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Chapter 1 - General introduction

Introduction

Alzheimer’s disease (AD) is the most common cause of dementia, accounting for 
60 to 80% of all cases of dementia (Association 2018). Although there is a clear 
positive correlation between the incidence of AD and age, it should not be seen 
as a process of normal ageing. AD is globally an increasing cause of death and 
drastically reduces the quality of life of patients (Association 2018; Prince et al. 
2016). Methods to diagnose AD have vastly improved over the last decade but 
an effective treatment has not been found up to now and clinicians are not able 
to accurately predict disease progression. The scope of this thesis is focused on 
evaluating and implementing functional cerebral biomarkers to monitor and 
predict disease progression and treatment effects in AD. Figure 1A shows the 
different challenges that were investigated in each of the chapters. In the last 
paragraph a full outline of the aims of the thesis will be given. To fully understand 
the relevance of these research challenges and aims a short introduction will be 
given in the first paragraphs. The following topics that are involved in this thesis 
will be covered: the pathological and clinical characteristics of AD, different 
modalities to capture functional changes of the brain (electroencephalography 
(EEG), magnetoencephalography (MEG), and 18F-fluorodeoxyglucose (FDG) 
positron emission tomography (PET)), different methods to analyze functional 
signals and their challenges or methodological constraints, and different 
experimental treatments that were investigated in this thesis. 

Functional cerebral biomarkers
This thesis focusses on methods of capturing functional changes of the brain 
caused by AD with the emphasis on EEG biomarkers. Non-invasive biomarkers of 
the brain can be divided into structural and functional markers. Where structural 
biomarkers assess the physical characteristics of the brain, such as grey matter 
volume or neuronal tracts across the brain, functional biomarkers assess the 
electrical and biochemical performance of the brain, such as the communication 
between brain areas or the energy consumption of the brain. Methods assessing 
structural traits of the brain are, for example, T1 or T2 weighted magnetic 
resonance imaging (MRI) scans and examples of functional measures are EEG 
oscillatory activity or functional MRI images. Where structural imaging of the 
brain gives insight on the spatial distribution of the brain, functional imaging 
helps to explain how the brain works. Moreover, in AD it helps to explain how the 
disease disrupts the properties of healthy functioning brains. 
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Figure 1. Overview of challenges and possibilities in the use of functional cerebral biomarkers. 
A: overview of the different modalities, methodological challenges, pathophysiological 
challenges and clinical challenges that were addressed in this thesis. This overview only 
covers the challenges that were assessed, for illustrative purposes the many other challenges 
were left out. B: Different levels of data-analyses with functional cerebral biomarkers: direct 
measurements with either magnetoencephalography (MEG), electroencephalography (EEG), 
or F-fluorodeoxyglucose (FDG) positron emission tomography (PET); functional connectivity 
derived from pairwise comparisons between areas/channels; functional networks derived  
from pair-wise connectivity. (stock images from different sources; see references)
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Functional cerebral biomarkers are measures of the current function of the brain 
and, therefore, are influenced by the state and activity of the brain. For example, 
early research in the 1930’s already observed different stages of sleep during EEG 
recordings (Loomis, Harvey, and Hobart 1937). Today, brain activity research 
can be divided into (awake) resting state, task based and sleep research. The 
name resting state can be deceiving, as the brain shows much spontaneous brain 
activity (Stam 2005; Andreasen 2011). This resting state activity has been shown 
to change due to various neurological disorders such as AD (Stam 2014). To 
keep the influence of changes in mental state during resting state recordings at a 
minimum, it is important to control the research setting and to keep interference at 
a minimum. This is done by using sound attenuated rooms, letting the subject close 
their eyes, and by instruction to try to think of nothing or nothing in particular. 
The largest challenge for this method is, however, keeping the patient awake and, 
hence, some researchers allow patients to keep their eyes open or watch the same 
movie clip. This method is supported by research that indicates that the brain 
functional signal is more a property of the individual subject than a property of 
the task (Nentwich et al. 2020). Tasks only account for small differences between 
groups or within individuals where the base activity or resting state can show 
large differences between groups of, for example, different disease stages. In EEG 
and MEG, however, opening of the eyes has large influence on the (resting state) 
recordings. An example is the increase in occipital alpha activity when closing 
the eyes (Barry et al. 2007). Considering all these influencing factors, each of the 
articles in this thesis covers functional brain activity in an awake resting state 
investigated by different modalities. 

In the next paragraphs a short introduction will be given covering the investigated 
modalities that assess cerebral function and the different levels of analyzing the 
data (shown in figure 1B). With modalities, such as EEG, MEG or FDG-PET, it 
is not only possible to directly measure function at a certain region of interest, 
it is also possible to assess the relation with other regions of interest. Functional 
connectivity can be assessed by comparing the function of regions and based on 
this connectivity a network can be created. 

Electroencephalography (EEG)
EEG uses scalp electrodes to record electrical activity from the brain. In typical 
clinical EEGs, 21 electrodes are placed across the scalp in standard locations of the 
10-20 system (Nuwer et al. 1998). Each electrode records changes in field potentials 
produced by post-synaptic (excitatory: EPSP or inhibitory: IPSP) potentials of 
large populations cortical dendrites in relation to the reference electrode (Nunez 
and Srinivasan 2006; Lopes da Silva 2013). Ongoing changes in field potentials 



13

1
are caused by the synergy of populations of inhibitory and excitatory neurons and 
captured as oscillations in the electric current of the EEG signal in the order of 
milliseconds. Changes in the synergy of the inhibitory and excitatory neurons, for 
example by differences in activity of or a loss of neurons, will result into differences 
in oscillatory activity. The oscillations recorded by EEG can be analyzed visually 
or quantitatively. A simple way to quantify EEG oscillations is by Fast Fourier 
Transformation (FFT) in which the relative amount of oscillatory activity is 
assessed in different frequency bands. Commonly used frequency bands in AD 
(and other research fields) are the delta (0.5 – 4 Hz), theta (4 – 8 Hz), alpha (8 – 
13 Hz) and beta (13 – 30 Hz) bands. Differences in oscillatory activity between 
healthy controls and AD patients are well established (Jeong 2004). Over the course 
of the disease an overall diffuse slowing of the oscillatory activity can be observed 
which translates into a decrease in relative alpha and beta power with an increase in 
relative delta and theta power. Interestingly, an increase in relative theta power has 
also been prognostic of conversion to mild cognitive impairment or dementia in 
amyloid positive non-demented patients (Gouw et al. 2017). 

Magnetoencephalography (MEG)
Where EEG captures the bioelectric signal of the brain, MEG captures the 
biomagnetic signal produced by pyramidal neurons of the cortex (Lopes da Silva 
2013). Both methods have a similar temporal resolution but MEG has a better 
spatial resolution (Malmivuo 2012). Although there is no limit in the amount 
of (virtual) electrodes, the spatial resolution of MEG is typically around one 
centimeter. Furthermore, the magnetic signal is not influenced by the conduction of 
the electrical signal over the scalp. The topographical distribution of the magnetic 
signal, however, still causes field spread, which can cause signals of a single source 
to be recorded at multiple virtual electrodes (Silva Pereira et al. 2017). Overall, 
compared to EEG, MEG allows for a more detailed analysis of smaller cortical but 
also deeper brain structures (Attal and Schwartz 2013). Global oscillatory MEG 
analyses between healthy controls and AD patients show similar changes as with 
EEG analyses with progressive oscillatory slowing over the course of the disease 
(Engels et al. 2017). The predominantly affected areas of the brain are the left 
temporal, left parietal and left occipital cortex. MEG allows for more (spatially) 
detailed functional connectivity and functional network analyses, which will be 
covered later on in this chapter.

18F-fluorodeoxyglucose positron emission tomography (FDG-PET)
Another modality to measure activity of the brain is positron emission tomography 
(PET) with 18F-fluorodeoxyglucose (FDG) as ligand. FDG-PET can measure the 
glucose metabolism and it can be considered as surrogate marker for synaptic 
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function. Adenosine triphosphate (ATP) consumption of synaptic terminals 
accounts for the largest amount of glucose consumption in the brain (de Wilde et al. 
2011). Synaptic activity is measured through the consumption of glucose in neurons 
and through the production of glutamate (for neurons) in the astrocytes(Pellerin 
and Magistretti 2012). The advantage of FDG-PET is a good spatial resolution 
(ranged between cubic millimeters and centimeters (Moses 2011)), however, the 
temporal resolution is poor. Where typical EEG captures 500 samples per second, 
typical dynamic FDG-PET captures 1 frame per 5 minutes. The temporal resolution 
of FDG-PET drastically reduces the value of functional connectivity and functional 
networks (see below) derived from the measurements (Watabe and Hatazawa 
2019). Another challenge in (FDG-)PET recordings is determining the reference 
of the signal. In AD FDG-PET recordings the cerebellum or pons is usually used 
as a reference region as the glucose metabolism is not affected until late in the 
disease(Dierckx et al. 2014). However, when investigating the effects of a drug 
this can affect the reference region and an alternative reference, such as blood 
sampling, should be used. Nonetheless, FDG-PET has shown to be a good modality 
for diagnosing AD and monitoring disease progression. Patients with AD show 
decreased FDG uptake in the parietal, posterior cingulate, temporal, and frontal 
regions (Herholz et al. 2002) and longitudinal decrease of FDG uptake in temporal 
and parietal regions of interest (ROI) correlate with clinical progression (Landau et 
al. 2011). 

Functional cerebral biomarkers in clinical trials
The first chapter of this thesis covers the evaluation of functional cerebral 
biomarkers in two clinical trials. Because only a part of the pathophysiological 
mechanism that causes AD is known, various approaches have been tried to force a 
breakthrough. Here, two trials will be covered, which were investigated in chapter 
2.1 and 2.2, where respectively the medical food Souvenaid and the drug PQ912 
were used to treat patients with AD. In these trials EEG and FDG-PET functional 
cerebral biomarkers were investigated as outcomes measures to capture treatment 
effects. The proposed mechanisms of action of these therapies will be shortly 
covered.

Souvenaid, which contains a formula named Fortasyn connect, is a medical food 
that was inspired by the Mediterranean diet. Encouraged by research that showed 
that certain nutrients of the Mediterranean diet provide protection against cognitive 
impairment, a combination of different nutrients was included in Fortasyn connect 
(Tsivgoulis et al. 2013; Kalmijn et al. 1997; Barberger-Gateau et al. 2002). The 
nutrients incorporated in Souvenaid are thought to support synapse function 
by increasing the availability of circulating membrane precursors and cofactors 
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(van Wijk et al. 2014). It was hypothesized that as synapses are lost due to AD, 
supplementation of these molecules could induce (re)generation of these synapses. 
Preclinical studies of several nutrients included in Souvenaid have shown enhanced 
synaptic function due to increased neuronal membrane formation, neurite 
outgrowth, dendritic spine density, synaptic protein levels, neurotransmission, 
and receptor function (Sijben et al. 2011). Clinical studies have shown a small but 
positive effect of Souvenaid on EEG functional connectivity and cognition in AD 
patients (Rijpma et al. 2017; de Waal et al. 2014; Scheltens et al. 2012). Chapter 
2.1 focusses on the potential of using FDG-PET as a functional marker to capture 
changes in synaptic activity caused (as a direct effect of Souvenaid) or prevented (in 
the case of AD progression) by the use of Souvenaid in a population of AD patients. 
We conducted a trial with Souvenaid with 50 AD patients and measured the effect 
on synaptic function by using FDG-PET as a surrogate marker.

The drug PQ912 was designed with the hypothesis that the amyloid cascade plays 
an important role in the cognitive deterioration of AD patients (Karran and De 
Strooper 2016). Before the formation of amyloid plaques in the brain, various 
enzymes cut the amyloid precursor protein (APP) in different (pathological) ways. 
Glutaminyl cyclase is an enzyme that is thought to cut APP into synaptotoxic 
pyroglutamylated amyloid-β (pE-Aβ), a soluble oligomer of Amyloid Beta 42 
(AβOs) (Ferreira et al. 2015). PQ912 blocks this enzyme to prevent the formation 
of AβOs with the aim to prevent cognitive decline caused by these molecules (Lues 
et al. 2015). In mice studies, pE-Aβ has shown to express prion-like behavior and 
has a cytotoxic effect on neurons (Nussbaum et al. 2012). Treatment with PQ912 in 
mouse models of AD has shown to improve cognition (Hoffmann et al. 2017). Phase 
1 and phase 2a (SAPHIR) studies in humans with PQ912 have been performed to 
study the safety, tolerability and efficacy of the drug as primary outcomes (Lues et 
al. 2015; Scheltens et al. 2018). The secondary EEG outcomes of the phase 2a study 
have, nonetheless, shown a positive effect on relative theta power. No effect was, 
however, found on the functional connectivity measured by the alpha band phase 
lag index (PLI). It was questioned whether this was caused by the low reliability of 
the measure. In chapter 2.2 the EEG data of the phase 2a study was used to identify 
robust functional connectivity measures to observe treatment effects.

The SAPHIR and NL-ENIGMA trials raised several questions concerning the 
influence of reliability, reproducibility, and heterogeneity of AD on the functional 
outcome measures. Were the treatment effects that were found in these studies 
really absent or present, or was it due to one of these influencing factors? In the 
following paragraphs a short introduction into these topics will be given and how 
this led to the studies in chapter 3 and 4.
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Functional connectivity and functional networks
An advantage of measuring functional properties of the brain is the possibility to 
non-invasively estimate connectivity (or communication) between different brain 
areas. Functional connectivity and functional networks are concepts that are widely 
used in EEG, MEG, functional MRI, and to lesser extend FDG-PET research. The 
assumption behind these concepts is that higher order brain function and, therefore, 
the level of cognitive function is based on (effective) communication between 
areas of the brain. This is supported by research that has shown that functional 
connectivity and functional networks are related to cognitive performance and 
intelligence (Stam and van Straaten 2012). Furthermore, disruption in the effective 
communication between brain areas has been related to AD pathology (Engels et al. 
2015; Delbeuck, Van der Linden, and Collette 2003; Knyazeva et al. 2013).

In EEG and MEG research, communication between (virtual) electrodes is assessed 
by the strength of the correlation between the oscillatory signals (Nunez et al. 
1997). This is commonly done by comparing the signals based on the amplitude, 
phase, or a combination of both. Examples are respectively, the amplitude envelope 
correlation (AEC), phase locking value or phase synchrony (PLV) and coherence 
(Bruns et al. 2000; Lachaux et al. 1999; Stam 2005). Field spread and volume 
conduction can interfere with this analysis. Spurious connections between channels 
can occur when (strong) signals of one source leak to other channels. Multiple 
solutions have been proposed for this problem such as excluding connections with 
close to zero phase lag (e.g. phase lag index (PLI) (Stam, Nolte, and Daffertshofer 
2007)) or by orthogonalisation of the raw signal prior to the connectivity analysis 
(e.g. corrected amplitude envelope correlation (AEC-c) (Hipp et al. 2012)). 

When the connectivity between different regions/channels is computed the 
functional network is constructed based on these connections. This functional 
network differs from structural networks as it is not necessarily directly connected 
through communicating neurons and, just like the oscillatory signal and functional 
connectivity, it is dependent on the functional state of the individual. A network 
consists of edges that connect nodes with each other. There are multiple ways to 
construct a functional network. One way is to set a threshold based on the strength 
of the connectivity to form an edge between nodes. The choice of the threshold is, 
however, arbitrary. Another way is to create a network with all nodes by connecting 
them ranked on the strength of the connections. The minimum spanning tree is 
an example of such a network (Kruskal 1956). The algorithm works by starting 
at the strongest connection and adds repetitively edges in an order from the 
strongest connections to the weakest, without creating loops, until all nodes are 
connected. The properties of the networks can then be compared between groups 
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or individuals. Most important properties are, for example, the degree (number of 
edges that connect to a node), the diameter (longest shortest path of the network), 
and betweenness centrality (fraction of shortest paths that run through a node)
(Stam 2014; Tewarie et al. 2015).

In AD, overall lower functional connectivity is observed with less integrated 
networks and shifting hub locations (Engels et al. 2015; de Haan et al. 2012). 
However, due to the large number of different approaches to functional connectivity, 
and limited information on validity and reproducibility, the value of comparing 
results between studies is limited (Tijms et al. 2013). Moreover, conflicting results 
between studies have been reported and the research field has called to investigate 
the reproducibility of reported results (Pernet et al. 2020). An important factor that 
explains the conflicting results is the issue of reliability of EEG and MEG functional 
connectivity measures (Colclough et al. 2016). Reliability implicates that a measure 
should give the same outcome every time the same subject or group is sampled 
when using the same methodology. High variance in outcome can give spurious 
results with deceiving false positive or negative outcomes. Research covering the 
reliability of a large set of EEG/MEG functional connectivity measures has shown 
large differences in reliability between measures. This could explain difficulties 
with reproducing results of connectivity analyses in AD, in combination with poor 
definition of study populations and flaws in study designs. Research was, therefore, 
needed to evaluate measures of functional connectivity in terms of reliability, 
reproducibility and validity. These topics were investigated in chapter 3.1 and 
3.2. In these chapters we investigated the reproducibility and validity of various 
functional connectivity measures in AD EEG and MEG cohorts based on previous 
research of the reliability of these measures.

Heterogeneity in Alzheimer’s disease
Alzheimer’s disease (AD) is pathologically characterized by neurodegeneration 
accompanied by amyloid plaques and tau tangles in the brain. The presence 
of amyloid and tau pathology can be measured directly in the brain by positron 
emission tomography (PET) or by measuring the amyloid beta 1-42 (Aβ 1-42) and 
tau in cerebrospinal fluid (CSF). The phenotype of AD is classically described as 
a slow progressive decline of cognitive function starting with short term memory 
loss, i.e. ‘typical AD’. However, recent research has shown that the disease is much 
more heterogeneous. There are differences in age of onset, disease progression and 
affected cognitive domains. Examples are logopenic progressive aphasia (LPA), 
where language functions are predominantly affected, and posterior cortical 
atrophy (PCA), where visual functions are predominantly affected. These, so 
called, atypical presentations of Alzheimer’s disease are more prevalent in relatively 
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younger (<65 years at onset) patients and show a faster progressive disease course 
(van der Flier et al. 2011). Although the atypical AD patients are quite different 
from the typical group, there is still a lot of unexplained heterogeneity in the 
typical group in, for example, age of onset, the cognitive profile and rate of disease 
progression. Heterogeneity might not only be evident in clinical symptoms but 
even more so in biological factors. Some factors have been investigated, such as 
Apolipoprotein E (ApoE) and cognitive reserve, but no comprehensive model fully 
understanding the disease has been discovered yet. The biological heterogeneity of 
the disease might be the factor that prevents us from finding an all explanatory 
model of the pathophysiology of AD. This prevents us from finding a therapy for 
AD. Hence, understanding the heterogeneity (in all its aspects) of the disease might 
be a possible answer to understand the pathophysiology and in turn, open the road 
for effective and personalized therapies. In chapters 4.1, 4.2 and 4.3 we investigated 
how clinical heterogeneity influenced EEG and how biological heterogeneity could 
be discovered by using EEG. We investigated how the diagnosis of PCA affects 
various EEG measures compared to typical AD. Furthermore, we investigated 
whether normal EEG recordings in AD patients were predictive of disease severity 
and progression compared to abnormal EEG recordings, and whether EEG was able 
to determine different clinical and biological subgroups in AD.

Methodological constraints using biomarkers
Next to various technical challenges in research concerning functional cerebral 
biomarkers, there are various methodological constraints to account for. In the 
previous paragraph the problems of reliability and reproducibility in measures of 
EEG/MEG functional connectivity were discussed but other important factors are 
the validity of a measure and the validity of reported study outcomes. 

A method that measures a certain condition or biological process of a disease 
is often referred to as a biomarker. This definition is very broad and, therefore, 
there is a lot of variety between biomarkers. It is important to define what needs 
to be measured and whether the measure is a good representative of the process 
it is intended to capture (i.e. the validity of the measure). There could be interest 
in diagnostic purposes, disease progression or therapy efficacy but most measures 
are unable to track all these processes. A good diagnostic marker is not always a 
good marker to track disease progression and vice versa. Examples are Aβ 1-42 
in CSF and EEG theta power. Decreased Aβ 1-42 in CSF is a sensitive measure 
of amyloid pathology. However, it is not a predictor of AD disease progression in 
amyloid positive patients (Krance et al. 2019). Both asymptomatic and demented 
patients can show similar levels of Aβ 1-42. EEG theta power, on the other hand, 
increases gradually during disease progression(Jeong 2004). But, in contrast with 
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decreased Aβ 1-42, it is much less disease specific. This indicates that decreased 
Aβ 1-42 has potential as a diagnostic marker and EEG theta power as a measure of 
disease progression. Whether a measure captures, for example, disease progression 
is intertwined with what (patho)physiological process the measure was designed 
to capture and whether it is a good representative of this process. In other words, 
the validity of the measure. In the case of a test for CSF Aβ 1-42 it seems quite 
clear, the test needs to measure the concentration of Aβ 1-42 in CSF. However, the 
actual goal of measuring CSF Aβ 1-42 is to measure if there is amyloid pathology 
in the brain. Research has shown that these two correlate strongly (Blennow and 
Zetterberg 2018). EEG theta power is more complex since, as previously discussed, 
it is a derivative of the oscillatory activity recorded by scalp electrodes and is an 
indication of current synaptic function. Because changes in synaptic function 
can be caused by multiple factors, it is important to exclude or account for these 
influences. Examples of factors that can have influence on EEG recordings are 
age, sex, medication, drowsiness during the recording, and other (coexisting) 
neurodegenerative diseases. 

Unfortunately, past studies with functional cerebral biomarkers in AD have suffered 
from study populations based on clinical definitions of AD without biological 
confirmation (McKhann et al. 2011; Albert et al. 2011). Examples of diagnoses that 
can mimic AD are Lewy Body Dementia, Frontotemporal dementia or depression. 
The use of biological confirmation of AD pathology has shown to improve 
diagnostic accuracy (de Wilde et al. 2018). Hence, the danger of capturing effects 
that are related to other neurodegenerative diseases can partially be overcome 
by using a well-defined biological population. By using a population that fits the 
definition of AD, as proposed by the research framework of the National Institute 
on Aging and Alzheimer's Association (NIA-AA), we can use biomarkers such as 
CSF Aβ 1-42 to exclude non-AD patients from the population(Jack et al. 2018). In 
this way it is possible to report valid properties of AD as measured with functional 
biomarkers and this biological definition of AD is, therefore, used in each of the 
chapters of this thesis.
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Aim & outline

The aim of this thesis was to evaluate and implement functional cerebral biomarkers 
in AD. Figure 1A shows an outline of the different challenges that were investigated 
in this thesis. In chapter 2, two trials are covered implementing different functional 
cerebral biomarkers as outcome measures in AD. In chapter 2.1 a clinical trial 
in AD patients was performed to assess both the effect of Souvenaid on cerebral 
glucose metabolism and the potential of FDG-PET to observe changes in synapse 
function. In chapter 2.2 a post-hoc analysis of the SAPHIR trial was performed 
to identify robust EEG functional connectivity outcome measures sensitive to 
treatment effects. The outcomes of our analyses of the trials in chapter 2 moved 
us to address the challenges in chapters 3 and 4. First, in chapter 3 the issues 
influencing the reproducibility of EEG and MEG research in AD was investigated. 
In chapter 3.1 and 3.2 the reproducibility and validity of various EEG and MEG 
functional connectivity measures were assessed in large and well-defined cohorts 
of controls and AD patients. In chapter 4 the influence of the heterogeneity of AD 
and the relation with EEG recordings was investigated. In chapter 4.1 the effect 
of the clinical heterogeneity (of PCA) on EEG recordings was investigated, where 
in chapters 4.2 and 4.3 the aim was to assess the biological heterogeneity of AD 
that is observed by EEG. In chapter 4.2 the predictive value, in terms of clinical 
severity and disease progression, of normal EEGs by visual assessment compared to 
abnormal EEGs in AD dementia patients was explored. The biological heterogeneity 
of AD was further explored in chapter 4.3 by using a data-driven approach to define 
the profiles of subgroups based on quantitative EEG and CSF measures. Covering 
these topics, this thesis was divided into 5 chapters:
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1.   General introduction
2.    Implementation of functional cerebral biomarkers in clinical trials. This 

chapter covers two clinical trials in which functional cerebral biomarkers were 
assessed as outcome measures. The chapters investigate:
1. The exploration of the effect of Souvenaid on brain glucose metabolism in 

AD, assessed by FDG-PET, as a surrogate marker of synapse function.
2. The identification of robust and sensitive functional connectivity measures 

to observe treatment effects in the SAPHIR trial in AD with PQ912.
3.    Reproducibility and validity of EEG and MEG functional connectivity. In 

this chapter the following topics are covered:
1. Reproducibility and validity of several EEG functional connectivity 

measures in observing AD related changes.
2. Reproducibility and validity of several MEG functional connectivity 

measures in observing AD related changes.
4.    Heterogeneity in AD in relation to EEG markers: biological and clinical 

phenotypes.  This chapter investigates:
1. The effect of Posterior cortical atrophy (PCA) on EEG oscillatory, 

functional connectivity and functional network measures.
2. The clinical predictive value of normal EEGs on disease severity and 

disease progression in patients with dementia due to AD.
3. The relation between EEG and CSF biomarkers in AD and the biological 

heterogeneity that is uncovered when using their mutual information in a 
data-driven approach.

