stable and HC-
converters into one group (n=92); here, no CSF values were included as input due to the low
number of available data (see above). Third, a longitudinal binary classification was carried
out by concatenating the MCl-stable and MCl-converters into one group; here, we performed
one analysis with (n=88) and one without CSF (n=378). As mentioned above, all three analyses
included brain volume and thickness, demographics and genetics (APOE4).

The optimized hyperparameters for the first analysis were: gamma = 0.01,
learning_rate = 0.05, max_depth = 3, min_child_weight = 3, n_estimators = 250,
colsample_bytree = 1, subsample = 0.7; for the second analysis: gamma = 0, learning_rate =
0.001, max_depth = 1, min_child_weight = 5, n_estimators = 150, colsample_bytree= 0.7,
subsample =1; the third analysis with CSF: gamma = 0, learning_rate = 0.01, max_depth =1,
min_child_weight = 3, n_estimators = 200, colsample_bytree = 1, subsample = 0.5; and for the
third without CSF: gamma = 0.3, learning_rate = 0.1, max_depth = 6, min_child_weight = 3,

n_estimators = 50, colsample_bytree =0.7, subsample = 1.
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Ethics approval and consent to participate

Each center collecting data for ADNI provided an IRB (Institutional Review Board) approval
and meets ADNI's requirements. Informed consent was obtained from all ADNI participants
(for more information at http://adni.loni.usc.edu). The analyses presented here were
approved by the local Ethics Committee of the University of Libeck and carried out after
ADNI's recommendations including the approval of the manuscript before submitting to a

journal.
Data availability

All data from this study can be obtained freely upon request from the Image and Data Archive
(IDA) operated by the Laboratory of Neuro Imaging (LONI) at https://ida.loni.usc.edu. Our
analysis code is available at OSF:

https://osf.io/ajwct/?view only=4f2012b70a3b4eal8ac85e847767657d.

Results

Diagnoses and neuropsychological tests

For each of the three analyses, one-way ANCOVAs on the neuropsychological assessments,
corrected for age, sex, and education (in years), were carried out. As expected, in cross-
sectional analysis 1, significant differences emerged between HC, MCI, and AD (all tests
p<0.001) with significantly lower cognitive performance in MCl and AD (Table S2.3). In
longitudinal analysis 2, the HC-converters converted after, on average, 15 months (SD=8.35)
and the HC-stables remained stable for, on average, 31.1 months (SD=31.2). The HC-
converters scored lower on ADNI MEM (F(1,87)=9.88, p=0.002, Table S2.3) and ADAS-Cog 13
(F(1,87)=14.44, p<0.001, Table S2.3); however, for the other cognitive assessments, there
were no significant differences (p>0.05, Table S2.3). In longitudinal analysis 3, MCl-converters
converted, on average, after 9.53 months (SD=5.85), and the MCl-stables remained stable for,
on average, 52.5 months (SD=93.5). The MCl-converters had lower scores in all

neuropsychological assessments compared to MCl-stable (Table S2.3).
ADNI dataset classification results

XGBoost model performances for each analysis are reported in Table 5.1 For analysis 1 (HC vs
MCI vs AD , Fig. 5.2A), the XGBoost model for the cross sectional multi-class classification

achieved an overall global accuracy (i.e., classification accuracy) of 71%, and the model's f1-
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scores were 76% for HC, 55% for MCI, and 83% for AD. SHAP revealed the following features
with the highest predictive value in the classification: CSF status, hippocampus volume, and

EC thickness (Fig. 5.2B). These features showed lower values across the three groups (Fig.

5.20).

Table 5.1. XGBoost model performance for each analysis.

precision recall f1- macro global Nrest
score average accuracy of
the model

Analysis 1 (with CSF status)
HC 72 % 81 % 76 % 95
MCI 61 % 50 % 55 % 71 % 71% 68
AD 83 % 83 % 83 % 36
Analysis 2 (without CSF status)
HC stable 72 % 81 % 76 % 76 % 76 % 16
HC converter 80 % 71 % 75 % 17
Analysis 3 (with CSF status)
MCI stable 74 % 88 % 80 % 77 % 77 % 16
MCI converter 83 % 67 % 74 % 15
Analysis 4 (without CSF status)
MCI stable 68 % 74 % 71 % 70 % 70 % 66
MCI converter 72 % 66 % 69 % 67

The precision, recall, f1-score, macro-average, global accuracy of the model and Nrest (the
number of subjects included in the testing set) or each analysis separately. Abbreviations:
HC=Cognitive normal; MCI=Mild cognitive impairment, AD=Alzheimer’s disease, CSF=Cerebro

Spinal Fluid
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Figure 5.2. Analysis 1, cross-sectional classification of HC vs MCI vs AD. A) Displays the
confusion matrix, visually representing the accuracy and misclassification of predictions
among the groups. B) Features a SHAP plot highlighting key features and their respective
impact magnitude on class predictions. C) Displays the three dominant features: CSF status,
hippocampus volume and EC thickness. Abbreviations: SHAP = SHapley Additive exPlanations;
CSF = Cerebrospinal Fluid; HC_vol = hippocampus volume; EC_thick = enthorinal cortex
thickness; AMYG_vol = amygdala volume; ICgG_thick = isthmus of cingulate gyrus thickness;
ITG_thick = inferior temporal gyrus thickness; PUT_vol = putamen volume; PeCC_thick =
pericalcarine cortex thickness; SFG_thick = superior frontal gyrus thickness; LOC_vol = lateral
occipital cortex volume; SPC_vol = superior parietal cortex volume; SFG_vol = superior frontal
gyrus volume; BS_vol = brain stem volume; IPC_vol = inferior parietal cortex volume; TP_thick
= temporal pole thickness; THL_vol = thalamus volume; TP_vol = temporal pole volume
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For analysis 2 (HC-stable vs. HC-converter, Fig. 5.3A), the XGBoost model for
longitudinal binary-class classification achieved an overall global accuracy of 76%, and the
model's f1-scores were 76% for HC-stable and 75% for HC-converters. SHAP revealed the
following features with the highest predictive value in the classification task: hippocampus
volume, insula thickness, and superior temporal gyrus thickness (Fig. 5.3B). These brain
regions showed lower values (i.e., volume and thickness, respectively) in HC-converters

compared to HC-stable (Fig. 5.3C).
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Figure 5.3. Analysis 2, longitudinal classification of HC stable vs HC converters. A) Displays the
confusion matrix, visually representing the accuracy and misclassification of predictions
among the groups. B) Features a SHAP plot highlighting key features and their respective
impact magnitude on class predictions. C) Emphasizes the three dominant features:
hippocampus volume; insula thickness; superior temporal gyrus (STG) thickness.
Abbreviations: SHAP = SHapley Additive exPlanations; HC vol = hippocampus volume;
INS_thick = insula thickness; TP_vol = temporal pole volume; PUT_vol = putamen volume
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For analysis 3 (MCl-stable vs MCl-converter, Fig. 5.4A), the XGBoost model for
longitudinal binary-class classification achieved an overall global accuracy of 77%, and the
model's f1-score were 80% for the MCl-stable and 74% for the MCl-converters. SHAP revealed
the following features with the highest predictive value in the classification task: EC thickness,
CSF status, and amygdala volume (Fig. 5.4B). Again, these features showed lower values in
MCl-converters compared to MCl-stable (Fig. 5.4C). Finally, the same XGBoost model for
binary-class classification without CSF status (Fig. 5.5A) showed an overall global accuracy of
70%, and the model's f1-score were 71% for MCl-stable and 69% for MCl-converters. SHAP
revealed the following features with the highest predictive value in the classification task: EC
thickness, amygdala volume, and cuneus volume (Fig. 5.5B). Again, these features showed

lower values in MCl-converters compared to MCl-stable (Fig. 5.5C).
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Figure 5.4. Analysis 3, longitudinal classification of MCl stable vs MCI converters, including CSF
status. A) Displays the confusion matrix, visually representing the accuracy and
misclassification of predictions among the groups. B) Features a SHAP plot highlighting key
features and their respective impact magnitude on class predictions. C) Emphasizes the three
dominant features: entorhinal cortex thickness, CSF status and amygdala volume.
Abbreviations: SHAP = SHapley Additive exPlanations; CSF = Cerebrospinal Fluid; EC_thick =
enthorinal cortex thickness; AMYG_vol = amygdala volume; PUT_vol = putamen volume;
ITG_thick = inferior temporal gyrus thickness; FP_thick = frontal pole thickness; FFG_thick =
fusiform gyrus thickness; HC_vol = hippocampus volume; PeCC_vol = pericalcarine cortex
volume; ICgG_thick = isthmus of cingulate gyrus thickness; PHG_thick = parahippocampal
gyrus thickness; ACC_vol = accumbens area volume; CWM_vol = cerebellum white matter
volume; ICgG_vol = isthmus of cingulate gyrus volume; MTG_vol = middle temporal gyrus
volume; POR_vol= pars orbitalis volume; TP_vol = temporal pole volume; Bankstss_vol = banks
of the superior temporal sulcus volume; PHG vol = parahippocampal gyrus volume;
RACC_thick = rostral anterior cingulate cortex thickness
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Figure 5.5. Analysis 4, longitudinal classification of MCl stable vs MCI converters, not including
CSF. A) Displays the confusion matrix, visually representing the accuracy and misclassification
of predictions among the groups. B) Features a SHAP plot highlighting key features and their
respective impact magnitude on class predictions. C) Emphasizes the three dominant features:
entorhinal cortex thickness, amygdala volume and cuneus volume. Abbreviations: SHAP =
SHapley Additive exPlanations; EC_thick = enthorinal cortex thickness; AMYG_vol = amygdala
volume; CUN_vol = cuneus volume; POR_vol = Pars orbitalis_volume; BS_vol = brain stem
volume; Bankstss_thick = banks of the superior temporal sulcus thickness; MTG_vol = middle
temporal gyrus volume; ITG_thick = inferior temporal gyrus thickness; SFG_thick = superior
frontal gyrus thickness; LOC_vol = lateral occipital cortex volume; FFG_vol = fusiform gyrus
volue; TTG_thick = transverse temporal gyrus thickness; PHG_thick = parahippocampal gyrus
thickness; CWM_vol = Cerebellum white matter volume; HC vol = hippocampus volume;
APOE4 = Apolipoprotein E4; LING_vol = lingual gyrus volume; ITG_vol = inferior temporal gyrus
volume; PCC_thick = posterior cingulate cortex thickness
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Discussion

We investigated the underlying principles of Alzheimer’s disease progression based on
longitudinal diagnostic information, structural MRI data, APOE4, CSF status and
sociodemographics from healthy older adults, individuals with MCI and patients with AD.
Using a state-of-the-gradient-boosting based ML algorithm, we can show that a multi-class
classification of HC vs. MCl vs. AD is prominently driven by CSF status (i.e., proteinopathology),
hippocampal volume, and entorhinal thickness, which confirms previous work and
demonstrates the feasibility of our approach. As a novel main observation, the accurate
classification of a conversion from HC to MCl was mainly driven by hippocampal volume
followed by thickness of the insula and superior temporal gyrus; the accurate classification of
a conversion from MCI to AD was primarily based on thickness of the EC followed by CSF status
and amygdala volume. While this indicates a more prominent role of the hippocampus in the
conversion from HC to MCl and EC from MCI to AD, our findings also show that, in comparison,
other brain regions are less important for the classification. Therefore, our findings give novel
insights into the developmental trajectories of AD, and they show novel ways to employ ML
in the context of neuropsychiatric disorders.

Our cross-sectional multi-class classification of HC, MCI and AD achieved a global
accuracy of 71%, which is comparable with previous research showing similar accuracies
ranging from 59-77% (Diogo et al., 2022; Pellegrini et al., 2018; Tanveer et al., 2020).
Importantly, the three most relevant features of the classification were CSF ratio,
hippocampal volume, and entorhinal thickness, followed by age and other features with
comparably much lower predictive value (Fig. 5.2B). With regard to proteinopathology, AB
and pTau have long been associated with AD (‘2023 Alzheimer’s Disease Facts and Figures’,
2023), and individual CSF status can be superior compared to other features derived from
structural MRI, FDG-PET and APOE (Gupta et al., 2019; L. Xie et al., 2023). This might be due
to the fact that CSF biomarkers represent distinct biochemical aspects of AD pathology
(Vemuri et al., 2009) and provide complementary information to structural MRl measures
(Gupta et al., 2019). Therefore, abnormalities in CSF biomarkers, specifically AB, can precede
neurodegeneration, including structural MRI changes and cognitive impairment (Jack et al.,
2018; Jack & Holtzman, 2013), which is compatible with our observation of a reliable cross-
sectional classification driven by CSF status (Schaeverbeke et al., 2021). Importantly, our

classification approach (in all analyses) was based on a combination of several features, which
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appears to be the most reliable method of classifying the AD spectrum (Gupta et al., 2019).
Along these lines, hippocampal volume and EC thickness were the second and third most
prominent features that contributed to a reliable cross-sectional classification. Specifically,
both brain regions showed more pronounced volume and thickness, respectively, in HC,
followed by MCI and AD, which resembles the disease progression (Fig. 5.2C) (Kulason et al.,
2020; Maruszak & Thuret, 2014). It also aligns with past studies using ML, in which
hippocampal features and the EC strongly contribute to AD classification (Diogo et al., 2022).
Finally, previous VBM studies comparing HC vs. AD also revealed significant differences in grey
matter within the MTL, including hippocampus (Baron et al., 2001; Hirao et al., 2006;
Rombouts et al., 2000), EC (Di Paola et al., 2007; Frisoni, 2005; Ishii et al., 2005) and amygdala
(Shiino et al., 2006; Whitwell, 2009), which underlines the importance of MTL brain regions in
the development of AD, which will be discussed in more detail below.

Note that precision and recall in the cross-sectional multiclass classification of all three
groups, MCl was associated with the lowest model's accuracy (f1-score of 55%), followed by
cognitively normal older adults (76%) and then AD patients (83%, Table 5.1). This finding is
compatible with previous reports of lower classifier performance for MCI (Basaia et al., 2019;
Pellegrini et al., 2018), and can be explained by the notion that MCl is clinically heterogeneous
with distinct but less pronounced brain atrophy compared to AD (Basaia et al., 2019). Cross-
sectional classifications can only portrait group differences, but it cannot characterize
longitudinal or developmental changes. Together with the fact that not all healthy older adults
develop MCI, and not all MCI patients progress to AD, it is important to understand the
underlying and contributing factors (Mieling et al., 2023). Here, our longitudinal binary
classification of HC-converters vs. HC-stable revealed the hippocampus volume in particular,
but also the thickness of the insula and superior temporal gyrus (Fig. 5.3B), as the three most
prominent features contributing to an accurate classification. In all three regions, healthy
older adults that subsequently developed MCI showed a significantly lower volume and
thickness, respectively, compared to those who remained HC and therefore did not develop
MCI (Fig. 5.3C). While this highlights the importance of the MTL in the development of MCl, it
is interesting to note that only the hippocampus but not the EC emerged as significant feature
in our analysis (Albert et al., 2018; Mofrad, Lundervold, Vik, et al., 2021). While this could be
due to the rather low number of subjects in this analysis (n=46 in each group), our

classification model reflected a global accuracy of 76%, which is comparable with previous
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work reporting similar accuracies between 70-78% (Albert et al., 2018; Mofrad, Lundervold, &
Lundervold, 2021; Mofrad, Lundervold, Vik, et al., 2021).

The contribution of the insula and superior temporal gyrus, with lower thicknesses in
HC converters, is in line with cross-sectional VBM study results showing lower GM thickness
in HC compared to MCI (Cheng et al., 2018). While cortical thinning originates in temporal
brain regions (Cheng et al., 2018; Julkunen et al., 2010; Singh et al., 2006) (see below) and is
associated with neuropsychological performance (Cheng et al., 2018), the role of the insula is
less clear. However, in the progression of AD it is also affected by proteinopathies (Bonthius
et al., 2005). Moreover, structural degeneration of the insula impacts on various functions
such as olfaction (Christen-Zaech et al.,, 2003), gustation, anatomic self-control, self-
awareness and emotion, which possibly contributes to the diverse symptoms of AD
(Augustine, 1996; Bonthius et al., 2005; Y. Moon et al., 2014).

Compatible with the observation of reduced hippocampal volumes, HC-converters
showed significantly worse memory functioning (MEM). Indeed, the hippocampus plays a
central role in learning and memory with declines in structure and function even in healthy
older adults (Fotuhi et al., 2012). While there were no significant differences in executive
functioning or the MMSE, performances in other tests, however, point towards rather global
differences in cognitive abilities (Table S2.3). For instance, the MoCA, which was lower in HC-
converters, quantifies several cognitive domains, including visuospatial/executive abilities,
language and verbal abilities, memory as well as attention (Freitas et al., 2013). Importantly,
both groups showed, on average, MoCA values higher than a cut-off value of 22 indicating
their normal cognitive abilities (Freitas et al., 2013). Therefore, both groups are, from a clinical
perspective, cognitively unimpaired, and they do not show significant brain atrophy; yet,
healthy older adults who later develop MCI show lower grey matter volume, especially in the
hippocampus, together with lower scores in several cognitive tests. While this observation
does not allow a clear conclusion on whether structural degeneration precedes cognitive
decline, which has been suggested before (Jack et al., 2018; Jack & Holtzman, 2013), they
clearly show that both factors — hippocampal volume and cognitive abilities — can provide
significant biomarkers to predict the developmental trajectories in cognitively normal older
adults. Therefore, this finding is of high clinical relevance and adds novel insights to the limited

number of studies on the conversion from HC to MCl (Albert et al., 2018; Karaman et al., 2022;
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Mofrad, Lundervold, & Lundervold, 2021; Mofrad, Lundervold, Vik, et al., 2021; Yue et al.,
2021).

Our longitudinal binary classification with MCl patients who converted (MCI-
converters) and MCI patients who remained stable (MCl-stable) had global accuracies ranging
from 70% (excluding CSF) to 77% (with CSF, Table 5.1), which is comparable to others
reporting accuracies ranging from 74-89% (Muhammed Niyas & Thiyagarajan, 2023). In our
case, EC thickness and amygdala volume were the two most prominent features in both
classification scenarios, with more pronounced reductions in MCl-converters compared to
MCl-stable (Fig. 5.4B-C and 5.5B-C). The EC is considered a critical relay for the communication
between the neocortex and hippocampus, and, therefore, plays a critical role in several
cognitive processes, including learning and memory (Moscovitch et al., 2016; H. Schultz et al.,
2015). With regard to AD progression, the EC appears to be one of the first brain regions
affected, which could lead to memory impairments. For instance, deposits of AB and p-tau
first occur in the trans-entorhinal and EC, which is followed by the hippocampus and other
cortical regions e.g., (Braak & Braak, 1991). MRI studies confirm this picture by demonstrating
that volume (Karas et al., 2004) and shape (Gerardin et al., 2009) of the hippocampus as well
as hippocampal subfields (Hett et al., 2019) differ as a function of disease progression (for a
review see Frisoni et al. (2010)). There are similar but more heterogeneous effects in the EC
and the amygdala (Arrondo et al., 2022), and therefore, it is not surprising that both brain
regions were the best predictors for the conversion from MCI to AD in our study.

Interestingly, when CSF status was included, the EC still emerged as the most predictive
feature followed by CFS status (Fig. 5.4B), which could have important implications for the
clinical context. In fact, whole brain MRIs are much less invasive than CSF drawings and bear
a much lower risk of potential side effects. Physiologically, this possibly reflects a stronger
atrophy of the EC as compared to CFS based accumulations of proteinopathies in the disease
progression. In other words, while A and p-tau accumulations are particularly pronounced in
the early stages, this could be followed by more pronounced neurodegeneration of the EC in
the following stages from MCI to AD, which is compatible with the ATN framework (Jack et al.,
2018). In any case, it is important to note that our ML approach does not compare the effects
of different features but combines them resulting in accurate classifications. Finally, the model
without CSF status revealed the cuneus (Fig. 5.5B) as third most relevant contributing feature,

which is in line with previous classifications of MCl-converters vs. MCl-stable (Suk et al., 2015;
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T. Zhang et al., 2021). Indeed, the cuneus is associated with processing visual information,
integrating sensory information, and cognitive processes including attention, learning and
memory (Cabeza et al., 2002; Makino et al., 2004) and its atrophy has been associated with
an increased risk of AD (B.-S. Wu et al., 2021).

Finally, we would like to point out the following limitations. First, our analysis focused
on volumetric and thickness data based on the 2010 Desikan-Killiany atlas (Desikan et al.,
2006), which excludes some subcortical brain regions (Fischl et al., 2002, 2004a), such as the
nucleus basalis of Meynert (NbM), which might play a central role in the progression of AD
(Fernandez-Cabello et al., 2020; Mieling, Goéttlich, et al., 2023; Mieling, Meier, et al., 2023;
Schmitz & Spreng, 2016). Second, ADNI data was measured at multiple sites with diverse MRI
scanners, which we addressed by only pre-selecting high-quality data and including scanner
manufacturers as covariates in our analyses. Third, not all analyses included CSF status
(analysis 2, Fig. 5.3), or the number of subjects was limited (analysis 3, Fig. 5.4). Fourth, we
focused on participants with stable diagnoses and sound information on the conversion (with
rather short conversion times), omitting potential reversions (Feng et al., 2021). Fifth, a model
with more features, such as clinical, cognitive, genetic, PET and CSF status, could enhance
model accuracies (Vieira et al., 2017), but this would require more data points (i.e., subjects).
These aspects, together with alternative but mutually exclusive concepts, such as the AT(N)
framework (Jack et al., 2018), should be considered in future work.

To conclude, ML in combination with structural MRI data, sociodemographic, CSF
status and genetic information allows a precise and explainable classification along the AD
continuum. Our findings indicate that the hippocampus plays a prominent role in the
conversion from healthy aging to MCI; the EC, on the other hand, contributes more to the
conversion from MCI to full-blown AD. As such, our study gives novel insights into the
developmental trajectories from healthy to pathological aging by suggesting a dissociation of
specific MTL brain regions. This, in turn, could contribute to earlier and more accurate

diagnoses and interventions.
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6 Globus pallidus iron relates to cognitive impairment in Alzheimer’s

disease: Evidence from MRI-based meta-analysis

This chapter corresponds to study 3 and investigates iron accumulations in AD (see section
2.4, Fig. 2.1). It has been formally integrated into the dissertation’s style for consistency. The
manuscript has been submitted to a peer-reviewed journal. The content corresponds to the
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Abstract

Iron plays an essential role in brain metabolism and, therefore, cognitive functioning.
However, region specific iron level increases during healthy and, even more so, pathological
aging, in particular Alzheimer’s disease, can have detrimental effects. Although this notion has
been supported by several single studies, meta-analytic evidence of a relationship between
iron levels, as measured with in vivo MRI, and Alzheimer's disease (AD) is still missing. We used
a meta-analytic approach of 22 in vivo MRI experiments with, in total, 685 AD patients and
1104 healthy controls (HC). All studies employed iron sensitive markers, such as R2* or QSM,
and reported effects in specific brain regions, including the putamen, caudate nucleus, globus
pallidus, hippocampus, and thalamus, that were further analyzed here. We also investigated
the relationship between iron levels in AD and cognitive performance as measured with the
Mini-Mental-Status-Examination (MMSE). In all regions of interest, higher iron level were
significant in AD compared to HC, with most pronounced effects in the putamen followed by
the caudate. Importantly, only in the globus pallidus iron levels showed a negative correlation
with MMSE performance in AD patients. Our results provide unique evidence for the notion
that iron level increases, especially within basal ganglia structures, which provide a hub for

cognitive information processing, are a characteristic hallmark of AD. While this may relate to
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neurodegeneration, amyloid plaques and tau pathologies, our findings suggest that iron level

increases can help to explain and possibly predict cognitive decline in AD.
Introduction

Non-heme iron is essential for several metabolic processes, ensuring normal brain functioning
and behavior (Crichton, 2001; Hallgren & Sourander, 1958). However, increased cerebral iron
levels were not only reported in healthy older adults (Biel et al., 2021; Steiger et al., 2016) but
also patients suffering from Alzheimer’s Disease (AD) and mild-cognitive impaired (MCI)
(Ayton et al., 2017; Du et al., 2018; H.-G. Kim et al., 2017; Y. Moon et al., 2016). Therefore,
regionally specific excessive iron could lead to cognitive decline (Ayton et al., 2020; A. Yang et
al., 2022) and structural brain atrophy (A. Yang et al., 2022). In fact, iron level increases have
been linked with cognitive abilities, as measured with the Mini-Mental-Status-Examination
(MMSE) or Montreal-Cognitive-Assessment (MoCa) (D. Li et al., 2020; X. Liu et al., 2021; D.
Wang et al., 2014; A. Yang et al., 2022). Moreover, several post-mortem and in vivo studies
provided evidence for a co-localization of iron and tau (Ayton et al., 2020; Bulk et al., 2018;
Spotorno et al., 2020) as well as amyloid pathology (Van Bergen et al., 2016; Van Duijn et al.,
2017) suggesting a direct relationship. While iron promotes oxidative stress (Floyd & Carney,
1993; Gutteridge, 1992) and aggregation of amyloid-p (AB) peptide (Mantyh et al., 1993), they
both (iron and oxidative stress) mediate AR toxicity (Rottkamp et al., 2001). Conversely, iron
promotes tau phosphorylation (Wan et al., 2019) and the aggregation of hyperphosphorylated
tau into neurofibrillary tangles (S. S. Rao & Adlard, 2018; Yamamoto et al., 2002) .

A previous post-mortem meta-analysis, published in 2014, revealed higher iron levels
in the putamen, caudate nucleus, globus pallidus, amygdala, cingulate cortex, as well as the
frontal, parietal, and temporal lobe in AD patients compared to healthy controls (HC) (Tao et
al., 2014). While this is an important finding, in vivo neuroimaging methods potentially allow
a much clearer link to cognitive decline as well as novel insights on the basis of paramagnetic
brain iron (Haacke et al., 2005; Tran et al., 2022). For instance, most studies comparing iron
levels of AD vs HC using MRI reported significant iron level increases in basal ganglia structure,
the amygdala, thalamus, and hippocampus (e.g., Damulina et al., 2020; Ding et al., 2009; Du
et al., 2018; H.-G. Kim et al., 2017; Kuchcinski et al., 2022). However, meta-analytic evidence,
especially with respect to a possible relationship of increased iron levels and impaired

cognitive abilities in AD, is missing.
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To this end, we performed random-effects meta-analyses on previously published data
using iron-sensitive MRI in vivo, such as T2*, T2’, R2*, R2’, field-dependent R; increase (FDRI),
susceptibility-weighted imaging (SWI1), and quantitative susceptibility mapping (QSM) (Haacke
et al., 2005; Langkammer et al., 2012, 2014). All included studies reported a comparison of AD
patients vs age-matched HC for either one or more brain regions: putamen, caudate nucleus,
globus pallidus, hippocampus, and thalamus (e.g., Damulina et al., 2020; Ding et al., 2009; Du
et al., 2018; H.-G. Kim et al., 2017; Kuchcinski et al., 2022; Tao et al., 2014). For every brain
region, a single random-effects model was calculated, and, in a subsequent step, the
relationship between iron levels and cognitive performance (i.e. MMSE scores) in AD patients

was investigated via linear regression.
Methods

Literature search and selection

This study followed the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) 2020 guidelines (Page et al., 2021), see Figure 6.1. In detail, a systematic literature
search was performed at https://pubmed.ncbi.nim.nih.gov by using the search terms “MRI”
AND “iron” AND “Alzheimer” OR “MRI iron Alzheimer” to find original MRI studies on brain
iron in AD patients and healthy age-matched controls (see below for details on MRI
sequences). The search included all potentially relevant and published studies until Nov. 27,
2023 —these were 317 original studies assessed in our preselection. Subsequently, titles and
abstracts were screened, and, as a result, 263 articles were excluded, since they did not meet
our inclusion criteria. The remaining 54 original studies were examined in more detail by two
independent researchers (M.M. and C.W.) based on a full-text reading with regard to the

inclusion and exclusion criteria.
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Studies identified from PubMed: n=317
!

Total number of identified studies: n=317 | Duplicate studies eliminated: n=0
]

Titles and Abstracts screened: n=317 L—>! Studies excluded in preselection: n=263
\2
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*  No comparison of diagnosed AD group with healthy
control subjects (n=8)

» Insufficient MRI-sequences (n=7)

* Required ROIs not incorporated (n=6)

* Required data not accessible (n=5)

*  Whole-brain analysis (n=4)

Studies included in meta-analysis: n=21 *  Overlapping data due to reuse of same sample (n=2)

+  Considerabl diff f =1
Experiments included in meta-analsis: n=22 onsiderable age difference of groups (n=1)

[ Inclusion J [ EligibilityJ [Freselection] [IdentificationJ

Figure 6.1. Flowchart of the steps performed in the meta-analysis.

The inclusion criteria comprise (1) AD patients were diagnosed according to well-
established criteria, (2) the comparison of AD patients with HC, (3) no considerable age
difference between AD patients and HC, (4) the data analysis was based on predetermined
regions of interest (ROIs), (5) namely one or more of the following ROIs: putamen, caudate
nucleus, globus pallidus, hippocampus or thalamus, (6) an iron-sensitive MRI-sequence was
used for instance T2*, T2’, R2*, R2’, FDRI, SWI, and QSM. Articles were excluded based on the
following criteria: (1) using T2 or R2 MRI sequence (Haacke et al., 2005; Langkammer et al.,
2010, 2012), (2) review articles, (2) post-mortem studies, (3) animal models, (4) re-analysis of
previously used data (i.e., repeated use of the same sample), and (5) missing data information.
If a study included multiple independent experiments constituting a single analysis
(Turkeltaub et al., 2012), these were incorporated and designated to separate experiments. If
necessary, a third researcher (N.B.) was consulted.

The final selection of included articles and study-related information can be found in
Table 6.1. Cross-checking with the original literature prevented potential sample overlap
between the studies. This refers to sample characteristics, author affiliations, and scanning

locations.
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Participants

Participants were included and grouped based on their diagnoses explicitly reported in the
original articles. The AD group met the diagnostic criteria for probable or possible AD, mostly
in alignment with the National Institute of Neurological and Communicative Disorders and
Stroke - Alzheimer’s Disease and Related Disorders Association (NINCDS-ADRDA) or the
National Institute on Aging and Alzheimer’s Association (NIA-A) (McKhann et al., 2011).
Moreover, in all original articles AD patients and HC were matched with regard to sex and age,
which we further tested across studies using independent t-tests. Participants were scanned
at various scanner field strengths. For instance, FDRI was applied at field strengths of 0.5 Tesla
and 1.5 Tesla, Phase imaging and R2” were performed using a 1.5 Tesla scanner, while all other

sequences were implemented at a field strength of 3 Tesla (see Table 6.1).
Meta-analyses

Overview

Our analyses were based on the following steps, that will be explained in more detail below.
First, the effect sizes (Cohen’s d) of group differences in iron levels were calculated for all
available ROIs on the basis of their mean values and standard deviations (SD). Second, five
random-effects meta-analyses were computed separately for each ROI (putamen, caudate
nucleus, globus pallidus, hippocampus, and thalamus). Third, we assessed a possible
relationship between iron level differences between groups (effect sizes) and memory
performance (MMSE). Our calculations are available at the Open Science Framework (OSF,

https://tinyurl.com/3u9n6cwh).

Effect size calculation — Cohen’s d

The effect size (Cohen’s d), bias-corrected for small sample sizes, was calculated for each ROI
and original study based on mean values and SD (Hedges & Olkin, 1985). In five studies, mean
(Luo et al., 2018) and SD (Higgins et al., 2003) were missing and therefore had to be calculated
based on the given median (Cogswell et al., 2021; Damulina et al., 2020) or interquartile range
(IQR) (Cogswell et al., 2021; Damulina et al., 2020; Guan et al., 2022). In five studies (Cogswell
et al., 2021; Du et al., 2018; Guan et al., 2022; X. Liu et al., 2021; Qin et al., 2011), the mean
and SD of the MRI data, or median and IQR, respectively, were not available in numerical data

but they were shown in figures. Therefore, PlotDigitizer™ (PlotDigitizer: Free Online App, n.d.)
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was used to extract the data (Aydin & Yassikaya, 2022). If the relevant values were separately
reported for the right and left hemispheres, the average of both was calculated.

MRI-based markers of iron levels need to be interpreted carefully (Haacke et al., 2005).
For some markers, high values indicate high iron levels (e.g., R2* (Damulina et al., 2020), QSM
(Tiepolt et al., 2020), see Table 6.1 for all MRI methods used in the original studies), but for
others low values indicate low iron levels (here T2* in msec (W.-J. Moon et al., 2012), phase
values measured as radians (Ding et al., 2009), SWI (Gao et al., 2017; D. Wang et al., 2013,
2014)). Therefore, effect sizes had to be negated (multiplied by -1) when they were based on
phase image (Ding et al., 2009), SWI (Gao et al., 2017; D. Wang et al., 2013, 2014), and T2*
(W.-J. Moon et al., 2012). As a result, here positive effect sizes indicate higher iron levels in
AD compared to HC, while negative effect sizes indicate higher iron levels in HC compared to
AD.

Finally, individual effect sizes were used to calculate the mean overall effect across all
studies. Values of 0.2, 0.5, and 0.8 indicate small, medium, and large effects, respectively

(Cohen, 2013).
Random-effects models

Following Borenstein et al. (2009), for each ROI a single random-effects model was calculated.
To ensure high overall effect precision, individual effect sizes were weighted by each study's
inverted total variance. Significance testing of the weighted overall mean effect size (d*) was
based on z-scores and corresponding p-values (two-tailed). We also calculated 95%
confidence intervals and |2 statistics to quantify heterogeneity (Borenstein et al., 2009; Higgins
et al., 2003). I? indicates inconsistency across study results and represents the percentage of
heterogeneity within the total variance of the primary studies (Borenstein et al., 2009; Higgins
et al., 2003). It can be compared across different meta-analyses and ranges from 0 to 100.
More specifically, it differentiates between low (25%), moderate (50%), and high (75%)
heterogeneity (Higgins et al., 2003). Moreover, funnel plots were created and Egger
regressions were performed (Egger et al., 1997) to address possible publication biases (Lin &
Chu, 2018; A. J. Sutton, 2000). A funnel plot represents each study’s effect sizes against
standard errors, with an asymmetry indicating a publication bias (Lin & Chu, 2018; Peters et
al., 2007; Sterne & Egger, 2001). Egger’s regression detects publication bias based on the
funnel plot by assessing the relationship between standardized effect estimates and their

standard error (Egger et al., 1997; Lin & Chu, 2018). Here, we generated funnel plots and
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conducted Egger’s regressions using effect sizes and results from the random effect models
within “Meta-Essentials: Workbooks for meta-analysis” (Version 1.4) (Suurmond et al., 2017).

Outliers were identified as data points exceeding 1.5 times the interquartile range
(IQR) above the third or below the first quartile (Tukey, 1977). To enhance the robustness of

the findings, the analyses were rerun after identifying and excluding any outliers detected.
Relationship between brain iron deposition and cognition in Alzheimer’s disease

To investigate possible links between iron accumulations in AD and cognitive impairment, five
correlation analyses were conducted in Jamovi (2.3.21) (The Jamovi Project (2023). Jamovi
(Version 2.3) [Computer Software]., 2023). Here, effect sizes for our five ROIs, indicating iron
level increases in AD compared to HC, were correlated with the AD MMSE scores from the
original studies. Specifically, we used z-scored MMSE values and effect sizes in combination
with Spearman’s rank correlation (Spearman’s Rho) due to the rather small sample size and
since it is more robust against outliers (Rousselet & Pernet, 2012). Since we predicted a
negative correlation between iron levels and cognitive performance, we did not apply a

correction for multiple comparison in this analysis.
Results

Study characteristics

Overall, we included 685 AD patients and 1104 HC from 21 studies with 22 experiments (see
Fig. 6.1). One study investigated two independent age groups of AD patients and HC,
representing two individual analyses (Turkeltaub et al., 2012). Therefore, this study was
included in the meta-analyses with both experiments (D. Wang et al., 2014). For the separate
five ROI meta-analyses, 20 experiments were included for the putamen, 19 for the caudate
nucleus, 19 for the globus pallidus, 11 for the hippocampus, and 10 for the thalamus (see
Table 6.1 for an overview of the included experiments with more detailed information).
Although individual studies reported age-matched AD and HC groups, a t-test across
studies revealed significant age differences (t(36)=-2.12, p=0.041). Accordingly, AD patients
were slightly older (mean=70.67 years, SD=4.56) than HC (mean=67.75 years, SD=3.89). Note
that three experiments from two studies (Ayton et al., 2017; D. Wang et al., 2014) did not
report detailed information on age and could, therefore, not be included in our analysis. Mean
sex ratios (female/male) of AD patients and HC were 1.78 (SD=1.74) and 1.77 (SD=1.22),

respectively, with no significant differences across studies as assessed by a Mann-Whitney U
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test due to the violation of normal distribution (U=191, p=0.629). One study (Ayton et al.,
2020) did not report the sex for both groups and another (Bartzokis et al., 2004) solely for the

AD group. Both studies were not included in our analysis.
Random effects meta-analyses
Putamen

The random-effects model for the putamen included 20 experiments from 19 studies (see
Table 6.1). In all original experiments, the weighted mean effects were positive and statistical
testing across studies revealed a highly significant positive effect indicating higher iron levels
in AD vs HC (d*=0.89, p<0.001, CI [0.62, 1.16], Fig. 6.2A, Table 6.2). Heterogeneity testing
revealed high heterogeneity of 1°’=81.00%. After removing two outliers (H.-G. Kim et al., 2017;
D. Li et al., 2020), the weighted mean effect was still highly significant but it showed a slightly
reduced effect size (d*=0.74, p<0.001, CI (0.51, 0.97), 1>=72.67).
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Figure 6.2. Results for the putamen. A) forest plot of group comparisons for Alzheimer’s
disease patients vs healthy controls. Squares represent the computed effect sizes of the
original studies, the squares’ size indicate the relative size of the sample studied, and the
diamond represents the weighted mean effect. The width of the diamond as well as the
horizontal lines of the squares indicate a study’s 95% confidence intervals. B) Funnel plot: the
dots mark the individual study, the dashed line the 95% confidence interval, and the vertical
straight line the overall effect. C) Spearman correlation of the iron differences (effect size) and
mean Mini-Mental-State-Examination (MMSE) scores.
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Caudate nucleus

The random-effects model for the caudate nucleus included 19 independent experiments
from 18 original studies (see Table 6.1). While most weighted mean effects were positive,
three experiments (Chiang et al., 2022; Cogswell et al., 2021; D. Wang et al., 2014) showed
negative effects. However, statistical testing across experiments revealed a highly significant
positive effect, again suggesting higher iron levels in AD vs HC (d*=0.61, p<0.001, ClI [0.35,
0.87], Fig. 6.3A, Table 6.2). Heterogeneity testing revealed high heterogeneity of 1°=79.53%.

After removing one outlier (X. Liu et al., 2021), the effect remained highly significant (d*=0.53,

p<0.001, CI [0.29, 0.77], 1’>=75.34%).
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Figure 6.3. Results for the caudate nucleus. A) forest plot of group comparisons for
Alzheimer’s disease patients vs healthy controls. Squares represent the computed effect sizes
of the original studies, the squares’ size indicate the relative size of the sample studied, and
the diamond represents the weighted mean effect. The width of the diamond as well as the
horizontal lines of the squares indicate a study’s 95% confidence intervals. B) Funnel plot: the
dots mark the individual study, the dashed line the 95% confidence interval, and the vertical
straight line the overall effect. C) Spearman correlation of the iron differences (effect size) and

mean Mini-Mental-State-Examination (MMSE) scores.
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Globus pallidus

For the globus pallidus, 19 independent experiments from 18 studies were included in the
random-effects model (see Table 6.1). Except from five experiments (Bartzokis et al., 2004;
Chiang et al., 2022; Du et al., 2018; W.-J. Moon et al., 2012; Tiepolt et al., 2020), all others
showed positive weighted mean effects. Statistical analysis revealed a highly significant effect
indicating higher iron levels in AD vs HC (d*=0.44, p=0.001, Cl [0.19, 0.69], Fig. 6.4A, Table 6.2);
again, heterogeneity was rather high (1°=78.59%). After excluding one outlier (D. Li et al., 2020)
the results remained statistically significant (d*=0.34, p=0.002, CI [0.13, 0.55], 1°=68.41%).
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Figure 6.4. Results for the globus pallidus. A) forest plot of group comparisons for Alzheimer’s
disease patients vs healthy controls. Squares represent the computed effect sizes of the
original studies, the squares’ size indicate the relative size of the sample studied, and the
diamond represents the weighted mean effect. The width of the diamond as well as the
horizontal lines of the squares indicate a study’s 95% confidence intervals. B) Funnel plot: the
dots mark the individual study, the dashed line the 95% confidence interval, and the vertical
straight line the overall effect. C) Spearman correlation of the iron differences (effect size) and
mean Mini-Mental-State-Examination (MMSE) scores.
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Hippocampus

The random-effect model for the hippocampus included only 11 experiments from 11 studies
(see Table 6.1). All but one experiment (Ayton et al., 2020) showed positive mean weighted
effects and, across experiments, statistical testing revealed a highly significant positive effect.
Again, this indicates higher iron levels AD vs HC (d*=0.70, p=0.004, ClI [0.23, 1.18], Fig. 6.5A,
Table 6.2); heterogeneity was high (1°=88.43%). After excluding one outlier (H.-G. Kim et al.,

2017), the results remained significant but the effect size was rather small (d*=0.37, p=0.016,
Cl1[0.07, 0.68], 1°=70.89%).
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Figure 6.5. Results for the hippocampus. A) forest plot of group comparisons for Alzheimer’s
disease patients vs healthy controls. Squares represent the computed effect sizes of the
original studies, the squares’ size indicate the relative size of the sample studied, and the
diamond represents the weighted mean effect. The width of the diamond as well as the
horizontal lines of the squares indicate a study’s 95% confidence intervals. B) Funnel plot: the
dots mark the individual study, the dashed line the 95% confidence interval, and the vertical
straight line the overall effect. C) Spearman correlation of the iron differences (effect size) and
mean Mini-Mental-State-Examination (MMSE) scores.
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Thalamus

The random-effects model for the thalamus involved only 10 experiments from 10 studies (see
Table 6.1). While three weighted means were negative (Cogswell et al., 2021; Damulina et al.,
2020; Du et al., 2018) the remaining seven were positive. Across experiments, statistical
testing revealed a significant positive effect (d*=0.74, p=0.024, CI [0.1, 1.38], Fig. 6.6A, Table
6.2), also indicating higher iron levels in AD vs HC. Again, heterogeneity was high (12=94.25).
After excluding one outlier (H.-G. Kim et al., 2017), the analysis revealed no significant effect

(d*=0.39, p=0.16, CI [-0.16, 0.94]), and higher heterogeneity of the data (1>=92.2%).
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Figure 6.6. Results for the thalamus. A) forest plot of group comparisons for Alzheimer’s
disease patients vs healthy controls. Squares represent the computed effect sizes of the
original studies, the squares’ size indicate the relative size of the sample studied, and the
diamond represents the weighted mean effect. The width of the diamond as well as the
horizontal lines of the squares indicate a study’s 95% confidence intervals. B) Funnel plot: the
dots mark the individual study, the dashed line the 95% confidence interval, and the vertical
straight line the overall effect. C) Spearman correlation of the iron differences (effect size) and
mean Mini-Mental-State-Examination (MMSE) scores.
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Publication bias

Upon visual inspection, data points in most ROIs showed a symmetric distribution around the
weighted mean effect (Fig. 6.2-6B), indicating no publication bias. However, for the
hippocampus (Fig. 6.5B) and thalamus (Fig. 6.6B), the funnel plots showed some degree of
asymmetry. In line with this impression, Egger’s regression revealed a significant effect for the
hippocampus (p<0.001) and thalamus (p=0.001), indicating a publication bias, but not for the
putamen (p=0.144, Fig. 6.2B), caudate nucleus (p=0.203, Fig. 6.3B) and pallidum (p=0.118, Fig.
6.4B).