5.   Summary and general discussion
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ABSTRACT

INTRODUCTION Alzheimer’s disease (AD) is associated with synapse loss. 
Souvenaid, containing the specific nutrient combination Fortasyn Connect, was 
designed to improve synapse formation and function. The NL-ENIGMA study 
explored the effect of Souvenaid on synapse function in early AD by assessing 
cerebral glucose metabolism (CMRglc) with 18F-fluorodeoxyglucose ([18F]FDG) 
positron emission tomography (PET). 

METHODS We conducted an exploratory double-blind randomised controlled 
single-centre trial. Fifty patients with mild cognitive impairment or mild dementia 
with evidence of amyloid pathology (CSF or PET) were stratified for MMSE (20-
24 and 25-30) and randomly 1:1 allocated to 24 weeks daily administration of 
125mL Souvenaid (n=25) or placebo (n=25). Dynamic 60-minute [18F]FDG-PET 
scans (21 frames) with arterial sampling were acquired at baseline and 24 weeks. 
CMRglc was estimated by quantitative (Ki) and semi-quantitative (SUVr, reference 
cerebellar grey matter) measurements in five predefined regions of interest (ROI), 
and a composite ROI. Change from baseline in CMRglc was compared between 
treatment groups by ANOVA, adjusted for baseline CMRglc and MMSE stratum. 
Additional exploratory outcome parameters included voxel-based analyses by 
Statistical Parametric Mapping (SPM). 

RESULTS No baseline differences between treatment groups were found (placebo/
intervention: n=25/25; age 66±8/65±7 year; female 44%/48%; MMSE 25±3/25±3). 
[18F]FDG-PET data was available for quantitative (placebo n=19, intervention 
n=18) and semi-quantitative (placebo n=20, intervention n=22) analyses. At 
follow-up, no change within treatment groups and no statistically significant 
difference in change between treatment groups in CMRglc in any ROI was found 
by both quantitative and semi-quantitative analyses. No treatment effect was found 
in cerebellar grey matter using quantitative measures. The additional SPM analyses 
did not yield consistent differences between treatment groups.

CONCLUSION In this exploratory trial, we found no robust effect of 24-week 
intervention with Souvenaid on synapse function measured by [18F]FDG-PET. 
Possible explanations include short duration of treatment.

ABBREVIATIONS AD = Alzheimer’s disease, APOE = apolipoprotein,  
CMRglc = cerebral metabolism rate for glucose, CSF = cerebrospinal fluid,  
EEG = electroencephalogram, [18F]FDG = 18F-fluporodeoxyglucose, Ki = [18F]FDG 
influx rate constants, MCI = mild cognitive impairment, MMSE = Mini-Mental 
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State Examination, MRI = magnetic resonance imaging, PET = Positron Emission 
Tomography, ROI = region of interest, SUVr = standard uptake value ratio,  
TAC = time activity curve. 

INTRODUCTION

The NL-ENIGMA study – a Dutch study exploring the Effect of a specific 
Nutritional Intervention on cerebral Glucose Metabolism in early Alzheimer’s 
disease (AD) has been designed to explore the effect of Souvenaid on synapse 
function in early AD. Detailed rationale and background information have been 
published (Scheltens et al. 2016). Souvenaid, containing the specific nutrient 
combination Fortasyn Connect, was been designed to improve synapse formation 
and function in AD (Wurtman et al. 2009; van Wijk et al. 2014; Mi et al. 2013). 
Souvenaid has been reported to have a small but positive effect on memory function 
(Scheltens et al. 2012; Scheltens et al. 2010), an effect on brain network organisation 
as assessed with electroencephalography (EEG) (de Waal et al. 2014), and an effect 
on brain phospholipid metabolism based on magnetic resonance spectroscopy 
(MRS) (Rijpma et al. 2017), suggesting a positive effect on synapse function.  

Aim of the present study was to further explore the effect of Souvenaid on 
synapse function. We focused on cerebral glucose metabolism as assessed with 
18F-fluorodeoxyglucose ([18F]FDG) positron emission tomography (PET), as a 
surrogate marker for synapse function and density (de Wilde et al. 2011; Reiman 
et al. 2004). We hypothesised that the intake of Souvenaid would increase glucose 
metabolism after 24-week intervention compared with placebo. 

METHODS

Patients
Patients diagnosed with mild cognitive impairment (MCI) or mild dementia due 
to AD were recruited from the Alzheimer Center Amsterdam outpatient memory 
clinic. Diagnoses were made in a multidisciplinary consensus team, consisting of 
a neurologist, neuropsychologist, and neuroradiologist, and according to the core 
clinical criteria of the National Institute on Aging-Alzheimer’s Association (van 
der Flier and Scheltens 2018; Albert et al. 2011; McKhann et al. 2011). Presence of 
AD pathology was evidenced by abnormal AD biomarkers CSF tau/amyloid-beta1-42 

ratio > 0.52, or abnormal [11C]PiB (Pittsburgh compound B) or [18F]florbetaben PET 
scan (Scheltens et al. 2016; Duits et al. 2014). Further inclusion criteria included: 
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1) Age between 50-85 years old; 2) Mini-Mental State Examination (MMSE) ≥ 20; 
and 3) availability of a study partner. Most important exclusion criteria included 
medical conditions and use of concomitant medication or high doses of nutritional 
supplements possibly interfering with study parameters. All exclusion criteria and 
restrictions during participation are described previously (Scheltens et al. 2016). 
Main exploratory parameters were assessed in per protocol populations, which 
were defined before database was locked.

Procedures
Patients eligible for participation were provided with oral and written study 
information. Written informed consent was obtained from patients and caregivers. 
The study followed the Helsinki Declaration’s principles, and the local Medical 
Ethics Review Committee reviewed and approved the study. The Dutch Trial 
Register number for this study is NTR4718. Screening and baseline visit were 
scheduled on the same day, or with a maximum interval of four weeks. We collected 
study parameters at baseline visit and after 24.7±1.3 weeks intervention. Baseline 
and follow-up magnetic resonance imaging (MRI-) and PET-scans were scheduled 
on the same time of the day to limit influences of the circadian rhythm on outcome 
parameters (both between and within patients). 

At baseline, patients were 1:1 randomized to receive the intervention product, 
containing the specific nutrient combination Fortasyn Connect (Nutricia N.V., 
Zoetermeer, The Netherlands; for the nutritional composition, see Table I), or the 
iso-caloric placebo drink, lacking the specific nutrient combination, but otherwise 
identical to the intervention product. Randomisation was stratified based on 
MMSE score at screening (group 1: MMSE 20-24; group 2: MMSE 25-30). Details 
of randomization were unknown to patients, the investigators, site staff, and study 
staff from Danone Nutricia Research. Patients consumed products, provided in 
125mL bottles, once daily at breakfast for a period of 24.7±1.3 weeks. We checked 
product compliance with participant and partner at every visit and telephone call. 

Main exploratory outcome parameters
Main exploratory outcome parameters included the effect of 24-week intervention 
with intervention or placebo product on cerebral glucose metabolism, assessed 
with [18F]FDG-PET imaging using quantification of regional cerebral metabolism 
rate for glucose (CMRglc) by:

1. Absolute quantitative values using arterial sampling and kinetic analysis; 
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2. Relative semi-quantitative standardized uptake value ratios (SUVr) with the 
cerebellum as normalisation region and within a predefined standard uptake 
time interval of 45-60 minutes post injection. 

Main outcome parameters were explored using region of interest (ROI) analyses.

Table I. Nutritional composition of Fortasyn Connect

Component Amount per daily dose* 
Eicosapentaenoic acid 300mg
Docosahexaenoic acid 1200mg
Phospholipids 106mg
Choline 400mg
Uridine monophosphate 625mg
Vitamin E 40mg
Selenium 60µg
Vitamin B12 3µg
Vitamin B6 1mg
Folic acid 400µg
Vitamin C 80mg

*One bottle (125mL) a day

Additional exploratory outcome parameters
In addition, the main parameters as described above were explored using voxel-
based analyses and using a previously validated AD discrimination tool (Herholz 
et al. 2002). 

Additional exploratory outcome parameters of the NL-ENIGMA study, as defined 
previously (Scheltens et al. 2016), will be analysed and published separately. 

PET assessment and analyses
Dynamic 60-minute [18F]FDG-PET scans (21 frames) were performed on a Philips 
TF PET-CT ‘Ingenuity’ scanner. All scans, baseline and follow-up, were made on 
the same scanner. Patients were in fasting state for at least eight hours preceding the 
scans. PET-scans were also preceded by the placement of an arterial cannula in one 
of the radial or brachial arteries. A head holder with band restricted movements 
of the head. PET-scans were preceded by a low-dose CT scan for attenuation 
correction of PET data. Scans were performed with dimmed lights. Simultaneously 
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with an injection of 187±8 MBq [18F]FDG, dissolved in 5ml of saline, a 60-minutes 
dynamic emission scan was initiated. Standard corrections for dead time, decay, 
attenuation, randoms, and scatter were performed.

Co-registration to MRI 
For co-registration of PET images, MRIs were acquired on a 3T whole body MR 
system (Signa HDxt, GE Medical Systems Milwaukee, WI, USA) using an eight-
channel head coil at baseline and follow-up visits. The scan protocol included a 
T1-weighted 3-dimensional magnetization-prepared rapid acquisition gradient 
echo (slice thickness 1mm, 180 slices, matrix size 256x256, voxel size 1x1x1mm, 
echo time 3.2ms, repetition time 8.2ms, flip angle 12°). MRIs were aligned to 
corresponding PET images using a mutual-information algorithm. 

Quantitative values
Dynamic scanning and blood sampling started together with tracer administration. 
Arterial blood was withdrawn continuously by a continuous well-sampler (5ml/
min for the first 5 minutes, 2.5ml/min thereafter until 60 minutes post injection) 
and manually at set times (5, 10, 20, 40 and 60 minutes). Continuous withdrawal 
was interrupted briefly for the collection of manual blood samples (5ml). The [18F]
FDG concentrations of the manual samples were determined by high-performance 
liquid chromatography (HPLC) which values were used to calibrate the continuous 
sampler. The plasma input function was derived by multiplying the measured 
whole-blood curve with the average plasma-to-blood ratios obtained from the 
discrete samples. [18F]FDG influx rate constants (Ki) images were calculated using 
the Patlak method with the plasma input function (Patlak and Blasberg 1985). 
Because net [18F]FDG uptake, described by Ki, is directly proportional to glucose 
metabolic rate by multiplication with the plasma glucose concentration, the Ki 
results of the present study were valid for CMRglc as well.

Semi-quantitative values
Semi-quantitative SUVr were normalised to cerebellar grey matter and measured 
within a predefined standard uptake time interval of 45-60 minutes post injection. 

ROI-based analyses 
Quantitative and semi-quantitative measures were first analysed using predefined 
ROIs based on 1) an anatomic template, and 2) a predefined explicit mask. 
Anatomic ROIs, as defined by the Hammers template (Hammers et al. 2002) were 
delineated on co-registered MRI scans. Next, time-activity curves (TACs) were 
generated by projecting defined ROIs onto the dynamic PET frames. Five anatomic 
ROIs were selected based on embedding ROIs that were previously identified in a 
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meta-analysis focusing on detecting attenuation of cognitive decline (‘MetaROIs’), 
including 209 cross-sectional or correlational and 31 longitudinal [18F]FDG-PET 
studies in MCI and AD – i.e. left and right inferolateral remainder of the parietal 
lobes (embedding the angular gyri), bilateral posterior cingulate gyri, left and right 
middle and inferior temporal gyri, and the (volume weighted) composite score of 
these five anatomical ROIs. In addition the comparison was repeated, analysing 
group differences in terms of MetaROIs using the publicly available MetaROIs 
mask (Landau et al. 2011), including left and right angular gyri, bilateral posterior 
cingulate gyri, left and right middle / inferior temporal gyri, and the composite 
score of these five MetaROIs. Statistical analyses were performed for each MetaROI. 

Statistical analyses
Considerations for the chosen sample size of 40 study completers were described 
previously (Scheltens et al. 2016). Analyses were performed using SPSS version 22 
(IBM Corp. Released 2013. IBM SPSS Statistics, Version 22.0, Armonk, NY: IBM 
Corp.). Baseline characteristics were analysed for the intention-to-treat population 
using chi-squared tests, analysis of variance (ANOVA), or non-parametric tests 
when appropriate. Continuous variables were log-transformed when not normally 
distributed. Efficacy analyses were performed on the per-protocol populations 
as they were defined before unblinding in a data review meeting: 1) Analyses of 
absolute quantitative measures were performed on the PP-PETq population, 
including patients that completed follow-up without uncertainty of product 
compliance at the study staff, and of which reliable PET measures were available 
of both baseline and follow-up PET-scans, including successful arterial blood 
sampling; and 2) analyses of relative semi-quantitative measures were performed 
on the PP-PET population, including patients that completed follow-up without 
uncertainty of product compliance at the study staff, and of which reliable PET 
measures were available of both baseline and follow-up PET-scans. Additional 
analyses were performed on PP-PET+ and PP-PETq+ populations, in which in 
addition to the criteria described for PP-PET and PP-PETq, patients strictly 
followed criteria for use of nutritional supplements. 

For analyses based on predefined anatomic ROIs, MetaROIs and PALZ scores, 
derived values (quantitative and semi-quantitative TACs per [composite] ROI 
and PALZ scores) were analysed separately using SPSS. Changes in main outcome 
measures were compared between the intervention and placebo group using 
analysis of covariance (ANCOVA), adjusted for the baseline value of the outcome 
measure of interest, and adjusted for MMSE score at screening. Significance level 
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for analyses of outcome variables was set at p < 0.05 in a two-sided test. Due to the 
explorative character of this study and expected correlation between outcomes, no 
statistical correction for multiple testing was made.  

RESULTS

In total, 50 patients were randomized to intervention between March 2015 and 
August 2017. Mean age was 66±7 years old, mean MMSE was 25±3. Patients were 
randomized at baseline to either the intervention product or the placebo product 
(n=25, of whom n=11 in MMSE stratum 20-24, and n=14 in MMSE stratum 25-30 
in both study groups; Figure 1). Baseline characteristics of all randomized patients 
are summarized in Table II; there were no differences between study groups. 
Product compliance was good in both treatment groups (in the PP-PET population, 
the percentage of days between baseline and 24-week visit that the study product 
was used based on participants’ diary was 99% in the intervention group, and 
98% in the placebo group). One patient (2%) discontinued the study after six days 
because of second thoughts regarding the possibility to be randomized to a placebo 
product in combination with restrictions to use own high-dosed supplements. 
Seven patients (14%) were excluded from the PP-PET population because PET scan 
quality was not acceptable due to head motion (n=4) or technical problems during 
scanning (n=1), serious doubt by investigators about product compliance (n=1), or 
discontinuation of the study after unsuccessful placement of the arterial cannula 
at baseline (n=1). Another five patients (10%) were excluded from PP-PETq 
population because placement of the arterial cannula was not successful (n=4), or 
due to malfunction of the arterial sampler (n=1), during follow-up PET scan. Final 
per protocol populations included 37 patients for quantitative analyses (PP-PETq 
population; randomized to either intervention product [n=18] or placebo [n=19]), 
and 42 patients for semi-quantitative analyses (PP-PET population; randomized to 
either intervention product [n=22] or placebo [n=20]). For additional subgroup 
analyses, five patients were excluded from the PP-PET+ and PP-PETq+ population 
because they did not strictly follow criteria for use of nutritional supplements 
during the washing-out period (n=4), or during the complete intervention 
period (n=1). Two serious adverse events (SAEs) were reported; one elective re-
replacement of hip prosthesis one week after follow-up visit (but before the last 
telephone visit at 26 weeks) in the intervention group, and one transient ischemic 
attack in the placebo group. On a total of 36 adverse events (AEs), four AEs were 
judged by the treating physician as possibly related to the study product. 
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Figure 1. Patient disposition. PP-PET = per protocol population for all PET measures;  
PP-PETq = per protocol population for the quantitative PET measure. a Discontinuation of 
participants due to patient withdrawal (n=1), head motion (n=1), or technical problems (n=1) 
during baseline PET scan; b Discontinuation of patients because of unsuccessful placement of the 
arterial cannula (n=1) or head motion (n=1) during baseline PET scan; c exclusion from PP-PET 
because of head motion during follow-up PET scan (n=2); d exclusion from PP-PET because 
of product incompliance (n=1); e exclusion from PP-PETq because of unsuccessful placement 
of the arterial cannula at follow-up PET scan (n=1); f exclusion from PP-PETq because of 
unsuccessful placement of the arterial cannula (n=2), or technical issues  with arterial sampling 
(n=2) during follow-up PET scan. For additional subgroup analyses, five patients were excluded 
from the PP-PET+ and PP-PETq+ population because patients did not strictly follow criteria for 
use of nutritional supplements during the washing-out period (n=2 in placebo group, n=2 in 
intervention group), or during follow-up (n=1 in placebo group), although strictly requested. 
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ROI-based analyses 
Quantitative and semi-quantitative values were first derived per predefined 
anatomic template-based ROI and a composite score of these five ROIs was 
calculated. Quantitative baseline composite scores were 0.025 ± 0.006 in the 

Table II. Baseline characteristics intention to treat population

n

Placebo 
group
n = 25

Intervention 
group
n = 25

Age (years) 50 66 ± 8 65 ± 7
Female 50 11 (44) 12 (48)
Education 50 6 (4-7) 5 (4-7)
Positive family history* 50 7 (28) 6 (24)
Apolipoprotein E e4 carrier 46 (25:21) 21 (84) 16 (76)
Body weight (kg) 50 75 ± 13 73 ± 17
BMI (kg/m2) 45 (23:22) 24 ± 3 25 ± 4
Systolic blood pressure (mmHg) 49 (24:25) 147 ± 18 151 ± 23
Diastolic blood pressure (mmHg) 49 (24:25) 86 ± 9 88 ± 11
Pulse (/min) 49 (24:25) 61 ± 11 66 ± 7
Fasting glucose before PET 50 5.2 ± 0.52 5.4 ± 0.72
MMSE** 50 25 ± 3 25 ± 3
RAVLT immediate recall (sum of 5 trials) 50 28 (8 – 39) 29 (14 – 41)
RAVLT delayed recall 49 (24:25) 2 (0 – 6) 2 (0 – 10)
TMT version A (sec) 50 48 (18 – 140) 46 (27 – 225)
TMT version B (sec) 42 (21:21) 85 (47 – 299) 136 (56 – 334)
MTA (mean of left and right)** 50 1.5 (0-3) 1.0 (0-3)
WMH** 50 1 (0-2) 1 (0-2)
CSF tau/amyloid-beta1-42

** 44 (22:22) 1.35 ± 0.83 1.27 ± 0.46
Abnormal amyloid PET scan 20 (13:7) 13 (100) 7 (100)

Data are presented in mean ± standard deviation, median (minimum-maximum), or n (%). 
Education is given according to the Verhage scale (1-7, respectively, low-high education [28]) 
*Positive family history = first degree family member with AD before age 66 years old. **Screening 
variables: MMSE at screening visit, MRI within one year before inclusion, CSF or amyloid PET 
at any time before baseline. Abbreviations: MMSE = Mini-Mental State Examination, RAVLT = 
Rey Auditory Learning Verbal Learning Test, TMT = Trail Making Test time to complete, MTA 
= medial temporal lobe atrophy visual rating scale (0-4) in which higher scores reflect more 
severe atrophy [29], WMH = white matter hyperintensities based on the Fazekas rating scale 
(0-3) in which higher scores reflex more white matter lesions [30], CSF tau/amyloid-beta1-42 = 
cerebrospinal fluid total tau/amyloid beta1-42, in which a value > 0.52 has found to be associated 
with AD [14]. Using ANOVA, Kruskal-Wallis, or chi-squared analyses when appropriate, no 
statistically significant differences between groups were found. 
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intervention group, and 0.026 ± 0.005 in the placebo group (p = 0.47); semi-
quantitative baseline composite scores were 1.02 ± 0.10 in the intervention group, 
and 1.01 ± 0.09 in the placebo group (p = 0.71). Change in glucose metabolism 
over time was explored using calculated delta (follow-up minus baseline) values 
for each ROI and outcome measure separately (data shown in Tables IIIa, IIIb and  
Figure 2). Only the semi-quantitative delta value of the inferolateral remainder 
of the left parietal lobe reached borderline significance (-0.01 ± 0.04 in the 
intervention group versus 0.02 ± 0.06 in the placebo group, p = 0.05). Delta 
quantitative values of the compound ROI were -0.002 ± 0.003 in the intervention 
and -0.001 ± 0.004 in the placebo group (p = 0.57); semi-quantitative delta values 
of the compound score were -0.02 ± 0.03 in the intervention group compared with 
-0.00 ± 0.04 in the placebo group (p = 0.14). 

Change in glucose metabolism over time was further explored using delta values 
as dependent variables in ANCOVAs, adjusted for the baseline value of interest 
and adjusted for total MMSE score at screening visit. No differences were found 
between the intervention and placebo group (in the composite ROI resp. p = 0.18 
and p = 0.22 for quantitative and semi-quantitative measures). Additionally, change 
in glucose metabolism in the cerebellar grey matter was estimated by quantitative 
analysis to assess the effect of the intervention on the normalisation region of 
the semi-quantitative analyses. No treatment effect on the normalisation area 
was observed (mean change intervention 0.001 ± 0.006; placebo 0.001 ± 0.005;  
p = 0.20). 

When the explicit MetaROIs (Landau et al. 2011) were applied instead of the 
anatomic template-based ROIs, paired t-tests between baseline and follow-
up showed a decrease of semi-quantitative measures of the bilateral posterior 
cingulate (-0.032 ± 0.052 p = 0.014) in the placebo group and a decrease of the 
left angular gyrus (-0.026 ± 0.055 p = 0.036) and composite MetaROI (-0.022 ± 
0.041 p = 0.020) in the intervention group. The quantitative measures did however 
not support these findings (respectively -0.003 ± 0.007 p = 0.083; 0.001 ± 0.005  
p = 0.258; 0.002 ± 0.005 p = 0.154). Quantitative delta values of the composite ROI 
were -0.002 ± 0.005 in the intervention, and -0.001 ± 0.004 in the placebo group  
(p = 0.874); semi-quantitative delta values of the compound score were -0.02 ± 0.04 
in the intervention group, and -0.01 ± 0.04 in the placebo group (p = 0.282). When 
the quantitative and semi-quantitative delta values were assessed by ANCOVA, 
adjusting for baseline value and MMSE score at screening visit, no differences were 
found between intervention and placebo group. 
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In addition, main parameters were explored in additional template‐based ROIs, 
using voxel‐based analyses and using a previously validated AD discrimination tool 
(Herholz et al. 2002). Results are provided in Supplementary Material.

Variable
(mean ± SD)

Placebo group
n = 19

Intervention group
n = 18

Inferolateral remainder of the left parietal lobe 
(embedding the angular gyrus)
    baseline 0.027 ± 0.005 0.026 ± 0.006
    follow-up 0.027 ± 0.004 0.025 ± 0.005
    delta 0.000 ± 0.004 -0.001 ± 0.004
Inferolateral remainder of the right parietal lobe 
(embedding the angular gyrus)
    baseline 0.025 ± 0.006 0.024 ± 0.006
    follow-up 0.024 ± 0.005 0.022 ± 0.005
    delta -0.002 ± 0.005 -0.002 ± 0.004
Bilateral posterior cingulate gyrus
    baseline 0.030 ± 0.006 0.029 ± 0.008
    follow-up 0.028 ± 0.006 0.026 ± 0.005
    delta -0.002 ± 0.006 -0.003 ± 0.005
Left middle/inferior temporal gyrus
    baseline 0.026 ± 0.004 0.025 ± 0.005
    follow-up 0.025 ± 0.004 0.023 ± 0.003
    delta -0.001 ± 0.004 -0.002 ± 0.004
Right middle/inferior temporal gyrus
    baseline 0.025 ± 0.005 0.023 ± 0.006
    follow-up 0.023 ± 0.004 0.020 ± 0.005
    delta -0.002 ± 0.004 -0.003 ± 0.003
Composite of ROIs
    baseline 0.026 ± 0.005 0.025 ± 0.006
    follow-up 0.025 ± 0.004 0.023 ± 0.004
    delta -0.001 ± 0.004 -0.002 ± 0.003

Quantitative (Ki) values for ROIs (regions of interest) derived using the Hammers template 
[17] in the PP-PETq population. Using ANOVA, no statistically significant differences between 
groups were found (baseline, follow-up, and difference [follow-up minus baseline values] 
analysed separately). 