Correlations between brain effect sizes and MMSE in Alzheimer’s disease

Correlation analyses of the effects sizes (z-scored) and MMSE performance (z-scored) in AD
revealed a significant negative effect only in the globus pallidus (r(15)=-0.541, p=0.025, Fig.
6.4C, Table 6.3). For the other ROIs, the effects were not statistically significant (p>0.05, Fig.
6.2,3,5,6C, Table 6.3). To further investigate this effect, we repeated the correlational analysis
with iron effect sizes (z-scored) and MMSE effect sizes (resulting from a comparison of AD vs
HC, z-scored). It also revealed a statistically significant effect (r(12)=-0.569, p=0.037). Note,
however, in this latter analysis three experiments had to be excluded (Bartzokis et al., 2004;

Guan et al., 2022; Kuchcinski et al., 2022) due to missing MMSE information in the HC group.
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Table 6.1. Overview of the study characteristics of all included experiments. Abbreviations: AD: Alzheimer’s disease. HC: healthy controls; MMSE:

Mini-Mental-State-Examination; PUT: putamen; HC: caudaute nucleus; GP: globus pallidus; HIP: hippocampus; THAL: thalamus

Authors and Method - Effect size (d)
. Participants
titles
AD HC PUT HC GP HIP THAL
I " . Age Sex Sex
Group discription Diagnosis N (mean # 5D) (£/m) MMSE N Age (£/m) MMSE
f\/m“)et al. QsMm; 3T probable/possible AD NINCDS-ADRDA 19 - - - 64 - - - - 0.501 - -0.557 -
2017
Bartzokis et al. . 75.6 17.3 68.8 28.4
(2000) FDRI; 0.5T. 1.5T probable/possible AD NINCDS-ADRDA 31 +6.7 1.214 +7.39 68 +53 0.889 +0.92 0.678 0.652 0.182 - -
Bartzokis et al. probable AD; mild to 72.6 17.8 72.5 28.6
(1994) FDRI; 0.5T. 1.5T moderate AD NINCDS-ADRDA 5 +3.97 0 +5.45 8 +45 0 +1.19 1.034 1.239 1.261 - -
Bartzokis et al. . probable/possible AD; 81.6 19.4 68.7
(2004) FDRI; 0.5T. 1.5T onset >70 years NINCDS-ADRDA 10 +34 0 +54 36 +49 - - 0.52 0.55 -0.296 - -
exclusion of other etiologies; neurological 7 69
Chiang et al. QsM; 3T cognitively impaired examination. neuropsychological assessment. 68 +84 1.519 - 32 +9.9 2.556 - 0.52 -0.07 -0.562 0.197 0.212
(2022) laboratory data. MRI - -
Cogswell et al. QsM; 3T amnestic dementia NIA-AA 56 68; 1.074 - 296 69 0.762 - 0.459 -0.155 0.438 - -0.827
(2021) ! IQR 61-77 ’ IQR 59-76 ’ ’ : ’ ’
Damulina et al. DSM-IV. 73 22; 73 28;
R2%; 3T babl ible AD 100 1.381 ! 100 1.5 4 0.378 0.495 0.243 0.04 -0.054
(2020) ; probable/possible NINCDS-ADRDA +9 IQR 18.5-25 +9 IQR 27-29
Ding et al. 70.96 16.0 69.40 29.4
Phase; 1.5T bable AD NINCDS-ADRDA 26 2.25 24 1.667 0.697 - 0.93 0.645 -
(2009) ase probable +8.55 +3.9 +11.38 +1.0
Duetal. 68.3 20.4 66.2 28.0
SM; 3T ild t derate AD NINCDS-ADRDA 30 2.333 30 2 0.571 0.573 -0.013 - -0.319
(2018) asM; mild to moderate +6.6 +2.4 +7.8 +13
Gao et al. DSM-IV. 74.83 17.76 72.86 28.73
(2017) SWI; 3T probable AD NINCDS-ADRDA 30 +4.52 1.5 +4.15 30 +5.75 1.308 111 1.849 0.63 0.555 0.628 -
Guan et al. 68.7 19.6 61.4
(2022) QsM; 3T probable AD NINCDS-ADRDA 51 +87 0.889 +39 189 +78 1.423 - 1.706 1.174 0.37 - -
QsM; 3T AD NIA-AA 43 62.63+£8.10 2.301 20.3+1.89 27 8.70 £ 8.99 1.7 27.30+2.20 0.5904 0.793 0.4003 - -
H.-G. Kim et al. " 69.79 17.37 65.37 28.16
(2017) QsM; 3T probable AD; mild AD NINCDS-ADRDA 19 £10.27 8.5 +3.42 19 +6.26 5.333 +1.89 2.765 - 1.283 5.799 4.761
Kuchcinski et
al. asm; 31 EOAD; probable AD; NIA-AA 34 60.6 1.267 158 43 620 1.867 - 0876 0274 0915 0211 1.9
typical AD (tADMRI) +4 +6 +4.3
(2023)
D.Lietal. 715 18.9 69.3 29.7
(2020) QsM; 3T probable AD NIA-AA 22 +84 1.444 +34 25 +52 1.5 +06 2.376 1.627 2.47 0.127 0.739
X. Liuetal. 68.37 19.8 66.68 28
(2021) QsM; 3T AD NINCDS-ADRDA 30 +6.734 2.75 +3.925 19 +8.564 2.8 +1.856 0.516 2.064 0.139 - -
W.-J.Moon et
al. T2%; 3T AD NINCDS-ADRDA 21 721 2.5 212 21 68.9 4.25 280 0.76 - -0.462 - 0.944
+6.5 +3.8 +53 +1.2
(2012)
(Célglelt)al. R2'; 1.5T probable AD NINCDS-ADRDA 15 69.8 1.143 17.3 15 70.0 1.143 30 0.516 1.077 - 1.403 0.177
Tiepolt et al. cognitive impairment + 69 25 65 30
SM; 3T NINCDS-ADRDA 16 3 11 1.75 1.246 0.144 -0.070 0.487 -
(2020) asM; AB PET-positive +9 +2 +3 +1
D. Wang et al. probable AD; age 60-70 203 28.22
SWI; 3T NINCDS-ADRDA 20 - 0.818 19 - 0.9 0.134 -0.303 0.702 - -
(2014) ! years +2.98 +0.97
D. Wang et al. probable AD; age 70-80 203 27.84
SWI; 3T NINCDS-ADRDA 19 - 0.818 10 - 0.9 0.467 0.262 0.846 - -
(2014) ! years +1.89 +2.47
D. Wang et al. 73.37 21.15 70.52 28.22
SWI; 3T bable AD NINCDS-ADRDA 20 0.758 18 1.087 - 0.66 - 1.173 0.951
(2013) ; probable +9.81 +1.23 +6.91 +0.87
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Table 6.2. Overview of the results of the region of interest (ROI) random-effects models for
comparing Alzheimer’s disease vs. healthy control participants. Displayed are the number of
experiments (k) included. the weighted mean effects (d*) of each ROIl. 95% confidence
intervals (Cl). Z-values. and p-values as well as the heterogeneity indicators 12 and their 95%
confidence intervals.

k d* Cl (95%) « Z o] 12 Cl (95%)

Putamen 20 0.89 0.62-1.16 6.49 <.001 81.00 71.54 -87.31
Caudate nucleus 19 0.61 0.35-0.87 4.61 <.001 79.53 68.74 — 86.59

Globus pallidus 19 0.44 0.19-0.69 3.44 .001 78.59 67.14 - 86.05
Hippocampus 11 0.70 0.23-1.18 2.88 .004 88.43 81.28 - 92.85
Thalamus 10 0.74 0.10-1.38 2.26 .024 94.25 91.31-96.19

Table 6.3. Correlations between the region-of-interests’ original studies’ effect sizes and the
MMSE mean of the Alzheimers disease (AD) group.

MMSE mean AD group

Spearman’s p-value N
Rho
Putamen -0.250 0.317 18
Caudate nucleus -0.370 0.159 16
Globus pallidus -0.541 0.025* 17
Hippocampus -0.333 0.385 9
Thalamus -0.405 0.327 8

The correlations (Spearmans’ Rho) between the original studies' effect sizes for the brain
regions (putamen. caudate nucleus. globus pallidus. hippocampus. and thalamus) with the
Mini-Mental-State-Examination (MMSE) mean of the Alzheimer’s disease (AD) groups from
the original studies. Presented are the p-value (* <0.05) and N reflecting the included number
of experiments (in that both MMSE scores for AD and the effect sizes were available).
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Discussion

We leveraged the power of a meta-analytic approach to investigate the relationship of
regional brain iron levels and cognitive abilities in Alzheimer’s disease (AD). We employed data
from 22 studies encompassing 1789 participants, including 685 patients diagnosed with
Alzheimer’s disease and 1104 age-matched healthy controls (HC). As expected, in AD iron
levels were significantly higher in the putamen, caudate nucleus, and globus pallidus, but also
hippocampus and less robust the thalamus. Importantly, iron accumulation in the globus
pallidus, a basal ganglia hub with a critical role in several cognitive processes, was negatively
associated with cognitive performance as measured with the MMSE. Therefore, our results
provide unique evidence across a wide range of studies in vivo that iron accumulation in the
basal ganglia is a characteristic feature in AD that contributes to cognitive decline.

Iron plays a central role in maintaining normal brain functioning, contributing to
myelination (Bartzokis, 2011; Todorich et al., 2009), neurotransmitter synthesis (Zecca et al.,
2004), and oxygen regulation (Crichton, 2001). However, excessive iron levels can induce
oxidative stress and inflammation (Zecca et al., 2004), demyelination (Steiger et al., 2016), and
ferroptosis, an iron-dependent form of cell death (Doll & Conrad, 2017), and therefore,
promote the progression of AD. From a developmental perspective, brain iron accumulates
over the lifespan (Aquino et al., 2009; Bartzokis et al., 1997; Biel et al., 2021; Hallgren &
Sourander, 1958; Khattar et al., 2021; D. Li et al., 2020; Yim et al., 2022) with inter regional
variations and particularly high levels in the basal ganglia (Haacke et al., 2005; Hallgren &
Sourander, 1958; Koeppen, 1995). This pattern appears to reflect region specific needs in iron
to meet metabolic demands (Mills et al., 2010). The excessive iron deposition in AD may,
therefore, closely relate to dysregulations in iron metabolism and transport (Dusek et al.,
2022), but also vascular hemorrhages and microbleeds (Dusek et al., 2022; Nikseresht et al.,
2019), as well as neuroinflammation (Nikseresht et al., 2019). Moreover, post-mortem and in
vivo studies revealed a co-localization of iron and tau (Ayton et al., 2020; Bulk et al., 2018;
Spotorno et al., 2020) as well as AB pathology (Van Bergen et al., 2016; Van Duijn et al., 2017).
In line with this observation, a positive correlation of MRI susceptibility has been shown for
both AB (Cogswell et al., 2021; Van Bergen et al., 2016) and tau (Choi et al., 2018; Cogswell et
al., 2021; Spotorno et al., 2020) PET in the basal ganglia, underscoring the importance of iron

increases in AD.
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Our results of iron accumulations in the putamen, caudate nucleus, and globus pallidus
are consistent with this prior research and a meta-analysis investigating post-mortem iron
accumulations in these brain regions (Tao et al., 2014). In comparison, the most pronounced
effect was observed in the putamen as suggested by a large weighted effect size (Cohen, 2013)
indicating a contribution by all original studies (Fig. 6.2A and Table 6.1). Although still highly
significant, the random-effects model for the caudate nucleus showed a medium-weighted
effect size with all but three studies (Chiang et al., 2022; Cogswell et al., 2021; D. Wang et al.,
2014) contributing to the effect (Fig. 6.3A and Table 6.1). Finally, the random-effects model
for the globus pallidus, again highly significant, had a rather small weighted effect size, and all
but five studies (Bartzokis et al., 2004; Chiang et al., 2022; Du et al., 2018; W.-J. Moon et al.,
2012; Tiepolt et al., 2020) contributed to the effect. Taken together, for the investigated basal
ganglia structure, putamen, caudate nucleus, and globus pallidus, almost all included studies
reported higher iron levels in AD compared to HC, which led to highly significant effects in our
meta-analysis. Egger’s regression and visual inspection of the funnel plots (Fig. 6.2-4B) did not
indicate any publication bias for these regions, which further underlines the robustness of our
findings.

Outside the basal ganglia, we observed significant effects in the hippocampus (Fig.
6.5A) and the thalamus (Fig. 6.6B) also, at the first glance, indicating higher iron levels in AD
compared to HC. However, the thalamus effect did not remain significant after removing one
outlier, and in the thalamus as well as the hippocampus a publication bias was detected (Fig.
6.5,6.6B). Together with a small-weighted effect sizes, this casts doubt on the reliability of the
thalamus and hippocampus effect. However, both analyses were based on a small number of
studies (10 for the thalamus and 11 for the hippocampus), indicating a possible power
problem. Yet, our finding is in line with a previous post-mortem meta-analysis that also did
not reveal statistically significant iron effects in AD in the thalamus (p=0.16) or hippocampus
(p=0.056) (albeit with even fewer original studies compared to our work, n>8) (Tao et al.,
2014).

Based on several single studies, we predicted a negative relationship between iron
levels and cognitive performance in AD (D. Li et al., 2020; X. Liu et al., 2021; D. Wang et al.,
2014; A. Yang et al., 2022). This has been confirmed specifically in the globus pallidus (Fig.
6.4C), further indicating that local increases in iron levels lead to cognitive impairments not

only in healthy older adults (Biel et al., 2021; Steiger et al.,, 2016) but also AD. From a
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mechanistic point of view, this can be explained by a central role of the pallidum in cognitive
information processing. Specifically, to encode novel information into long-term memory, the
hippocampal SN/VTA-loop model (Lisman et al., 2011; Lisman & Grace, 2005) suggests that a
hippocampal novelty signal is sent to SN/VTA dopamine (DA) neurons via a polysynaptic path
including the ventral pallidum before DA-neurons back-project to the hippocampus. While
iron is required for DA synthesis (Zecca et al., 2004), an accumulation of it can impair DA
production (Hare & Double, 2016; Zecca et al., 2004). Therefore, excessive iron levels within
the bilateral pallidum may account for an imbalance of the loop, leading to impairments in
declarative learning and memory. Furthermore, basal ganglia structures and DA have been
associated with motivation, decision-making, and non-declarative memory functioning
(Foerde & Shohamy, 2011), which may also contribute to MMSE performance. Indeed, a
negative relationship between iron deposition in the globus pallidus and MMSE scores in 60-
80 year old AD patients has been reported before (D. Wang et al.,, 2014). Despite this
theoretical view and empirical evidence, our rather weak (but hypothesized) negative
correlation (Fig. 6.4C) could be explained by the use effect sizes and mean MMSE values from
the original studies, which may neglect individual data points potentially leading to reduced
power.

Finally, some other limitations, that may guide future research, need to be considered.
First, iron measures were averaged from both hemispheres, streamlining our analysis but
neglecting possible lateralization effects (X. Xu et al., 2008). Second, we observed rather high
heterogeneity in all random effect models (Higgins et al., 2003), which, despite strict inclusion
and exclusion criteria (see methods), could be driven by differences in MRI sequences and
field strengths (Daugherty & Raz, 2013; Haacke et al., 2005; Langkammer et al., 2014), regions
of interest definitions, and sample characteristics (e.g. different stages of AD). To further
substantiate our findings, however, all analyses were repeated without outliers, when
necessary, and we also report empirical measures for potential publication biases (Fig. 6.2-
6.6B). Third, although all individual studies included age-matched HC, across studies a slight
but significant age difference was detected (Table 6.1), which might have biased the results.
Fourth, all studies included used a cross-sectional design, which allows between group
comparisons but, strictly speaking, not the description of developmental and disease specific
changes. Longitudinal designs may help to address this important point. Fourth, in the original

studies participants were included solely based on their clinical status. Future work could be
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based on other approaches, especially the AT(N) framework, that includes markers of AB (A),
tau (T), and neurodegeneration (N) (Jack et al., 2018). This would allow to explore differences
(or changes) in iron levels more precisely as well as possible relationships with other imaging
markers as derived by positron emission tomography (PET) (Cogswell & Fan, 2023), structural
MRI (J. R. Sato et al., 2010) and functional MRI (Quevenco et al., 2017; Van Bergen et al., 2016).

Based on in vivo MRI studies and a meta-analytic approach, our results indicate higher
iron levels in the putamen, caudate nucleus and globus pallidus, but also hippocampus and
(less robust) in the thalamus, in AD patients. Together with a negative correlation of iron
markers and MMSE scores in the globus pallidus, our work refines and provides further
evidence for the notion that increased iron levels, especially in the basal ganglia, are a
characteristic hallmark of AD, which can contribute to cognitive impairments. As such, our
findings not only give novel insights into the pathogenesis of AD, but they also highlight the

potential role of iron as a relevant marker in the diagnosis and possibly treatment of AD.
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7 Basal forebrain activity predicts functional degeneration in the

entorhinal cortex in Alzheimer’s disease

This chapter refers to study 4 and addresses the local activity of the NbM and EC (see section
2.4, Fig. 2.1). It has been formally integrated into the dissertation’s style for consistency. The

content corresponds to the following publication:

Mieling, M., Géttlich, M., Yousuf, M., & Bunzeck, N. (2023). Basal forebrain activity predicts
functional degeneration in the entorhinal cortex in Alzheimer’s disease. Brain

Communications, 5(5), fcad262. https.//doi.org/10.1093/braincomms/fcad262
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Abstract

Recent models of Alzheimer's disease suggest the nucleus basalis of Meynert (NbM) as an
early origin of structural degeneration followed by the entorhinal cortex (EC). However, the
functional properties of NoM and EC regarding amyloid-p (AB) and hyperphosphorylated tau
remain unclear. We analyzed resting-state functional (rs)fMRI data with CSF assays from the
Alzheimer's Disease Neuroimaging Initiative (ADNI, n=71) at baseline and two years later. At
baseline, local activity, as quantified by fractional amplitude of low-frequency fluctuations
(fALFF), differentiated between normal and abnormal CSF groups in the NbM but not EC.
Further, NbM activity linearly decreased as a function of CSF ratio, resembling the disease
status. Finally, NbM activity predicted the annual percentage signal change in EC, but not the
reverse, independent from CSF ratio. Our findings give novel insights into the pathogenesis of
Alzheimer’s disease by showing that local activity in NbM is affected by proteinopathology

and predicts functional degeneration within the EC.
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Introduction

The basal forebrain’s (BF) nucleus basalis of Meynert (NbM) has recently been suggested as
an early origin of structural degeneration in Alzheimer’s disease followed by the entorhinal
cortex (EC) and other cortical brain regions (Fernandez-Cabello et al., 2020; Schmitz & Spreng,
2016). For instance, grey matter loss was more prominent in the NoM compared to the EC in
cognitively healthy humans with an abnormal CSF biomarker of amyloid-g (AB) and
hyperphosphorylated Tau (pTau) (Schmitz & Spreng, 2016). Moreover, the NbM’s baseline
volume predicted the longitudinal structural degeneration in the EC, further suggesting a
trans-synaptic spread of AB starting in the NbM (Fernandez-Cabello et al., 2020; Schmitz &
Spreng, 2016). This observation in humans is in line with animal work and adds a crucial
upstream link to the subsequent spread from EC to other medial temporal lobe (MTL)
structures, including the hippocampus, and more distal neocortical brain regions such as the
posterior parietal cortex (de Calignon et al., 2012; Fernandez-Cabello et al., 2020; Khan et al.,
2014; L. Liu et al., 2012; J. W. Wu et al., 2016). Importantly, evidence in favor of such a
pathological staging model is mainly limited to anatomical studies, and, therefore, the
functional properties of both the NbM and EC during the disease progression of Alzheimer’s
disease in humans remain unclear.

Since functional brain changes in Alzheimer’s disease often precede structural
degeneration, we investigated the functional properties of the NbM and EC, including their
functional connectivity (FC). To this end, we used data from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) and performed a longitudinal region of interest (ROI) analysis
over 2 years, focusing on regional and interregional resting-state functional MRI (rsfMRI)
properties. In detail, we analyzed (a) the fractional amplitude of low-frequency fluctuations
(fALFF) to quantify spontaneous neuronal activity (Biswal et al., 1995; Zou et al., 2008; Zuo et
al., 2010), (b) regional homogeneity (ReHo) reflecting the synchronicity of neural activity
between a voxel and its neighboring voxels (Zang et al., 2004), and finally (c) the FC between
NbM and EC. While all three measures may help to gain new insights into Alzheimer’s disease
progression, we initially focused on fALFF given its established role (S.-M Wang et al., 2021; L.
Yangetal., 2018; X. Zhang et al., 2021), and report ReHo and FC analyses in the supplementary
material S3.

In the first step, baseline signals and longitudinal functional changes were compared

based on harmonized CSF assays of AB and pTau in NbM and EC. Subsequently, we
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investigated functional changes in disease progression using the CSF markers. Finally, we
tested the competing models NboM—>EC vs. EC>NbM on a functional level. Our main
hypothesis was that functional signals in the NbM predict functional change in EC, which
would provide further evidence supporting the pathological staging model from NbM to EC.
From a more general perspective, we aimed to provide new insights into the underlying
functional properties of Alzheimer’s disease, which may contribute to further developing

markers and treatment strategies.
Materials and methods

ADNI data

Data used in the preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). ADNI was launched in 2003 as a
public-private partnership, led by Principal Investigator Michael W. Weiner, MD, to test
whether serial magnetic resonance imaging (MRI), positron emission tomography (PET), other
biological markers, and clinical and neuropsychological assessment can be combined to
characterize the progression of mild cognitive impairment (MCI) and early Alzheimer’s
disease.