Table IIIa. Quantitative (Ki) [18F] FDG-PET characteristics per template-based ROI in PP-
PETq population
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Variable
(mean ± SD)

Placebo group
n = 20

Intervention group
n = 22

Inferolateral remainder of the left parietal lobe 
(embedding the angular gyrus)
    baseline 1.04 ± 0.09 1.07 ± 0.11
    follow-up 1.06 ± 0.08 1.05 ± 0.11
    delta 0.02 ± 0.06 -0.01 ± 0.04*

Inferolateral remainder of the right parietal lobe 
(embedding the angular gyrus)
    baseline 0.96 ± 0.14 0.97 ± 0.12
    follow-up 0.95 ± 0.12 0.96 ± 0.13
    delta -0.01 ± 0.06 -0.01 ± 0.05
Bilateral posterior cingulate gyrus
    baseline 1.12 ± 0.10 1.13 ± 0.15
    follow-up 1.10 ± 0.11 1.11 ± 0.14
    delta -0.02 ± 0.04 -0.03 ± 0.05
Left middle/inferior temporal gyrus
    baseline 1.00 ± 0.07 1.01 ± 0.10
    follow-up 1.00 ± 0.07 1.00 ± 0.10
    delta 0.00 ± 0.05 -0.01 ± 0.05
Right middle/inferior temporal gyrus
    baseline 0.94 ± 0.09 0.93 ± 0.12
    follow-up 0.92 ± 0.09 0.90 ± 0.14
    delta -0.01 ± 0.03 -0.03 ± 0.05
Composite of ROIs
    Baseline 1.01 ± 0.09 1.02 ± 0.10
    follow-up 1.01 ± 0.08 1.00 ± 0.10
    delta 0.00 ± 0.04 -0.02 ± 0.03

Semi-quantitative (SUVr) values for ROIs (regions of interest) derived using the Hammers 
template (Hammers et al. 2002) in the PP-PET population. Using ANOVA, no statistically 
significant differences between groups were found (baseline, follow-up, and difference [follow-
up minus baseline values] analysed separately), except for delta values of the inferior lateral 
remainder of the left parietal lobe (*p = 0.05). 

Table IIIb. Semi-quantitative (SUVr) [18F] FDG-PET characteristics per template-based ROI 
in PP-PET population
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Figure 2. Boxplots showing the difference between follow-up and baseline quantitative (Ki) 
and semi-quantitative (SUVr) values. Abbreviations: PCC = bilateral posterior cingulate gyrus; 
R_angular = inferolateral remainder of the right parietal lobe (embedding the angular gyrus); 
L_angular = inferolateral remainder of the left parietal lobe (embedding the angular gyrus);  
L_temporal = left middle/inferior temporal gyrus; R_temporal = right middle/inferior  
temporal gyrus. 
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Table IV. PALZ scores

Visit
(Mean ± SD)

Placebo group
n = 20

Intervention group
n = 22

baseline 31,971 ± 30,161 40,693 ± 28,890
follow-up 36,223 ± 35,001 46,094 ± 44,481
difference 4,252 ± 6,848 5,420 ± 6,617

Scores derived using the Probability of Alzheimer (PALZ) score (Herholz et al. 2002), applied 
in the PMOD software (PMOD Technologies, http://www.pmod.com). Scores higher than 
the threshold (> 11,089) are indicative for AD. Using ANCOVA, no statistically significant 
differences between groups were found (baseline, follow-up, and difference [follow-up minus 
baseline values] analysed separately).

DISCUSSION

Previous studies described effects of the specific nutrient combination on memory 
function, functional connectivity and brain network organization (based on EEG), 
suggesting that this combination of nutrients influences synapse function in AD 
(Scheltens et al. 2010; Scheltens et al. 2012; de Waal et al. 2014). In the NL-ENIGMA 
study, exploring the effect of a nutritional intervention on synapse function and 
formation using ROI-based and voxel-based [18F]FDG-PET analyses, we were not 
able to find robust differences between the intervention and placebo group after 
24-week intervention in MCI or mild dementia due to AD. Findings are possibly 
hampered due to the short follow-up duration.

The absence of significant signal in the current study could be related to 
methodological aspects. First, the placebo group did not show substantial 
decrease of cerebral metabolism over 24 weeks; ROI-based analyses resulted in a 
delta composite score of anatomic template-based ROIs of -0.001 ± 0.004 using 
quantitative measures, and 0.00 ± 0.04 using semi-quantitative measures, and 
similar results were found when using the specific MetaROI coordinates (-0.001 
± 0.004 using quantitative measures, and -0.01 ± 0.04 using semi-quantitative 
measures. When comparing baseline CMRglc with follow-up, the placebo group 
only significantly decreased in semi-quantitative (but not quantitative) values in 
the bilateral posterior cingulate. Most likely, the follow-up duration of 24 weeks 
was too short to capture substantial changes in glucose metabolism in this placebo 
group with relative mild disease severity. Alternatively, it could be speculated that 
the expected decrease in metabolism after 24 weeks in the placebo group was 
limited as a result of compensatory hypermetabolism in the least impaired (pre-
dementia) patients. This is a phenomenon previously found in cognitive normal 
patients with amyloid burden (Oh et al. 2014; Johnson et al. 2014) and APOE e4 
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positive genotype (Yi et al. 2014), and that was found to be present in MCI but 
absent in dementia due to AD (Cohen and Klunk 2014). However, when difference 
in change of cerebral glucose metabolism over time (delta quantitative and semi-
quantitative measures) between MMSE strata (group 1: MMSE 20-24; group 2: 
MMSE 25-30) was further analysed in anatomic ROIs using ANOVA, no differences 
were found between MMSE strata (data not shown). 

Second, the follow-up duration of 24 weeks may have been too short, because (i) 
more time is needed to reliably capture disease progression by [18F]FDG-PET, and 
(ii) because treatment should have sufficient duration to have its beneficial effect. 
In the last few years, multiple clinical studies with Souvenaid have been performed 
and especially those in the early phases of AD have yielded positive treatment 
effects on various clinical outcome measures. For instance, in mild AD patients 
Scheltens et al. (Scheltens et al. 2010) reported improved memory as measured by 
the delayed verbal recall task of the Wechsler Memory Scale-revised after a 12-
week follow-up. Also in mild AD, Scheltens et al. (Scheltens et al. 2012) showed an 
improvement on the Neuropsychological Test Battery (NTB) memory domain and 
electroencephalography functional connectivity in the delta band after 24 weeks. In 
contrast, a recent large study by Soininen et al. (Soininen et al. 2017) investigated 
the effect of Souvenaid in prodromal AD subjects, a population close to the current 
population with MCI or mild dementia due to AD. In this study, a positive effect 
on the clinical dementia rating sum of boxes (CDR-SB) and hippocampal and 
ventricular volume on MRI was found after 2 years of treatment, although the 
effects were not yet observed at the study’s 1-year half-way point. The results of 
these studies combined with the effects found in our study indicate that a study 
duration of 2 years might be preferable to capture potential treatment effects.

Third, [18F]FDG-PET has been suggested as an appropriate measure to assess 
synapse function (Reiman et al. 2004; de Wilde et al. 2011; Cohen and Klunk 2014), 
but it is unclear whether this measure is suitable to capture changes over time 
in synapse formation and function, which is the target of interest of the current 
nutritional intervention. The possibility that results could be driven by the use of 
restricted high-dosed concomitant supplements was checked with repetition of 
analyses in PP-PET+ and PP-PETq+ populations, yielding similar results.

In this exploratory trial, two outcome measures of CMRglc were used: Quantitative 
(Ki) and semi-quantitative (SUVr) measures. The main rationale behind this 
methodological approach is that the SUVr uses a normalisation region to produce 
an estimation of the CMRglc. This normalisation region, in our case the cerebellar 
grey matter, might also be influenced by the intervention (Scheltens et al. 2016). 
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However, no effect of the intervention was found on the normalisation region when 
analysed using absolute quantitative measures (Ki). Therefore, the semi-quantitative 
measure most likely produces reliable estimations of the CMRglc in our study. 

Various additional analyses were done to exclude the possibility of negative results 
due to the PET-analysis methodology. Primary results were based on predefined 
ROIs from literature (Landau et al. 2011), therefore additionally other ROIs of 
interest were analysed but none of these yielded significant results (supplementary 
table Ia and Ib). When exploratory voxel-based analyses were performed, the 
placebo group was characterized by a lower uptake in the left inferior temporal 
gyrus at follow-up compared with baseline value (quantitative measures), 
suggesting local decrease in metabolism. Furthermore, a small increase in mean 
PALZ scores was seen (suggesting disease progression), albeit accompanied by large 
confidence intervals. None of these described methods produced significant or 
consistent differences between groups.

Strengths of our study include the double-blind randomized design, the availability 
of continuously drawn arterial blood during dynamic [18F]FDG-PET scanning and 
the use of predefined ROIs as primary outcome. Another strength is that patients 
were included based on presence of abnormal AD biomarkers (i.e. CSF tau/amyloid-
beta1-42 > 0.52 (Duits et al. 2014) or abnormal amyloid PET), evidencing underlying 
AD pathology in included patients with mild dementia or MCI. Furthermore, the 
exploratory setting provides a methodological framework for further clinical trials 
in AD with [18F]FDG-PET.

In conclusion, quantitative and semi-quantitative [18F]FDG-PET measures were not 
able to capture an effect of 24-week intervention with Souvenaid in an exploratory, 
randomized, controlled, double-blind trial including 50 early AD patients. Possibly, 
follow-up duration is too short to capture robust treatment effect of a nutritional 
intervention on cerebral glucose metabolism. 
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Supplementary material:

Supplementary methods
Differences between the intervention and placebo group in terms of quantitative 
and semi-quantitative measures were further explored in additional anatomic 
ROIs derived from the Hammers atlas (Hammers et al. 2002), i.e. left and right 
hippocampus (based on a previously described effect of Souvenaid on these 
preselected ROIs using magnetic resonance spectroscopy (Rijpma et al. 2017), 
and structural MRI (Soininen et al. 2017)), anterior parts of the cingulate gyrus, 
orbitofrontal gyrus, inferofrontal gyri, and superior gyri (Smailagic et al. 2015).

Voxel-based analyses
Beside ROI analyses, we performed voxel-based analyses of parametric images of 
quantitative and semi-quantitative [18F]FDG measures. Quantitative and semi-
quantitative images were generated using activity concentrations from the interval 
between resp. 30-60 and 45-60 minutes post injection, spatially registered to the 
Montreal Neurological Institute space (voxel size 2x2x2mm3)(Jenkinson and Smith 
2001). Image comparisons were explored using Statistical Parametric Mapping 
(SPM8) in MATLAB (MathWorks, Release 2010a). 

AD discrimination tool
To further explore the effect of the nutritional intervention on change in glucose 
metabolism, [18F]FDG-PET images (average of attenuated corrected images, 
acquired at 45-60 minutes post injection) were analysed with the Probability of 
Alzheimer’s disease (PALZ) tool (Herholz et al. 2002), (PMOD software (PMOD 
Technologies, http://www.pmod.com). This tool is designed to discriminate 
between AD and healthy controls, computing the sum of t-scores in a pre-defined 
AD-pattern mask that is compared with a threshold for abnormality based on 
normal elderly (n = 110; > 50 years old). [18F]FDG-PET scans are considered 
suggestive for AD when the PALZ score is higher than the threshold (> 11,089). 

SPM8 was used for the additional voxel based analyses. Baseline scans were 
compared between groups, and follow-up scans were compared with baseline scans 
within groups using a two-sample t-test. Group effects were analysed using a full 
factorial design including dependent factor ‘time’ (baseline or follow-up), and 
independent factor ‘intervention’ (intervention product or placebo) to examine 
the interaction term (group differences in the association slope). Both t-test and 
full-factorial designs were performed with an implicit mask, excluding voxels with 
a value lower than zero (model 1). Additional models were analysed by stepwise 
adding different processing steps, starting with spatially smoothing of images with a 
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Gaussian kernel (FWHM of 8mm for grey matter; model 2), covariate MMSE score 
at screening (model 3), grey matter masking (model 4) and finally proportional 
scaling and mean global calculation (model 5, only for the semi-quantitative 
measures). Voxel-wise contrast was considered significant when p < 0.001 with a 
minimum of 25 contiguous voxels.

Supplementary results

When additional anatomic template-based ROIs were analysed, no differences 
were found between intervention and placebo group when comparing baseline, 
follow-up, and change over time measures (details shown in supplementary tables 
Ia and Ib), except for slightly higher baseline semi-quantitative value in the left 
hippocampus in the intervention compared with the placebo group (0.081 ± 0.10 
versus 0.76 ± 0.07, p = 0.04). 

Voxel-based analyses
Baseline scans were compared between groups, and follow-up scans were compared 
with baseline scans within groups using a two-sample t-test in SPM8. Group 
effects were analysed using a full factorial design including dependent factor ‘time’ 
(baseline or follow-up), and independent factor ‘intervention’ (intervention or 
placebo product). Results are shown in supplementary table IIa & IIb.  Findings 
when model 5 of the semi-quantitative measures was analysed include 1) no 
baseline differences between treatment groups, and 2) no differences between 
follow-up and baseline within groups. Findings when model 4 of the quantitative 
measures was analysed include 1) no baseline differences between treatment 
groups; 2) within the intervention group higher baseline values of the right inferior 
temporal gyrus and right superior frontal gyrus compared to follow-up; and 3) 
within the placebo group higher baseline values of the left inferior temporal gyrus 
compared to follow-up. When groups were compared using the full factorial design 
including an interaction term of factors (group differences in the association 
slope), no differences were seen in any of the models of the quantitative and semi-
quantitative values.

Application of the PALZ tool resulted in overall abnormal PALZ scores for the total 
cohort at baseline (abnormal voxels 36,530 ± 35,606; suggestive for AD when score 
> 11,098 (Herholz et al. 2002)). PALZ scores per group and for each visit separately 
are presented in Table IV. Delta (follow-up minus baseline) score was 5,420 ± 6,617 
in the intervention group, compared with 4,252 ± 6,848 in the placebo group. Using 
ANOVA, no differences were found between groups in terms of (log-transformed) 
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baseline, (log-transformed) follow-up, and delta scores. Using ANCOVA adjusted 
for the baseline PALZ score and MMSE score at screening visit, no differences were 
found between groups in terms of change in PALZ score (p = 0.74). 

Supplementary table Ia. Quantitative (Ki) [18F] FDG-PET characteristics per additional 
template-based ROI

Variable
(mean, SD)

Placebo group
n = 19

Intervention group
n = 18

Left hippocampus 
    baseline 0.018 ± 0.004 0.017 ± 0.003
    follow-up  0.018 ± 0.004 0.017 ± 0.005
    delta -0.001 ± 0.003 0.000 ± 0.004
Right hippocampus
    baseline 0.018 ± 0.004  0.018 ± 0.004
    follow-up 0.018 ± 0.004  0.017 ± 0.004
    Delta 0.000 ± 0.003 -0.002 ± 0.003
Left anterior part of the cingulate gyrus
    baseline  0.027 ± 0.006  0.026 ± 0.005
    follow-up  0.024 ± 0.005  0.023 ± 0.003
    delta -0.003 ± 0.005 -0.002 ± 0.005 
Right anterior part of the cingulate gyrus
    baseline  0.024 ± 0.007  0.025 ± 0.005
    follow-up  0.022 ± 0.006  0.021 ± 0.006
    delta -0.002 ± 0.008 -0.003 ± 0.007
Left orbitofrontal gyrus
    baseline  0.026 ± 0.005  0.026 ± 0.005
    follow-up  0.025 ± 0.004  0.024 ± 0.003
    delta -0.001 ± 0.005 -0.002 ± 0.005
Right orbitofrontal gyrus
    baseline 0.026 ± 0.006  0.026 ± 0.005
    follow-up 0.026 ± 0.005  0.024 ± 0.004
    delta 0.000 ± 0.005 -0.002 ± 0.004
Left inferofrontal gyrus 
    baseline  0.030 ± 0.005  0.030 ± 0.005
    follow-up  0.029 ± 0.005  0.027 ± 0.005
    delta -0.001 ± 0.006 -0.003 ± 0.005
Right inferofrontal gyrus 
    baseline  0.028 ± 0.005  0.028 ± 0.005
    follow-up  0.027 ± 0.006  0.026 ± 0.004
    delta -0.001 ± 0.007 -0.002 ± 0.004 
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Left superior frontal gyrus 
    baseline 0.026 ± 0.006  0.026 ± 0.005
    follow-up 0.027 ± 0.005  0.025 ± 0.004
    delta 0.001 ± 0.005 -0.001 ± 0.004
Right superior frontal gyrus 
    baseline 0.026 ± 0.006  0.026 ± 0.005
    follow-up 0.026 ± 0.005  0.023 ± 0.004
    delta 0.000 ± 0.006 -0.002 ± 0.004

Quantitative (Ki) values for additional ROIs (regions of interest) derived using the Hammers 
template [17] in the PP-PETq population. Using ANOVA, no statistically significant differences 
between groups were found (baseline, follow-up, and difference [follow-up minus baseline 
values] analysed separately). 

Supplementary table Ib. Semi-quantitative (SUVr) [18F] FDG-PET characteristics per 
additional template-based ROI

Variable
(mean, SD)

Placebo group
n = 20

Intervention group
n = 22

Left hippocampus
    baseline 0.76 ± 0.07 0.81 ± 0.10*
    follow-up 0.77 ± 0.11 0.80 ± 0.09
    delta 0.01 ± 0.08 -0.01 ± 0.05
Right hippocampus
    baseline 0.74 ± 0.08 0.78 ± 0.08
    follow-up 0.75 ± 0.10 0.80 ± 0.10
    delta 0.01 ± 0.08 0.01 ± 0.05
Left anterior part of the cingulate gyrus
    baseline 0.97 ± 0.09 1.00 ± 0.08
    follow-up 0.96 ± 0.08 0.99 ± 0.07
    delta -0.01 ± 0.04 -0.00 ± 0.06
Right anterior part of the cingulate gyrus
    baseline 0.94 ± 0.09 0.97 ± 0.10
    follow-up 0.93 ± 0.08 0.94 ± 0.11
    delta -0.01 ± 0.07 -0.02 ± 0.09
Left orbitofrontal gyrus
    baseline 1.02 ± 0.07 1.07 ± 0.08
    follow-up 1.03 ± 0.07 1.06 ± 0.07
    delta 0.01 ± 0.06 -0.01 ± 0.05
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Right orbitofrontal gyrus
    baseline 1.01 ± 0.09 1.04 ± 0.09
    follow-up 1.02 ± 0.06 1.02 ± 0.09
    delta 0.01 ± 0.05 -0.02 ± 0.06
Left inferofrontal gyrus
    baseline 1.13 ± 0.10 1.18 ± 0.10
    follow-up 1.15 ± 0.09 1.17 ± 0.09
    delta 0.02 ± 0.08 -0.01 ± 0.07
Right inferofrontal gyrus
    baseline 1.08 ± 0.11 1.11 ± 0.11
    follow-up 1.08 ± 0.10 1.08 ± 1.12
    delta -0.00 ± 0.09 -0.03 ± 0.06 
Left superior frontal gyrus
    baseline 1.03 ± 0.08 1.05 ± 0.06
    follow-up 1.05 ± 0.09 1.05 ± 0.06
    delta 0.02 ± 0.07 -0.00 ± 0.04
Right superior frontal gyrus
    baseline 1.02 ± 0.08 1.02 ± 0.08
    follow-up 1.03 ± 0.07 1.01 ± 0.09
    delta 0.02 ± 0.07 -0.01 ± 0.06

Quantitative values for ROIs (regions of interest) derived using the Hammers template [17] in 
the PP-PET population. Using ANOVA, no statistically significant differences between groups 
were found (baseline, follow-up, and difference [follow-up minus baseline values] analysed 
separately), except for baseline values of the left hippocampus (* p = 0.04).
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Supplementary table IIa. Voxel-based analyses of semi-quantitative (SUVr) values (n=42)

Comparison Contrast Location Model
baseline intervention > placebo inferior frontal gyrus / insular R 1, 2, 3, 4
baseline placebo > intervention - -
follow-up intervention > placebo precentral gyrus left 1, 2, 3, 4, 5

parahippocamp gyrus right 1, 2
follow-up placebo > intervention - -
intervention baseline > follow-up - -
intervention follow-up > baseline cerebellum left and right 5

precentral / superior frontal right 5
placebo baseline > follow-up - -
placebo follow-up > baseline cerebellum right 4
full factorial placebo (-1 1 1 -1) -
full factorial intervention (1 -1 -1 1) -

Model 1: plain; model 2; smoothed; model 3: smoothed & covariate MMSE; model 4: smoothed, 
covariate MMSE and grey matter mask; model 5: smoothed, covariate MMSE, grey matter mask 
and mean global calculation & proportional normalisation. Voxel-wise contrast was considered 
significant when p < 0.001 with a minimum of 25 contiguous voxels.

Supplementary table IIb. Voxel-based analyses of quantitative (Ki) values (n=37)

Comparison Contrast Significant areas Model
baseline intervention > placebo - -
baseline placebo > intervention - -
follow-up intervention > placebo precentral gyrus left
follow-up placebo > intervention superior frontal gyrus right 1

middle temporal gyrus left 2,3,4
intervention baseline > follow-up superior frontal gyrus left 2

superior frontal gyrus right 4
inferior temporal gyrus right 4

intervention follow-up > baseline -
placebo baseline > follow-up inferior temp gyrus left 1,2,3,4

pons left 2,3
placebo follow-up > baseline - -
full factorial placebo (-1 1 1 -1) - -
full factorial intervention (1 -1 -1 1) - -

Model 1: plain; model 2: smoothed; model 3: smoothed & covariate MMSE; model 4: smoothed, 
covariate MMSE and grey matter mask. Voxel-wise contrast was considered significant when p 
< 0.001 with a minimum of 25 contiguous voxels.
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Abstract

Objective: In clinical trials in Alzheimer’s Disease (AD), an improvement of 
impaired functional connectivity (FC) could provide biological support for the 
potential efficacy of the drug. Electroencephalography (EEG) analysis of the 
SAPHIR-trial showed a treatment induced improvement of global relative theta 
power but not of FC measured by the phase lag index (PLI). We compared the 
PLI with the amplitude envelope correlation with leakage correction (AEC-c), a 
presumably more sensitive FC measure.

Methods: Patients with early AD underwent 12 weeks of placebo or PQ912 
treatment. Eyes-closed task free EEG was measured at baseline and follow-up 
(PQ912 n=47, placebo n=56). AEC-c and PLI were measured in multiple frequency 
bands. Change in FC was compared between treatment groups by using two models 
of covariates. 

Results: A significant increase in global AEC-c in the alpha frequency band was 
found with PQ912 treatment compared to placebo (p=0.004, Cohen’s d=0.58). The 
effect remained significant when corrected for sex, country, ApoE ε4 carriage, age, 
baseline value (model 1; p=0.006) and change in relative alpha power (model 2; 
p=0.004). 

Conclusions: Functional connectivity in early AD, measured with AEC-c in the 
alpha frequency band, improved after PQ912 treatment. 

Significance: AEC-c may be a robust and sensitive FC measure for detecting 
treatment effects. 
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Introduction

Efficient communication between different regions of the brain is essential for 
normal cognition (Stam 2005), and changes in these functional interactions have 
been reported in various neurodegenerative diseases such as multiple sclerosis 
(Schoonheim, Meijer, and Geurts 2015), Dementia with Lewy Bodies (van der 
Zande et al. 2018) and Alzheimer’s disease (Jeong 2004). The level of functional 
connectivity hereby provides an intermediate phenotype between pathological 
changes and cognitive functioning. By using electroencephalography (EEG), 
which directly measures cortical synaptic activity, functional connectivity can 
be calculated by estimating the statistical interdependence between pairs of time 
series. The advantage of using EEG to capture functional connectivity over other 
modalities is its high temporal resolution, widespread availability and low cost.

EEG changes in Alzheimer’s disease (AD) compared to healthy subjects are well 
described. These changes are represented by diffuse slowing of the dominant 
posterior rhythm with an increase of relative delta and theta power and decrease 
of relative alpha and beta power (Jeong 2004; Jackson and Snyder 2008). Multiple 
studies have also shown changes in EEG functional connectivity in AD compared 
to healthy subjects (Jeong 2004; Stam et al. 2005; Jackson and Snyder 2008; Engels 
et al. 2015; Yu et al. 2016; Blinowska et al. 2017; Houmani et al. 2018). Functional 
connectivity is generally decreased in AD patients compared to healthy subjects 
(Stam et al. 2003; van Straaten et al. 2014). The level of functional connectivity 
in AD patients is also associated with the severity of cognitive disturbances. AD 
patients with lower scores on cognitive testing show lower functional connectivity 
(Stam et al. 2005; Park et al. 2008; Chen et al. 2015).

The SAPHIR-trial investigated the effects of the drug PQ912 in the treatment of 
Alzheimer’s disease (AD). PQ912s mechanism of action is based on the hypothesis 
that soluble oligomers of Amyloid Beta 42 (AβOs) play an important role in the 
pathophysiology of AD (Selkoe 2002; Selkoe and Hardy 2016). AβOs are thought 
to be synaptotoxic and cause cognitive decline in AD (Ferreira et al. 2015). PQ912 
is a glutaminylcyclase inhibitor which decreases the formation of pyroglutamyl-Aβ 
(pE-Aβ) (Lues et al. 2015). pE-Aβs are thought to initiate and sustain the formation 
of the synaptotoxic AβOs (Nussbaum et al. 2012). Therefore, by inhibiting 
glutaminylcyclase with PQ912, the formation of pE-Aβs and indirectly (pE)AβOs is 
decreased which might counteract the cognitive decline in AD. A study in a mouse 
model of AD has shown improvement of cognition after treatment with PQ912 
(Hoffmann et al. 2017).
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Next to the assessment of drug safety in the 2a phase of the SAPHIR-trial, the effect 
of 12 weeks of treatment with PQ912 in patients with early AD on synaptic function 
was assessed by resting state electroencephalography (EEG). Cortical postsynaptic 
activity is the main source of extracellular current flow recorded by EEG (Buzsaki, 
Anastassiou, and Koch 2012; Lopes da Silva 2013). The hypothesised reduction 
of the synaptotoxic effect of pE-Aβs effectuated by PQ912 should therefore be 
captured by changes in EEG oscillatory activity and functional connectivity.

In the prespecified EEG analysis of the SAPHIR trial, a positive effect of PQ912 on 
global relative theta power (4 – 8 Hz) was found, represented by a decrease in the 
PQ912 intervention group and an increase in the placebo group (Scheltens et al. 
2018). However, the analyses of functional connectivity did not yield significant 
differences between groups. As we would expect that changes in oscillatory activity, 
as reflected by relative power measures, are related to changes in functional 
connectivity between brain regions (Dauwels, Vialatte, and Cichocki 2010; Tewarie 
et al. 2016), we hypothesise that the prespecified measure, the phase lag index 
(PLI), was not sensitive enough to detect small effects. The PLI is a highly ‘pure’ 
measure that, unlike many other functional connectivity measures, was developed 
to correct bias caused by volume conduction (Stam, Nolte, and Daffertshofer 2007; 
Porz, Kiel, and Lehnertz 2014; van Diessen et al. 2015; Nunez et al. 1997) but may 
discard relevant information due to stringent calculation methods (Ossadtchi, 
Altukhov, and Jerbi 2018; Herreras 2016). Repeated measures could additionally 
be influenced by a poor test-retest reliability of the PLI (Colclough et al. 2016). 
The aim of our study was to find a functional connectivity measure sensitive to 
potential treatment effects. 

Therefore, we have additionally re-analysed the EEG dataset of the SAPHIR trial 
with a functional connectivity measure with good test-retest reliability (Colclough 
et al. 2016): the amplitude envelope correlation (AEC) (Bruns et al. 2000; Brookes 
et al. 2011) with correction for volume conduction (AEC-c) (Brookes et al. 2011; 
Hipp et al. 2012; Tewarie et al. 2019). We hypothesised that the AEC-c is able to 
capture potential treatment effects due to its higher test-retest reliability. We 
chose to only test the AEC-c and PLI, instead of a range of other commonly used 
functional connectivity measures with lower reliability or validity (for example due 
to volume conduction).
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Methods 

2.1. Patients
All data was acquired from the SAPHIR-trial, detailed information on patient 
recruitment, data acquisition and primary endpoints can be found in the primary 
article by Scheltens and colleagues (Scheltens et al. 2018). In the phase 2a double 
blinded randomised controlled multicentre SAPHIR-trial, males and females aged 
from 50 to 89 years old with MCI to mild dementia due to AD with amnestic 
presentation (NIA-AA 2011 criteria (Albert et al. 2011; McKhann et al. 2011)) 
with positive AD biomarkers (positive amyloid AD CSF markers or Amyloid 
PET when CSF was not available) were included. MMSE was between 21 to 30 at 
screening. The main exclusion criteria were: other significant neurologic diseases 
that may affect cognition, atypical clinical presentation of MCI and mild dementia 
due to AD, history of seizures within the last 2 years, history of clinically evident 
stroke, other significant abnormalities on MRI, current presence of a clinically 
important major psychiatric disorder, use of other experimental AD medication, 
any concomitant treatment which impairs cognitive function, treatment with an 
acetylcholinesterase inhibitor or memantine, hypnotics during a period of 72 hours 
prior to EEG recording. For full in- and exclusion criteria see appendix A. Patients 
received 12 weeks of randomly allocated treatment of 800mg PQ912 or placebo 
twice a day. For this EEG analysis both the intention to treat (ITT) and per-protocol 
(PP) population were analysed, however only patients of whom both a baseline 
and follow-up EEG was available were included in both populations. Therefore, 
no imputation was performed for missing EEG recordings in the ITT population. 
ITT en PP populations were defined in the primary analyses of the SAPHIR trial 
(Scheltens et al. 2018).  

2.2 EEG recording
EEG recordings were made, according to a standardised protocol, at baseline and 
end of treatment at 12 weeks. On both occasions, 15 minutes of eyes-closed task 
free EEG was recorded with 21 electrode positions of the 10–20 system. Patients 
sat with eyes closed in a slightly reclined chair in a sound attenuated room. EEG 
technicians were alert on keeping the participants awake and to minimise artefacts. 
The following order of channels was used: Fp2/Fp1, F8/F7, F4/F3, A2/A1, T4/T3, 
C4/C3, T6/T5, P4/P3, O2/O1, Fz, Cz, Pz. Sample frequency was at least 200 Hz (to 
512 Hz) and electrode impedance was kept below 5kΩ. Filter settings were: low 
passfilter ≤70 Hz, high passfilter ≥0.5Hz and no notchfilter. For each recording, 5 
epochs of 8 to 10.24 seconds were selected by visual inspection by a trained EEG 
researcher. The selection procedure was protocolised and epochs were selected 
based on the absence of artefacts and an alert state of the patient. Artefacts that 
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were searched for were pulsation artefacts, electrocardiograph artefacts, sweat 
artefacts, movement and electrode artefacts. Drowsiness was recognised by frontal 
theta, slow eye movements and disappearing of the alpha activity or slowing of the 
posterior dominant rhythm.

2.3.1 EEG analyses
Relative power measures in 5 frequency bands (delta 0.5 – 4Hz, theta 4 – 8Hz , 
alpha 8 – 13Hz, beta 13 – 30Hz) and functional connectivity, AEC-c and PLI over 
each of the separate frequency bands, were calculated for each epoch (5 for each 
patient) and each electrode using the average signal as reference. The relative 
power was estimated by calculating the absolute power from 0.5 to 45Hz by Fast 
Fourier transform and dividing absolute power of the set frequency band by the 
total absolute power. These calculations were performed using the ‘’Brainwave’’ 
software version 0.9.152.12.26: see references for resources. Values were averaged 
over epochs creating values for each electrode for baseline and follow-up visit at 
patient level. Global relative power and global functional connectivity values 
were calculated by averaging values of all electrodes. Change from baseline was 
calculated by subtracting the baseline values from the follow-up values (i.e. week 
12 – week 0 visit). 

2.3.2 Functional connectivity
Functional connectivity was estimated by AEC-c and PLI in the alpha, beta, theta 
and delta frequency bands separately. The AEC detects relations between channels 
independent of the phase of the signal. It uses the Hilbert transform to create an 
envelope based on the oscillatory activity of the channel. The AEC represents the 
correlation between the amplitude of the envelopes of two time series (Bruns et al. 
2000; Zamm et al. 2018) and was calculated after leakage correction (Hipp et al. 
2012). The method of AEC-c calculation was according to the method described by 
Hipp and colleagues (Hipp et al. 2012). Leakage correction was performed by pair-
wise orthogonalisation of the oscillatory data in the band-filtered time series. This 
was done in both directions, X to Y and Y to X, using the average of both results for 
the analyses. The orthogonalised data was used to determine the AEC per channel 
creating the AEC-c. To calculate the AEC-c the orthogonalised signal was Hilbert 
transformed to create the analytical signal. The following amplitude envelope of 
this signal is the absolute function of the amplitude of the signal. The correlation 
between the envelopes of two channels X and Y was calculated for each epoch by 
computing the linear Pearson correlation. To adjust for any negative correlations, 
1 was added to all values and the successive numbers were divided by 2. Global 
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AEC-c was calculated by averaging all 21 channels. The AEC-c ranges from 0 to 
1: values close to 0.5 represent no connectivity, values close to 1 represent high 
connectivity whereas values close to 0 represent negative correlations.

PLI estimates the strength of phase coupling between channels by measuring the 
asymmetry of the distribution of instantaneous phase differences ∆φ(t) between two 
signals (Stam, Nolte, and Daffertshofer 2007). The phase differences are estimated 
by using the Hilbert transform of the signal. Asymmetry of the distribution can be 
explained by coupling of the two channels with a non-zero ‘’lag’’ or phase difference 
between the signals. The distribution of phase differences is typically symmetrical 
when no phase coupling is present or if the median of phase difference centres 
around 0 mod π (no lag between signals). The latter represents either high coupling 
or spurious leakage (i.e. volume conduction). The PLI ranges from values of 0 to 1 
representing respectively no to high coupling. The PLI gives low values for phase 
coupling of 0 mod π lag and thereby correcting for volume conduction but as a 
result high coupling values are also removed. A PLI of 1 indicates perfect phase 
locking at a value of ∆φ different from 0 mod π. The PLI can be obtained according 
to equation 1, by using a time series of phase differences ∆φ(tk)ϕ, k = 1 … N.

PLI=|<sign|∆φ(tk)|>| (1)

2.4 CSF, ApoE genotype
CSF was acquired through lumbar puncture at baseline and follow-up. Levels of 
amyloid beta 1-42, total tau and phosphorylated tau were determined from the CSF 
(Innotest, Fujirebio). Blood samples were taken at screening for ApoE genotyping. 
Carriage of the ApoE ε4 allele was used as covariate for the analyses. 

2.5 Cognitive testing
Cognitive tests from the CogState battery (Maruff et al. 2009) and Mini-Mental 
State Examination (MMSE) were done at baseline and follow-up. However, only the 
scores of the One Back Test showed a treatment effect in the primary analysis of the 
SAPHIR study (Scheltens et al. 2018). Therefore, only the results of the One Back 
Test were used in the current analysis. The One Back Test is a working memory 
performance test, lower scores represent higher performance.

2.6 Statistical analyses
Differences in patient demographics between intervention groups were analysed 
using chi-square tests or Fisher exact test for dichotomous variables and 
independent t-tests for continuous variables. Global mean functional connectivity 
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at baseline for each frequency band was compared between treatment groups by 
independent t-test for normal distributed values and Mann-Whitney U test when a 
normal distribution was absent.

Change in global mean functional connectivity was compared between the PQ912 
and placebo group by independent t-tests. Effect sizes were determined by Cohen’s 
d using the mean difference in change of functional connectivity and the pooled 
standard deviation. Additionally, two ANCOVA models were used to determine 
global differences between treatment groups adjusted for various covariates. For 
each model, change in functional connectivity between baseline and follow-up was 
used as independent variable. The first model adjusts for covariates determined in 
the primary analysis of the SAPHIR trial (age, sex, country, presence of the ApoE 
ε4 allele and baseline global mean functional connectivity). Model 2 adjusts for the 
covariates of model 1 and for change in the global relative power band in which the 
functional connectivity was estimated. Finally, a prediction model was made from 
model 2 by removing non-significant predictors using backward elimination. The 
elimination was done by stepwise removal of predictors with the least significant 
F-value until only predictors with a significance of p<0.05 remained. Backward 
elimination was repeated with stratification for diagnosis (MCI or mild dementia) 
added as a factor to the model. 

Furthermore, Pearson’s correlation coefficients were calculated between the change 
of functional connectivity and the change of global relative power of the subsequent 
frequency band. Additionally, correlation coefficients were estimated between 
change of any of the significant functional connectivity measures from model 1 and 
the change of the One Back Test score. Regional differences in change of functional 
connectivity, defined by the 21 EEG channels, were explored by independent 
samples t-tests. P-values were corrected for multiple comparisons by false discovery 
rate (FDR) correction (Benjamini and Hochberg 1995) using a threshold of p<0.05 
for the corrected p-value.. 

Results

3.1 Baseline characteristics
EEG baseline and follow-up recordings were available from 103 patients in the ITT 
population (PQ912 n= 47; placebo n= 56) and 87 patients in the PP population 
(PQ912 n=33; placebo n=54). Baseline characteristics are shown in table 1. No 
significant differences in demographic characteristics between treatment groups 
were found in the ITT population. In the PP population the placebo group was 
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slightly older (placebo mean = 72.2yr±6.7; PQ912 mean 69.0yr±7.6; p = 0.044). CSF 
markers confirmed the AD profile (Jack et al. 2018) of the patients and did not 
differ between groups. Baseline functional connectivity for each frequency band is 
shown in appendix B. No significant baseline differences were found.

Table 1: Baseline characteristics of the ITT population. The count and percentage for each 
categorical variable is shown whereas the mean and standard deviation is shown for each 
continuous variable. Dichotomous variables were compared per group by chi-square tests 
and continuous variables were compared per group by independent t-tests. No significant 
differences between groups were found. Abbreviations: SD, standard deviation; MCI, mild 
cognitive impairment; ApoE, apolipoprotein E; CSF, cerebrospinal fluid; Aβ42, amyloid-beta 42; 
t-tau, total tau; p-tau, phosphorylated tau; MMSE, Mini-Mental State Examination.  

Characteristic All 
(n=103)

Placebo
(n=56)

PQ912
(n=47)

Female (n, %) 57 (55.3%) 27 (48.2%) 30 (63.8%)
Age (mean, SD) 71.2 ± 7.2 72.0 ± 6.6 70.1 ± 7.8
Diagnosis (n,%)
MCI due to AD 72 (69.9%) 36 (64.3%) 36 (76.6%)
Mild dementia due to AD 31 (30.1%) 20 (35.7%) 11 (23.4%)
ApoE ε4 allele (n,%)
Present 72 (69.9%) 40 (71.4%) 32 (68.1%)
CSF (mean, SD)
Aβ42 ( pg/mL) 540.2 (115.9) 545.3 (123.0) 534.23 (108.0)
t-tau ( pg/mL) 761.1 (343.8) 768.9 (340.1) 752.0 (351.6)
p-tau ( pq/mL) 93.0 (31.9) 94.3 (30.3) 91.4 (34.0)
Cognition (mean, SD)
MMSE (score) 24.8 (3.2) 24.7 (3.4) 24.8 (3.1)
One Back Test (10log ms) 3.03 (0.13) 3.01 (0.13) 3.04 (0.12)

3.2  Change in global functional connectivity by treatment group
For each frequency band and both treatment groups the mean change in global 
functional connectivity of the ITT population is shown in table 2. Change of 
AEC-c in the alpha band differed significantly between treatment groups (t = 2.96, 
p = 0.004). More specifically, it increased in the PQ912 treatment group (mean = 
0.0085±0.0189) whereas it decreased in the placebo group (mean = -0.0047±0.0252). 
This effect is shown in figure 1. After FDR correction this result remained 
significant (p=0.032). Estimation of the effect size (Cohen’s d = 0.58) indicated a 
moderate to large effect (Cohen 2013). A similar change of AEC-c was seen in the 
PP population (PQ912 mean = 0.0077±0.0188; placebo mean = -0.0052±0.0252;  
p = 0.013). The AEC-c yielded no significant differences in functional connectivity 
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between treatment groups in other frequency bands. The PLI did not show 
significant differences between treatment groups in any of the frequency bands. In 
the following analyses only the results of functional connectivity in the alpha band 
will be shown due to the absence of effect in the other frequency bands.

Table 2: Mean change of functional connectivity reflected by AEC-c and PLI between week 
0 and week 12 by treatment group in the ITT population. Results of the AEC-c and PLI are 
shown for each of the frequency bands (delta, theta, alpha and beta). Significant differences, 
estimated by independent t-test, between treatment groups are shown by * p<0.05, ** p<0.01. 
Abbreviations: AEC-c, amplitude envelope correlation with leakage correction; PLI, phase lag 
index; SD, standard deviation.

Change in functional 
connectivity
(mean, SD)

Placebo
(n=56)

PQ912
(n=47)

Delta band (0.5 – 4Hz)
AEC-c 0.0045 ± 0.0231 -0.0011 ± 0.0265
PLI -0.0072 ± 0.0258 0.0001 ± 0.0221
Theta band (4 – 8Hz) 
AEC-c -0.0015 ± 0.0236 -0.0014 ± 0.0210
PLI 0.0056 ± 0.0304 0.0001 ± 0.0229
Alpha band (8 – 13Hz)
AEC-c -0.0047 ± 0.0252** 0.0085 ± 0.0189**
PLI 0.0023 ± 0.0494 0.0041 ± 0.0341
Beta band (13 – 30Hz)
AEC-c 0.0001 ± 0.0098 -0.0022 ± 0.0144
PLI 0.0005 ± 0.0132 -0.0032 ± 0.0119

After correction for patient demographics (age, sex, country, and presence of ApoE 
ε4 allele) and baseline functional connectivity (ANCOVA model 1), the difference 
in AEC-c alpha band change explained by the PQ912 treatment remained 
significant (ITT: B = 0.012, SE = 0.004, p = 0.006; PP: B = 0.011, SE = 0.005,  
p = 0.029). Moreover, after additional correction for change in global relative alpha 
power in model 2, change in alpha band AEC-c was still significantly different 
between treatment groups (ITT: B = 0.013, SE = 0.004, p = 0.004; PP: B = 0.012,  
SE = 0.005, p = 0.017). No significant differences between treatment groups were 
found in other frequency bands or with the PLI as outcome measure with model 
1 and 2. The results of the ANCOVA analyses using the change in functional 
connectivity in the alpha band are shown in appendix B. 



67

2.2

Backward elimination was used to determine the most important predictors of 
model 2 for the change of the AEC-c and PLI in the alpha frequency band. Using 
this method the AEC-c remained the only measure that observed a significant 
treatment effect independent of the other predictors. The best predictors for the 
observed change in AEC-c were: PQ912 treatment increased change in AEC-c  
(B = 0.013 p = 0.002), baseline AEC-c negatively correlated with change in AEC-c 
(B = -0.319, p < 0.001) and presence of the ApoE ε4 allele increased change in 
AEC-c (B = 0.010, p = 0.020). The only significant predictor for the observed 
change in PLI was the change in relative alpha power (B = 0.151 p = 0.018). 

14 
 

Figure 1: Change in AEC-c (in the alpha band) for each individual subject of the ITT population ranked 
by increasing AEC-c change. Blue bars represent patients with PQ912 treatment and grey bars 
placebo treatment. Means and standard deviations of these groups can be seen in table 2. 

 

 

 

 

 

Figure 1: Change in AEC-c (in the alpha band) for each individual subject of the ITT 
population ranked by increasing AEC-c change. Blue bars represent patients with PQ912 
treatment and grey bars placebo treatment. Means and standard deviations of these groups can 
be seen in table 2.



68

Chapter 2.2 -  In pursuit of a sensitive EEG functional connectivity outcome measure for clinical trials 

in Alzheimer’s disease

3.3 Regional FC change
To investigate regional differences between treatment groups, figure 2 shows the mean 
change of AEC-c in the alpha band of the individual EEG channels of each treatment 
group. In the intervention group, the AEC-c increased in most regions, whereas it 
decreased in the placebo group. The difference in change from baseline was significant 
(p < 0.05) in regions Fp1, Fp2, F7, F3, F4, C3, Cz, C4, T5, P3, Pz, P4, T6, and O1. After 
FDR correction the difference in change from baseline between treatment groups was 
significant (p < 0.05) in regions Fp1, Fp2, C3, Cz, P3, Pz, P4, T6 and O1.

3.4 Influence of global relative power
Correlations between the change of functional connectivity measures in the alpha 
frequency band and change in global relative power were observed by Pearson 
correlation coefficients. PLI correlated with change in global relative alpha  
(r = 0.233, p = 0.018) and beta (r = -0.266, p = 0.007) but not delta (r = -0.021,  
p = 0.832) or theta (r = -0.036, p = 0.716) power whereas the AEC-c did not 
correlate with change in global relative alpha (r = -0.091, p = 0.362), beta (r = 
-0.040  p = 0.688), delta ( r = 0.068, p = 0.496) or theta (r = 0.152  p = 0.124) power. 

3.5 Influence of baseline diagnosis on change in global functional 
connectivity 
To evaluate whether baseline diagnosis (MCI or mild dementia) had an effect on 
the treatment effect, alpha band AEC-c was plotted per diagnosis and intervention 
group in figure 3. No significant group differences were found with baseline AEC-c 
or PLI in each of the frequency bands. Over 12 weeks of placebo treatment we 
observed a decrease of the AEC-c in MCI but not in mild dementia patients whereas 
in the PQ912 group both patients with MCI and mild dementia showed an increase 
of AEC-c. The backward elimination of ANCOVA model 2 was repeated with 
diagnosis of MCI or mild dementia added to the model as a factor and separately 
as interaction term with the treatment arm. No significant effect or interaction of 
diagnosis on the treatment effect was found.

3.6 Correlation of functional connectivity with cognition
To assess whether the observed change in functional connectivity is associated with 
change in cognition, the Pearson correlation between the change in AEC-c and the 
change in One Back Test score (10log ms) was calculated. A negative correlation 
was found (r = -0.22, R2 = 0.05, p = 0.03) indicating that an increase in AEC-c was 
associated with an improvement in performance on the One Back test.
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Figure 2: Headplots of the observed change in AEC-c of the alpha band in the placebo group (left) and 
intervention group (right). Red indicates an increase, green no change and blue a decrease. The scales 
next to each plot represent which value corresponds with which colour in the concurrent plot. The 
placebo group shows a global decrease with the lowest values in parietal areas, whereas the 
intervention group shows a global increase which is predominant in the parietal areas.   

 
Figure 3: AEC-c boxplots of change in AEC-c (in the alpha band) in MCI (left column) and mild 
dementia (right column) comparing placebo (grey) to PQ912 treatment (blue). Both disease stages 
show an increase in AEC-c after treatment with PQ912 whereas placebo treatment results into no 
change (mild dementia) or a decrease (MCI). 
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Figure 3: AEC-c boxplots of change in AEC-c (in the alpha band) in MCI (left column) and 
mild dementia (right column) comparing placebo (grey) to PQ912 treatment (blue). Both 
disease stages show an increase in AEC-c after treatment with PQ912 whereas placebo treatment 
results into no change (mild dementia) or a decrease (MCI).
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Discussion

The main outcome of this study was that global functional connectivity in early 
AD, measured with AEC-c in the alpha frequency band, improved after 12 weeks 
of treatment with PQ912. The treatment effect was independent of various 
demographic variables and change in relative alpha power. No correlation was 
found between the observed change in AEC-c and the, previously observed 
(Scheltens et al. 2018), change in global relative theta power in the same trial.