Since rsfMRI was not acquired in all ADNI cohorts, here data were combined from
ADNI-GO, ADNI-2 (ADNI-GO/2) and ADNI 3, downloaded from the Image and Data Archive
(IDA) platform run by the Laboratory of Neuro Imaging (LONI) (https://ida.loni.usc.edu).
Specifically, we only selected data from participants with CSF biomarkers, and two rsfMRI
scans acquired with a delay of two years with the same MR scanner and head coil to ensure

within-subject comparability.
Image acquisition

Participants were scanned at multiple sites equipped with 3-Tesla MRI scanners according to
unified ADNI monitoring protocols (Jack, Bernstein, et al., 2010). To ensure maximum
compatibility between the measurements, we followed ADNI's recommendations and
included only the basic rsfMRI version but not advanced version of ADNI 3 since it is not
compatible with ADNI-GO/2. Moreover, all participants here were examined with the same
scanner and head coil for both time points, t1 and t2 (https://adni.loni.usc.edu/methods/mri-

tool/mri-analysis/). Further, we only included MRI data with excellent, good, or fair quality.


https://ida.loni.usc.edu/
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For further information on image acquisition, see the supplementary material S3 and

http://adni.loni.usc.edu.
Data preprocessing

Considering their specific scanning parameters such as TR, slice order, and volume number,
all data were preprocessed with the Data Processing Assistant for Resting-State fMRI
Advanced (DPARSFA, http://rfmri.org/dpabi) toolbox version 5 (release 5.2_210501), which is
based on the Statistical Parametric Mapping toolbox (SPMm 12,
https://www.fil.ion.ucl.ac.uk/spm/) for MATLAB®. It started with the removal of the first ten
volumes and subsequently included the following steps a) slice time correction; b) spatial
realignment; c) T1 co-registration to the mean functional image; d) CSF, gray and white matter
tissue segmentation, and spatial normalization using diffeomorphic anatomical registration
using exponential lie algebra (DARTEL) (Ashburner, 2007) for T1 images; e) regression of
nuisance variables; f) normalization to MNI space and resampling to an isotropic voxel size of
3 mm of the functional images using the parameters estimated by DARTEL (see supplementary
material S3 for a detailed description).

To reduce the influence of excessive head motion, participants exhibiting more than
3.0 mm of maximum movement and a 3.0-degree rotation angle were discarded. Further,
images were visually inspected after co-registration, segmentation, and normalization to
guarantee high quality. This included a specific focus on signal loss and artifacts in our regions
of interest (NbM, EC) by overlaying a ROl mask in standardized space; especially, the EC
represents a region that might often be affected by artifacts (Olman et al.,, 2009). For a
detailed description of the preprocessing steps, excluded participants, ROl definition, and
rsfMRI analyses for fALFF, ReHo, and the functional connectivity, see supplementary material

S3.
CSF biomarker

Alzheimer’s disease neuropathology includes the accumulation of AB resulting in plaques and
pTau leading to neurofibrillary tangles (Palmqvist et al., 2016; Shaw et al., 2009). To better
understand how both relate to functional degeneration in NbM and EC, we followed previous
studies (Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016) and used ADNI’s CSF
samples, produced with a fully automated Elecsys® protocol of AB and pTau from the first

measurement (t1). For each participant, we extracted AB 1-42 and pTaul81 values. Since the
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protocols by Elecsys® are still under development, the results are restricted to a specific
technical limit (>1700 pg/mL). Higher values were provided by extrapolation of the calibration
curve for research purposes only but not diagnostics. Further information on CSF draws and
analyses can be found at http://adni.loni.usc.edu.

Here, we analyzed both proteins by using a previously established ratio of pTau/AB,
which is known to highly concord with PET measures and clinical diagnoses (Hansson et al.,
2018; Schindler et al., 2018). Based on these findings, the standardized and cross-validated
cut-off of 0.028 was used to divide the participants into an abnormal (pTau/AB> 0.028) and a
normal (pTau/AB<0.028) CSF group (Fernandez-Cabello et al., 2020; Hansson et al., 2018;
Schindler et al., 2018). Importantly, no participant classified with Alzheimer’s disease had a
normal CSF ratio, but a few (n=10) participants classified with MCI did, which indicates an
unclear etiology. Nevertheless, we included them based on biological instead of a syndromal

grouping (Jack et al., 2018).
Neuropsychological assessment and clinical diagnosis

All participants underwent a comprehensive neuropsychological test battery. Here, t1 scores
are used, including validated memory (MEM) and executive function (EF), based on a
confirmatory factor analysis (Crane et al., 2012; Gibbons et al., 2012). Memory scores include
the Alzheimer’s disease Assessment Scale, Logical Memory test, Mini-Mental-State
Examination (MMSE), Rey Auditory Verbal Learning Test (RAVLT). EF scores are based on the
Category Fluency, Digit Span Backwards, Digit Symbol Substitution, Trails A and B, and the
Clock Drawing tests (Crane et al., 2012; Gibbons et al., 2012). We were also interested in the
Montreal-Cognitive-Assessment (MoCA), Sum of Boxes in the Clinical Dementia Rating Scale
(CDRSB) and the Alzheimer's Disease Assessment Scale Cognitive (ADAS-Cog 13) to get a
deeper understanding of the participants’ cognitive profiles (see below).

Furthermore, we included participants’ t1 diagnosis made by the ADNI Clinical Core:
cognitive normal (HC) (CDR=0, MMSE=24-30), mild cognitive impairment (MCI) (CDR=0.5,
MMSE=24-30), and Alzheimer’s disease (CDR=0.5-1, MMSE=20-26). These classifications
represent widely used cognitive and functional measures in clinical trials (Aisen et al., 2010,
2015; Weiner et al.,, 2017). Further information regarding diagnostic is available at

http://adni.loni.usc.edu.
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Participants

We included rsfMRI data from ADNI-GO/2 and ADNI 3 — but, importantly, only those that also
offered a subject's CSF draw (see below) temporally related to a rsfMRI acquisition (e.g., a
participant's screening MRI and baseline lumbar punction measurement). This measurement
served as t1 measurement in the analyses. To maximize the number of subjects, the second
measurement was selected after an interval of 1.5 years £12 months (t2) (Fernandez-Cabello
et al., 2020). Further details on inclusion and exclusion criteria for participating in ADNI are
available under http://adni.loni.usc.edu. In total, 153 participants for ADNI-GO/2 and 141 for
ADNI 3 (only basic rsfMRI version) fulfilled our inclusion criteria. However, a large proportion
had to be excluded mainly based on fMRI data quality (see supplementary material S3). Thus,
data from n=71 participants were analyzed, which could be further subdivided into those with
normal CSF (nCSF, n=37) and abnormal CSF (aCSF, n=34) values (Table 7.1).

Table 7.1 gives an overview of the participants' demographics, as well as information
on APOE4 genotype and harmonized CSF assay, and Table 7.2 shows the neuropsychological

test results at baseline (t1).
Ethics approval and consent to participate

Each center collecting data for ADNI provided an IRB (Institutional Review Board) approval
and meets ADNI's requirements. Informed consent was obtained from all ADNI participants
(for more information at http://adni.loni.usc.edu). The analyses presented here were
approved by the local Ethics Committee of the University of Libeck and carried out after
ADNI's recommendations including the approval of the manuscript before submitting to a

journal.
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Table 7.1. Participants' demographics and information on APOE4 genotype and harmonized

CSF assays
Normal CSF Abnormal CSF Test- )%/t

n (total)=71 37 34 x2=0.127, p=0.722
ADNI-GO/2 (n=44) /3 17/20 27/7 x?=8.420, p=0.004**
(n=27)
HC (n=32) / MCI (n=28)/ 27/10/0 5/18/11 x?=28.335, p<0.001***
AD(n=11)
Manufacturer 24/8/5 28/3/3 x?=2.959, p=0.228
Philips (n=52) / Siemens
(n=11) / GE (n=8)
Age 70.51 (6.23) 72.71(7.18) t=-1.376 p=0.173
Female (n=44) / Male 22/15 22/12 x?=0.207, p=0.649
(n=27)
Education (in years) 16.59 (2.44) 15.91 (2.25) t=1.222, p=0.226
Interscan interval
In months 22.03 (5.0) 18.74 (6.9) t=2.294 p=0.025*
In days 685.35 (151.15) 587.76 (210.43) t=2.227, p=0.03*

APOE 4 (0/1/2)

AB

pTau

28/8/1

1430.64
(521.29)
18.42 (4.83)

5/21/8

637.22 (187.1)

40.81 (17.76)

X2=27.224, p<0.001***

t=8.670, p <0.001***

t=-7.114, p<0.001***

Information of the final sample from ADNI-GO/2 and ADNI-3 grouped by CSF. Means and
standard deviation (SD) are represented and the respective t-test or chi-square test to

investigate possible group differences. Baseline clinical diagnosis: HC=cognitive normal;

MCl=mild cognitive impairment; AD=Alzheimer’s disease. Age and education were assessed
in years. APOE4 status: no allel / 1 allel / 2 allels. AB amyloid-B in pg/ml as concentration of
the amyloid-B 1-42 peptide. pTau=in pg/ml as CSF concentration of hyperphosphorylated tau.
*p<0.05, **p<0.01, ***p<0.001
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Statistical analyses

Mixed ANCOVA

Mixed ANCOVAs were carried out for all measures separately (i.e., fALFF, ReHo) to compare
baseline signals and the annual percentage signal change (APSC, see below) between regions
(NbM and EC as a within-subject factor) and CSF groups (normal and abnormal as a between-
subject factor). Covariates such as age, sex, education, ADNI cohort, and scanner
manufacturer were included to adjust for different scan protocols and other potential
scanner-related differences. All 2x2 (region x CSF group) mixed ANCOVAs were carried out in
IBM SPSS statistics version 25 (SPSS) with type Ill sums of squares, and within-subject effects

were interpreted without covariates (Schneider et al., 2015).
Linear regression of disease status based on CSF marker

To better understand the relationship between disease status and functional MRI properties,
CSF ratios (see section CSF biomarker) and functional MRI signals were considered in a linear
regression model in SPSS. The functional MRI signal served as dependent variable, and CSF
ratio as independent variable. The regression was run with the z-scored data. Subsequently,
the dependent overlapping correlations of NbM vs EC with CSF ratio were compared using

cocor (Diedenhof & Musch, 2015; Silver et al., 2004).
Robust regression

To minimize the influence of outliers, especially in the APSC, robust regression models were
carried out in MATLAB® R2020b with fitlm using the bisquare weight function with the default
tuning constant. The same covariates as for the mixed ANCOVA were included in the model.
Finally, the predictive models (NboM—>EC and EC->NbM) were tested for each CSF group
(normal and abnormal) and each functional property (fALFF and ReHo). The data was z-scored

before entering the analysis to ensure comparability of the APSC and baseline signal.
Moderation analyses of independent samples

Moderation analyses were carried out in SPSS using the PROCESS macro (Hayes, 2017) for
fALFF and ReHo investigating whether CSF group assignment moderates the spread
(NbM—>EC vs. EC>NbM) of functional degeneration. Here, CSF group was used as a

dichotomous moderator variable. For the construction of products mean-centering was
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applied, and the heteroscedasticity consistent standard error HC3 (Davidson-MacKinnon) was

applied.
Annual percentage signal change (APSC)

The following formula (Cavedo et al., 2017; Fernandez-Cabello et al., 2020) was used to assess
longitudinal APSC in fALFF and ReHo. It accounts for the days between both measurements

and minimizes the influence of differences between both measurements within a subject.

Change baseline (t2—t1) signal)) ( 365

APSC=( ) x 100

Baseline signal Interscan interval in days

Results

CSF grouping strategy and neuropsychological assessments

Based on the CSF grouping strategy, we investigated how aCSF and nCSF groups performed in
neuropsychological tests. For each test, one-way fixed effect ANOVAs were carried out with
CSF group as factor and age, sex, and education as covariates. As expected, the nCSF group is
less affected by cognitive impairment than the aCSF group (see Table 7.2).

Table 7.2. Neuropsychological test results at baseline, compared by CSF normal vs. abnormal

Neuropsychological | CSF groups (mean (SD)) F- value P- value
testing Normal Abnormal

MEM score 0.88 (0.6) -0.08 (0.97) F(1,66)=23.4 <0.001*
EF score 1.02 (0.76) -0.16 (1.1) F(1,66)=23.8 <0.001*
MMSE 29.08 (1.12) 25.82 (3.5) F(1,66)=23.35 <0.001*
ADAS-Cog 13 9.8 (4.8) 22.89(14.26) F(1,66)=26.82 <0.001*
CDRSB 0.3 (0.55) 2.63 (2.36) F(1,66)=34.73 <0.001*
MoCA 25.89 (2.34) 20.91 (5.72) F(1,66)=22.5 <0.001*
Clock drawing 4.76 (0.55) 4.03 (1.22) F(1,66)=8.73 0.004*

The mean values with standard deviation (SD) for normal vs. abnormal CSF groups. The
abnormal CSF group showed worse performance in all neuropsychological tests. MEM:
memory function score; EF: executive function score; MMSE: Mini-Mental State Examination;
ADAS-Cog 13: Alzheimer's Disease Assessment Scale- Cognition Subscale, 13 tasks; CDRSB:
Clinical Dementia Rating Scale; MoCA: Montreal-Cognitive-Assessment; Clock drawing: clock
drawing test

* significant after Bonferroni correction p<0.05/n (n=7 tests).
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Lower fALFF values at baseline in aCSF vs. nCSF in NbM but not EC

Baseline fALFF values were compared in NbM and EC further subdivided into CSF groups using
a 2x2 mixed ANCOVA. We found a main effect of CSF group (F(1,63)=7.943, p=0.006, partial
n?=0.112, Fig. 7.1B), that was driven by lower fALFF values in participants with abnormal CSF,
and a significant region x CSF group interaction (F(1,63)=4.623, p=0.035, partial n?=0.068, Fig.
7.1B), that was driven by a more pronounced fALFF reduction in the NbM. Post-hoc analyses
showed that a significant difference in fALFF between nCSF vs aCSF was only observed in NoM
(t(69)=3.141, p=0.002) but not EC (t(69)=1.856, p=0.068). There was no main effect of region
(F(1,69)=2.643, p=0.109, partial n?=0.037, Fig. 7.1B).

Annual percentage signal change in fALFF does not differentiate between CSF groups or

regions

We used a 2x2 mixed ANCOVA to investigate whether the longitudinal indices of APSC in fALFF
of the NbM and EC differentiated between CSF normal vs. abnormal groups. There was no
significant main effect of CSF group (F(1,63)=2.077, p=0.154, partial n?=0.032, Fig. 7.1C), or
region (F(1,69)=0.499, p=0.482, partial n?=0.007, Fig. 7.1C), and no significant group x region
interaction (F(1,63)=0.367, p=0.547, partial n?=0.006, Fig. 7.1C) in APSC fALFF.
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Figure 7.1. Regions of interests (ROls), baseline and follow-up signal, and annual percentage
signal change for fALFF. A) ROIs for the nucleus basalis of Meynert (NbM) (red) and entorhinal
cortex (EC) (blue) on a coronal slice of a T1-weighted standard brain template. Violin plots
representing the participants’ B) baseline fALFF signals at time point 1 (t1) and fALFF signals
at the follow-up measurement (t2) for normal CSF (n=37) and abnormal CSF (n=34). A mixed
ANCOVA revealed a main effect of CSF (F(1,63)=7.943, p=0.006) and a significant region x CSF
group interaction (F(1,63)=4.623, p=0.035). C) shows the participants’ annual percentage
signal change (APSC) in both regions again for normal CSF (n=37) and abnormal CSF (n=34).
For the APSC, the mixed ANCOVA did not reveal significant effects. The horizontal lines
represent medians and dotted lines interquartile ranges. *p<0.01.
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NbM's fALFF relates to CSF ratio

In a next step, we used linear regressions on baseline fALFF values from NbM and EC,
respectively, with CSF ratio as independent variable. It revealed a significant linear effect in
the NbM (R?=0.12, F(1, 69)=9.437, p=0.003, Fig. 7.2A) but not EC (R?>=0.031, F(1, 69)=2.206,
p=0.142, Fig. 7.2B). A direct comparison of both correlations (NobM vs EC, one-tailed, which
was justified by our a priori hypotheses) revealed a significant difference that was driven by a
more negative correlation in NoM compared to EC (z=-1,94; p=0.0262; 95% Cl: -0.3429 to
0.0015). Additionally, we analyzed both linear regressions independently for AB and pTau (Fig.
$3.1). It revealed significant effects in NbM (pTau: R?=0.057, F(1, 69)=4.19, p=0.044, Fig. S3.1A;
AB: R?=0.09, F(1, 69)=6.784, p=0.011, Fig. S3.1C) but not in EC (pTau: R>=0.022, F(1, 69)=1.556,
p=0.217, Fig. S3.1B; AB: R*=0.003, F(1, 69)=0.234, p=0.63, Fig. S3.1D).
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Figure 7.2. Linear regression for z-scored fALFF signal at baseline (t1) against z-scored CSF ratio
for nucleus basalis of Meynert (NbM). (A) and entorhinal cortex (EC) (B). For the sake of
visualization, the groups are plotted in different colors and shapes representing individual
data points, blue circle for HC (n=32), red square for MCl (n=28) and green rhombus for AD
(n=11). The linear regression was significant only in the NbM (A) (R*=0.120, F(1, 69)=9.437,
p=0.003) but not EC (B) (R?=0.031, F(1, 69)=2.206, p=0.142), indicating a region-specific
decrease in functional activity and proteinopathology.
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Baseline signal in NbM predicts annual percentage signal change in EC fALFF

To further address the temporal changes in Alzheimer’s disease progression, we examined
whether the baseline signal in one region predicts the APSC in the other region. Here, in a first
step, we used robust regression modeling for both competing models separately for nCSF vs.
aCSF. They revealed no significant effect for NboM—>EC in aCSF (R?=0.263, F(7, 26)=1.33,
p=0.277, Fig. 7.3A, Table S3.1), and no significant effect for NoM—>EC in nCSF (R?=0.296, F(7,
29)=1.74, p=0.138, Fig. 7.3B, Table S3.1). Similarly, there was no significant effect for
EC>NbM in aCSF (R?=0.137, F(7, 26)=0.587, p=0.76, Fig. 7.3D, Table S3.1), and no significant
effect for EC>NbM in nCSF (R?=0.175, F(7, 29)=0.88, p=0.534, Fig. 7.3E, Table S3.1).

In a second step, we analyzed both groups together by including CSF group in the two
competing regression models. Importantly, we observed a statistically significant effect for
the model NbM—>EC (R?=0.235, F(8, 62)=2.39, p=0.026, Fig. 7.3C, Table S3.1), with NobM as a
significant predictor of EC’s APSC (r=-0.3751, t(62)=-3.1445, p=0.003, confidence interval (Cl):
-0.6136 to -0.1366). The other regression model EC->NbM did not show a significant effect
(R%= 0.0884, F(8, 62)=0.751, p=0.646, Fig. 7.3F, Table S3.1). Replacing CSF as dichotomous
predictor by the continuous CSF ratio did not change the results (i.e. significant effects for the

model NoM—>EC, p=0.021, but not EC->NbM, p=0.466).
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Figure 7.3. Baseline signal in the nucleus basalis of Meynert (NbM) predicts annual percentage
signal change in the entorhinal cortex (EC) fALFF. Plots for robust regression models for
NbM->EC (A, B, C), and EC>NbM (D, E, F). X-axis indicates z-scores for baseline (t1) signal and
y-axis indicates z-scored APSC. There was a significant effect for NoM—=>EC (C, R?=0.235, F(8,
62)=2.39, p=0.026), with NbM as a significant predictor of EC’s APSC (r=-0.3751, t(62)=-3.1445,
p=0.003). There was no significant effect for EC>NbM (R?=0.0884, F(8, 62)=0.751, p=0.646).
Each data point represents an individual value. aCSF=abnormal CSF (n=34); nCSF=normal CSF
(n=37); CSF=CSF normal and abnormal included as a variable (n=71). *p<0.05. CSF group does
not moderate the relationship of NoM and EC in fALFF

Finally, we performed two moderation analyses. The first model included baseline
fALFF NbM as independent variable, fALFF EC APSC as dependent variable and CSF group as
moderator. The model was statistically significant (R?=0.2215, F(9,61)=3.4009, p=0.0019),
with a significant direct effect of NoM—2>EC (t(61)=-3.442, p=0.001), but, no significant
moderator effect (t(61)=0.4095, p=0.6836), which is in line with the robust regression analysis.

The second model included baseline fALFF EC as independent variable, fALFF NbM
APSC as dependent variable and CSF group as moderator. The model was not statistically
significant (R?=0.0965, F(9,61)=0.7857, p=0.6303), which, again, is in line with the robust
regression analysis.

The results for ReHo (Fig. S3.2A, S3.2B, S3.3, Table S3.2) and FC (Fig. S3.2C) can be

found in the supplementary material S3.
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Discussion

We investigated the functional properties of the human NbM and EC in relation to the disease
progression of Alzheimer’s disease based on longitudinal rsfMRI data and CSF markers of AB
and pTau. With a focus on fALFF, our data provide evidence that spontaneous local brain
activity in the NbM, but not EC, is reduced with CSF ratio, and, importantly, it predicts the
annual percentage signal change in the interconnected EC independently from
proteinopathology. As such, our findings extend previous anatomical studies in humans and
animals by providing novel physiological insights into the pathological staging model of
Alzheimer’s disease suggesting the NbM as an early origin for subsequently affected brain
regions possibly via a trans-synaptic mechanism.