Previous clinical trials in AD that have assessed drug efficacy with EEG have 
presented various results concerning EEG biomarkers. Trials with drugs for 
symptomatic treatment, for example cholinesterase-inhibitors rivastigmine and 
donazepil, have shown a decrease in delta and theta power (Adler and Brassen 2001; 
Adler, Brassen, and Jajcevic 2003; Adler et al. 2004; Balkan et al. 2003). Whereas 
treatment with Souvenaid, in a 24 week clinical trial in mild dementia due to AD, 
showed a significant increase in peak frequency. It further showed a decrease in 
functional connectivity, with PLI in the delta frequency band (Scheltens et al. 
2012) and improved network measures (clustering coefficient gamma and path 
length lambda) in the beta band (de Waal et al. 2014). Additionally, the primary 
analysis of the SAPHIR trial showed a decrease in global relative theta power after 
treatment (Scheltens et al. 2018). Overall, in several trials, different treatment 
effects have been observed with multiple oscillatory and functional connectivity 
EEG measures but, partly due the absence of a disease modifying drug in AD and 
scarce implementation of EEG in clinical AD trials, no consensus exists what EEG 
biomarker to use for the assessment of drug efficacy (van Straaten et al. 2014). 
Therefore our exploratory analysis can provide further insight for potential EEG 
biomarkers in AD.

After assessing the AEC-c and PLI in multiple frequency bands, the AEC-c in 
the alpha frequency band proved to be the most sensitive functional connectivity 
measure in this trial. Global alpha band AEC-c increased after treatment with 
PQ912 whereas it declined in the placebo group. This effect was independent of age, 
sex, gender, country, ApoE ε4 allele carriage, baseline functional connectivity and 
change in relative alpha power. Multiple EEG and Magnetoencephalography (MEG) 
studies have found that functional connectivity, for example measured by PLI, in 
the alpha frequency band is lower in patients with AD compared to healthy patients 
or patients with subjective cognitive decline (Stam 2010; Yu et al. 2016). But also 
other functional connectivity markers such as the coherence in the alpha and theta 
band (Besthorn et al. 1994) and AEC-c in the alpha and beta band (Koelewijn et 
al. 2017) have shown to decrease in AD. Our results implicate that PQ912 causes 
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improvement in alpha band functional connectivity, whereas the placebo group 
declined over time due to disease progression. The effect size was moderate to large 
(Cohen’s d= 0.58) and no disease stage specific effect was found, as stratification of 
including baseline diagnosis did not change the results (figure 3). 

In the primary analyses of the SAPHIR trial, a positive effect was found of PQ912 
on the global relative theta power. Global relative theta power is increased in 
patients with AD compared to healthy controls (Jeong 2004; Jackson and Snyder 
2008). An increase in relative theta power is an indicative EEG measure of clinical 
progression in AD (Huang et al. 2000; Jelic et al. 2000) and a predictor for future 
cognitive decline in preclinical AD patients (Gouw et al. 2017). Relative theta 
power can therefore be regarded as a highly sensitive and early marker in AD. 
Interestingly, the change of AEC-c in the alpha frequency band was independent 
of change in relative alpha power and was not correlated with the change in global 
relative theta power. In addition the effect size of PQ912 treatment on the AEC-c 
was stronger than on global relative theta power (Cohen’s d of respectively 0.58 and 
0.29). Furthermore, an association of the change of the AEC-c with the change of 
the One Back Test score was found. These results imply that the effect of PQ912 
on the functional connectivity is both relevant and different from the effect on the 
oscillatory activity. The AEC-c therefore has additional value in detecting treatment 
effects of PQ912 above the previously found relative theta power. 

As observed in the regional plots of the AEC-c (figure 2) the treatment effect was 
seen globally but most strongly in the regions covering the parietal cortex. The 
parietal, specifically the precuneus, and posterior cingulate cortex are hallmark 
regions affected by AD with prominent hypometabolism, amyloid beta and tau 
deposits and grey matter atrophy (Klunk et al. 2004; Karas et al. 2007; Whitwell 
et al. 2007; Ossenkoppele et al. 2012; Xia et al. 2017). These areas are important 
and highly connected hub regions in healthy adults and are vulnerable to AD (de 
Haan, Mott, et al. 2012; Yu et al. 2017) with disruption of the parietal network and 
a decrease of parietal functional connectivity in the course of AD (de Haan, van 
der Flier, et al. 2012; Engels et al. 2015). Therefore the observed improvement in 
functional connectivity of this area could indicate improvement in the disease 
course. 

The reason why the treatment effect of PQ912 was only observed in the alpha band 
of the AEC-c is possibly due to the prominent changes in alpha band functional 
connectivity in AD (Jeong 2004; Stam 2010; Besthorn et al. 1994; Koelewijn et al. 
2017). A change in this prominent affected bandwidth might be easier to detect. 
Another hypothesis could be formed from the bandwidth sensitivity of the AEC-c. 
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Hipp and colleagues (Hipp et al. 2012) have for example shown that the strongest 
correlations between brain regions with the AEC-c could be found in the alpha 
and beta frequency range. Perhaps the actual changes are not only restricted to the 
alpha band but it might be possible that the limitations of present EEG functional 
connectivity measurement methods prevent us from capturing these effects. This 
could indicate it is favourable to preselect the desired bandwidth in concurrence 
with the frequency specific sensitivity of the chosen functional connectivity 
measure. Further research to conclude in which frequency band the AEC-c (and 
other functional connectivity measures) is most valid in Alzheimer’s disease is 
needed to answer these questions.

No treatment effects were found using PLI as a measure of functional connectivity. 
AEC-c and PLI both measure statistical interdependencies between time series 
but are based on different concepts.  AEC-c compares amplitude envelopes and 
detects channel synchronisation independent of the phase of the signal (Bruns 
et al. 2000) whereas the PLI estimates phase-synchronisation (Stam, Nolte, and 
Daffertshofer 2007). Both methods correct for volume conduction albeit with 
different methodology. Volume conduction can cause over- or underestimation 
of functional connectivity (Herreras 2016) and it is therefore important to use 
functional connectivity measures that are corrected for this phenomenon. The 
AEC-c corrects for this potential bias by orthogonalisation of the signal prior to 
the calculation of the AEC and the PLI does so by yielding low values for phase 
differences close to 0 mod π. Because these methods are intrinsically different, 
no immediate conclusion can be drawn why the AEC-c produces a significant 
difference between the treatment groups when the PLI does not. The most 
plausible explanation of the results found in our study would be higher test-retest 
reliability of the AEC-c compared to the PLI. To our knowledge no study has been 
performed that compares truly longitudinal EEG test-retest reliability between the 
two functional connectivity measures. However, higher test-retest concordance of 
the AEC-c compared to the PLI has been shown within single MEG recordings of 
healthy subjects (Colclough et al. 2016) and between MEG recordings of genetically 
identical twins (Demuru et al. 2017). Another explanation of the sensitivity of the 
AEC-c could be the ability of the method to detect specific or different cortical 
interactions. The primary publication of the AEC by Bruns and colleagues (Bruns 
et al. 2000) proposed the AEC to be sensitive to long-range cortical interactions. 
Articles comparing the PLI and AEC-c show long-range cortical interactions with 
the AEC-c and show comparable results for the PLI. More specifically, an EEG 
comparison of the PLI and AEC-c by Mehrkanoon and colleagues (Mehrkanoon 
et al. 2014) describes, for example, similar connectivity patterns between the two 
modalities. In this study, with healthy subjects, the relationship between amplitude 
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and phase coupling in source-reconstructed EEG was investigated in different 
sensory and motor cortices. The PLI and AEC-c showed similar correlation patterns 
in homologous ipsilateral areas. Both methods also showed correlations with 
homologous contralateral areas but these correlations where more profound with 
the PLI. These results were supported by a recent article by Tewarie and colleagues 
(Tewarie et al. 2019) showing similar connectivity patterns between amplitude 
envelope and phase based connectivity measures in MEG recordings of healthy 
subjects. Additionally, the same article shows improved amplitude correlations not 
to be a mere result of improved signal to noise ratio’s as a function of relative power 
but a real reflection of functional connectivity. Taking this knowledge into account, 
we suggest that the results found in our study were not caused due to the sensitivity 
to specific functional interactions or change in relative power but to the better 
reliability of the AEC-c compared to the PLI.

The major strengths of our study design are: a randomised placebo-controlled trial 
set-up, all patients had a positive amyloid signature (PET or CSF), standardised 
and quality controlled EEG recording with central pre-processing, and the use of 
functional connectivity measures corrected for volume conduction. Some points 
that are needed to take into consideration are for example the short study duration 
of 12 weeks and the multicentre design. The multicentre design causes the EEGs 
to be made on different locations and different EEG systems with different sample 
frequencies. However, baseline and follow-up visit were done on the same system. 
Thereby the values between centres are comparable and extrapolatable by using 
the change from baseline values.  The focus of this phase 2A trial was drug safety 
and EEG recordings were made at baseline and at follow-up after 12 weeks while 
patients were still on treatment. Therefore, the observed functional connectivity 
improvement after PQ912 treatment could be due to transient effects, as for 
example in (anti)cholinergic treatment (Bajo et al. 2015; Klaassens et al. 2017). 
Based on these results a conclusion on whether PQ912 has a disease modifying 
effect (i.e. a sustained effect on clinical progression) on Alzheimer’s disease cannot 
yet be drawn. Future studies should confirm the current results and perform an 
additional EEG follow-up some time after treatment to assess whether the effect is 
still present. 

Conclusion

Functional connectivity in early AD, measured with AEC-c in the alpha frequency 
band, improved after treatment with PQ912. When correcting for several baseline 
characteristics and change in relative alpha power this effect was still present. No 
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correlation between change in AEC-c and change in global relative theta power 
was found. Change in AEC-c correlated with improvement in performance on the 
One Back Test. These results provide evidence that the AEC-c promises to be a 
sensitive and valid measure for small functional connectivity changes in the setting 
of medication trials.
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Appendix A: In- and exclusion criteria SAPHIR-trial

INCLUSION AND EXCLUSION CRITERIA 

Eligible subjects will be males and females with MCI due to AD or mild dementia 
due to AD, as specified in the entry criteria below. 

Inclusion criteria 
Firstly, the general Inclusion Criteria which apply to all groups are listed. Secondly, 
the Inclusion Criteria which are group specific are listed. 

General Inclusion Criteria (applicable to Groups 1, 2 and 3) 

A subject must meet ALL of the following criteria to be eligible for this study: 

1.  Signed and dated written informed consent obtained from the subject in 
accordance with local regulations. 

2.  Male or surgically sterile or postmenopausal female, aged ≥ 50 to ≤ 89 years. 
Male subjects with childbearing potential partners are willing to and should use 
condoms during study medication treatment and until 28 days after the last dose 
of study medication. 

3.  Mini-Mental State Examination (MMSE) score of 21 to 30 inclusive at screening. 

4.  A positive AD signature showing one of the following (either a, b, c, OR d): 
a.  Screening CSF sample with an A-beta 42 concentration of less than 638 

ng/L AND total tau >375 ng/L, as assessed by central laboratory. 
b.  Screening CSF sample with an A-beta 42 concentration of less than 638 

ng/L AND p-tau > 52 ng/L, as assessed by central laboratory. 
c.  Tau/A-beta ratio > 0.52, as assessed by central laboratory. 
d.  Positive amyloid PET if available prior to screening. 

5.  Fluency in local language and evidence of adequate premorbid intellectual 
functioning in the opinion of the 

6.  Adequate visual and auditory abilities to perform the cognitive and functional 
assessments in the opinion of the Investigator. 

deze zin lijkt niet compleet
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7.  Outpatient with availability of a study partner (age 18 years or older) capable 
of accompanying the subject on all clinic visits. In accordance to Swedish 
regulations the availability of a study partner is not applicable for Sweden. 

8.  The subject and study partner are likely to be able to participate in all scheduled 
evaluations. In accordance to Swedish regulations the availability of a study 
partner is not applicable for Sweden. 

9.  In the opinion of the Investigator, the subject and study partner can be compliant 
with study protocol and have a high probability of completing the study. In 
accordance to Swedish regulations the availability of a study partner is not 
applicable for Sweden. 

10.  Diagnosis of MCI due to AD or mild dementia due to AD with amnestic 
presentation, according to AA-NIA criteria (Albert et al. 2011; McKhann et al. 
2011): 

11.  Screening visit brain MRI scan consistent with the diagnosis of MCI due to AD 
or mild dementia due to AD, as judged by central rater. 

12.  Treatment naïve, not having received any prior established specific treatment 
for MCI due to AD or mild dementia due to AD including no (prior) use of 
an acetylcholinesterase inhibitor or memantine. A maximum of two months of 
prior cumulative treatment is allowed if the acetylcholinesterase inhibitor or 
memantine was discontinued due to intolerance and if this was done at least 
two months prior to baseline. 

6.2.2 Exclusion criteria 
A subject who meets ANY of the following criteria is not eligible for this study: 

1.  Significant neurologic disease, other than AD, that may affect cognition. 

2.  Atypical clinical presentations of MCI due to AD or mild dementia due to AD, 
such as the visual variant of AD (including posterior cortical atrophy) or the 
language variant (including logopenic aphasia). 
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Concomitant disorders: 

3.  History of or screening visit brain MRI scan indicative of any other significant 
abnormality, including but not limited to multiple microhaemorrhages (4 or 
more, defined as 10 mm or less at the greatest diameter), severe white matter 
hyper intensities (Fazekas score 3), history or evidence of a single prior 
haemorrhage >1 cm3, multiple lacunar infarcts or evidence of a single prior 
infarct >1 cm3, evidence of a cerebral contusion, encephalomalacia, aneurysms, 
vascular malformations, subdural hematoma, or space-occupying lesions (e.g. 
brain tumours). 

4.  Current presence of a clinically important major psychiatric disorder (e.g. 
major depressive disorder) as defined by DSM-5 criteria, or symptom(s) (e.g. 
hallucinations) that could affect the subject’s ability to complete the study. 

5.  Current clinically important systemic illness that is likely to result in clinically 
relevant deterioration of the subject’s condition or might affect the subject’s 
safety during the study. 

6.  History of clinically evident stroke or history of clinically important and 
symptomatic carotid or vertebrobasilar stenosis or plaque. 

7.  History of seizures within the last two years prior to the screening visit. 

8.  Weight > 120 kg (264 lb) at screening. 

9.  Myocardial infarction within the last six months prior to screening. 

10.  History of cancer within the last two years prior to screening, with the exception 
of any of the following conditions: non-metastatic basal cell carcinoma, and 
squamous cell carcinoma of the skin or any other cancer if evidence of no residual 
cancer has been clinically confirmed within the last six months before baseline. 

11.  History of uncontrolled hypertension (in the opinion of the Investigator) within 
six months prior to screening. 

12.  Other clinically important diseases or conditions or abnormalities of vital signs, 
physical examination, neurologic examination, laboratory results, or ECG 
examination (e.g. atrial fibrillation) that could compromise the study or the 
safety of the subject. 
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13. Haemoglobin level <11 g/dL (6.8 mmol/L) at screening. 

14.  Clinically important infection within 30 days prior to screening e.g. chronic 
persistent or acute infection, such as bronchitis or urinary tract infection. 

15.  Any known hypersensitivity to any of the excipients contained in the test article 
formulation. 

16.  Severe hepatic failure (Child-Pugh C) OR kidney failure (creatinine clearance 
(eGFR) ≤ 30 ml/min/1.73m2) OR serum creatinine above 1.5 fold of ULN OR 
AST or ALT above 3 fold of ULN at screening. 

Concomitant Medication/Therapies: 

17.  The following therapies are not permitted for the given intervals prior to 
baseline and until EOT: 

Anticoagulants (e.g. heparin and vitamin K antagonists) within 30 days prior to 
baseline. 

NOTE: Platelet anti-aggregants (e.g. clopidogrel bisulfate or the use of carbasalate 
calcium 100 mg/day, or aspirin 325 mg/day or less) are allowed if they are 
maintained on a stable dose regimen for at least 30 days prior to baseline. The 
combination of clopidogrel and carbasalate calcium or aspirin is not allowed during 
the time of lumbar puncture. 

-  Use of experimental medications for AD or any other investigational medications 
or devices for treatment of indications other than AD within 60 days prior to 
baseline. 

-  Treatment with Souvenaid, except if the use of Souvenaid was discontinued at 
least two months prior to baseline, or if the subject is on stable dose for at least six 
months prior to baseline and is willing to continue the use of Souvenaid during 
the study on the same dose and frequency. 

-  Treatment with immunosuppressive medications (e.g. systemic corticosteroids in 
a dose of > 10 mg/day) within the last 90 days prior to baseline (topical and nasal 
corticosteroids and inhaled corticosteroids for asthma are permitted). 



85

2.2

-  Treatment with chemotherapeutic agents for malignancy within the last year prior 
to baseline. 

-  Concomitant treatment with strong inhibitors or moderate inducers of the 
metabolic enzyme CYP 2C19 or substrates with narrow therapeutic margin: 
fluconazole, fluvoxamin, ticlopidin, rifampicin, S-mephenytoin, repaglinide, 
phenytoin, phenobarbital and indometacin. A washout phase of at least two weeks 
before baseline is required for subjects having been treated with any of the above 
medicinal products. 

-  Concomitant treatment with St. John’s Wort (a wash out phase of at least two 
weeks prior to baseline is required). 

-  Any concomitant treatment which impairs cognitive function and cannot be 
washed out at least four weeks prior to baseline. 

The following requirements apply to all other medications not intended to treat 
AD: 

-  Subjects must be on stable dose for at least four weeks prior to baseline, except 
for medications which are administered as short courses of treatment (e.g. anti-
infective) or which are to be used as needed (PRN). 

-  Subjects who initiate treatment or undertake dose adjustment with drugs not 
intended for treatment of cognitive impairment during the study may continue 
in the study if in the opinion of the Investigator this will not interfere with study 
procedures or subject safety. 

Other 

18.  Blood donation (routine blood donation) in the 90 days prior to screening. 

19.  History of alcohol or drug dependence or abuse as defined by DSM-5 criteria 
within the last two years prior to screening. 

20.  Presence of pacemakers, aneurysm clips, artificial heart valves, ear implants, 
CSF shunts, claustrophobia, or metal fragments or foreign objects in the eyes, 
skin, or body that would contraindicate a brain MRI scan. 

21.  Inadequate venous access to allow multiple blood draws. 
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22.  The following therapies are not permitted for the given intervals prior to 
baseline and until End-of-treatment (EOT): 

-  Treatment with an acetylcholinesterase inhibitor, memantine, except for an 
acetylcholinesterase inhibitor or memantine in case of clinically relevant 
worsening of cognitive performance during the Double Blind study period. 

-  Medications which are central nervous system active and may affect cognitive 
function are not permitted during a period of 72 hours prior to neuropsychological 
testing (V1, V2 and EOT). 

-  Hypnotics are not permitted during a period of 72 hours prior to EEG recording 
(V1 and EOT). 
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Appendix B: Supplementary tables

Supplementary table I: Baseline functional connectivity per treatment group. Differences 
were analysed using independent t-tests for the AEC-c and non-parametric Mann-Whitney U 
tests for the PLI. No significant differences were found between treatment groups.

Baseline functional connectivity
(mean, SD)

Placebo
(n=56)

PQ912
(n=47)

Delta band (0.5 – 4Hz)
AEC-c 0.535 (0.031) 0.539 (0.027)
PLI 0.164 (0.029) 0.159 (0.018)
Theta band (4 – 8Hz) 
AEC-c 0.539 (0.022) 0.545 (0.026)
PLI 0.143 (0.022) 0.148 (0.029)
Alpha band (8 – 13Hz)
AEC-c 0.540 (0.031) 0.535 (0.028)
PLI 0.185 (0.070) 0.170 (0.061)
Beta band (13 – 30Hz)
AEC-c 0.524 (0.011) 0.527 (0.026)
PLI 0.077 (0.013) 0.080 (0.018)

Supplementary table II: Mean change of functional connectivity reflected by AEC-c and 
PLI in the alpha frequency band between week 0 and week 12 by intervention group. 
Mean group differences between the placebo and PQ912 group were calculated and tested with 
independent samples t-tests. Additional comparisons between treatment groups were done by 
ANCOVA using age, sex, country, presence of ApoE ε4 allele, and baseline value as covariates 
(model 1) and by a second ANCOVA model using the covariates of model 1 and adding change 
in global relative alpha power as covariate (model 2). Significant differences between treatment 
groups are shown by * p<0.05, ** p<0.01.  Abbreviations: AEC-c, amplitude envelope correlation 
with leakage correction; PLI, phase lag index.

Functional connectivity 
measure

Difference
between

treatment groups 
(p-value; Cohen’s d)

Difference
between

treatment groups
model 1 (p-value)

Difference
between

treatment groups
model 2 (p-value)

AEC-c 0.0132**
(0.004;0.58)

0.0119**
(0.006)

0.0127**
(0.004)

PLI 0.0019
(0.828;0.04)

0.0025
(0.775)

0.0046
(0.605)
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Abstract

Background: Although numerous electroencephalogram(EEG) studies have 
described differences in functional connectivity in Alzheimer’s disease(AD) 
compared to healthy subjects, there is no general consensus on the methodology of 
estimating functional connectivity in AD. Inconsistent results are reported due to 
multiple methodological factors such as diagnostic criteria, small sample sizes and 
the use of functional connectivity measures sensitive to volume conduction. We 
aimed to investigate the reproducibility of the disease-associated effects described 
by commonly used functional connectivity measures with respect to the amyloid, 
tau and neurodegeneration (A/T/N) criteria. 

Methods: Eyes-closed task free 21-channel EEG was used from patients with 
probable AD and subjective cognitive decline(SCD), to form two cohorts. Artefact-
free epochs were visually selected and several functional connectivity measures 
(AEC(-c), Coherence, imaginary coherence, PLV, PLI, wPLI) were estimated in five 
frequency bands. Functional connectivity was compared between diagnoses using 
AN(C)OVA models correcting for sex, age and, additionally, relative power of the 
frequency band. Another model predicted mini-mental state exam(MMSE) score 
of AD patients by functional connectivity estimates. The analysis was repeated 
in a subpopulation fulfilling the A/T/N criteria, after correction for influencing 
factors. The analyses were repeated in the second cohort.

Results: Two large cohorts were formed (SCD/AD; n=197/214 and n=202/196). 
Reproducible effects were found for the AEC-c in the alpha and beta frequency 
band (p=6.20*10-7, Cohen’s d=-0.53; p=5.78*10-4,d=-0.37) and PLI and wPLI in 
the theta band (p=3.81*10-8,d=0.59; and p=1.62*10-8 ,d=0.60, respectively). Only 
effects of the AEC-c remained significant after statistical correction for the relative 
power of the selected bandwidth. In addition, alpha band AEC-c correlated with 
disease severity represented by MMSE score.

Conclusion: Choice of functional connectivity measure and frequency band can 
have large impact on the outcome of EEG studies in AD. Our results indicate 
that in the alpha and beta frequency band the effects measured by the AEC-c 
are reproducible and the most valid in terms of influencing factors, correlation 
with disease severity and preferable properties such as correction for volume 
conduction. Phased-based measures with correction for volume conduction, such 
as the PLI, showed reproducible effects in the theta frequency band.

Key words: Alzheimer’s disease, EEG, functional connectivity, reproducibility
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1. Introduction

Alzheimer’s disease (AD) is the most common cause of dementia and it is 
expected that 131.5 million people will be living with dementia in 2050 (Prince 
2015). Electroencephalography (EEG) has been used to understand underlying 
mechanisms and support the diagnosis of AD (Jeong 2004; Dauwels, Vialatte, and 
Cichocki 2010), but also to observe treatment effects (van Straaten et al. 2014). 
EEG is a relatively easy, cheap and widely available method and provides functional 
data with a high temporal resolution which makes it an interesting modality to 
investigate the disease.

Quantitative resting state EEG data analyses can roughly be divided into three 
modalities: spectral decomposition, functional connectivity and network based 
analyses. Each of these modalities have shown profound changes in AD compared 
to healthy subjects (Jeong 2004; Engels et al. 2015; Stam 2005). Spectral changes 
in AD are characterized by a general slowing of the dominant oscillatory brain 
rhythms. Typically, there is an increase in relative theta and delta power and 
a decrease in relative alpha and beta power (Boerman, Scheltens, and Weinstein 
1994; Jeong 2004). The analyses of spectral changes are very straightforward and 
require no more than, for example, a Fast Fourier Transformation (Welch 1967) of 
the oscillatory data. As a result there is a broad consensus concerning the typical 
spectral changes in AD. Functional connectivity and network analyses on the other 
hand, require more complex calculations and are subject to choices in the use of 
different properties of the EEG signal (Cassani et al. 2018). A broad and general 
consensus about changes in functional connectivity or brain networks is therefore 
more complicated.

Various studies have reported changes in functional connectivity in AD. In 
general, AD is considered  to be a disconnecting syndrome (de Haan et al. 2012; 
Delbeuck, Van der Linden, and Collette 2003), showing a lower functional 
connectivity in patients with dementia due to AD compared to healthy controls 
(Dauwels, Vialatte, and Cichocki 2010). This conclusion is, however, not based 
on consistent methodology. Many studies suffered from small study populations 
and poor definition of study populations without using clinical (McKhann et 
al. 2011) or research criteria (Jack et al. 2018). But most importantly, although 
recommendations have been published (Cassani et al. 2018; van Diessen et al. 2015; 
Babiloni et al. 2020), there is an absence of a consensus on the methodology of 
estimating functional connectivity. It is, therefore, not surprising that different and 
sometimes conflicting results have been reported between measures of functional 
connectivity in AD. Reproducibility issues like these have recently gained more 
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attention throughout the different fields of science (Baker 2016). As scientists are 
more eager to present new results or discoveries, there is limited motivation to 
reproduce and publish previously reported findings. Previous results could have 
been influenced by low statistical power, ‘P-hacking’ or publication bias and it 
has been estimated that 85% of biomedical research efforts are not reproducible 
(Munafò et al. 2017). This methodological problem is often referred to as the 
‘reproducibility crisis’. A lack of reproducible results can impair the use of these 
measures in future (clinical) studies and even harm the credibility of the functional 
connectivity research field. 

Examples of inconsistencies in functional connectivity literature, among others, 
can be found in the results reported for coherence. It is reported to be decreased 
in the alpha (8 – 13Hz) band in AD subjects by multiple studies but some other 
studies have additionally reported an increase in delta (0.5 - 4Hz) band coherence 
(Locatelli et al. 1998; Brunovsky et al. 2003) and an increase in theta (4 – 8Hz) 
band coherence (Adler, Brassen, and Jajcevic 2003). In another comparison of AD 
and cognitively normal patients, both the phase lag index (PLI) and imaginary 
coherence showed a decrease in functional connectivity in the beta (13 – 30Hz) 
frequency band (Stam, Nolte, and Daffertshofer 2007), where other studies showed 
differences in the alpha band PLI (Yu et al. 2016) and alpha (Ranasinghe et al. 2014) 
but also delta and theta band (Hsiao et al. 2013) imaginary coherence. 

Some of the conflicting reports of change in functional connectivity may be 
explained by issues in study design such as differences in populations, sample 
size and (pre-)processing. In addition, the choice of functional connectivity 
measure could also have had influence on the results (de Waal et al. 2014). This 
could be due to differences in the use of EEG properties (i.e. amplitude, phase, 
frequency), the chosen bandwidth and regional changes. As shown by research 
in other neurodegenerative diseases, different functional connectivity measures 
can show different regional in- or decreases in the same or different bandwidths 
(Dukic et al. 2019; Schoonheim et al. 2013). Neurodegeneration also proves to be a 
nonlinear process which can cause different states in different stages of the disease 
(Tewarie et al. 2018; de Haan et al. 2017). As a result, it can be a valid procedure 
to look at different functional connectivity measures in different frequency bands 
simultaneously. However, inconsistencies can also occur due to a low reliability of 
the measure of functional connectivity. Large differences in test-retest reliability 
between measures have been reported (Garces, Martin-Buro, and Maestu 2016; 
Colclough et al. 2016). Moreover, even though a measure can be reliable, it also 
needs to be a valid measure of functional connectivity. An important factor 
influencing the validity of functional connectivity measures is the susceptibility to 
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volume conduction (Nunez et al. 1997). Volume conduction can in- or deflate the 
presented results (Herreras 2016) and, therefore, functional connectivity measures 
without correction for this phenomenon are not valid measures of connectivity. 
This implies that the choice of functional connectivity measure can have influence 
on the reproducibility, generalizability and validity of the results. 

An influencing factor, briefly mentioned above, is that the diagnostic process 
has evolved from a mostly clinical evaluation to a biomarker-based process. 
Due to the presence of many comorbidities and clinical mimics of AD, results 
from studies that involved patients without biomarker support might have been 
negatively influenced. Therefore, the AD research field has adopted a new research 
framework (Jack et al. 2018) implementing amyloid, tau and neurodegeneration 
(A/T/N) criteria to ensure the results of current research are residues of the same 
biological process. In summary, it is important to evaluate the observed effects of 
AD on functional connectivity in light of the latest research framework, previously 
found discrepancies between test results and test-retest reliability issues of some 
functional connectivity measures.

This problem leads to the following question and aim of this study: which functional 
connectivity measures observe reproducible and valid EEG changes in AD and 
in which frequency bands do these changes occur? We aimed to answer these 
questions by designing a study in which we compared commonly used functional 
connectivity measures with respect to reproducibility, undesirable influence of 
covariates, and correlation with disease severity. Data was gathered from a memory 
clinic to create a large population size with available EEG recordings to counter 
the statistical power limitations of earlier studies. The A/T/N criteria (Jack et al. 
2018) were used to ensure AD specific changes were observed. And in addition, 
a large second cohort was created to assess reproducibility. Other possible factors 
of influence, such as medication or other neurological and psychiatric disorders, 
were investigated. To our knowledge, no previous studies with EEG functional 
connectivity have been performed having such a large population size and 
availability of A/T/N classification. 

To further evaluate the capacity of the functional connectivity measures to 
distinguish between different levels of disease severity, correlations with the mini-
mental state exam (MMSE), were estimated. Furthermore, collinearity between 
relative power and functional connectivity, to assess the potential influence, and the 
collinearity between the different functional connectivity measures was estimated. 
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Although measures might be mathematically different, we expect that the observed 
variance could still be very similar between some of the measures due to shared 
ground principles.

2. Methods

2.1 Clinical sample
A test and a validation cohort were formed using clinical data from the clinical 
Amsterdam dementia cohort (ADC) in the Alzheimer Center VUmc, Amsterdam 
UMC in the Netherlands (van der Flier and Scheltens 2018). All subjects visited 
the clinic as part of the diagnostic process during the period of 2002 to 2015 and 
were asked for informed consent to store their clinical data. EEGs were made as 
part of this process next to clinical assessment, neuropsychological test batteries, 
magnetic resonance imaging (MRI) or computed tomography scan (CT-scan) 
and, when possible, assessment of amyloid burden by cerebrospinal fluid (CSF) 
or positron emission tomography (PET). Based on this gathered information, the 
final diagnosis was made by a multidisciplinary team of a neurologist, psychiatrist, 
neuropsychologist and radiologist during a consensus meeting according to the 
most recent clinical criteria. Data from the EEG recordings was used for various 
research purposes over time and subjects were included based on the availability 
of epochs from these studies. Subjects with the clinical diagnosis of probable 
AD dementia (McKhann et al. 2011) and subjective cognitive decline (SCD) and 
available EEG recordings were included. 

2.2 Cohort characteristics
For this study, when biomarkers were available, subjects were classified using the 
A/T/N framework (Jack et al. 2018) by using CSF amyloid beta (Aβ) 1–42, p-tau 
and medial temporal atrophy (MTA (Scheltens et al. 1995), scored from 0 to 4 
which resembles no to most severe atrophy) averaged over left and right. Drift 
corrected Aβ 1–42 values were used with a cut-off of 813pg/mL (Tijms et al. 2018). 
This correction was applied due to the gradual increase of Innotest Aβ 1–42 CSF 
values over two decades of testing in the ADC, which could cause misclassification 
of amyloid status. When both amyloid-PET and CSF was available the amyloid-
PET was decisive. Cut-off for p-tau was set at 52pg/mL and the neurodegeneration 
cut-off was set at MTA≥1 based on visual assessment of T1-weighted acquisition 
MRI images (Frisoni et al. 2013). Furthermore patients were categorized by 
Fazekas score (0-1 and ≥2) based on visual assessment of fluid-attenuated inversion 
recovery (FLAIR) images on MRI (Wardlaw et al. 2013).
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The medical history of every patient was analysed and categorized with special 
interest for 3 possible confounding characteristics: vascular disease, central 
nervous system (CNS) disease and psychiatric disease. Vascular disease included 
only symptomatic vascular disease such as myocardial infarction and stroke. CNS 
disease included any major neurologic disease but also a medical history with 
significant brain injury. Psychiatric disease consisted of any major active or chronic 
psychiatric disease. Additionally, data of the use of any medication with potential 
effects on the EEG (acetylcholinesterase inhibitors, benzodiazepines, anti-epileptic 
drugs and antidepressants) was collected. 

To create a cross-sectional design with internal validation, clinically diagnosed 
AD and SCD subjects were randomly allocated to two cohorts. Two subset 
populations of cohort 1 were additionally created based on the A/T/N framework 
and potential interfering covariates. Subpopulation 1: SCD subjects without 
amyloid (CSF or PET) and tau (p-tau) pathology versus AD subjects with amyloid 
and tau pathology. Subpopulation 2: SCD subjects without amyloid pathology, tau 
pathology, neurodegeneration (MTA<1), small vessel disease (SVD) (Fazekas<2) 
or use of interfering medication versus AD subjects with amyloid pathology, tau 
pathology, neurodegeneration (MTA≥1) and without SVD (Fazekas<2) or use of 
interfering medication.

2.3 EEG recordings
20 minutes of eyes-closed task-free EEG recordings were made in a standardized 
protocol using the 21 electrode positions of the 10–20 system. Patients sat with eyes 
closed in a slightly reclined chair in a sound attenuated room. EEG technicians were 
alert on keeping the participants awake and to minimize artefacts. Acoustic stimuli 
were used when slow horizontal eye movements or slowing of the posterior alpha 
rhythm appeared. Sample frequency was set to 500Hz, electrode impedance was 
kept below 5kΩ with low passfilter ≤70 Hz, high passfilter ≥0.5Hz, no notchfilter 
and the average reference was used. Trained researchers visually inspected the 
recordings looking for artefacts and the state of alertness. Four to five artefact free 
epochs of 8.192 seconds were visually selected for each patient. The process of the 
visual selection process was previously described by Gouw and colleagues (Gouw 
et al. 2017). In short, the visual inspection of epochs was performed by a trained 
EEG researcher, based on the presence of a minimum of artefacts (e.g., excessive 
muscle activity, eye blinks) and drowsiness. If no sufficient quality was reached, the 
epochs were replaced by other epochs or the EEG was excluded from analyses when 
insufficient epochs could be included for analyses. 
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2.4 EEG analyses
The freely available “Brainwave’’ software (Stam 2019) was used to estimate 
functional connectivity. Mean global coherence (Coh), imaginary coherence 
(iCoh), phase locking value (PLV), amplitude envelope correlation (AEC), AEC 
with leakage correction (AEC-c), phase lag index (PLI) and weighted PLI (wPLI) 
were estimated in five frequency bands: broadband (0.5 – 30 Hz), delta (0.5 - 4 Hz), 
theta (4 – 8 Hz), alpha (8 – 13 Hz) and beta (13 – 30 Hz). Functional connectivity 
per electrode was estimated by averaging the values for each possible electrode 
pair per electrode (for example, the value of electrode Fp1 is the average of each 
potential electrode pair with electrode Fp1). The results of all electrodes were 
averaged to create global values. Fast Fourier transformation was used to estimate 
mean global relative delta, theta, alpha and beta power. The results of the different 
epochs were averaged for each subject.

2.5 Functional connectivity measures
Functional connectivity measures were chosen based on their usage in AD EEG 
literature (Jeong 2004; Babiloni et al. 2016; Koelewijn et al. 2017; Engels et al. 2015) 
and test-retest reliability information (Colclough et al. 2016). The mathematical 
procedures to estimate these measures are described in the following paragraph 
in which we distinguish between measures with or without correction for volume 
conduction. Measures without correction are prone to signal leakage from channel 
to channel with the potential to de- or inflate the connectivity estimate (Herreras 
2016).

2.5.1 Measures without correction for volume conduction
Functional connectivity assesses functional communication between brain areas by 
estimating the level of synchronization of the EEG signals. To analyse statistical 
interdependencies, the wave-like EEG signal can be decomposed into different 
properties such as the frequency, amplitude or phase of the signal. The analytical 
signal z(t) is can be described as shown in equation 1 where x(t) describes the real 
component of the time series, 
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Coherence (Coh) (Guevara and Corsi-Cabrera 1996; Nunez et al. 1997) is a 
functional connectivity measure which analyses synchronization in the frequency 
domain. Coherence is the absolute value of Coherency c which can be calculated 
(after applying the Hilbert transformation) according to the equation 1 in table 1. 
In this equation A represents the instantaneous amplitude of signal 1 or 2 and Δϕ 
the instantaneous phase difference between the two signals. 
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Chapter 3.1 - Reproducibility of EEG functional connectivity in Alzheimer’s disease

The stability of the phase difference between two time series can be estimated by 
using equation 2 in table 1 and in literature by it has been termed as the Phase 
Locking Value (PLV) (Lachaux et al. 1999) or the phase coherence (Mormann et al. 
2000). Where the phase coherence uses the Hilbert transform prior to equation 2 in 
table 1, the PLV uses a wavelet based analysis. Literature has, however, shown that 
both approaches produce similar results (Bruns 2004). 

The Amplitude Envelope Correlation (AEC) (Bruns et al. 2000) is an amplitude-
based measure which estimates the Pearson correlation between the envelopes of 
the amplitudes of time series (equation 3 in table 1). The amplitude envelopes are 
calculated by using the Hilbert transform of the time series.

2.5.2 Measures with correction for volume conduction
Several methods have been developed to correct for volume conduction. The 
corrected Amplitude Envelope Correlation (AEC-c) (Hipp et al. 2012) uses pair-
wise orthogonalisation prior to the AEC calculations described in 2.5.1. The 
averaged result of a pair-wise orthogonalisation in both directions, X to Y and Y to 
X, was used.

The imaginary Coherence (iCoh) (Nolte et al. 2004) can be estimated with 
the imaginary part of coherency according to equation 4 in table 1. Where 
the imaginary coherence is also based on the amplitude of the signal, the Phase 
Lag Index (PLI) (Stam, Nolte, and Daffertshofer 2007) is a solely phase based 
measure with correction for volume conduction. It estimates the asymmetry of the 
distribution of phase differences Δφ(t) between time series. Yielding low values for 
median phase differences of 0 mod π. It can be estimated according to equation 5 
in table 1. Due to the discontinuity of the index the PLI may be hindered by small 
perturbations, around a phase difference of 0 mod π, which cause phase lags to turn 
into leads and vice versa. The weighted Phase Lag Index (wPLI) (Vinck et al. 2011) 
corrects for this phenomenon by using the magnitude of the imaginary component 
of the cross-spectrum as a weight for the phase lags (equation 6in table 1). Where 
I(Z) is the imaginary component (sin∆φ) of signal Z. Unfortunately, this measure 
depends upon both the consistency as well as the magnitude of the phase difference.

2.6 Statistical analysis
All statistics were performed using SPSS statistics software (version 24.0.0.1). 
Available demographic and medical characteristics were described and differences 
between SCD and AD subjects in both cohorts were assessed by independent t-test, 
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chi-square test, Fisher’s exact test or Mann-Whitney U test where appropriate. 
Normality of distribution of the variables was checked by histograms and Q-Q 
plots.

Distribution of the functional connectivity measures was also checked by 
histograms and Q-Q plots and when appropriate variables were log transformed. 
Differences in functional connectivity measures between AD and SCD subjects 
were determined by two models of analysis of (co)variance (AN(C)OVA). Model 
1 applied correction for the covariates age and sex. Model 2 corrected for age, sex 
and the relative power of the bandwidth in which the functional connectivity was 
measured. ANOVA on ranks (Conover and Iman 1981) was performed for variables 
that could not be successfully log transformed. After each of the ANOVA models 
the effect size was estimated by Cohen’s d (Cohen 2013). In addition, various 
demographic and medical characteristics were separately added as a covariate to 
model 1 to check for any interfering effects. To observe regional reproducibility, we 
have averaged the individual channels into 4 regions: frontal (channels Fp1, Fp2, 
F3, F4, F7, F8, Fz), temporal (channel T3, T4, T5, T6), central (channel C3, C4, Cz) 
and parieto-occipital (P3, P4, Pz, O1, O2). ANCOVA model 1 (with correction for 
age and sex) was repeated for these regional values over each bandwidth in cohort 1 
(including the 2 subpopulations) and cohort 2.

False discovery rate (FDR) (Benjamini and Hochberg 1995) correction was applied 
to p-values of the demographic and medical characteristic comparisons between 
the SCD and AD groups. FDR correction was furthermore applied to the p-values 
of the ANOVA models correcting for the multiple testing in different bandwidths 
of each functional connectivity measure. Due to the expected presence of high 
collinearity between the tested functional connectivity measures (see paragraph 
3.6), the number of hypothesis tested in the FDR correction was set to 5 (the 
number of tested bandwidths). This choice was also made due to use of a validation 
cohort which will in turn also reduce the number of false positive results. P-values 
shown were FDR corrected and a threshold of p<0.05 was maintained.

Correlations between global values of the different functional connectivity 
markers were explored and the level of collinearity was assessed. In addition, 
correlations between functional connectivity and relative power was investigated. 
The correlations were investigated with Pearson and Spearman correlations  
where appropriate.
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3. Results

3.1: Demographic and medical cohort characteristics
Two cohorts were created to assess cross-sectional differences in functional 
connectivity. Cohort 1 consisted of 197 SCD and 214 AD subjects whereas cohort 
2 consisted of 202 SCD and 196 AD subjects. Available characteristics of both 
cohorts are shown in table 2. Most notable was the significant difference in age 
between SCD and AD subjects in both cohorts. SCD subjects were younger in both 
cohorts (mean difference (Δmean) of 5 and 9 years in cohort 1 and 2, respectively). 
No significant differences were found in medical history between SCD and AD 
subjects. Significant differences in MMSE, CSF, PET and MRI results were in 
concordance with the SCD and AD diagnoses. Across cohorts SCD subjects had a 
slightly higher MMSE in cohort 2 (Δmedian = 1). AD subjects had a slightly higher 
MMSE (Δmedian = 1), MTA (Δmedian = 0.5) and lower total tau (Δmean = 4) in 
cohort 2.

Subpopulations were formed based on the availability of CSF and amyloid-PET 
biomarkers. In subpopulation 1 all AD subjects with positive amyloid and tau 
biomarkers (n=135; A+T+) and SCD subjects without evidence for AD, thus with 
negative amyloid and tau biomarkers, (n=97; A-T-) were selected. Even more 
strict criteria were used additionally for subpopulation 2, excluding patients with 
potential interfering co-medication or SVD and selection based on MTA-score as 
a marker of neurodegeneration (A+T+N+ for AD; A-T-N- for SCD). This resulted 
into 71 SCD and 41 AD subjects from cohort 1.

3.2: Functional connectivity
Differences in global functional connectivity between SCD and AD subjects in 
cohort 1 were estimated by ANOVA model 1. A summary of the observed effect 
sizes is shown in figure 1. A more detailed description, including mean value, 
standard deviation and p-value, of the significant effects shown in figure 1 can be 
found in supplementary table 1. Figure 1 only shows the global effects that were 
both significant in cohort 1, subpopulation 2 and validation cohort 2.
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Table 2: Characteristics of subjective cognitive decline (SCD) and dementia due to 
Alzheimer’s disease (AD) subjects in both cohorts. The count (n), mean or median with 
percentage (%), standard deviation (SD) or interquartile range (IQR) are shown for each 
variable. Significant differences between SCD and AD subjects within both cohorts and 
significant differences in the same diagnostic group across cohorts (e.g. SCD versus SCD and 
AD versus AD) are indicated by a and b, respectively (p<0.05). Additional abbreviations: Mini 
Mental State Exam (MMSE), central nervous system (CNS), Medial Temporal Atrophy score 
(MTA), amyloid beta (Aβ) 1–42, total tau (t-tau), phosphorylated tau (p-tau).

Cohort 1 Cohort 2

Characteristic
SCD

n=197
AD

n=214
SCD

n=202
AD

n=196
Female (n,%) 76 (39%) 104 (49%) 89 (44%) 94 (48%)
Age (mean, SD) 62±8 67±8a 60±10 69±10a

MMSE (median, IQR) 28 (27 – 29) 21 (17 – 24)a 29 (28 – 30)b 22 (18 – 25)a,b

Vascular disease (n,%) 34 (17%) 40 (19%) 35 (17%) 32 (16%)
CNS disease (n,%) 20 (10%) 14 (7%) 22 (11%) 19 (10%)
Psychiatric disease (n,%) 6 (3%) 8 (4%) 5 (2%) 1 (1%)
Antidepressants (n,%) 20 (10%) 26 (12%) 16 (8%) 19 (10%)
Benzodiazepines (n,%) 11 (6%) 12 (6%) 18 (9%) 15 (8%)
Anti-epileptic drugs (n,%) 4 (2%) 3 (1%) 4 (2%) 3 (2%)
Acetylcholinesterase inhibitors (n,%) 0 (0%) 16 (7%)a 1 (0%) 18 (9%)a

MRI n=176 n=199 n=175 n=156
MTA (median, IQR) 0 (0 – 0.5) 1 (0.5 – 2)a 0 (0 – 0.5) 1.5 (1 – 2.5)a,b

Fazekas (median, IQR) 1 (0 – 1) 1 (0 – 1 ) 0 (0 – 1) 1 (0.5 – 1)a

Cerebrospinal fluid n=183 n=169 n=120 n=141
Aβ 1-42 (mean, SD) 1031±268 663±136a 1090±197 694±162a

t-tau (mean, SD) 302±214 731±413a 267±119 610±321a,b

p-tau (mean, SD) 50±23 89±35a 47±16 85±38a

Amyloid-PET n=32 n=34 n=11 n=17
Positive PET (n,%) 12 (38%) 34 (100%)a 3 (27%) 14 (82%)a
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Clear differences between functional connectivity measures can be observed in 
figure 1. Firstly, the AEC-c, AEC, Coherence and PLV showed lower functional 
connectivity in the alpha (d= -0.5; d= -0.9; d= -0.7; d= -0.5, respectively) and beta 
(d= -0.4; d= -0.4; d= -0.3; no effect of the PLV, respectively) frequency band in 
AD subjects. Secondly, the imaginary coherence, PLI and wPLI observed higher 
functional connectivity in the theta frequency band in AD subjects (d= 0.5; d= 0.6; 
d= 0.6, respectively). Thirdly, the delta frequency band and broadband functional 
connectivity did not show robust group differences. The largest difference between 
the AD and SCD subjects was observed in the uncorrected AEC in the alpha band 
(Cohen’s d= -0.90 p=8.5*10-18, model 1). This effect remained the largest when the 
population was selected based on amyloid and phosphorylated tau (subpopulation 
1, d= -0.83 p=1.8*10-9) or the complete A/T/N criteria, exclusion of SVD and 

Figure 1: Summary of observed differences in ANOVA model 1, shown as effect size  
(Cohen’s d), between AD and SCD subjects for each of the functional connectivity measures 
and bandwidths. The significant effect sizes of the comparisons made in the entire cohort 1 
(n=411) are shown. Effects that could not be reproduced in the subset populations or cohort 
2 were left out. Red blocks represent a higher and blue blocks a lower level of functional 
connectivity in AD subjects compared to SCD subjects. The size of the blocks and the number 
shown in the blocks represent the size of the effect. Results of functional measures susceptible to 
signal leakage are shaded in grey.
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potential interfering medication (subpopulation 2, d= -1.03 p=4.6*10-7). In cohort 
2 this difference was validated to be the largest of the tested measures (d= -0.68 
p=6.2*10-11). 

The significant effects observed in cohort 1, cohort 2 and both subpopulations are 
shown in figure 2. Although minor differences in observed effects and effect sizes 
are present, most effects observed in the entire cohort 1 are generally similar to 
the effects in the subpopulations and the validation cohort. Notable differences 
across cohorts were a reproducible effect on the delta band AEC-c in cohort 1, 2 
and subpopulation 1 (A/T) but not 2 (A/T/N) (see topographic distributions below) 
and a reproducible effect of the alpha band PLI and wPLI in cohort 1 and 2 but not 
in subpopulations 1 and 2.