Local spontaneous brain activity, as quantified by fALFF, was reduced in the NbM at
baseline in the abnormal CSF group (Fig. 7.1B), and there was a linear reduction in fALFF
activity with CSF-ratio (Fig. 7.2A). Importantly, both relationships were only observed in the
NbM but not in the EC (Fig. 7.2B), which further underlines that the NbM is specifically
vulnerable to Alzheimer’s disease progression. In fact, pTau and AB are two proteins that have
been associated with Alzheimer’s disease (Alzheimer’s Association, 2021) and the NbM is
particularly vulnerable to the early accumulation of pTau (Braak & Del Tredici, 2011, 2015;
Mesulam, 2004) and AB deposition (Baker-Nigh et al., 2015). This may be due to the fact that
cholinergic BF neurons have rather large axons and arbors reaching into the entire central
nervous system with high metabolic demands for maintenance, reparation, and
transportation (H. Wu et al.,, 2014). At the same time, simply due to their sizes, they are more
vulnerable to toxins (Mattson & Magnus, 2006), which may further promote disease
progression.

The pathological staging model suggests a structural degeneration spreading from the
NbM to the EC, which adds a crucial upstream link to Alzheimer's degeneration (Fernandez-
Cabello et al., 2020). Our functional data support such a view by showing that the NbM's
baseline fALFF signal predicted the APSC in the EC (Fig. 7.3C) but not the reverse (Fig. 7.3F).
Interestingly, this effect was independent of CSF status, which was further supported by the
absence of a moderating effect of CSF. While this is compatible with a specific spread from
NbM to EC, it also indicates that the putative functional consequences, namely changes in
neural activation, are unrelated to pTau and AB. This apparently differs from anatomical

changes from NbM to EC that were more pronounced in subjects with abnormal CSF
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(Fernandez-Cabello et al., 2020). From a physiological point of view, a trans-synaptic spread
of proteins between anatomically interconnected brain regions is possible and has been
shown in several animal studies. For instance, aggregates of tau can propagate from the EC to
other limbic regions, including the dentate gyrus and hippocampal CA fields, followed by
neocortical brain regions including the parietal cortex (de Calignon et al., 2012; Khan et al.,
2014; L. Liu et al., 2012; Walker et al., 2013). In vitro, this can be enhanced by neural activity
(J. W. Wu et al., 2016), which might help to explain why CSF status did not moderate the
relationship between NbM activity and longitudinal changes in EC activity in our study. While
this needs to be further investigated using larger and independent samples, our study is the
first to show in vivo in humans that a neural signal in NbM can serve as a predictive marker
for functional changes in the anatomically interconnected EC across healthy controls, MCls
and Alzheimer’s disease patients.

Although fALFF is a prominent marker of spontaneous local brain activity (Zou et al.,
2008; Zuo et al., 2010), only a limited number of studies used fALFF to investigate Alzheimer’s
disease. Importantly, previous work did not specifically focus on the NbM and EC but other,
typically larger brain regions. It showed, for instance, decreased fALFF signals in the bilateral
middle frontal and left precuneus in participants with positive AB (S.-M. Wang et al., 2021). In
preclinical Alzheimer’s disease, increases and decreases in fALFF were reported in the right
inferior frontal gyrus (S.-M. Wang et al., 2021; Zeng et al., 2019), and in prodromal Alzheimer’s
disease lower fALFF signals could be shown in the bilateral precuneus, right middle frontal
gyrus, right precentral gyrus, and postcentral gyrus. Finally, in Alzheimer’s disease fALFF was
increased in the right fusiform gyrus, MTL and inferior temporal gyrus, but decreased in the
bilateral precuneus, left posterior cingulate cortex, left cuneus and superior occipital gyrus
(Zeng et al., 2019). These partly divergent effects of fALFF associated with Alzheimer’s disease
might be explained by compensatory effects to maintain an adequate level of cognitive
performance (Zeng et al., 2019), and could be a functional hallmark of neural aging (Cabeza et
al., 2018) that needs further attention. Furthermore, since no significant effects in ReHo and
FC were detected (see supplementary material S3), fALFF seems to be a particularly sensitive
marker. Together, fALFF is highly sensitive to changes in neural activity associated with
Alzheimer’s disease even in rather small brain regions and therefore offers a useful marker in

future studies.
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Our analyses specifically focused on the functional properties of the human NbM and
EC but no other interconnected brain regions that, according to the pathological staging
model, follow the EC. These may include the parahippocampal cortex and hippocampal
structures, as well as the parietal cortex (de Calignon et al., 2012; Fernandez-Cabello et al.,
2020; Khan et al., 2014; L. Liu et al., 2012; Walker et al., 2013). Along these lines, we included
functional signals averaged from both hemispheres, which simplified our analyses, but it
neglected possible lateralization effects (Banks et al., 2018; H. Liu et al., 2018). The NbM is
most likely not the source of Alzheimer’s disease pathology. In fact, post-mortem histology
revealed the locus coeruleus as highly vulnerable to early degeneration even before the NbM
(Beardmore et al., 2021; Zarow et al., 2003). Here, we did not include the locus coeruleus in
our analyses since the rsfMRI data did not provide the necessary special resolution to extract
a reliable signal from this rather small brain region (Beissner, 2015).

Finally, ADNI is a large multicenter study offering a rich and unique dataset. This also
means that our rsfMRI data come from different MR scanners, possibly leading to a bias in
image quality and extracted signal. Therefore, we only included high-quality data based on
comparable protocols and within-subject measurements from the same scanner. We also
employed appropriate covariates in our statistical models, and differences in scanning
parameters (e.g., slice order or number of volumes) were accounted for during preprocessing
(Badhwar et al., 2020; Teipel et al., 2017). Further, our main findings are based on analyses
including a measure of APSC, which is robust against within-subject variability, e.g., because
of the MR scanner. Along these lines, another possibility of analyzing our data would be based
on the AT(N) framework, which includes markers of AB, tau (T) and neurodegeneration (N)
(Jack et al., 2018). However, this requires a much larger sample of subjects than n=71, since
at least three groups would need to be included (A-T-, A+T-, A+T+), and their distribution is
typically unbalanced (see, e.g., Zeng et al. 2022). Furthermore, the necessary cut-off values,
which are often based on PET but in some studies CSF, are not well defined (Jack et al., 2018).
Finally, we wanted to analyze our data as similar as possible to Ferndndez-Cabello et al. (2020)
in order to be comparable.

Functional activity in the human BF decreased with proteinopathology and predicted
the functional decline within the interconnected EC independent from CSF status. As such, our
findings extend the pathological staging model of Alzheimer’s disease by giving novel insights

into the functional properties of the underlying brain regions. From a more general
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perspective, fALFF appears to be a suitable marker to further investigate functional brain

changes associated with the progression of Alzheimer’s disease.
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8 General discussion

The aim of this thesis was to gain insights into the pathophysiology of AD progression.
Therefore, four specific goals, examined by, respectively, four individual studies, have been
formulated: investigating the exact nature of structural degeneration of the BF and
interconnected MTL in MCI and AD patients (study 1); examining the predictive value of
volumetric brain information (i.e., volume and thickness), socio-demographics, CSF, and
APOE4 genotype status for AD onset and progression (study 2); testing the hypothesis that
iron accumulations are a characteristic hallmark of AD and relate to cognitive decline (study
3); characterizing how functional activity markers in the BF relate to those in the EC depending
on CSF assays along the progression of AD (including HC, MCI, and AD) (study 4). In the
following, the findings of the respective studies (see sections 4-7) will be presented and
discussed, with subsequent integration from a more general perspective based on current

theories. Finally, implications and limitations with future directions will be elaborated.
8.1. Summary of findings

Based on our four studies, we could gain new insights into the underlying pathophysiology of
AD progression. In study 1 (Mieling, Meier, et al., 2023), using a coordinate-based VBM meta-
analytic approach on 54 experiments and 2581 subjects, GM volume reductions in the
cholinergic BF's NbM and MTL were compared between HC and MCI, as well as HC and AD.
The meta-analyses revealed decreased GM in the bilateral BF's NbM in AD compared to HC.
However, limited evidence was found for GM reductions in MCl compared to HC. Both MClI
and AD patient groups showed less GM in the amygdala and hippocampus, with possibly more
pronounced effects in the amygdala in AD.

In study 2 (Mieling, Yousuf, et al., 2023), volumetric brain information (i.e., volume and
thickness), socio-demographics, CSF assays (pTau/AB), and genotype information were
analyzed using an XGBoost ML algorithm to classify cross-sectionally HC, MCI, and AD patients
(n=568) and determine which factors best detect diagnostic states. Moreover, classifications
were made within a longitudinal design on HC-to-MCl-converters and HC remaining stable
(n=92) as well as MCI-to-AD-converters and MCI remaining stable (n=378), aiming to identify
relevant features for the disease progression. The analyses achieved a global accuracy of 70-
77%, and precision of 61-83%. The most important features were CSF status, hippocampal

volume, EC thickness, and amygdala volume with a clear dissociation: while the hippocampus
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contributed to the conversion from healthy aging to MCI, the EC played a more prominent
role in the conversion from MCI to AD.

In study 3 (Mieling et al., 2024), using a meta-analytical approach on 22 in vivo MRI
experiments encompassing 1789 individuals, iron accumulation in the basal ganglia (putamen,
globus pallidus, nucleus caudate), thalamus, and hippocampus in AD compared to HC was
examined. Increased iron levels were found in the basal ganglia, with the strongest effect in
the putamen, followed by the nucleus caudate. Notably, only the iron accumulation in the
globus pallidus was negatively correlated with MMSE performance in AD.

In study 4 (Mieling, Gottlich, et al.,, 2023) resting-state activity markers of local
spontaneous brain activity, specifically fALFF, were investigated using longitudinal data (at
baseline and two years later) based on CSF assays from ADNI (n=71). Two ROI analyses
revealed a difference between normal and abnormal CSF at baseline in the NbM but not EC.
Moreover, the local activity in the NbM linearly decreased, corresponding to the CSF ratio
(pTau/AB), mirroring the disease progression. Finally, the baseline fALFF signal in the NbM
predicted the annual percentage signal change of fALFF in the EC, but not vice versa, and
independent of CSF status.

Gaining an understanding of the pathophysiological changes of AD progression
requires considering both structural and functional brain alterations. This is particularly
relevant given that structural degeneration is associated with neural compensation
throughout adulthood (see Bunzeck et al. (2024) for an overview). Therefore, in the following,

the findings of our four studies will be linked and discussed in the context of current theories.
8.2. Early degeneration of the basal forebrain’s nucleus basalis of Meynert

The pathological staging model postulates that degeneration of the NbM occurs early
and precedes the degeneration of the EC, which is associated with proteinopathies
(Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016). However, our understanding
remains limited and there is a lack of structural meta-analytic and functional evidence.
Therefore, study 1 focused on investigating the exact nature of structural degeneration of the
BF and interconnected MTL in patients with MCl and AD, using a meta-analytic approach. The
results revealed GM volume reductions in the NbM in AD, supporting the notion of
degeneration in this region. Interestingly, while decreases in GM volume in the EC have been
revealed in previous studies (e.g., Fernandez-Cabello et al., 2020), these were only partly

observed in AD and were absent in MCI, suggesting that degeneration in the NbM precedes
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degeneration in the EC. Based on these structural findings, study 4 aimed to characterize how
functional activity markers in the BF relate to those in the EC depending on CSF assays along
the progression of AD (including HC, MCI, and AD). Remarkably, the local activity of the NbM
linearly decreased with CSF assays. Moreover, it predicted the annual percentage signal
change in the EC, not vice versa, independent of CSF status. Therefore, our results from study
4 extend the pathological staging model to a functional level, supporting the link between
proteinopathies and the NbM, as well as the spread of degeneration from NbM to EC. As such,
our results emphasize the crucial role of the BF's NbM in AD, demonstrating both structural
degeneration and functional alterations in this region.

Despite the evidence for the pathological staging model, our data also revealed limited
support. Specifically, in study 1, we would have expected a reduction in GM volume in the
NbM during earlier stages of AD, such as MCI, but this was only minimally observed. This
discrepancy might be attributed to methodological reasons, as further addressed in the
study’s discussion (see section 4). In essence, the small number of included experiments in
the comparison HC vs. MCI might lead to a lack of power and possibly limited spatial effects
to a smaller portion of the NbM might not be detectable. Consequently, more precise
microstructural MRI measures, such as multiparameter mapping (Leutritz et al., 2020), ideally
combined with larger samples might address these methodological limitations.

Previous observations have shown that the spread of degeneration from NbM to EC is
more pronounced in individuals with abnormal CSF and further moderated by CSF assays
(Fernandez-Cabello et al., 2020). While study 1 did not include CSF assays due to missing data,
the findings from study 4 revealed that the prediction of neural activity from NbM'’s baseline
signal to EC’s annual percentage signal change is unrelated to pTau and AB. A possible
explanation might be that the trans-synaptic spread of proteins between anatomically
interconnected brain regions can be enhanced by neural activity as shown in vitro (J. W. Wu
et al., 2016). Future studies with larger and independent samples need to investigate this
further.

Considering that in study 1 no longitudinal data was available, and in study 4, we
focused exclusively on the NbM and EC, future studies should explore longitudinally how the
degeneration spreads across the entire brain. This includes examining the spreading from the
EC to more cortical regions, as suggested by the pathological staging model (Fernandez-

Cabello et al., 2020). Moreover, the NbM is unlikely to be the origin of AD pathology. For
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instance, post-mortem histology has shown that the locus coeruleus represents an early
vulnerability to degeneration before the NbM (Beardmore et al., 2021; Zarow et al., 2003).
Due to the limited rsfMRI resolution in our study (Beissner, 2015), the locus coeruleus was not

analyzed. This underscores the need to focus on that region in the future.
8.3. Bridging the amyloid and cholinergic hypotheses

A recent review article (Berry & Harrison, 2023) highlighted the importance of bridging the
amyloid and cholinergic hypotheses (see section 2.2.2). While the pathological staging model,
supported by both our structural and functional findings mentioned above, contributes to
establishing such a connection by focusing on subsequent degenerative events from the BF’s
NbM to the EC related to proteinopathies, there is still a need to integrate both hypotheses
(Berry & Harrison, 2023). Therefore, in the following, our findings will be addressed in the
context of both the cholinergic and amyloid hypotheses.

Aiming to investigate the predictive value of volumetric brain information (i.e., volume
and thickness), socio-demographics, CSF, and genotype for AD onset and progression, the
results from study 2 emphasize the importance of the MTL brain regions in AD, supporting the
amyloid hypothesis. Specifically, in the cross-sectional classification of HC, MCI, and AD,
hippocampal volume and EC thickness were identified as relevant features, with decreases in
the measures resembling the disease progression (Kulason et al., 2020; Maruszak & Thuret,
2014). The longitudinal classifications revealed a dissociation of MTL regions, indicating that
the hippocampus contributes to the conversion from HC to MCI, while the EC plays a pivotal
role in the conversion from MCI to AD. These findings are only partly compatible with the
amyloid hypothesis, assuming a spread from the transentorhinal and EC to the hippocampus
and more cortical with disease progression (Braak & Braak, 1991; Corder et al., 2000;
Duyckaerts et al., 1990; Jack et al., 2018; Jagust, 2018). Despite potential methodological
limitations, such as a limited number of participants impacting this finding (further discussed
in section 5), future longitudinal research on these brain regions is needed to exhibit the
underlying mechanisms.

Supporting the cognitive consequences resulting from a spread of proteinopathology
(Jack et al., 2018; Jagust, 2018) as proposed by the amyloid hypothesis, HC-converters showed
significantly worse memory functioning (MEM) compared to HC-stable, aligning with the
finding of reduced hippocampal volume in HC-converters. This result is thoroughly reviewed

in the discussion section of study 2. Concisely, healthy older adults who later developed MCI
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showed lower grey matter volume, particularly in the hippocampus, together with lower
scores in several cognitive tests. Although based on our data, it remains inconclusive whether
structural degeneration precedes cognitive decline, as suggested before (Jack et al., 2018; Jack
& Holtzman, 2013), hippocampal volume and cognitive abilities can offer noteworthy
biomarkers for predicting MCI in cognitively healthy older adults.

Studies 1 and 2 highlight the crucial role of the degeneration of the hippocampus and
amygdala in the progression of AD, aligning with previous studies (e.g., Y.L. Rao et al., 2022;
Stouffer et al., 2024). It was shown that the hippocampus and amygdala were affected by GM
volume reductions in MCl and AD, with presumably stronger reductions in the amygdala in AD
(study 1). Additionally, the hippocampal volume was highly relevant in classifying HC, MCI,
and AD cross-sectionally and, as already discussed above, in the longitudinal classification of
HC-converters and HC-stable. When classifying MCl-converters and MCl-stable longitudinally,
the amygdala emerged as the second most important feature without CSF and the third most
relevant feature with CSF included (study 2). These findings suggest that the amyloid and
cholinergic hypotheses may be linked. Both regions are affected by the trans-synaptic
spreading of proteinopathies as suggested by the amyloid hypothesis (Braak & Braak, 1991;
Corder et al., 2000; Duyckaerts et al., 1990; Jack et al., 2018; Jagust, 2018), and both receive
cholinergic input, which underlines the involvement of the BFCS. While the hippocampus
receives a high density of cholinergic axons from the medial septum and vertical diagonal band
nuclei (Chl and Ch2) (Mesulam et al., 1992; Mesulam & Geula, 1988), the amygdala is
innervated from the NbM (Ch4) (Mesulam et al., 1983). This aligns with previous studies
indicating that BF atrophy is selectively associated with atrophy in their target regions,
including the hippocampus and the amygdala (Cantero et al., 2016, 2020). Thus, degeneration
of the BF, specifically here, the NbM, may lead to a spread and acceleration of the AD
pathology (Fernandez-Cabello et al., 2020; Schmitz & Spreng, 2016). It is important to note
that we focused solely on the NbM due to its early vulnerability to AD. However, including the
other BFCS nuclei, such as Chl and Ch2, could provide further insights into their roles in AD
progression and enhance the understanding of the disease.

The BFCS is interconnected with other subcortical systems beyond the cholinergic
innervations to the MTL and amygdala, for example, the noradrenergic locus coeruleus,
serotonergic dorsal raphe nucleus, and the dopaminergic substantia nigra/ventral tegmental

neurons (Bari et al.,, 2020; Gaykema & Zaborszky, 1997; Halberstadt & Balaban, 2008;
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Hornung, 2003; Rho et al., 2018; Zaborszky & Cullinan, 1996). These interconnections may
influence the spread of AD pathology, while AD pathology itself may impact these
interconnections (Berry & Harrison, 2023). As such, the dysfunction of one brain region may
cascade across interconnected regions, contributing to the complexity of AD pathology and
underlining the relevance of both the cholinergic and amyloid hypotheses (e.g., Fernandez-
Cabello et al., 2020; Schmitz et al., 2018; Schmitz & Spreng, 2016). Therefore, future work
should focus on exploring the intricate interplay between these brain regions and their
associated neurotransmitter systems in the context of AD pathology.

The BF was not included in study 2 because the focus was on the 2010 Desikan-Killiany
atlas (Desikan et al., 2006). Therefore, no conclusions can be drawn regarding the contribution
of the NbM. This aspect can be addressed in subsequent studies that incorporate the
structural information of the NbM in their analyses. It would be relevant to explore further
the overlap between the cholinergic and amyloid hypotheses, including investigating the
bidirectional effects of proteinopathies and degeneration in the BF and MTL regions. For
instance, longitudinal investigations could provide insights into shared characteristics of the
BF and MTL regions, such as the hippocampus (Berry & Harrison, 2023). Furthermore, since
NbM'’s local activity represents a promising marker for detecting functional brain changes
associated with AD pathology (study 4), and considering that incorporating various features
such as clinical, cognitive, genetic, PET, and CSF status has been demonstrated to increase
model accuracies (Vieira et al., 2017), it would be beneficial to replicate the analyses of study
2, with additional features (e.g., functional MRI, PET, and cognitive markers) on larger
samples. This approach could offer increased statistical power and give a deeper
understanding of the observed brain changes. In summary, our functional and structural
results suggest a link between the cholinergic and amyloid hypothesis, emphasizing the

vulnerability of the BF and MTL regions to AD pathology.
8.4. Insights into biomarker-based classification of Alzheimer’s disease

The pathological staging model and the cholinergic as well as amyloid hypothesis are based
on findings from various biomarkers, which have become increasingly important in AD
research and diagnosis (Jack et al., 2016). A current approach to integrating biomarkers
represents the AT(N) framework (Jack et al., 2018) (see 2.2). From a broader perspective, our
findings not only support such a classification system but further highlight the relevance of

neurodegeneration biomarkers, the (N) component, which will be discussed in the following.
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It is important to note that the (N) component presents certain limitations. Unlike
components A and T, it is less clear to what extent neurodegeneration can be attributed to
AD or other comorbid conditions. Therefore, (N) has been placed in parenthesis (Jack et al.,
2018). As such, there is a need for investigations into the (N) component's implications for AD
diagnosis and treatment.

Our cross-sectional and longitudinal analyses in study 2 underscore the importance of
the proteinopathies AB and tau, corresponding to the categories A and T in the AT(N)
framework. In the classification of HC, MCIl and AD, CSF information emerged as the most
relevant feature, consistent with previous studies indicating that CSF biomarkers can
outperform other features obtained from structural MRI, PET and APOE (Gupta et al., 2019; L.
Xie et al., 2023), capturing distinct biochemical aspects of AD pathology (Vemuri et al., 2009)
and providing complementary information to structural MRI measures (Gupta et al., 2019).
This might lead to preceding abnormalities in CSF biomarkers, specifically AB, before
neurodegeneration, including structural MRI changes and cognitive impairment (Jack et al.,
2018; Jack & Holtzman, 2013). Hereby, blood plasma biomarkers have gained importance,
especially due to their less invasive nature compared to CSF drawings (Delaby et al., 2022). It
was shown that cognitive performance correlates with plasma biomarkers, particularly pTau,
underlining that blood plasma represents a valuable tool to facilitate data acquisition. Thus,
utilizing blood plasma instead of CSF drawings may be advantageous in future studies (Toniolo
et al., 2024).