In order to look at the topographic distribution of the observed effects, the AEC-c 
and PLI were specifically selected because these measures correct for volume 
conduction and showed reproducible global effects. The topographic distribution of 
AEC-c and PLI in cohort 1 are shown in supplementary figure 1. The reproducibility 
of the regional effects on the AEC-c and PLI are shown in supplementary figure 2A 
and 2B. For all regions a reproducible increase in theta band PLI and a decrease in 
alpha band AEC-c was found. The effect of the PLI was the strongest in the temporal 
channels (d= 0.66, p=9.2*10-11) and the effect of the AEC-c was the strongest in 
the temporal (d= -0.56, p=3.2*10-8) and parieto-occipital (d= -0.56,  p=2.9*10-8) 
channels. Furthermore, the AEC-c showed reproducible effects in the delta band 
AEC-c of the central channels and beta band AEC-c of the frontal, temporal and 
parieto-occipital channels.

3.3: Influence of medical history
The influence of potential covariates (medication: acetylcholinesterase inhibitors, 
benzodiazepines, anti-epileptic drugs, antidepressants; medical history: CNS 
disease, psychiatric disease, presence of SVD)  was investigated by adding the 
variables to model 1. The only significantly observed (small) effects were a decrease 
in beta band PLI, wPLI and PLV (d= -0.22 p=0.027; d= -0.22 p=0.028; d= -0.24 
p=0.020) and an increase in delta band wPLI (d= -0.22 p=0.031) associated with 
antidepressants. Furthermore, a decrease in beta band PLV (d= -0.24 p=0.020) was 
associated with the presence of SVD. Adding these covariates to model 1 did not 
change the observed effects between AD and SCD subjects.
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3.4: Effect of relative power
To evaluate the relation of relative power with different functional connectivity 
measures, Pearson and Spearman correlations were estimated between these 
variables. The correlations were calculated between the functional connectivity in 
each frequency band and the relative power in that frequency band (e.g. correlation 
between alpha band AEC-c and relative alpha power). The results can be found  
in figure 3.
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Figure 2: Difference in functional connectivity between SCD and AD subjects per bandwidth are 
shown for each cohort and subpopulation. Significant effect sizes are shown in Cohen’s d estimated 
by GLM model 1. Cohort 1: All SCD and AD subjects in cohort 1. Cohort 2: All SCD and AD subjects 
in cohort 2. Cohort 1 A/T: Amyloid negative/tau negative SCD versus amyloid positive/tau positive AD 
subjects from cohort 1 (subpopulation 1). Cohort 1 A/T/N: Amyloid negative/tau negative/MTA<1 SCD 
versus amyloid positive/tau positive/MTA≥1 AD subjects from cohort 1, excluding any patients with 
Fazekas>1 and any potential interfering medication (subpopulation 2).
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Various functional connectivity measures showed very high correlations with 
the relative power in the corresponding bandwidth. These effects were most 
pronounced in the theta and alpha band. The two highest correlations were 
between the alpha band Coherence and PLV with the relative alpha power (r= 0.73, 
p= 4.4*10-67; r= 0.75, p= 4.0*10-72, respectively). In contrast to the other functional 
connectivity measures and apart from a small effect (r= 0.16, p= 0.001) in the delta 
frequency band, the AEC-c was not correlated to the relative power.

To observe how much of the variance of the effects between AD and SCD subjects 
observed in ANOVA model 1 could be explained by changes in relative power, the 
analyses were repeated with  additional correction for relative band power (model 
2). In line with the analysis of model 1, shown in figure 1, the results of model 2 are 
shown in figure 4. Again, only the effects of cohort 1, that were both significant in 
cohort 1, subpopulation 2 and validation cohort 2, are shown. More detailed results 
of figure 4 can be found in supplementary table 2.

Figure 3: Correlation of different functional connectivity measures with the relative power 
in the corresponding frequency band. The functional connectivity measures are shown on the 
x-axis and the band power on the y-axis. Only significant correlations are shown, indicated by 
the correlation coefficient (r) which is also indicated by the colour gradient from r= -1 (dark 
red) to r= +1 (dark blue).
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Figure 4: Summary of observed differences in ANOVA model 2, shown as effect size  
(Cohen’s d), between AD and SCD subjects for each of the functional connectivity measures 
and bandwidth. The significant effect sizes of the comparisons made in the entire cohort 1 
(n=411) are shown. Effects that could not be reproduced in the subset populations or cohort 
2 were left out. Red blocks represent a higher and blue blocks a lower level of functional 
connectivity in AD subjects compared to SCD subjects. The size of the blocks and the number 
shown in the blocks represent the size of the effect. Results of functional measures susceptible to 
signal leakage are shaded in grey. 

In comparison with ANOVA model 1 the effects observed by the AEC-c remained 
stable in model 2 (model 1: alpha band d= -0.53  p= 1.24*10-7, beta band d= 
-0.37 p= 2.31*10-4, model 2: alpha band d= -0.57 p= 1.9*10-8, beta band d= -0.42 
p=3.3*10-5). The AEC effect also remained stable in the beta band but decreased in 
the alpha band compared to model 1. The observed effects of the coherence (alpha 
and beta band) and PLV (alpha band) in model 1 disappeared in model 2. The theta 
band effects of the imaginary coherence, PLI and weighted PLI disappeared as well. 
In contrast, where no theta band effect was found with the coherence and PLV in 
model 1, these measures showed a reduced theta band functional connectivity in 
AD subjects, with the largest effect for the PLV (d= -0.62 p=1.0*10-9), in model 2.
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3.5: Disease severity and functional connectivity
In figure 1 the functional connectivity measures were shown that show consistent 
differences between SCD and AD. However, a functional connectivity measure 
which is indicative for disease severity would be even more valid and clinically 
relevant. Therefore, Pearson correlation coefficients were calculated between the 
valid connectivity measures in figure 1 and disease severity represented by MMSE 
score (table 3). Of the 12 observed functional connectivity measures from model 
1 only 4 showed correlations with disease severity in the AD subjects. With the 
largest, but modest, effects of the AEC-c (r=0.14, p=0.0054) in the alpha band and 
the AEC (r=0.13, p=0.0073) in the beta band.

Table 3: Pearson correlation coefficients (r) between functional connectivity (FC) and 
disease severity represented by MMSE. Correlations were estimated for the entire population 
(cohort 1 & 2) and the AD subjects only. Bold r-values indicate a significant (p<0.05) correlation.

FC measure
versus
MMSE

All subjects (n=809) AD only (n=410)

r p-value r p-value

Theta (4-8Hz)
iCoh -0.13 1.41*10-4 -0.06 0.23
PLI -0.13 2.79*10-4 -0.06 0.23
wPLI -0.13 1.71*10-4 -0.06 0.21
Alpha (8-13Hz)
AEC-c 0.21 3.2*10-9 0.14 0.0054
AEC 0.35 6.1*10-25 0.14 0.0065
Coh 0.27 6.4*10-15 0.04 0.40
PLV 0.23 7.3*10-11 0.08 0.13
Beta (13-30Hz)
AEC-c 0.21 1.8*10-9 0.08 0.12
AEC 0.26 1.0*10-13 0.13 0.0073
Coh 0.22 3.1*10-10 0.12 0.015

3.6: Collinearity between functional connectivity measures
Some of the effects observed by functional connectivity markers in ANOVA model 
1 were very similar in size. To observe whether they measured similar differences 
between subjects, Pearson correlations between all functional connectivity 
measures were estimated. In addition, due to the high correlations with relative 
power observed in paragraph 3.4, the analyses were repeated with statistical 
correction for relative power. Results of the theta, alpha and beta bandwidths 
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can be found in supplementary figures 3A-C. These figures show similar clusters 
of correlating functional connectivity markers in the different bandwidths. High 
correlations between the imaginary coherence, PLI, wPLI and PLV are evident. In 
contrast, the AEC-c showed only strong correlations with its uncorrected version. 

4. Discussion

4.1: Main outcomes
By using large well-characterized cohorts and the most recent NIA-AA research 
framework for Alzheimer’s disease (Jack et al. 2018), we aimed to find the most 
reproducible and robust changes of EEG functional connectivity in Alzheimer’s 
disease. The most reproducible and robust observed effects were decreases in 
the alpha and beta band AEC-c functional connectivity in the AD subjects. 
Furthermore, sensitivity of different functional connectivity measures appeared to 
be highly bandwidth specific, as most volume conduction corrected phase-based 
measures showed reproducible increased functional connectivity in the theta band, 
whereas amplitude-based or more general connectivity measures showed decreased 
functional connectivity in the alpha and beta band.

The conclusion that the decreases in alpha and beta band AEC-c were the most 
reproducible and robust functional connectivity estimates in AD is based upon the 
following observations. First, the AEC-c retained reproducible results in the test 
and validation cohorts and these effects were amplified when the analyses were 
repeated in a subpopulation of patients fulfilling the A/T/N criteria. This implies 
that these effects are (Alzheimer’s) disease specific. Secondly, the observed effects 
were robust. The effects of the alpha and beta band AEC-c were not influenced by 
relative band power, several demographic variables, (co)morbidities or interfering 
medication. Thirdly, the AEC-c was not only a disease specific marker of AD but 
also correlated with disease severity. In AD subjects, lower alpha band AEC-c 
values modestly correlated with lower MMSE scores. Lastly, the AEC-c has been 
shown to be a reliable functional connectivity measure in previous test-retest 
reliability research (Colclough et al. 2016). Colclough and colleagues have tested all 
the functional connectivity measures used in our study on group level repeatability 
and within subject and between subject consistency. Overall, the AEC-c showed 
the most consistent results compared to other measures corrected for volume 
conduction. 
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We propose the effects in the frequency bands and functional connectivity 
measures as shown in figure 1 as most reproducible. These effects remained 
present in large cohorts (i.e. high statistical power) but also after selection for AD 
specific biomarkers in a smaller subpopulation. It is however, most preferable to 
use functional connectivity measures that are insensitive to volume conduction or 
change in relative power. When looking at the summarized effects of all functional 
connectivity measures between SCD and AD two major trends between different 
measures can be observed. Volume conduction corrected phase-based measures 
(PLI, wPLI and iCoh) showed an increase in theta band functional connectivity, 
whereas amplitude or more mixed connectivity based measures (AEC(-c), 
coherence, PLV) showed decreases in the alpha and beta bands. Therefore, future 
studies could consider using both a phase-based measure in the theta band and 
an amplitude-based measure in the alpha or beta band for their study or trial 
design. More research is needed to investigate the underlying processes of these 
distinctly different effects in phase and amplitude connectivity in AD. Phase- 
and amplitude-based functional connectivity measures could potentially capture 
different aspects of different patho- or neurophysiological processes. A review by 
Engel and colleagues proposed that amplitude- (or envelope) based connectivity 
has a close relation with the structural network and is relatively robust against 
state changes (Engel et al. 2013). Phased-based connectivity appeared to be less 
related to the structural network and showed a stronger state dependence. On the 
other hand, recent literature has also shown that modulation of phase-amplitude 
coupling in long-range circuits may be highly relevant in cognitive functioning 
(Reinhart and Nguyen 2019), indicating that amplitude and phase connectivity 
could be two interacting modalities. Changes in phase-based connectivity could 
affect amplitude-based connectivity (in the same or other regions) and vice versa.

4.2: Main outcomes compared to literature
We have compared our results with previous findings in literature. The decrease 
in alpha and beta band AEC-c is supported by previous MEG and EEG studies 
(Koelewijn et al. 2017; Núñez et al. 2019). Our regional analyses showed a 
widespread decrease of alpha and beta band AEC-c, with the exception of the 
beta band AEC-c in the central channels. In comparison, an EEG study by Nuñez 
and colleagues (Núñez et al. 2019) compared the alpha and beta AEC-c in healthy 
controls with AD subjects and found a similar widespread decrease in alpha 
and beta band AEC-c. MEG has a higher spatial resolution than EEG, offering 
a potential explanation why in a MEG study between elderly controls and AD 
subjects, Koelewijn and colleagues found the most outspoken decreases in beta band 
AEC-c specifically in the bilateral (middle-) superior temporal and parietal cortex 
(Koelewijn et al. 2017) instead of a general widespread decrease. The sensitivity of 



110

Chapter 3.1 - Reproducibility of EEG functional connectivity in Alzheimer’s disease

the AEC-c in the alpha and beta bandwidths might not be surprising because they 
are in line with an earlier methodological study by Hipp and colleagues (Hipp et 
al. 2012) which has shown the AEC-c to be the most sensitive to changes in these 
bandwidths. 

A decrease in alpha band coherence in AD is widely known in present literature 
(Babiloni et al. 2016; Jeong 2004) and was reproduced in our study. A decrease 
or increase in delta and theta band coherence was reported by some articles 
(Brunovsky et al. 2003; Adler, Brassen, and Jajcevic 2003; Locatelli et al. 1998) but 
could not be reproduced in either of our cohorts and subpopulations. Various other 
studies could also not reproduce these results (Babiloni et al. 2016; Jeong 2004). 
Potential explanations include small sample sizes, poor inclusion criteria and 
suboptimal control populations.

A global and widespread increase in theta band phase-based measures with 
correction for volume conduction (PLI, wPLI, iCoh) is in line with some previous 
studies (Ruiz-Gómez et al. 2019; Hsiao et al. 2013); however, we could not 
reproduce a decrease in the alpha band (Engels et al. 2015; Ranasinghe et al. 2014). 
We did observe some alpha band effects with the phase-based measures in the 
entire cohort but these effects disappeared when the NIA-AA research criteria (Jack 
et al. 2018) are applied and potential interfering factors are eliminated. The effects 
could therefore potentially be caused by common co-pathology such as vascular 
disease (Perl 2010) or commonly missed diagnoses such as Lewy Body dementia 
(DLB) (McKeith et al. 2017). This could influence the results as shown by a recent 
study by van der Zande and colleagues (van der Zande et al. 2018) where profound 
lower alpha band PLI values for DLB subjects compared to AD subjects were found. 
Another explanation could be the low test-retest reliability of the phase-based 
functional connectivity measures (Colclough et al. 2016). 

4.3: Effect of relative power
Many of the tested functional connectivity measures had a high correlation with 
relative power in the corresponding frequency band. Only the AEC-c seems to 
be independent of relative power in most of the frequency bands. This was also 
represented in ANOVA model 2, where the effects observed by the AEC-c were 
not affected by a statistical correction to relative power. The high correlation of the 
AEC, Coherence, PLV and to lesser extent the imaginary coherence with relative 
power is possibly due to the susceptibility of these measures to volume conduction 
effects (Guevara et al. 2005; Nunez et al. 1997) and potentially due to changes in 
signal to noise ratio (SNR). An increase in relative power (and subsequently signal 
to noise ratio) is known to be correlated with an increase in volume conduction 
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(Winter et al. 2007; Nunez et al. 1997). Another consideration is that previous 
research has shown that there is a physiological relation between oscillatory activity 
and functional connectivity. Tewarie and colleagues have, for example, shown a 
relation between the amplitude of a signal and the dynamic functional connectivity 
measured by phase-difference derivative (PDD) (Tewarie et al. 2019). This study 
showed that the PDD and the amplitude positively correlate in resting state MEG, 
sensorimotor task MEG and data based on a neuronal model. Nonetheless, it 
remains unclear what the exact relations are between oscillatory activity and the 
different functional connectivity measures applied in our study. The correlation 
of functional connectivity measures without correction for volume conduction 
with relative power was the strongest in the alpha frequency band, which implies 
that interpretation of results within this functional connectivity band should be 
made with caution. One of the caveats of applying statistical correction for relative 
power in cross-sectional studies is, however, potential overcorrection due to group 
effects. Due to the difference in relative power and functional connectivity between 
SCD and AD subjects, it is likely that these measures show similar relationships. 
Statistical correction for the strong effect of an increased global theta power in AD 
for example, may diminish the observed effect of volume conduction corrected 
measures such as the PLI and wPLI in the theta band. Contrastingly, the absence of 
a correlation of relative power with the AEC-c does imply the presence of a robust 
effect. 

4.4: Collinearity between functional connectivity measures
High correlations between the different functional connectivity measures have 
been found. This might not be surprising because in principle, many were designed 
to explain similar phenomena. In our test setting, for example, high correlations 
were found between the imaginary coherence, PLI and wPLI. With r-values around 
0.9 and higher there is very high collinearity between these measures. Although the 
theoretical backgrounds and methods of calculation differ (Nolte et al. 2004; Stam, 
Nolte, and Daffertshofer 2007; Vinck et al. 2011) these measures yielded almost 
identical results when comparing AD versus SCD. The AEC-c only showed fairly 
high correlations with its uncorrected counterpart (AEC).

4.5: Disease severity and functional connectivity
On average, the significant correlations between the level of functional connectivity 
and the MMSE score were weak. There are several potential explanations for this 
observation. The MMSE is a general test of cognition but emphasizes on memory 
function whilst AD patients also suffer from deficits in, for example, language or 
executive functioning. Other neuropsychological tests might have observed other 
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effects. Furthermore, correlations were made between global levels of connectivity 
where regional connectivity could have stronger correlations with dysfunction in 
certain cognitive domains (Ranasinghe et al. 2014).

4.6: Strengths, limitations and future directions
The major strengths of our study were the large well characterized sample size, 
internal validation design, the use of the most recent NIA-AA AD research 
framework (Jack et al. 2018) with the availability of multiple biomarkers, rigorous 
correction for potential confounders and relative power, and the fact that multiple 
commonly used functional connectivity measures were tested. Previous studies 
do not only differ in the use of certain functional connectivity measures but 
also in epoch selection (no selection, visual selection or automatic selection), 
artefact rejection and other pre-processing steps. As there is no consensus on 
which method to use, we preferred to only do a protocolised visual selection by 
trained and experienced technicians based on our previous experience. To our 
knowledge, no other pre-processing methods have been proven to be superior in 
21-channel EEG analyses. Potential limitations include the absence of an external 
validation cohort. Additionally, we have not investigated all available functional 
connectivity measures but made a selection based on commonly used measures 
and the previously reported intra-subject reliability of these measures (Colclough 
et al. 2016). It should also be considered that the reproducibility of functional 
connectivity in eyes-open EEG data was not investigated. Moreover, additional 
research is needed to investigate the discriminative value of these reproducible 
measures between disease stages or the association with more specific tasks of 
different cognitive domains.

Future research, such as clinical trials or connectivity and network studies, could 
yield false positive or negative results by using unreliable functional connectivity 
measures or by using these measures in an invalid bandwidth. The results of 
this study provide information on which changes in functional connectivity are 
reproducible for Alzheimer’s disease and which correlate with disease severity. 
This enables future studies to narrow-down and predefine functional connectivity 
measures as outcome measures.

5. Conclusion

In this large cross-sectional cohort study of well-characterised patients with AD 
and SCD, the AEC-c in the alpha and beta band showed the most reproducible 
changes in functional connectivity, independent of various influencing factors and 
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strongest correlation with disease severity. Phase- based measures, with correction 
for volume conduction, observed the most strong effects in the theta band. These 
results might offer our research field some directions in solving the ‘reproducibility 
crisis’. 
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Supplementary table 1: Difference in functional connectivity (FC) between SCD and 
AD subjects estimated by ANOVA model 1 (correction for age and gender). Only effects 
significant in cohort 1, subpopulation 2 (A+T+N+ AD vs A-T-N- SCD patients) and validation 
cohort 2 are shown, in concordance with figure 1. Abbreviations: imaginary coherence (iCoh), 
phase lag index (PLI), weighted phase lag index (wPLI), amplitude envelope correlation (AEC), 
corrected amplitude envelope correlation (AEC-c), coherence (Coh), phase locking value (PLV), 
standard deviation (SD).

FC measure SCD 
(Mean, SD )

AD 
(Mean, SD)

F-statistic Corrected 
p-value 

Effect size 
(Cohen’s d)

Theta (4-8Hz)
iCoh 0.054±0.011 0.059±0.011 28.28 8.70*10-7 0.53
PLI 0.142±0.039 0.158±0.041 34.82 3.81*10-8 0.59
wPLI 0.100±0.026 0.111±0.028 36.64 1.62*10-8 0.60
Alpha (8-13Hz)
AEC-c 0.546±0.035 0.530±0.023 28.98 6.20*10-7 -0.53
AEC 0.661±0.038 0.629±0.028 81.06 4.26*10-17 -0.90
Coh 0.540±0.040 0.514±0.027 49.32 4.59*10-11 -0.70
PLV 0.438±0.088 0.394±0.067 26.62 1.94*10-6 -0.51
Beta (13-30Hz)
AEC-c 0.529±0.014 0.523±0.011 13.81 5.78*10-4 -0.37
AEC 0.596±0.021 0.587±0.019 13.68 6.18*10-4 -0.37
Coh 0.473±0.017 0.466±0.017 7.22 0.020 -0.27

Supplementary table 2: Difference in functional connectivity (FC) between SCD and AD 
subjects estimated by ANOVA model 2 (correction for age, gender and global relative 
power). Only effects significant in cohort 1, subpopulation 2 (A+T+N+ AD vs A-T-N- SCD 
patients) and validation cohort 2 are shown, in concordance with figure 2. Abbreviations: 
imaginary coherence (iCoh), phase lag index (PLI), weighted phase lag index (wPLI), amplitude 
envelope correlation (AEC), corrected amplitude envelope correlation (AEC-c), coherence 
(Coh), phase locking value (PLV), standard deviation (SD).

FC measure SCD
(Mean, SD )

AD
(Mean,SD)

F-statistic Corrected
p-value

Effect size 
(Cohen’s d)

Theta (4-8Hz)
Coh 0.512±0.024 0.514±0.20 33.50 7.15*10-8 -0.57
PLV 0.369±0.047 0.380±0.041 39.14 5.00*10-9 -0.62
Alpha (8-13Hz)
AEC-c 0.546±0.035 0.530±0.023 32.89 9.52*10-8 -0.57
AEC 0.661±0.038 0.629±0.028 32.17 1.34*10-7 -0.56
Beta (13-30Hz)
AEC-c 0.529±0.014 0.523±0.011 17.61 8.25*10-5 -0.42
AEC 0.596±0.021 0.587±0.019 13.22 7.80*10-4 -0.36
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Chapter 3.1 - Reproducibility of EEG functional connectivity in Alzheimer’s disease

Supplementary figure 2A & 2B: Summary of observed differences in ANOVA model 1, 
shown as effect size (Cohen’s d), between AD and SCD subjects in different regions for the 
AEC-c and PLI in each bandwidth. The values of each channel and each subject were averaged 
into 4 regional clusters frontal (channels Fp1, Fp2, F3, F4, F6, F8, F7), temporal (channel T3, T4, 
T5, T6), central (channel C3, C4, Cz) and parieto-occipital (P3, P4, Pz, O1, O2). The significant 
effect sizes of the comparisons made in the entire cohort 1 (n=411) are shown. Effects that could 
not be reproduced in the subset populations or cohort 2 were left out. Red blocks represent 
a higher and blue blocks a lower level of functional connectivity in AD subjects compared to  
SCD subjects. The size of the blocks and the number shown in the blocks represent the size of 
the effect. 

31 
 

Supplementary figure 1: Topographical distribution of the median difference in Z-score of the PLI and 

AEC-c between the SCD and AD subjects. Results for the PLI and AEC-c in each bandwidth are shown. 

Blue indicates lower values in the AD group and red indicates lower values in de SCD group. 
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Supplementary figure 3A-C: Correlation coefficients (r) between functional connectivity 
measures in the theta (A), alpha (B) and beta (C) bandwidths. In each figure, the coefficients 
on the right are corrected for changes in relative power and the coefficients on the left are the 
uncorrected values. 
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Chapter 3.2 -  Sensitive and reproducible MEG resting-state metrics of functional connectivity in 

Alzheimer’s disease

Abstract

Analysis of functional brain networks in Alzheimer’s disease (AD) has been 
hampered by a lack of reproducible, yet valid, metrics of functional connectivity 
(FC). This study aimed to assess both the sensitivity and reproducibility of the 
corrected amplitude envelope correlation (AEC-c) and phase lag index (PLI), two 
metrics of FC that are insensitive to the effects of volume conduction and field 
spread, in two separate cohorts of patients with dementia due to AD versus elderly 
controls. Subjects with a clinical diagnosis of AD dementia with biomarker proof, 
and a control group of subjective cognitive decline (SCD), underwent two five-
minute resting-state MEG recordings. Data consisted of a test (AD=28; SCD=29) 
and validation (AD=29; SCD=27) cohort. Time-series were estimated for 90 
regions of interest (ROIs) in the automated anatomical labelling (AAL) atlas. 
For each of five canonical frequency bands, the AEC-c and PLI were calculated 
between all 90 ROIs, and connections were averaged per ROI. General linear 
models were constructed to compare global FC differences between groups 
and assess reproducibility, and evaluate the effects of age and relative power. 
Reproducibility of regional FC differences was assessed using Mann-Whitney 
U-tests, with correction for multiple testing using the false discovery rate (FDR). 
The AEC-c showed significantly and reproducibly lower global FC for the AD-
group compared to SCD, in the alpha (8-13Hz) and beta (13-30Hz) bands, while 
the PLI revealed reproducibly lower FC for the AD-group in the delta (0.5-4Hz) 
band, and higher FC for the theta (4-8Hz) band. Regionally, the beta band AEC-c 
showed reproducibility for almost all ROIs (except for 13 ROIs in the frontal and 
temporal lobes). For the other bands, the AEC-c and PLI, did not show regional 
reproducibility after FDR-correction. The theta band PLI was susceptible to the 
effect of relative power. For MEG, the AEC-c is a sensitive and reproducible 
metric, able to distinguish FC differences between patients with AD dementia and 
cognitively healthy controls.