In the longitudinal analysis of study 2 investigating MCl-converters and MCl-stable, the
EC remained the most relevant feature in the prediction when the CSF status was included.
The CSF assays served as the second predictive feature, which could have critical clinical
implications considering that MRI is less invasive than CSF drawings. From a physiological
perspective, the EC atrophy might be stronger than the accumulation of Ap and pTau captured
with CSF in disease development. In broader terms, while proteinopathologies might be
predominant in earlier AD stages, neurodegeneration of the EC can occur in the following
conversion from MCI to AD, supported by the AT(N) framework (Jack et al., 2018). However,
it should be noted that the ML approach combines features, leading to accurate classifications
rather than comparing their effects individually. Such a comparison, preferably in longitudinal

designs, could be addressed in subsequent work.
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Besides alterations in GM and thickness as well as local activity, iron measured using
MRI has gained relevance as a potential biomarker for neurodegeneration (Ficiara et al.,
2021), but meta-analytic evidence from in vivo imaging studies is missing. Therefore, using
meta-analyses, study 3 tested the hypothesis that iron accumulations are a characteristic
hallmark of AD and relate to cognitive decline. Our findings of iron accumulations in the basal
ganglia, along with the observed negative correlation between increased iron levels in the
globus pallidus and cognitive performance in AD, support the notion that iron is a hallmark of
AD and closely related to cognitive function. This implies that iron serves as a crucial indicator
of neurodegeneration in AD, extending the (N) component within the AT(N) framework. The
globus pallidus is a central element of the substantia nigra (SN)/ventral tegemental area (VTA)
hippocampus loop, relevant for modulating dopamine (DA) release in response to novelty,
thereby influencing memory formation and encoding new information into long-term
memory (Lisman et al., 2011; Lisman & Grace, 2005). While iron is essential for DA synthesis
(Zecca et al., 2004), an excessive deposition can lower DA production (Hare & Double, 2016;
Zecca et al., 2004). For instance, it was shown that excessive iron accumulation can lead to
cognitive impairment in healthy older adults (Biel et al., 2021; Steiger et al., 2016). Therefore,
the accumulation of iron within the bilateral pallidum may disrupt the loop, resulting in
declarative learning and memory impairments, suggesting a link between iron levels in the
basal ganglia and disruptions in the dopaminergic system.

The dopaminergic system, including the SN/VTA, receives cholinergic projections that
modulate its activity via muscarinic and nicotinic receptors (Futami et al., 1995; Oakman et
al., 1995). For instance, in rat models, the nonselective muscarinic antagonist scopolamine
enhanced dopamine release into the striatum (Chapman et al., 1997; Miller & Blaha, 2004),
while cholinergic agonists diminished it (Miller & Blaha, 2004). In humans, during novelty
processing, the dopamine precursor levodopa and the AChE inhibitor galantamine altered
hemodynamic activity in the SN/VTA and MTL (Bunzeck et al., 2014). Therefore, the
dopaminergic and cholinergic systems are closely related (e.g., Mark et al., 2011; Threlfell et
al., 2012). Our findings, as previously discussed, support the role of the BFCS in the spread of
degeneration across interconnected brain regions, such as the MTL and amygdala, within the
progression of AD. This mechanism could also extend to the globus pallidus via dopaminergic
pathways, suggesting that alterations in the BFCS (studies 1 and 4) could potentially impact

the iron levels within the basal ganglia (study 3). More specifically, compromised cholinergic
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function could exacerbate iron dysregulation through its connections to the dopaminergic
system. Understanding the complex interplay among iron accumulation, the dopaminergic
system, and the BFCS is crucial for gaining insight into the pathophysiology of AD and
developing therapeutic targets, highlighting the need for further research to explore these
interactions more thoroughly.

Beyond the basal ganglia, the meta-analysis within study 3 revealed significant effects
in the hippocampus and the thalamus, indicating higher iron levels in AD compared to HC.
However, these effects were partly inconsistent, and a publication bias was observed for both.
To better understand the involvement of the hippocampus and thalamus, as well as other
brain regions that might be affected by elevated iron levels, future studies should focus on
larger datasets investigating the whole brain instead of ROls and use longitudinal designs to
detect changes in disease progression. Previous work has demonstrated that iron
accumulation co-localizes with AD pathology (Ayton et al., 2020; Bulk et al., 2018; Spotorno
et al.,, 2020; Van Bergen et al.,, 2018; Van Duijn et al., 2017). Additionally, iron promotes
oxidative stress and facilitates the aggregation of AP peptides. Both iron and oxidative stress
are assumed to be mediators of AB-toxicity (Rottkamp et al., 2001). Considering this, future
work could be based on the AT(N) framework, allowing a more precise exploration of changes
iniron levels.

The central role of volumetric changes in the BF (study 1), and MTL brain regions (study
1 and 2) with AD progression highlights the importance of the neurodegeneration component
in the AT(N) framework. Moreover, our studies expand upon the framework by emphasizing
the crucial involvement of the amygdala (studies 1 and 2). This aligns with previous research
indicating an early structural degeneration of the amygdala in AD (Kilimann et al., 2014;
Planche et al., 2022; Poulin et al., 2011; da Silva Filho et al., 2017) and suggests this region as
a potential imaging biomarker, further supported in a recent review article (Stouffer et al.,
2024). Therefore, future research may benefit from focusing on the amygdala and its putative
role in AD diagnosis and progression. Additionally, our findings suggest that iron
accumulations in the basal ganglia could be explored as an emerging biomarker in following
studies. Besides the structural findings, functional local alterations also appear promising for
AD research, as observed in study 4, which might be regarded in the future by applying the

AT(N) framework. Finally, the (N) component offers crucial pathologic staging information,
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supported by our results based on structural MRI (studies 1-3), emphasizing the necessity of

including the (N) in the categorization of AT(N) and investigating it further in future studies.
8.5 Further implications

Considering all four studies, we observed that structural and functional changes occur along
the progression of AD in various brain regions. This supports the notion that structural and
functional MRI can serve as relevant biomarkers for detecting AD changes. Moreover, our
findings align with previous studies demonstrating the importance of structural MRI and
rsfMRI for diagnosing MCl and AD (e.g., Ju et al., 2019; Khatri & Kwon, 2022; Van Maurik et
al., 2017). Given that MRI is a non-invasive technique, it allows repeated measurements to
monitor the disease progression without negative consequences for the patient. This offers a
valuable tool for the early detection and tracking of AD, which is crucial for clinicians in
providing appropriate individual treatment for patients (Dubois et al., 2023).

Our focus on structural and functional brain changes in AD offers novel insights into
the disease’s underlying mechanisms, which is particularly important for developing effective
therapeutic approaches. Current anti-AD drugs slow cognitive decline and postpone AD’s
onset but do not offer a cure (Peng et al., 2023). Detailed information on current drug
treatment and its advances can be found elsewhere (Briggs et al., 2016; Conti Filho et al.,
2023). Our findings suggest an early degeneration of the NbM, the largest cholinergic nuclei
within the BF (Mesulam & Geula, 1988), that may provoke disrupted cholinergic signaling. This
supports the relevance of treatments with AChE inhibitors (Sharma, 2019). Interestingly,
previous studies provided hints towards structural and functional differences associated with
AChE inhibitors (e.g., Blautzik et al., 2016; Goveas et al., 2011; P. Mller et al., 2021; Richter
et al., 2018), indicating a link between ACh pathology and functional as well structural
alterationsin AD. However, it isimportant to note that AChE inhibition drugs showed a modest
symptomatic benefit (Mohammad et al., 2017) of cognitive decline with side effects for the
patients (Briggs et al., 2016; Mohammad et al., 2017), emphasizing the need for further
development. Here, our results may help to shape future investigations by showing the
relevance of the BF and the utility of MRI in detecting changes due to AD.

The importance of CSF assays for diagnostic classification and decreasing NoM activity
with disease progression, as observed by our studies, supports the advances of anti-AB drugs
as well as anti-tau drugs, addressing their production, preventing deposition, and accelerating

their clearance (Peng et al., 2023). Although the efficacy of drugs targeting AR and tau in AD
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has been limited (Briggs et al., 2016; Conti Filho et al., 2023), understanding the impact of A
and tau pathology on FC and brain atrophy in the early stages of the disease could inform
future drug trials. Furthermore, our findings highlight iron as a hallmark of AD, suggesting
further investigation into iron chelation therapy that focuses on the reduction of iron overload
(see Mobarra et al. (2016) for an overview). Cell culture studies have shown promising findings
demonstrating that an iron chelator reduces APP (Avramovich-Tirosh et al., 2007; Reznichenko
et al., 2006). However, clinical evidence requires deeper investigation (Crichton et al., 2019),
which could be facilitated through iron-sensitive MRl monitoring.

Previous findings indicated that single-target drugs (e.g., AChE inhibitors) focusing on
a single pathology could not effectively treat AD (Mohammad et al., 2017). Consequently,
there is a need to investigate multi-target drugs that address multiple symptoms of AD (Peng
etal., 2023). Our findings support the potential of multi-target drugs, as indicated by observed
MRI alterations associated with the BFCS, AB, pTau, and iron. Finally, future research needs to
investigate the extent to which MRI changes are associated with therapeutic approaches and

cognitive performance.
8.6 Limitations

Our studies demonstrate several strengths, including the use of multiple powerful approaches
such as meta-analyses (V. I. Miiller et al., 2018), ML based classification (Franciotti et al.,
2023), and the extensive database ADNI. These are based on elaborated and reviewed
measurements, large sample sizes, various MRl measurements and markers, CSF drawings,
and longitudinal assessments of AD progression. Moreover, our studies address the need to
investigate the overlap of the cholinergic and amyloid hypothesis as well as the underlying
neuronal mechanisms of the onset and progression of AD that are not fully understood (e.g.,
Berry & Harrison, 2023). Despite these strengths, it is crucial to acknowledge certain
limitations that need to be considered in future work. While the study-specific aspects have
been presented in their respective sections (4-7), the following section will discuss the main
limitations that apply to all.

The studies included in this thesis independently examined structural and functional
changes using different methodologies and samples. Therefore, we cannot conclude their link
with AD progression. Since we observed both types of changes along the progression of AD,
there might be a correlation in the specific brain regions. This is supported by a recent multi-

modal meta-analysis that identified overlapping functional and structural alterations in the
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posterior cingulate gyrus/precuneus and parahippocampal gyrus in AD (Tang et al., 2024).
Notably, functional changes were observed preceding structural changes (Johnson et al.,
2012; Sperling, 2011; Warren & Moustafa, 2023) and compensating for them (see Bunzeck et
al. (2024) for an overview). However, the exact interrelationship between both is not well
understood. Future studies may combine both to gain a deeper understanding of the
relationship during the progression of AD.

We exclusively focused on the study-specific modalities (i.e., brain volumetric
information, iron accumulation, and local activity), but other sensitive biomarkers for AD, such
as PET or DTl were not included (Chapleau et al., 2022; Esrael et al., 2021). Different modalities
might capture distinct aspects of AD pathology and offer a more comprehensive
understanding of the pathophysiology (J. Kim et al., 2022). Along these lines, it has been
revealed that the combination of MRI with other biomarkers, such as PET and cognitive tests
improves the diagnostic accuracy of MCl and AD (Aberathne et al., 2023; Odusami et al., 2023).
Therefore, future studies should focus on combining MRI with other techniques using a
multimodal approach to investigate the role of BF, MTL, and basal ganglia in AD. Here,
adopting a longitudinal design might be beneficial for understanding the underlying
mechanisms driving AD progression.

Subsequent studies might investigate structural and functional changes based on the
AT(N) framework (Jack et al., 2018). While participants in studies 1, 2, and 3 were included
based on their clinical diagnosis, and in study 4 based on their CSF status, utilizing the AT(N)
framework could allow a more detailed investigation (Jack et al., 2018). The reasons the AT(N)
framework was not chosen in our studies are brief: in most of the included original studies the
AT(N) markers were not assessed (studies 1 and 3), the number of subjects was limited
(studies 2 and 4), the groups (A-T-, A+T-, A+T+) show typically unequal distributions (see, e.g.,

Zeng et al. (2022)), cut-off values are inadequately defined (Jack et al., 2018) (all four studies).
8.7 Conclusion

The findings presented in this thesis offer novel insights into the pathophysiology of
AD, emphasizing the central role of the BF, MTL, and basal ganglia in AD progression. Our
investigation revealed structural and functional alterations in the cholinergic BF's NbM and
interconnected MTL, supporting an early degeneration of the NbM followed by the EC.
Importantly, our results suggest a novel dissociation regarding the disease progression: the

hippocampus seems particularly relevant for the progression from HC to MCI, while the EC is
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prominent for the conversion from MCI to AD. Additionally, iron accumulation, particularly in
the basal ganglia, was identified as a hallmark of AD, associated with cognitive impairment.
These findings suggest a potential complex interplay of structural and functional alterations
in the BF, MTL, and basal ganglia along AD progression. Future studies should further explore
this relationship as well as possible underlying pathological mechanisms. Longitudinal

multimodal studies may present a promising approach to address this.
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Supplementary Material S1: Structural degeneration of the nucleus basalis of
Meynert in mild cognitive impairment and Alzheimer’s disease — Evidence

from an MRI-based meta-analysis

This supplementary material corresponds to study 1 (see section 4). It has been formally
integrated into the dissertation’s style for consistency. The content corresponds to the

following publication:

Mieling, M., Géttlich, M., Yousuf, M., & Bunzeck, N. (2023). Basal forebrain activity predicts
functional degeneration in the entorhinal cortex in Alzheimer’s disease. Brain

Communications, 5(5), fcad262. https.//doi.org/10.1093/braincomms/fcad262



Appendix

169

Table S1.1. Checklist for Neuroimaging Meta-Analyses after Miiller et al. (2018).

The research question was specifically defined

YES, and it includes the following contrasts:
1) HC>MCI
2) HC>AD

The literature search was systematic

YES, it included the following search criteria in
the BrainMap database:

HC>MCI ALE meta-analysis

1) Experiments contrast is gray matter

2) Experiments context is disease

3) Experiments observed changes is
control>patients

4) Subjects diagnosis is mild cognitive
impairment

5) Subjects diagnosis is not dementia

HC>AD ALE meta-analysis

1) Experiments contrast is gray matter

2) Experiments context is disease

3) Experiments observed changes is
control>patients

4) Subjects diagnosis is Alzheimer’s
disease

5) Subjects diagnosis is not
frontotemporal dementia

6) Subjects diagnosis is not Lewy body
dementia

7) Subjects diagnosis is not Parkinson’s
disease

8) Subjects diagnosis is not behavioral
variant frontotemporal dementia

9) Subjects diagnosis is not non-aphasic
frontotemporal dementia

Detailed inclusion and exclusion criteria were
applied

YES, see Table 4.1 for more information.

Sample overlap was taken into account

YES, experiments were carefully checked
regarding the inclusion of possible analysis
including subgroups of MCl or AD.

All experiments use the same search overage
(state how brain coverage is assessed and how
small volume corrections and conjunctions are
taken into account)

YES, the search coverage was the following:
- Only whole-brain coverage
- ROl studies were excluded

Studies are converted to a common reference
space

YES, using the following conversion:

- Sleuth’s implemented automated tool
of using the icbom2tal conversion
(converting reported Talairach
coordinates to MNI coordinates).

The study protocol and all analyses was planned

beforehand, including the methods and

YES,
1) Any non-planned analyses are clearly
stated as post-hoc in the paper.
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parameters used for inference, correction for
multiple testing, etc.

2) The meta-analysis used the default
methods and parameters of the
software.

The meta-analysis includes diagnostics

YES, the following:
Mild cognitive impairment and Alzheimer’s
disease
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Table S1.2. Overview of included studies for the contrast HC > MCI. Abbreviations: aMCl: amnestic type mild cognitive impairment; HC: healthy

controls.
Title, authors & date of publication Groups, mean age, sample size Included Statistical threshold MRI field
experiment / and thresholding strength,
contrast method reference space,
analysis software
White Matter Damage in Alzheimer Disease | aMCl, 70 years, n = 15 HC > aMClI p <0.001 15T
and Its Relationship to Gray Matter Atrophy
(Agosta et al., 2011) HC, 70 years, n = 15 Cluster-wise corrected | MNI
for multiple
comparisons SPM5
Default-mode network activity distinguishes | aMCl, 71 years, n = 20 HC > aMClI p <0.05 15T
amnestic type mild cognitive impairment
from healthy aging: A combined structural HC, 69 years, n =20 Voxel-wise corrected | Talairach
and resting-state functional MRI study for multiple
(Bai et al., 2008) comparisons SPM5
Profile of memory impairment and gray aMCl unimpaired in a visual HC > aMClI p <0.05 15T
matter loss in amnestic mild cognitive recognition memory test (DMS48), 72 | (unimpaired &
impairment (Barbeau et al., 2008) years, n =12 impaired FDR corrected for Talairach
performance) multiple comparisons

aMCl impaired in a visual recognition SPM2

memory test (DMS48), 67 years, n =

16

HC, 63 years, n =28
Differential cortical atrophy in subgroups of | aMCI converters to AD during follow- | HC > MCI (MCI-A p <0.001 15T
mild cognitive impairment up, 76 years,n=4 converters, MCI-A
(Bell-McGinty et al., 2005) non-converters, MNI

MCI-MCD
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aMCI non-converters during follow- converters, MCI- SPM99
up, 72 years,n=5 MCD non-

converters)
MCI-MCD (multiple cognitive domain)
converters during follow up, 71 years,
n=10
MCI-MCD (multiple cognitive domain)
non-converters during follow up
(ICD: G31.84),72 years, n =18
HC, 67 years, n =47
The contribution of voxel-based MCI converters to AD, 71 years, n = HC > MCI converters | p <0.001 15T
morphometry in staging patients with mild 14
cognitive impairment (Bozzali et al., 2006) MNI
HC, 66 years, n =20
SPM2
The contribution of voxel-based MCI non-converters to AD, 71 years, n | HC > MCl non- p <0.001 15T
morphometry in staging patients with mild =8 converters
cognitive impairment (Bozzali et al., 2006) MNI
HC, 66 years, n =20
SPM2
Cerebral perfusion correlates of conversion Non-converters aMCl, 71 years, n = 14 | HC > Non-converters | p < 0.001 10T
to Alzheimer's disease in amnestic mild aMCl to AD
cognitive impairment HC, 69 years, n=17 MNI

(Caroli et al., 2007)

SPM2
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Mapping gray matter loss with voxel-based | MCI, 71 years, n =22 HC > MCI p<0.01 15T
morphometry in mild cognitive impairment
(Chételat et al., 2002) HC, 67 years, n = 22 Corrected for multiple | Talairach

comparisons

SPM99
Functional response in ventral temporal MCI, 78 years, n =12 HC > MCI p <0.001 3.0T
cortex differentiates mild cognitive
impairment from normal aging (Gold et al., HC, 77 years,n=14 MNI
2010)
SPM5

Increased fMRI responses during encoding in | MCI, 72 years, n = 14 HC > MCI p <0.05 15T
mild cognitive impairment (Hamaladinen et
al., 2007) HC, 71 years, n =21 Cluster-wise corrected | MNI

for multiple

comparisons SPM2
A support vector machine-based method to | MCI, 66 years, n =29 HC > MCI p<0.01 3.0T
identify mild cognitive impairment with
multi-level characteristics of magnetic HC, 62 years, n =33 Voxel-wise corrected MNI
resonance imaging for multiple
(Z. Long et al., 2016) comparisons SPMS8
A voxel-based morphometry study on mild MCI, 72 years, n =51 HC > MCI p <0.001 15T
cognitive impairment
(Pennanen et al., 2005) HC, 74 years, n = 32 MNI
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SPM99
Voxel based morphometry features and aMCl, 73 years,n=14 HC > aMClI p <0.001 15T
follow-up of amnestic patients at high risk
for Alzheimer's disease conversion HC, 74 years, n = 27 MNI
(Rami et al., 2009)
SPM2

Memory performance correlates with gray MCI, 66 years, n =18 HC > MCI p <0.05 15T
matter density in the ento-/perirhinal cortex
and posterior hippocampus in patients with | HC, 63 years, n = 18 FWE corrected for MNI
mild cognitive impairment and healthy multiple comparisons
controls — A voxel based morphometry SPM2
study (Schmidt-Wilcke et al., 2009)
Four subgroups of Alzheimer's disease based | MCl, 68 years, n = 20 HC > MCI p <0.05 15T
on patterns of atrophy using VBM and a
unique pattern for early-onset disease HC, 69 years, n = 88 Voxel-wise corrected | Talairach
(Shiino et al., 2006) for multiple

comparisons MedX
Early morphological brain abnormalities in aMCl, 67 years, n =11 HC > aMClI p <0.05 3.0T
patients with amnestic mild cognitive
impairment (Yin et al., 2014) HC, 62 years, n = 22 Cluster-wise corrected | MNI

for multiple

comparisons SPM5
Selective Changes of Resting-State Brain aMCl, 65 years, n =20 HC > aMClI p<0.01 3.0T
Oscillations in aMCl: An fMRI Study Using
ALFF (Zhao et al., 2014) HC, 67 years, n =18 Voxel-wise corrected MNI

for multiple SPM5

comparisons




Appendix

175

Table S1.3. Overview of included studies for the experimental condition HC > AD. Abbreviations: AD:

Title, authors & date of publication

Groups, mean age, sample
size

Included
experiments

Alzheimer’s disease; HC: healthy controls.

Statistical
threshold and
thresholding

MRI field
strength,
reference space,

method analysis software
In vivo mapping of gray matter loss with voxel- | AD, 73 years, n =19 HC > AD p <0.001 15T
based morphometry in mild Alzheimer's disease
(Baron et al., 2001) HC, 66 years, n = 16 Talairach
SPM2
Relationship of cognitive measures and gray AD, 76 years, n =15 HC > AD p < 0.0001 15T
and white matter in Alzheimer's disease (Baxter
et al., 2006) HC, 76 years, n = 15 MNI
SPM2
Cinguloparietal atrophy distinguishes Alzheimer | AD, 70 years, n =11 HC > AD p <0.05 15T
disease from semantic dementia
(Boxer et al., 2003) HC, 65 years, n = 15 Voxel-wise MNI
corrected for
multiple SPM99
comparisons
The contribution of voxel-based morphometry in | AD, 68 years, n = 22 HC > AD p <0.05 15T
staging patients with mild cognitive impairment
(Bozzali et al., 2006) HC, 66 years, n = 20 Voxel-wise MNI
corrected for
multiple SPM2
comparisons
Damage to the cingulum contributes to Probable AD, 73 years, n =31 HC > AD p <0.05 3.0T
Alzheimer's disease pathophysiology by
deafferentation mechanism (Bozzali et al., HC, 68 years, n=14 Voxel-wise MNI

2012)

corrected for
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Appendix
multiple SPM8
comparisons
Basal forebrain atrophy is a distinctive pattern AD, 73 years,n=10 HC > AD p <0.05 15T
in dementia with Lewy bodies (Brenneis et al.,
2004) HC, 65 years, n =10 Corrected or MNI
multiple
comparisons SPM99
Patterns of cerebellar volume loss in dementia AD, 79 years, n =47 HC > AD p < 0.05 3.0T
with Lewy bodies and Alzheimer’s disease: A
VBM-DARTEL study (Colloby et al., 2014) HC, 77 years, n = 39 Voxel-wise MNI
corrected for
multiple SPM8
comparisons
Simultaneous arterial spin labeling cerebral AD, 75 years, n =23 HC > AD p <0.001 3.0T
blood flow and morphological assessments for
detection of Alzheimer's disease (Dashjamts et HC, 73 years, n =23 MNI
al., 2011)
SPM8
Prospective Memory Impairments in Alzheimer's | AD, 63 years, n =12 HC > AD p <0.05 3.0T
Disease and Behavioral Variant Frontotemporal
Dementia: Clinical and Neural Correlates HC, 69 years, n =12 Voxel-wise MNI
(Dermody, Hornberger, et al., 2016) corrected for
multiple FSL
comparisons
Uncovering the Neural Bases of Cognitive and AD, 66 years, n =25 HC > AD p <0.05 3.0T
Affective Empathy Deficits in Alzheimer’s
Disease and the Behavioral-Variant of HC, 68 years, n =22 Voxel-wise MNI
Frontotemporal Dementia (Dermody, Wong, et corrected for
al., 2016) multiple FSL

comparisons
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Episodic memory impairment in patients with AD, 64 years, n =18 HC > AD p <0.05 15T
Alzheimer's disease is correlated with entorhinal
cortex atrophy. A voxel-based morphometry HC, 65 years, n =18 Corrected for Talairach
study multiple
(Di Paola et al., 2007) comparisons SPM?2
Fronto-temporal-lobe atrophy in early-stage Early stage AD, First scan (AD1), | HC > AD1 p <0.05 15T
Alzheimer's disease identified using an 77 years,n=7
improved detection methodology (Farrow et al., Corrected for Talairach
2007) HC, 70 years, n = 11 multiple

comparisons SPM2
Detection of grey matter loss in mild Alzheimer's | AD, 74 years, n = 29 HC > AD p <0.05 15T
disease with voxel based morphometry (Frisoni
et al., 2002) HC, 74 years, n = 26 Corrected for MNI
multiple
comparisons SPM99
Regional brain atrophy and functional AD, 72 years,n=11 HC > AD p <0.001 3.0T
disconnection across Alzheimer's disease
evolution (Gili et al., 2011) HC, 64 years, n =10 Cluster-wise MNI
corrected for
multiple SPM5
comparisons
Correlation between Topographic N400 AD, 66 years,n=14 HC > AD p<0.01 3.0T
Anomalies and Reduced Cerebral Blood Flow in
the Anterior Temporal Lobes of Patients with HC, 69 years, n =19 Voxel-wise MNI
Dementia (Grieder et al., 2013) corrected for
multiple SPM8
comparisons
Voxel-based assessment of gray and white AD, 72 years,n =13 HC > AD p <0.05 3.0T
matter volumes in Alzheimer's disease (Guo et
al., 2010) HC, 70 years, n =14 MNI
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Corrected for SPM?2
multiple
comparisons

Basal forebrain atrophy is a presymptomatic Probable AD, 83 years, n =26 HC > Probable AD p <0.05 15T
marker for Alzheimer's disease (Hall et al., 2008)
HC, 77 years, n =127 Voxel-wise MNI
corrected for
multiple SPM2
comparisons
Increased fMRI responses during encoding in AD, 73 years, n=15 HC > AD p<0.01 15T
mild cognitive impairment (Hamalainen et al.,
2007) HC, 71 years, n =21 Cluster-wise MNI
corrected for
multiple SPM2
comparisons
Cardiorespiratory fitness and preserved medial Early AD, 74 years, n =60 HC > Early AD p <0.05 3.0T
temporal lobe volume in Alzheimer disease
(Honea et al., 2009) HC, 73 years, n =56 Corrected for MNI
multiple
comparisons SPM5
Neural Substrates of Semantic Prospection - AD, 65 years, n =15 HC > AD p <0.05 3.0T
Evidence from the Dementias (Irish et al., 2016)
HC, 67 years, n =20 Voxel-wise MNI
corrected for
multiple FSL
comparisons
Episodic future thinking is impaired in the AD, 65 years, n=10 HC > AD p <0.001 3.0T
behavioral variant of frontotemporal dementia
(Irish et al., 2013) HC, 69 years, n =10 Voxel-wise MNI
corrected for
multiple FSL



Appendix

179

Grey and white matter correlates of recent and | AD, 68 years, n =15 HC > AD p <0.001 3.0T
remote autobiographical memory retrieval-
insights from the dementias (Irish et al., 2014) HC, 72 years, n=14 Voxel-wise MNI
corrected for
multiple FSL
comparisons
Comparison of gray matter and metabolic Mild AD, 67 years, n =30 HC > Mild AD p <0.05 15T
reduction in mild Alzheimer's disease using FDG-
PET and voxel-based morphometric MR studies | HC, 67 years, n =30 Voxel-wise MNI
(Ishii et al., 2005) corrected for
multiple SPM99
comparisons
Comparison of grey matter and metabolic AD, 65 years, n =20 HC > AD p<0.01 15T
reductions in frontotemporal dementia using
FDG-PET and voxel-based morphometric MR HC, 65 years, n =20 Voxel-wise MNI
studies (Kanda et al., 2008) corrected for
multiple SPM2
comparisons
Voxel-based morphometric study of brain AD, 69 years, n =61 HC > AD p<0.01 3.0T
volume changes in patients with Alzheimer's
disease assessed according to the Clinical HC, 70 years, n =33 Corrected for MNI
Dementia Rating score (S. Kim et al., 2011) multiple
comparisons SPM2
Self-appraisal in behavioral variant AD, 71 years,n=17 HC > AD p <0.05 Unknown MRI field
frontotemporal degeneration (Massimo et al., strength
2013) HC, 64 years, n =30 Cluster-wise
corrected for Talairach
multiple
comparisons SPM5
Longitudinal evaluation of both morphologic AD, 71 years,n=15 HC > AD p <0.05 10T
and functional changes in the same individuals MNI

with Alzheimer's disease (Matsuda et al., 2002)

HC, 71 years, n =25

SPM99
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Corrected for

multiple
comparisons
In vivo SPECT imaging of vesicular acetylcholine | AD, 81 years, n =8 HC > AD p<0.01 15T
transporter using [(123)I]-IBVM in early
Alzheimer's disease (Mazére et al., 2008) HC, 74 years,n =8 Cluster-wise Talairach
corrected for
multiple Unknown software
comparisons system
Changes in brain morphology in Alzheimer AD, 72 years, n =26 HC > AD p <0.001 10T
disease and normal aging: Is Alzheimer disease
an exaggerated aging process? (Ohnishi et al., HC, 71 years, n =22 MNI
2001)
SPM96
Distinct MRI atrophy patterns in autopsy-proven | AD, 65 years, n =11 HC > AD p <0.001 15T
Alzheimer's disease and frontotemporal lobar
degeneration (Rabinovici et al., 2007) HC, 64 years, n =40 MNI
SPM2
Voxel based morphometry features and follow- | AD, 76 years, n =31 HC > AD p <0.001 15T
up of amnestic patients at high risk for
Alzheimer's disease conversion (Rami et al., HC, 74 years, n = 27 MNI
2009)
SPM2
Verbal episodic memory impairment in AD, 72 years,n=8 HC > AD p <0.001 15T
Alzheimer's disease: a combined structural and
functional MRI study (Rémy et al., 2005) HC, 66 years, n = 11 MNI
SPM2
Four subgroups of Alzheimer's disease based on | AD, 71 years, n =40 HC > AD p <0.05 15T

patterns of atrophy using VBM and a unique
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pattern for early onset disease (Shiino et al., HC, 69 years, n = 88 Corrected for Talairach
2006) multiple
comparisons MedX
The Effect of Gray Matter ICA and Coefficient of | AD, 61 years, n =23 HC > AD p <0.05 15T
Variation Mapping of BOLD Data on the
Detection of Functional Connectivity Changes in | HC, 59 years, n = 25 Voxel-wise MNI
Alzheimer's Disease and bvFTD (Tuovinen et al., corrected for
2016) multiple FSL
comparisons
Disease-specific profiles of apathy in Alzheimer's | Early AD, 64 years, n = 10 HC > Early AD p <0.05 3.0T
disease and behavioral-variant frontotemporal
dementia differ across the disease course (Wei HC, 64 years, n =28 Voxel-wise MNI
et al., 2020) corrected for
multiple FSL
comparisons
Imaging correlates of posterior cortical atrophy | AD, 65 years, n = 38 HC > AD p <0.05 15T
(Whitwell et al., 2007)
HC, 66 years, n = 38 Corrected for MNI
multiple
comparisons SPM2
Voxel-based detection of white matter AD, 72 years,n =13 HC > AD p <0.001 15T
abnormalities in mild Alzheimer disease (S. Xie
et al., 2006) HC, 71 years,n=16 Cluster-wise MNI
corrected for
multiple SPM2

comparisons
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Supplementary material S2: Predicting MCI and Alzheimer’s disease

on structural brain integrity with machine learning

This supplementary material corresponds to study 2 (see section 5). It has been formally
integrated into the dissertation’s style for consistency. The manuscript has been submitted to a

peer-reviewed journal. The content corresponds to the following preprint:

Mieling, M., Yousuf, M., & Bunzeck, N. (2023). Predicting MCIl and Alzheimer’s disease on

structural brain integrity with machine learning. https://doi.org/10.31219/0osf.io/8dtcm
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Table S2.1. Demographics, information on APOE4 genotype and harmonized CSF assays.

Analysis 1 HC MCI AD Test - X%/ Fisher’s F

n (total)=568 271 193 104 x?=73.8, p<.001***

ADNI-GO/2 128/142 132/61 73/31 x?=94.1, p<.001***

(n=334)/3

(n=234)

Manufacturer 36/184/51 33/123/37 26/55/23 x2=9.29, p=0.054

Philips (n=95) /

Siemens (n=362) /

GE (n=111)

FreeSurfer 129/142 132/61 73/31 x3=26.9, p<.001***

versions (5.1, 6.0)

Age 71.0 (5.99) 70.8 (7.47) 73.9 (8.24) F(2,565)=7.89,
p<.001***

Female (n=288) / 164/107 89/104 35/69 x?=24.2, p<.001***

Male (n=280)

Education (in 16.7 (2.28) 16.1(2.72) 15.9 (2.59) F(2,565)=5.77,

years) p=0.003**

APOE 4 (0/1/2) 182/82/7 123/53/17 33/47/24  ¥2=61.3 p<.001***

A 1415 (656) 1181 (582) 664 (394) F(2,565)= 60.8,
p<.001***

pTau 20.4 (8.52) 24.5(13.1) 36.8 (14.4) F(2,565)=76.4,
p<.001***

pTau/Amyloid 0.0184 (0.0147) 0.0269 (0.0221) 0.0661 F(2,565)=171,

ratio (0.0361) p<.001***

Analysis 2 HC stable HC converter Test-x%/ t

n (total)=92 46 46 x*=0.00, p=1.0

ADNI1 (n=30) / 15/19/12 15/19/12 X?=90.00, p=1.0

ADNI-GO/2 (n=38)

/ 3 (n=24)

Manufacturer 6/20/20 8/19/19 x*=0.337, p=0.845
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Philips (n=6) /
Siemens (n=20) /
GE (n=20)

Scanner
fieldstrength (1.5
/3.0)

FreeSurfer
versions (4.3, 5.1,
6.0)

Age

Female (n=42) /
Male (n=50)

Education (in
years)

APOE 4 (0/1/2)

Ap if available
(n=16)

pTau if available
(n=16)
pTau/Amyloid
ratio if available
(n=16)

Stable time for
non-converters;
time until next
follow-up for
converters (in
months)

25/21

25/9/12

73.6 (6.37)

23/23

16.5 (2.61)

29/15/2

1129.55 (465.18)

20.61 (6.72)

0.0231 (0.0372)

31.1(31.2)

25/21

25/9/12

78.5 (5.94)

19/27

16.3 (2.61)

28/15/3

969.69 (680.58)

25.96 (8.11)

0.0372 (0.0224)

15.0 (8.35)

x*=0.00, p=1.0

x*=0.00, p=1.0

t=-3.34, p<.001***

x*=0.701, p=0.402

t=0.28, p=0.78

¥2=0.218 p=0.897

t=0.776, p=0.444

t=-3.27, p=0.002**

t=-4.59, p<.001***

t=-3.39, p<.001***

Analysis 3

MCI stable

MCI converters

Test- %/t

n (total)=378
ADNI1 (n=228) /
ADNI-GO/2
(n=113) / 3 (n=37)

Manufacturer

189

112/58/19

32/91/66

189

116/55/18

25/89/75

x*=0.00, p=1.0

x*=0.177, p=0.915

x*=1.46, p=0.483
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Philips (n=57) /
Siemens (n=180) /

GE (n=141)

Scanner field 111/78 125/64 x*=2.21, p=0.137

strength (1.5 /

3.0)

FreeSurfer 111/59/19 125/46/18 x*=0.00, p=0.291

versions (4.3, 5.1,

6.0)

Age 73.6 (7.44) 74.4 (6.89) t=-1.09, p=0.276

Female (n=155) / 77/112 78/111 x*=0.011, p=0.917
Male (n=223)

Education (in 15.6 (3.05) 15.9 (2.88) t=-0.935, p=0.35

years)

APOE 4 (0/1/2) 101/68/20 52/109/28 X*=26.5 p<.001***
Ap if available 1145 (572) 719 (339) t=4.25, p<.001***
(n=44)

pTau if available 25.1(12.7) 35.1 (15.9) t=-3.27, p=0.002**
(n=44)

pTau/Amyloid 0.0307 (0.0256) 0.0576 (0.0291) t=-4.59, p<.001***
ratio if available

(n=44, SD)

Stable for non- 52.5(93.5) 9.53 (5.85) t=-6.3, p<.001***

converters; time
until next follow-
up for converters
(in months)

Information of the final sample from analysis 1, 2 and 3 grouped by diagnoses. Means and
standard deviation (SD) are represented and the respective t-test or chi-square test to
investigate possible group differences. Baseline clinical diagnosis: HC=cognitive normal;
MCl=mild cognitive impairment; AD=Alzheimer’s Disease. Age and education were assessed
in years. APOE4 status: no allel / 1 allel / 2 allels. AB=amyloid-B in pg/ml as concentration of
the amyloid-B 1-42 peptide. pTau=in pg/ml as CSF concentration of hyperphosphorylated tau.
*p<0.05, **p<0.01, ***p<0.001
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Table S2.2. Included brain regions with volume and thickness for all analyses based on the
cortical and subcortical parcellation

Regions with volume

Regions with thickness

Pallidum_volume
Paracentral_volume
Parahippocampal_volume
ParsOpercularis_volume
ParsOrbitalis_volume
ParsTriangularis_volume
Pericalcarine_volume
Postcentral_volume
PosteriorCingulate_volume
Precentral_volume
Precuneus_volume
Putamen_volume
RostralAnteriorCingulate_volume
RostralMiddleFrontal_volume
SuperiorFrontal_volume
SuperiorParietal_volume
SuperiorTemporal_volume
Supramarginal_volume
TemporalPole_volume
Thalamus_volume
TransverseTemporal_volume
VentralDC_volume
Insula_volume
Amygdala_volume
Bankssts_volume
CaudalAnteriorCingulate_volume
CaudalMiddleFrontal_volume
Caudate_volume
CerebellumCortex_volume
CerebellumWM_volume
ChoroidPlexus_volume
Cuneus_volume
Entorhinal_volume
FrontalPole_volume
Fusiform_volume
Hippocampus_volume
InferiorParietal_volume
InferiorTemporal_volume
IsthmusCingulate_volume
LateralOccipital_volume

Paracentral_thickness
Parahippocampal_thickness
Opercularis_thickness
ParsOrbitalis_thickness
ParsTriangularis_thickness
Pericalcarine_thickness
Postcentral_thickness
PosteriorCingulate_thickness
Precentral_thickness
Precuneus_thickness
RostralAnteriorCingulate_thickness
RostralMiddleFrontal_thickness
SuperiorFrontal_thickness
SuperiorParietal_thickness
SuperiorTemporal_thickness
Supramarginal_thickness
TemporalPole_thickness
TransverseTemporal_thickness
Insula_thickness
Bankssts_thickness
CaudalAnteriorCingulate_thickness
CaudalMiddleFrontal_thickness
Cuneus_thickness
Entorhinal_thickness
FrontalPole_thickness
Fusiform_thickness
InferiorParietal_thickness
InferiorTemporal_thickness
IsthmusCingulate_thickness
LateralOccipital_thickness
LateralOrbitofrontal_thickness
Lingual_thickness
MedialOrbitofrontal_thickness
MiddleTemporal_thickness
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LateralOrbitofrontal_volume
Lingual_volume
MedialOrbitofrontal_volume
MiddleTemporal_volume
AccumbensArea_volume

Brainstem_volume
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Table S2.3. Neuropsychological test results at the first measurement, for analysis 1 HC vs. MClI
vs. AD, analysis 2 HC-stable vs. HC-converter and analysis 3 MCl-stable vs. MCl-converter.
Shown are mean values and numbers in brackets represent one SD.

Neuropsychol mean values (SD) F- value P- value
ogical test
Analysis 1
HC MCI AD

MEM score 1.13 (0.57) 0.487 (0.61) -0.88 (0.5) F(2,562)=410.4 <0.001*
EF score 1.16 (0.81) 0.538 (0.87) -0.78(1.02)* F(2,561)=161.96  <0.001*
MMSE 29.2(1.05) 28.2 (1.64)* 23.1(1.96) F(2,561)=591.29  <0.001*
ADAS-Cog 13 8.01 (4.07)? 13.3(5.56) 30.7(7.78)*  F(2,557)=583.24  <0.001*
CDRSB 0.02 (0.12) 1.36 (0.88) 459 (1.63) F(2,562)=961.92 <0.001*
MoCA 26.4 (2.34)° 23.8(2.87) 17.5(4.29)° F(2,551)=297.01  <0.001*
Clock drawing 4.7 (0.59)! 4.48 (0.8) 3.42(1.48) F(2,561)=70.971 <0.001*
Analysis 2

HC stable HC converters
MEM score 1.09 (0.54) 0.6 (0.58) F(1,87)=9.88 =0.002*
EF score 0.91 (0.84) 0.53 (0.67) F(1,87)=2.76 =0.1
MMSE 29 (1.19) 28.8 (1.4) F(1,87)=0.1 =0.75
ADAS-Cog 13 7.91 (3.73) 12.5 (5.42) F(1,87)=14.44  <0.001*
CDRSB 0.01 (0.07) 0.174 (0.41) F(1,87)=7.24 =0.009
MoCA 26.2 (2.29)" 24.3 (2.52) F(1,87)=7.31 =0.009
Clock drawing 4.74 (0.49) 4.59 (0.65) F(1,87)=2.1 =0.151
Analysis 3 MCI stable MCI converters
MEM score 0.229(0.66) -0.478 (0.52)* F(1,371)=142.71  <0.001*
EF score 0.205 (0.85) 0.314 (0.831)? F(1,371)=38.42 <0.001*
MMSE 27.4 (2.21)" 25.8(2.4) F(1,371)=45.32  <0.001*
ADAS-Cog 13 15.7 (6.5)* 23.5(6.59)* F(1,371)=136.59  <0.001*
CDRSB 1.43 (0.8)! 2.57 (1.06) F(1,372)=135.05  <0.001*
MoCA 23.08 (3.25)'13 20.8 (3.18)8 F(1,142)=32.926  <0.001*
Clock drawing 4.39 (0.8) 4.02 (1.03)* F(1,372)=15.04 <0.001*

The mean values with standard deviation (SD) for cognitive normal (HC); Mild cognitive

impairment (MCI) and Alzheimer’s disease (AD). The upper numbers represent the missing

values that were excluded. The AD groups showed worse performance

in all

neuropsychological tests followed by MCI and HC. MEM: memory function score; EF:

executive function score; MMSE: Mini-Mental State Examination; ADAS-Cog 13: Alzheimer's

Disease Assessment Scale- Cognition Subscale, 13 tasks; CDRSB: Clinical Dementia Rating

Scale; MoCA: Montreal-Cognitive-Assessment; Clock drawing: clock drawing test
* significant after Bonferroni correction p<0.05/n (n=7 tests).
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Supplementary material S3: Basal forebrain activity predicts

functional degeneration in the entorhinal cortex in Alzheimer’s disease

This supplementary material corresponds to study 4 (see section 7). It has been formally
integrated into the dissertation’s style for consistency. The content corresponds to the

following publication:

Mieling, M., Géttlich, M., Yousuf, M., & Bunzeck, N. (2023). Basal forebrain activity predicts
functional degeneration in the entorhinal cortex in Alzheimer’s disease. Brain

Communications, 5(5), fcad262. https.//doi.org/10.1093/braincomms/fcad262
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Material and methods

Image acquisition

Participants were scanned at multiple sites equipped with 3-Tesla MRI scanners according to
unified ADNI monitoring protocols (Jack, Bernstein, et al., 2010). All scanner sites had to pass
strict scanner validation tests before contributing. To ensure maximum compatibility between
the measurements, we adhered ADNI's recommendations including only the basic rsfMRI
version of ADNI 3 since the advanced version is not compatible with ADNI-GO/2. Moreover,
all participants included in our analysis were examined with the same scanner using the same
type of head coil for both timepoints, t1 and t2 (https://adni.loni.usc.edu/methods/mri-
tool/mri-analysis/), this led to the exclusion of 3 participants in ADNI-GO/2 and 16 in ADNI 3
data. Furthermore, for the inclusion of images, the quality criteria by ADNI were adhered by
only including measurements with excellent, good, or fair quality, thus, we excluded n=8
ADNI-GO/2 and n=14 ADNI 3 data sets.

T1- weighted sagittal images were obtained using a magnetization-prepared rapid
gradient echo (MP-RAGE) with ~1mm isotropic voxel size and TR(ms)/TE(ms)/flip
angle(degree)=6.5-2300/2.93-3.12/9° for Philips and Siemens, 11° for GE. rsfMRI was acquired
using axial echo-planar imaging (EPI). For each subject's measurement, volumes between 140
and 200 were recorded in ~3.3mm isotropic voxel resolution with a TR(ms)/TE(ms)/flip
angle(degree)=3000-3025/ 30-30.001/ 80° for ADNI-GO/2, 90° for ADNI 3. Fieldmaps were
included if available to correct for BO inhomogeneities. The following protocol parameters
were applied: Philips: TR(ms)/TE1(ms)/TE2(ms)/flip angle (degree)=20/2.3/4.6/10°; Siemens:
TR(ms)/TE1(ms)/ TE2(ms)/flip angle (degree)=571-581/4.92/7.38/60°. For GE no fieldmapping
was conducted. Detailed descriptions of image acquisition can be found on

http://adni.loni.usc.edu.
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Data preprocessing

Considering their specific scanning parameters such as TR, slice order, and volume number,
all data were preprocessed with the Data Processing Assistant for Resting-State fMRI
Advanced (DPARSFA, http://rfmri.org/dpabi) toolbox version 5 (release 5.2_210501), which is
based on the Statistical Parametric Mapping toolbox (SPMm 12,
https://www.fil.ion.ucl.ac.uk/spm/) for MATLAB®. The preprocessing pipeline started with
removing the first ten volumes for the signal to reach T1 equilibrium and the subject to adjust
to the scanner's environment. Further steps included a) slice time correction; b) spatial
realignment using a six-parameter rigid-body spatial transformation and unwarping using Bo
fieldmaps if available to mitigate spurious effects of head motions during the measurement;
c) T1 co-registration to the mean functional image; d) CSF, gray and white matter tissue class
segmentation, as well as spatial normalization using diffeomorphic anatomical registration
using exponential lie algebra (DARTEL) (Ashburner, 2007) for T1 images; e) regression of
nuisance variables, including CSF and white matter signal, the first order polynomial trend and
the Friston 24-parameter model (Friston et al., 1996) to mitigate the influence of spurious
physiological effects and head motion; f) functional images were normalized to MNI space and
resampled to an isotropic voxel size of 3 mm using the parameters estimated by DARTEL.

For ReHo and FC measures, the normalized images were bandpass filtered (0.01-0.1
Hz). In a next step, scrubbing was applied to detect and remove single frames affected by head
motion, so-called "bad" time points. Frames exceeding a frame-to-frame displacement of 1
mm have been removed along with the previous and the two subsequent frames (Power et
al., 2012). Only scans with >70% remaining EPI volumes after scrubbing were included to
ensure a sufficiently high number of volumes for the subsequent analysis (Yan et al., 2013).
Consequently, we excluded these participants who did not meet this criterion (ADNI-GO/2:
n=16, ADNI 3: n=4). For fALFF, no filtering and scrubbing were applied (Yan, 2010).

To reduce the influence of excessive head motion, participants exhibiting more than
3.0 mm of maximum movement and a 3.0-degree rotation angle were discarded (n=3 for ADNI
3).

Further, images were visually inspected after co-registration, segmentation, and
normalization to guarantee high quality. This included a specific focus on signal loss and

artifacts in the regions of interest (NbM, EC) by overlaying the ROl mask in standardized space;
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especially, the EC represents a region that might often be affected by artifacts (Olman et al.,
2009). This check resulted in a final sample size of n=71 (Table 7.1).

Since head motion strongly influences FC measures (Power et al., 2012), we compared
head motion in an independent t-test with CSF group as a grouping factor to ensure no
confounding effect on groups. Consequently, the comparison in the 6 parameters of rigid body
transformation of maximum and mean motion revealed no significant differences between
normal CSF and abnormal CSF, except for measurement 2 the mean rotation in z-axis
(t(69)=2.425, p=0.018). Furthermore, the root mean square of head motion, same as the
relative root mean square of framewise displacement (FD) Vanijk showed no significant
differences between the two groups. In measurement 1 there was a significant difference
between nCSF and aCSF in the mean FD Power (t(69)=-2.276, p=0.026) and in measurement 2
(t(69)=-3.228, p=0.002). Because the groups only differed regarding their mean FD Power and
the other tests revealed no significant differences, we minimized the influence of head

motions by excluding participants with excessive head motions and utilizing scrubbing.
Region of interest definition

The regions of interest NbM and EC were created in MNI space combined across both
hemispheres with the SPM Anatomy Toolbox Version 3.0 (Eickhoff et al., 2005, 2006, 2007)
(available from https://www.fz-juelich.de/en/inm/inm-7/resources/jubrain-anatomy-
toolbox, Fig. 7.1A) The NbM is defined as the Ch4 according to previous published probabilistic
maps (Zaborszky et al., 2008). The EC was defined based on the previously published
probability map (Amunts et al., 2005) .

We used the toolbox MarsBaR (Brett et al., 2002) to extract the mean rsfMRI signal

intensity for each ROl at a threshold of 50% probability and each subject individually.
rsfMRI analyses

The fractional amplitude of low-frequency fluctuations analysis (fALFF)

Spontaneous local brain activity based on the amplitude of BOLD signals can be assessed by
the amplitude of low-frequency fluctuations (ALFF) and its improved measure of fractional
amplitude of low-frequency fluctuations (fALFF) (Biswal et al., 1995; Zou et al., 2008; Zuo et
al., 2010). ALFF assesses the amplitude in the low-frequency range, and fALFF represents the
ratio of total amplitude within the low-frequency range (here, 0.01-0.1 Hz) to the amplitude

across the entire detectable frequency range. Importantly, fALFF shows a higher specificity
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with regard to the detection of local spontaneous brain activity and is more robust against
nonspecific signals (e.g., physiological noise) as compared to ALFF (Zou et al., 2008; Zuo et al.,

2010). Therefore, fALFF is recommended (Zuo & Xing, 2014) and used here.
Regional Homogeneity (ReHo)

Regional homogeneity (ReHo) refers to local connectivity within brain regions to measure
regional synchronization among brain voxels and their neighboring voxels (Zang et al., 2004).
The central assumption of ReHo is that structural neighboring voxels represent a functional
homogeneity of time series defining it a network centrality metric (Jiang & Zuo, 2016). In this
study, ReHo is quantified by Kendall's coefficient of concordance (KCC) (Kendall & Gibbons,
1990) of a given voxel with its nearest neighbors. Thus, a larger ReHo value indicates higher

local synchronization.
ROI to ROI functional connectivity

FC is defined by a temporal dependence across anatomically separated brain regions
regarding patterns of neuronal activity (Biswal et al., 1995; Lowe et al., 1998, 2000). FC is
supposed to reflect functional communication and a shared function between brain regions
(van den Heuvel & Hulshoff Pol, 2010). Therefore, Pearson's correlation coefficient between
both time courses extracted from the NbM and EC was calculated and a Fisher’s z

transformation was applied.

Results

ReHo

Regions differ regarding their regional homogeneity (ReHo), however, not CSF group

The 2x2 mixed ANCOVA revealed a significant main effect of region (F(1,69)=8.387, p=0.005,
partial n2=0.108, Fig. S3.2A), no main effect of group (F(1,63)=0.003, p=0.960, partial n?=0.000,
Fig. S3.2A) and no significant interaction between group and region (F(1,63)=1.706, p=0.196,
partial n?=0.026, Fig. S3.2A).

Annual percentage signal change in ReHo does not differentiate between CSF groups or

regions

We used a 2x2 mixed ANCOVA to investigate whether the longitudinal indices of APSC in ReHo

of the NbM and EC differentiated between CSF normal vs. abnormal groups. There was no
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significant main effect of region (F(1,69)=0.001, p=0.974, partial n?=0.000, Fig. $3.2B), no main
effect of CSF group (F(1,63)=0.218, p=0.642, partial n?=0.003, Fig. S3.2B), and no interaction
of region and CSF group (F(1,63)=0.394, p=0.532, partial n2=0.006, Fig. S3.2B).

The baseline signal in NbM does not predict the annual percentage signal change in ReHo of

EC
The robust regression modeling did not reveal any significant results (see Fig. S3.3, Table S3.2).
CSF group does not moderate the functional spread of degeneration in ReHo

The moderation analysis included baseline ReHo NbM as independent variable, ReHo EC APSC
as dependent variable and CSF group as moderator. The model was not statistically significant
(R%=0.2135, F(9,61)=1.2677, p=0.2728), with no significant direct effect of NoM—>EC (t(61)=-
0.5922, p=0.5559), and no significant moderator effect (t(61)=-0.5067, p=0.6142), which is in
line with the robust regression analysis.

The moderation analysis included baseline ReHo EC as independent variable, ReHo
NbM APSC as dependent variable and CSF group as moderator. The model was also not
statistically significant (R?=0.0544, F(9,61)=0.3712, p=0.9445), with no significant direct effect
of EC>NbM (t(61)=-0.4040, p=0.6876), and no significant moderator effect (t(61)=-0.7685,

p=0.4451, which, again, is in line with the robust regression analysis.
Functional connectivity between NbM and EC

NbM and EC show functional connectivity independent from CSF status

To investigate FC between NbM and EC, we used a 2x2 mixed ANCOVA with time (timepoint
1 and timepoint 2) and group (aCSF, nCSF) as within and between group variables. There was
no significant effect of time (F(1,69)=1.221, p=0.273, partial n?=0.017, Fig. $3.2C), no main
effect of CSF group (F(1,63)=1.467, p=0.23, partial n?=0.023, Fig. $3.2C), and no significant
interaction between time and group (F(1,63)=0.571, p=0.453, partial n2=0.009, Fig. $3.2C).

However, given our a priori hypotheses of a FC between both regions, we carried out
post-hoc t-tests for each time point separately across both groups. These revealed a significant
effect, and therefore functional connectivity, for timepoint 1 in nCSF (t(36)=2.667, p=0.011)
and timepoint 2 (t(36)=3.054, p=0.004). In aCSF there was only a borderline significant effect
at timepoint 1 (t(33)=1.999, p=0.054) but a highly significant effect in timepoint 2
(t(33)=3.535, p=0.001).
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Figure S3.1
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Figure S3.1. Linear regression models for fALFF signals in the nucleus basalis of Meynert
(NbM) and entorhinal cortex (EC) separately for AB and pTau. A) and B) show linear
regressions for z-scored fALFF signal at baseline (t1) in A) NbM and B) EC against the z-scored
pTau. In C) the relationship is shown for NbM and in D) EC against amyloid-B. A significant
linear regression was observed only in the NbM for pTau and amyloid-B (A and C) (pTAu:
R2=0.057, F(1, 69)=4.19, p=0.044; amyloid-B: R?=0.09, F(1, 69)=6.784, p=0.011), but not EC (B
and D) (pTau: R?=0.022, F(1, 69)=1.556, p=0.217; amyloid-B: R?=0.003, F(1, 69)=0.234, p=0.63),
supporting the linear regression models with only the CSF status. For the sake of visualization,
groups are shown in blue circle for HC (n=32), red square for MCI (n=28), and green rhombus
for AD (n=11)).
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Figure S3.2
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Figure S3.2. ReHo signals and annual percentage change and functional connectivity
between the nucleus basalis of Meynert (NbM) and entorhinal cortex (EC). A) Violin plots
representing the participants’ baseline signals (t1) and signals at the follow-up measurement
(t2) in ReHo for normal CSF (n=37) and abnormal CSF (n=34). The mixed ANCOVA revealed a
significant effect of region at t1 (F(1,69)=8.387, p=0.005), shown in A). B) showing the annual
percentage signal change (APSC) in both regions for ReHo; here, mixed ANCOVA revealed no
significant effects. The horizontal lines show the median and the dotted lines the interquartile
range. C) Functional connectivity between NbM and EC at t1 and t2, analyzed using post-hoc
t-tests. It revealed a significant effect in nCSF at t1 (t(36)=2.667, p=0.011) and t2 (t(36)=3.054,
p=0.004). In the aCSF group, there was a borderline significant effect at t1 (t(33)=1.999,
p=0.054) and a highly significant effect at t2 (t(33)=3.535, p=0.001). Dots represent individual
data points, and error bars represent standard deviations. *p<0.05, **p<0.01.
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Figure S3.3
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Figure S3.3. Robust regression models in ReHo. Plots for the robust regression models for
NbM-EC (A, B, C), and EC>NbM (D, E, F) separately for both groups and averaged across
groups (C, F). X-axis represent z-scored baseline (t1) signal, y-axis represent z-scored annual
percentage signal change (APSC) in ReHo. Dots represent individual data. No significant effects
were found. NbM=nucleus basalis of Meyert. EC=entorhinal cortex. aCSF=abnormal CSF
(n=34); nCSF=normal CSF (n=37); CSF=CSF normal and abnormal included as a variable (n=71).
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Table S3.1.

Output of the robust regression models of fALFF with the covariates age, sex, ADNI cohort,

scanner and education.

aCSF NbM = EC (n= 34)

Estimate SE t p

Intercept 3.74 2.88 13 0.205
Baseline NbM -0.3 0.22 -1.36 0.185
Sex -0.05 0.45 -0.11 0.91

Age -0.06 0.03 -2.28 0.031
ADNI Group 1.28 11 1.17 0.251
Scanner: Siemens -0.63 1.24 -0.51 0.615
Scanner: GE -1.8 1.23 -1.46 0.155
Education 0.06 0.1 0.6 0.551

R-Squared: 0.263; Adjusted R- Squared: 0.0649; df= 26; F-statistics vs. constant model: 1.33; p-

value: 0.277
nCSF NbM - EC (n=37)
Estimate SE t p
Intercept 0.95 2.15 0.44 0.662
Baseline NbM -0.43 0.15 -2.81 0.009
Sex -0.11 0.33 -0.34 0.738
Age -0.01 0.02 -0.38 0.708
ADNI Group 0.13 0.46 0.28 0.78
Scanner: Siemens 0.42 0.48 0.88 0.388
Scanner: GE -0.34 0.54 -0.63 0.536
Education -0.02 0.07 -0.24 0.813

R-Squared: 0.296; Adjusted R- Squared: 0.126; df=29; F-statistics vs

0.138

. constant model: 1.74; p-value:
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aCSF EC > NbM (n= 34)
Estimate SE t p
Intercept -2.24 3.11 -0.72 0.478
Baseline EC -0.26 0.25 -1.03 0.314
Sex 0.06 0.53 0.12 0.908
Age 0.02 0.03 0.5 0.623
ADNI Group 1.28 1.2 1.07 0.296
Scanner: Siemens -0.83 1.36 -0.61 0.545
Scanner: GE -1.08 1.36 -0.8 0.433
Education 0.05 0.11 0.51 0.614

R-Squared: 0.137; Adjusted R- Squared: -0.0959; df= 26; F-statistics vs. constant model: 0.587;

p-value: 0.76
nCSF EC = NbM (n=37)
Estimate SE t p
Intercept 2.15 1.89 1.14 0.264
Baseline EC -0.21 0.13 -1.58 0.125
Sex 0.03 0.3 0.09 0.926
Age -0.02 0.02 -1.14 0.262
ADNI Group -0.01 0.4 -0.02 0.984
Scanner: Siemens 0.54 0.42 1.27 0.214
Scanner: GE -0.03 0.47 -0.07 0.944
Education -0.04 0.06 -0.58 0.565

R-Squared: 0.175; Adjusted R- Squared: -0.0239; df=29; F-statistics vs. constant model: 0.88; p-

value: 0.534
With CSF NbM = EC (n=71)
Estimate SE t p
Intercept 2.2 1.61 1.36 0.178
Baseline NbM -0.38 0.12 -3.14 0.003
Sex -0.19 0.25 -0.78 0.44
CSF 0.18 0.26 0.72 0.477
Age -0.03 0.02 -1.99 0.051
ADNI Group 0.32 0.39 0.81 0.42
Scanner: Siemens 0.12 0.43 0.27 0.788
Scanner: GE -0.69 0.47 -1.48 0.145
Education 0.01 0.05 0.28 0.783

R-Squared: 0.235; Adjusted R- Squared: 0.137; df=62; F-statistics vs. constant model: 2.39; p-value:

0.026
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With CSF EC > NbM (n=71)
Estimate SE t p
Intercept 0.04 1.62 0.03 0.98
Baseline EC -0.21 0.11 -1.8 0.077
Sex -0.04 0.25 -0.17 0.866
CSF 0.08 0.25 0.33 0.741
Age -0.004 0.02 -0.22 0.823
ADNI Group 0.16 0.38 0.41 0.685
Scanner: Siemens 0.32 0.43 0.73 0.466
Scanner: GE -0.06 0.47 -0.12 0.905
Education 0.003 0.05 0.06 0.951

R-Squared: 0.0884; Adjusted R- Squared: -0.0293; df=62; F-statistics vs. constant model: 0.751; p-

value: 0.646
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Table S3.2.

The output of the robust regression models of ReHo with the covariates age, sex, ADNI cohort,

scanner and education.

aCSF NbM = EC (n= 34)

Estimate SE t p
Intercept -5.07 1.97 -2.58 0.016
Baseline NbM -0.14 0.15 -0.98 0.337
Sex 0.4 0.3 1.31 0.201
Age 0.04 0.02 2.28 0.031
ADNI Group -1.33 0.75 -1.78 0.087
Scanner: Siemens 1.12 0.85 1.32 0.198
Scanner: GE 3.06 0.84 3.66 0.001
Education 0.1 0.07 1.53 0.137

R-Squared: 0.525; Adjusted R- Squared: 0.397; df=26; F-statistics vs. constant model: 4.1; p-value:

0.00373
nCSF NbM-> EC (n=37)
Estimate SE t p
Intercept 0.83 2.3 0.36 0.722
Baseline NbM -0.01 0.15 -0.04 0.971
Sex 0.12 0.36 0.33 0.743
Age -0.03 0.03 -1.03 0.313
ADNI Group -0.09 0.47 -0.19 0.851
Scanner: Siemens -0.43 0.51 -0.86 0.399
Scanner: GE 0.34 0.59 0.57 0.57
Education 0.06 0.07 0.78 0.442

R-Squared: 0.145; Adjusted R- Squared: -0.0608; df= 29; F-statistics vs. constant model: 0.705; p-

value: 0.668
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aCSF EC = NbM (n= 34)

Estimate SE t p

Intercept -2.38 3.15 -0.76 0.455
Baseline EC -0.07 0.21 -0.33 0.744
Sex 0.14 0.46 0.31 0.757
Age 0.02 0.03 0.64 0.526
ADNI Group 0.08 1.11 0.07 0.946
Scanner: Siemens 1.87 1.27 1.48 0.152
Scanner: GE 0.49 1.25 0.39 0.7

Education 0.05 0.1 0.52 0.608

R-Squared: 0.316; Adjusted R- Squared: 0.131; df=26; F-statistics vs. constant model: 1.71; p-value:

0.15
nCSF EC = NbM (n=37)
Estimate SE t p
Intercept 1.65 2.4 0.69 0.497
Baseline EC 0.2 0.16 1.21 0.237
Sex -0.06 0.37 -0.17 0.863
Age -0.02 0.03 -0.9 0.377
ADNI Group 0.56 0.48 1.16 0.254
Scanner: Siemens -0.36 0.52 -0.68 0.501
Scanner: GE 0.15 0.59 0.25 0.804
Education -0.01 0.08 -0.17 0.863

R-Squared: 0.139; Adjusted R- Squared: -0.0688; df=29; F-statistics vs. constant model: 0.669; p-

value: 0.696
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With CSF NbM = EC (n=71)

Estimate SE t p

Intercept -2.02 1.6 -1.27 0.21

Baseline NbM -0.12 0.11 -1.05 0.297
Sex 0.19 0.24 0.78 0.441
CSF 0.1 0.24 0.42 0.678
Age 0.02 0.02 0.89 0.376
ADNI Group -0.22 0.38 -0.58 0.566
Scanner: Siemens -0.13 0.42 -0.3 0.763
Scanner: GE 1.18 0.47 2.53 0.014
Education 0.04 0.05 0.84 0.403

R-Squared: 0.169; Adjusted R- Squared: 0.0623; df=62; F-statistics vs. constant model: 1.58; p-

value: 0.149
With CSF EC> NbM (n= 71)
Estimate SE t p
Intercept 0.14 1.77 0.08 0.939
Baseline EC 0.07 0.12 0.54 0.59
Sex -0.1 0.27 -0.36 0.723
CSF 0.26 0.26 1.01 0.317
Age -0.01 0.02 -0.3 0.768
ADNI Group 0.41 0.42 1.0 0.323
Scanner: Siemens -0.29 0.47 -0.63 0.531
Scanner: GE 0.17 0.51 0.33 0.743
Education 0.002 0.06 0.04 0.972

R-Squared: 0.055; Adjusted R- Squared: -0.0669; df=62; F-statistics vs. constant model: 0.451; p-

value: 0.885