Key words (max 6): Alzheimer’s disease, Subjective cognitive decline, 
magnetoencephalography, functional connectivity, reproducibility, sensitivity
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1. Introduction 

Cognitive functioning requires coordinated interaction between neurons within 
and across specialized brain areas (Uhlhaas and Singer 2006). In order to achieve 
this coordination, neuronal populations need to be functionally connected, which 
is defined as a statistical dependency between (remote) neurophysiological signals 
being present (Friston 2011). The signals recorded from neuronal populations often 
consist of oscillations that cover a broad frequency spectrum. In order to assess 
connectivity within and between oscillatory systems, a degree of synchronization 
must be present (often measured through amplitude or phase correlation). Phase 
or amplitude correlation allows for effective neuronal coordination and therefore 
normal cognitive functioning (Fries 2005, 2015; Engel et al. 2013). 

Alzheimer’s Disease (AD), the most common form of dementia, is characterized by 
pathologically accumulating amyloid-β and hyperphosphorylated tau in the brain, 
leading to synaptic dysfunction (Spires-Jones and Hyman 2014; Guerrero-Munoz, 
Gerson, and Castillo-Carranza 2015; Alzheimer’s 2016). Synaptic perturbation as 
present in AD patients is thought to disturb neuronal synchronization. As a result, 
communication within and between brain areas is disrupted, leading to cognitive 
impairment. In previous studies, resting-state functional networks have indeed 
been shown to be altered in AD patients (Stam et al. 2009; de Haan et al. 2012; 
Koelewijn et al. 2017; Kocagoncu et al. 2020). In order to better understand the 
disease process - and find novel therapeutic targets - it is of importance to gain an 
improved understanding of the role of disrupted synaptic function in AD. 

Both electroencephalography (EEG) and magnetoencephalography (MEG) are 
attractive modalities to address these challenges; both techniques carry low-
risk as well as low-burden to patients, and are non-invasive. Both directly 
measure neuronal activity with millisecond temporal resolution, allowing for the 
reconstruction of oscillatory neuronal activity, and functional brain networks (Hari 
et al. 2018; Lopes da Silva 2013). An added benefit of MEG is the lack of need for a 
reference, aiding interpretability. Additionally, while skull and scalp tissue perturb 
EEG potentials, they do not affect magnetic fields (Hari et al. 2018). Finally, recent 
studies have demonstrated that MEG can detect signals originating from deeper 
brain regions by projecting data into ‘source-space’ (Attal and Schwartz 2013; 
Quraan et al. 2011; Engels et al. 2016; Hillebrand, Nissen, et al. 2016; Pizzo et al. 
2019; Schoonhoven et al. 2019), thereby offering insight into neuronal functioning 
at both the cortical and subcortical level.
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While M/EEG-derived metrics show potential as markers of neurodegeneration, 
such markers are only useful if they have a high test‐retest reliability 
(reproducibility) and discriminatory value (sensitivity). Previous studies have 
already established the connection between reduced cognitive performance and 
(sub)cortical oscillatory slowing in MEG and EEG (Engels et al. 2017; Engels et al. 
2016; Jeong 2004), reflected by higher relative power in the lower (delta and theta) 
frequency bands, lower relative power in the higher (alpha and beta) frequency 
bands, and lower peak frequency. However, when it comes to the analysis of 
functional connectivity (FC) or networks in AD the lack of reproducible metrics 
of functional connectivity has led to conflicting results (Stam 2014; Briels et al. 
2020). Nonetheless, the importance of reliable estimates of FC in MEEG literature 
is increasingly recognised (Pernet et al. 2020). Several studies have provided 
significant insights into the identification and use of reproducible connectivity 
metrics. Marquetand and co-workers, when assessing the imaginary part of 
coherency and the weighted phase-lag index using a test-retest design found a 
strong increase of reliability with more trials (10-second data segments). For MEG, 
global reliability for both metrics was excellent in the alpha band, as well as high 
density-EEG, with delta band being the worst. Finally, they found lower reliability 
for both metrics in a vertex-based regional analysis, compared to global reliability 
(Marquetand et al. 2019). Additionally, Colclough and colleagues tested 12 metrics 
of MEG functional connectivity against the criteria of individual- and group-level 
reproducibility again using a test-retest design (Colclough et al. 2016). Overall, 
phase-based metrics and imaginary partial coherence performed worst, while the 
leakage-corrected amplitude envelope correlation (AEC-c) showed reproducible 
results. Recently, we evaluated the reproducibility of disease-associated effects 
for several functional connectivity metrics in two EEG cohorts of AD dementia 
patients and subjective cognitive decline (SCD) subjects (Briels et al. 2020). The 
AEC-c (in the alpha and beta band) was the most reproducible metric, and it also 
correlated with disease severity and was not influenced by relative band power, 
demographic variables, (co)morbidities or interfering medication. An important 
advantage of the current study is MEG’s high spatial resolution compared to 
EEG, and the opportunity to investigate reproducibility on a regional cortical and 
subcortical level.

In this study, we evaluated wo metrics of FC, in source-space, in two clinically 
derived MEG-cohorts of AD dementia and elderly control subjects, using the 
AEC-c and the Phase Lag Index (PLI). These metrics were selected based on 
their performance in previous work (Colclough et al. 2016; Briels et al. 2020; 
Demuru et al. 2017), and their use in AD literature (Dauwan et al. 2018; Nunez 
et al. 2019; Koelewijn et al. 2017; Engels et al. 2015; Ruiz-Gomez et al. 2019; Yu 
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et al. 2016; Yu et al. 2017; Stam et al. 2006). Both metrics are insensitive to the 
effects of volume conduction and field spread. We chose only to use metrics that 
are immune to these effects, because there is increasing evidence that interpretable 
connectivity estimation is only possible when zero-lag connections are removed 
or ignored (Colclough et al. 2016). Signal leakage has a profound impact on FC 
estimates, resulting in spurious connections that in turn causes inflated measures of 
consistency. Interpretation of FC estimates is therefore problematic when metrics 
are used that do not address this problem. We first assessed sensitivity, i.e. which 
metric could identify significant group differences in a test cohort, both on a global 
and regional level. Secondly, we repeated the analysis in a second independent 
cohort to see if the group-effects would reproduce. Thirdly, we assessed whether 
covariates age and relative power significantly influenced the observed group 
differences. Finally, to see which metric correlated with global cognitive 
performance, correlations with mini mental state examination (MMSE) score were 
calculated. Based on previous findings, we expected that the AEC-c would provide 
the most robust results, mainly for the alpha and beta band. 

2. Methods

2.1 Participants 
Subjects were recruited from the Amsterdam Dementia Cohort (ADC) consisting of 
patients who visited the memory clinic in the Alzheimer Centre VUmc, Amsterdam 
UMC, between May 2015 and March 2018. Subjects followed a standard dementia 
screening protocol which consisted of history taking, neurological examination, 
blood tests, neuropsychological tests, magnetic resonance imaging (MRI), EEG- 
or MEG-recording and, if possible, lumbar punction to obtain cerebrospinal fluid 
(CSF) and/or positron emission tomography (PET)(van der Flier and Scheltens 
2018). The local Medical Ethics Committee has approved a general protocol for 
biobanking and use of the clinical data for research purposes. All subjects gave 
written informed consent for use of their data for research purposes.

Subjects were included if they had received a clinical diagnosis of probable 
Alzheimer’s Dementia (AD) or subjective cognitive decline (SCD) during 
a multidisciplinary meeting consisting of a neurologist, radiologist, 
neuropsychologist, clinical neurophysiologist, nurse and psychiatrist (McKhann et 
al. 2011). SCD subjects were included as elderly cognitively healthy controls. The 
presence of Alzheimer’s disease pathology was subsequently verified using CSF 
and/or amyloid-PET, if available. In order to classify as amyloid-positive, subjects 
had to have either positive CSF Aβ 1-42 and/or positive amyloid-PET. For CSF AB 
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1-42, drift-corrected values were used; the cut-off was set at 813 pg/ml (Tijms et 
al. 2018). When both amyloid-PET and CSF data were available, amyloid-PET was 
decisive. For positive tau pathology, p-tau values were used; the cut-off was set 
at 52 pg/ml. Potential AD dementia subjects were excluded if they were amyloid- 
and tau-negative. Potential SCD subjects were excluded if they were positive for 
amyloid- and tau-pathology according to the aforementioned criteria. In case 
there was no biomarker information available, follow-up visits were examined 
(if available) to see if the diagnosis had remained unchanged. For the purpose of 
internal validation, subjects were randomly allocated to either of two cohorts, thus 
creating a test and validation cohort of approximately equal size.

2.2 Data acquisition
2.2.1 MEG-recordings 
MEG data were acquired with a 306-channel whole-head MEG-system (Elekta 
Neuromag Oy, Helsinki, Finland), while subjects were in supine position in a 
magnetically shielded room (VacuumSchmelze GmbH, Hanua, Germany). For each 
subject, two five-minute eyes-closed resting-state recordings were made. Subjects 
were instructed to open and close their eyes periodically during the recordings. 
Magnetic fields were recorded at a sample frequency of 1250 Hz, with an anti-
aliasing filter of 410 Hz and a high-pass filter of 0.1 Hz. The subjects’ head position 
in relation to the MEG sensors was recorded using signals from four or five head-
localization coils. 

2.2.2 Pre-processing of MEG data
Raw MEG data were visually inspected for malfunctioning and noisy channels, 
which were subsequently removed, after which the temporal extension of Signal 
Space Separation (tSSS) in MaxFilter software (Elekta Neuromag Oy, version 
2.2.15) (Taulu 2006) was applied, as well as a broad-band filter (0.5-100 Hz).

Subjects’ MEG data were co-registered with a best-matching template MRI using 
surface matching, with an estimated resulting accuracy of 4 mm (Whalen et al. 
2008). The MRI templates were custom built using 3D-T1-weighted MRI images, 
and sized extra small, small, medium and large. A single sphere was fitted to the 
outline of the scalp as obtained from the co-registered MRI, which was used as 
a volume conductor model for the atlas-based beamformer approach (Hillebrand 
et al. 2012) that was used in order to reconstruct neuronal activity in cortical 
and subcortical regions. Based on the automatic anatomical labelling (AAL) atlas 
(Gong et al. 2009; Tzourio-Mazoyer et al. 2002), 78 cortical and 12 deep grey 
matter regions of interest (ROIs) were defined in a subject’s co-registered MRI, 
using the centroid voxel for each ROI (Hillebrand, Tewarie, et al. 2016). For each 
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of these centroid voxels, time-series (i.e. virtual electrodes) of neuronal activity 
were reconstructed by projecting sensor signals to source space using beamforming 
(Hillebrand et al. 2005; Hillebrand and Barnes 2005). The broadband data were used 
for the estimation of the beamformer weights, in order to avoid overestimation of 
covariance between channels (Barnes and Hillebrand 2003) as well as a unity noise 
covariance matrix, and an equivalent current dipole as source model. On average 
302 seconds of data (range: 270-343 seconds) were used for the estimation of the 
data covariance matrix, which was regularized using singular value truncation with 
the default setting of 1e-06. The optimum orientation of the equivalent current 
dipole was found using singular value decomposition (Sekihara et al. 2004). The 
broadband sensor-level data were subsequently projected through the normalized 
beamformer weights (Cheyne et al. 2007) resulting in a time-series of neuronal 
activity for each ROI.

2.2.3 Time-series analyses
The time-series for these ROIs were downsampled by a factor 4 and used for further 
analysis. For each subject, 10 non-overlapping, artifact-free, eyes-closed epochs of 
4096 samples (13.1072 seconds) were selected, based on careful visual inspection 

by an experienced assessor (AG). First, all epochs received a quality score of  1 to 
4: 1 = no eye movement, muscle artefacts, signs of drowsiness or other artefacts; 
2 = minimal presence of artefacts; 3 = moderate presence of artefacts; 4 = strong 
presence of artefacts. For a more detailed description of the selection method, see 
also (Gouw et al. 2017). A second assessor (DS) subsequently selected ten epochs 
with the highest quality score for each subject. The optimal epoch length was based 
on previous work, which established a minimum length of 6 seconds for the AEC 
and 10 seconds for the PLI as the onset of stability for estimates of functional 
connectivity at source-level (Fraschini et al. 2016). Inspection and further analyses 
were done using in-house software package Brainwave (version 0.9.152.12.26), 
available from http://home.kpn.nl/stam7883/brainwave.html. 

The time-series were digitally filtered using a discrete Fast Fourier Transform, to 
calculate the relative power for each of five canonical frequency bands: delta (0.5 - 
4 Hz), theta (4 – 8 Hz), alpha (8 – 13 Hz), beta (13 – 30 Hz) and gamma (30-48 Hz) 
and the peak-frequency (defined in the range 4-13 Hz), as a mean over 90 ROIs. 
PLI and AEC-c were estimated for the aforementioned five frequency bands in 
each cortical ROI (n=78) and deep grey matter ROI (n=12), and as a mean over all 
(n=90) ROIs (referred to here as global FC). Analyses were run for each frequency 
band and epoch separately.. The results over the 10 epochs were averaged for  
each subject. 
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2.2.4 Functional connectivity metrics
The PLI (Stam, Nolte, and Daffertshofer 2007), is calculated from the asymmetry 
of the distribution of instantaneous phase differences between the time-series from 
two brain regions, rendering it insensitive to shared signals at zero phase lag: 

 PLI= |{sign[sin(∆φ(tk))]}| [1]

where Δ φ (tk) is the phase difference at time point tk  between two time-series, 
calculated for all time-points per epoch, sign  stands for signum function, < > 
denotes the mean value and || indicates the absolute value. PLI values range between 
0 and 1, where 0 indicates no (non zero-lag) coupling and 1 refers to perfect (non 
zero-lag) phase locking. The phases (and amplitude envelopes) were estimated 
using the Hilbert transform.

The amplitude envelope correlation (Bruns et al. 2000) is an amplitude-based 
metric which estimates the coupling between two time-series by estimating the 
Pearson correlation between the envelopes of the amplitudes of these time-series. 
The corrected amplitude envelope correlation (AEC-c) overcomes the effects of 
spatial leakage by using pair-wise orthogonalisation prior to the AEC estimation for 
each pair of time-series (i.e. the amplitude envelopes computed using the Hilbert 
transform, after band-pass filtering of the signals). The correction is performed by 
orthonogolization separately for each pair of time/series (i.e. the power envelopes, 
computed using the Hilbert transform, after band-pass filtering of the signals) in 
two directions by means of linear regression, meaning time-series X is regressed 
out from time-series Y, and time-series Y is regressed out from time-series X and 
the AEC values (Pearson’s correlation between the orthogonalised envelopes) for 
both directions are averaged (Hipp et al. 2012). A value of 1 was added to all AEC-c 
values and then divided by two in order to obtain values in the range [0 1]. 

The pair-wise correlations for all combinations of ROI time-series were computed 
for the AEC-c and PLI in each band, resulting in a symmetric 90 x 90 connectivity 
matrix, and subsequently averaged over rows (i.e. resulting in 1 connectivity value 
for each ROI, denoting the connectivity strength of that ROI with the rest of the 
brain).

2.3 Statistical analyses 
Normality of the variables was checked by histograms and Q-Q plots (IBM SPSS 
Statistics, version 26), and if violated they were log-transformed. ANOVA on 
ranks (Conover and Iman 1981) was performed for variables that could not be 
successfully log transformed. Demographic differences and epoch quality between 
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the AD and SCD groups, as well as the test and validation cohorts, were analysed 
using independent samples t-tests, Mann-Whitney U tests or chi square tests where 
appropriate. A p < 0.05 was considered statistically significant. 

2.3.1 Sensitivity
To evaluate which FC metric and which bands were most sensitive to group 
differences between AD and SCD subjects, we created general linear models 
(GLMs). GLMs were chosen as they give an estimate of the effect size (standardised 
beta), which facilitated comparison with models in which covariates were added.  
The FC metric (AEC-c and PLI in each band) was added as dependent variable 
and the diagnosis was entered as predictor. In order to evaluate whether observed 
group differences were region-specific, a Mann-Whitney U test was performed for 
the FC value in each 90 ROIs separately. False discovery rate (FDR) (Benjamini and 
Hochberg 1995) correction was applied to p-values of the regional Mann-Whitney 
U group-comparisons.

2.3.2 Reproducibility
To evaluate the reproducibility of the observed group differences using each 
metric, the GLMs and regional Mann-Whitney U tests were repeated in the 
validation cohort. To asses reproducibility of functional connectivity matrices 
within the patient groups (i.e. between AD subjects in the test and validation 
cohort), correlations were calculated using Spearman’s rho (Matlab R2012a, version 
7.14.0.739), between the test and validation cohort for both FC metrics and in each 
band. Only the upper triangle of the symmetric FC matrices was used, and again 
FDR correction was applied.

2.3.3 Effects of covariates and correlation with global cognition 
Two GLMs were constructed to examine the effect of covariates age and the relative 
power of the frequency band for which the functional connectivity was estimated. 
Age was selected as a covariate because SCD subjects tended to be younger than AD 
patients. Relative power was added to evaluate the possibility that observed group 
effects were (partly) correlated to spectral information. Since adding covariates in a 
model reduces statistical power, the two cohorts were combined into one cohort to 
retain statistical robustness. 

Finally, correlations between the global FC metrics for each band and the MMSE 
score were estimated using Spearman’s rho. We selected MMSE because it is a 
general estimate of cognitive functioning that is widely used in dementia research. 
The correlations were only estimated in the AD group of the test and validation 
cohort combined, in order to avoid inflated correlations due to diagnosis effect. 
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2.4 Data availability
Due to the clinical nature of the data, the data that support the findings of this 
study are not freely available but can be made available by the corresponding 
author, upon reasonable request. A formal data sharing agreement is needed before 
any data can be shared.

3. Results

3.1 Cohort characteristics
The test cohort consisted of 29 SCD subjects, and 28 AD subjects, and the validation 
cohort consisted of 27 SCD and 29 AD subjects. Because these cohorts were derived 
from clinical practice, biomarker confirmation was unavailable for 10 SCD subjects 
(3 in the test cohort, 7 in the validation cohort) due to failure or unwillingness 
to undergo lumbar punction and/or PET-scan. Five of these subjects received at 
least one clinical follow-up, where the SCD diagnosis was upheld. Biomarker 
confirmation was available for all AD patients. 

Within both the test and validation cohort, the SCD groups were significantly 
younger than the AD groups. Additionally, the groups differed significantly (by 
design) on average MMSE score, amyloid-positivity, CSF Aβ 1-42, CSF t-tau, and 
p-tau levels, see Table 1. 

Between the two cohorts, significant differences were found between the MMSE 
scores; the test AD group had a lower average score than the validation AD group 
(median (IQR): 20 (12-28); 22 (15-29); p=0.010 respectively), see Table 1. No other 
differences were found between the cohorts. Importantly, the quality score of the 
selected epochs did not differ between both groups within the cohorts, nor between 
the cohorts. 

3.2 Global
3.2.1  Global sensitivity
Global FC differences between AD and SCD subjects in the test cohort can be found 
in Table 2. For the AEC-c, the AD group showed significantly higher functional 
connectivity than the SCD group in the delta band (mean ± SD 0.517 ± 0.013; 0.509 
± 0.007; p=0.007, respectively). In contrast, compared to the SCD group, the AD 
group had significantly lower FC in the alpha (mean ± SD 0.521 ± 0.014; 0.530 
± 0.019; p=0.038 ) and beta (mean ± SD 0.514 ± 0.006; 0.524 ± 0.017; p=0.004) 
bands. For the PLI, significant group differences were found in the delta frequency 
band, however contrary to the AEC-c, the AD group showed lower functional 
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connectivity than the SCD group (0.111 ± 0.004; 0.113 ± 0.003; p=0.038). The PLI 
was higher in the theta band and lower in the beta band for AD patients compared 
to the SCD group (0.101 ± 0.005; 0.098 ± 0.004; p=0.013 and 0.052 ± 0.002; 0.053 ± 
0.003; p=0.026, respectively).

Effect sizes were small to medium for both the AEC-c and PLI, with the largest 
effect sizes in the beta band for the AEC-c test and validation cohort (β=-0.379; 
β=-0.431, respectively), and in the theta band for the PLI test and validation cohort 
(β=0.327; β=0.452, respectively).

Baseline characteristics
Test cohort (n=57) Validation cohort (n=56)

SCD (n=29) AD (n=28) SCD (n=27) AD (n=29)
Age (yr) 56.7 ± 8.4 66.3 ± 7.4* 56.3 ± 10.6 64.0 ± 6.8*
Sex (female, (%)) 11 (38) 16 (57) 11 (41) 16 (55)
Symptom duration (yr)a 3.5 ± 2.6 3.3 ± 2.3 3.3 ± 2.4 2.7 ± 1.6
Education level (median, (IQR))b 6 (3-7) 5 (3-7) 5 (3-7) 5 (3-7)
MMSE score (median, (IQR)) 28 (26-30) 20 (12-28)*† 27 (24-30) 22 (15-29)*†

Cerebrospinal fluid n = 19 n = 23 n = 18 n = 26
Aβ 1-42 (mean ± SD) 1250 ± 159 544 ± 122* 1158 ± 224 568 ± 112*
t-tau (mean ± SD) 302.1 ± 92.0 831.4 ± 465.0* 295.6 ± 176.4 661.9 ± 337.2*
p-tau (mean ± SD) 48.9 ± 11.7 96.6 ± 37.3* 46.2 ± 12.3 81.2 ± 28.2*

Amyloid-PET n = 16 n = 14 n = 5 n = 7
Positive PET (%) 0% 100% 0% 100%

Epoch quality (median, IQR) 2 (1-3) 2 (1-3) 2 (1-3) 2 (1-3)
Table 1 – Baseline cohort characteristics | a) time between start of symptoms and diagnosis;  
b) education level according to Verhage score (range 1-7). Depicted are mean values ± SD or 
median with the interquartile range (IQR) where appropriate. * depicts significant (p<0.05) 
group differences between AD and SCD; † depicts significant (p<0.05) group differences 
between test and validation cohort. n.a. not available.

3.2.2 Global reproducibility
When repeating the analyses in the validation cohort, group differences remained 
significant for the AEC-c alpha and beta band (Table 2). Similarly, the PLI again 
showed significant group differences for the delta and theta bands. While no 
significant group difference was found for the beta band PLI for the validation 
cohort, a statistically significant difference was observed in the alpha band with 
lower PLI for the AD group (0.094 ± 0.007; 0.100 ± 0.009; p=0.009). 
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3.3 Regional 
3.3.1 Regional sensitivity and reproducibility
The regions with significant FDR-corrected group differences for both FC measures 
can be seen in Figure 1 for AEC-c and 3 for PLI. The results uncorrected for 
multiple comparisons can be found in Supplementary Figures S1, S2, and S3.

For the AEC-c beta band, FDR-corrected group differences were found in almost 
every ROI for the test and validation cohort, except for 13 ROIs in the frontal and 
temporal lobes (for specific details see Table S2). The most reproducible region 
was the occipital lobe, more specifically all occipital ROIs revealed highly (p<0.01) 
significant group differences in both cohorts, with the parietal lobe as second met 
reproducible. AD-related regions, such as left and right precuneus, left and right 
hippocampi, and the cingulate gyri were equally highly reproducible, with the 
exception of the left and right anterior cingulate (Figure 1 and 2, Table S2). Of 
the subcortical regions, the hippocampi and right thalamus were reproducibly 
highly significant; although, all subcortical regions showed reproducible group 
differences.

Without multiple comparison correction, overlapping group differences for the 
AEC-c alpha band were predominantly found in the bilateral parieto-temporal, and 
to a lesser extent, occipital regions as well as the left and right precuneus, see also 
Figure S1 and S3. Subcortically, the right hippocampus and amygdala, and bilateral 
thalami showed overlap between the groups. However, after FDR-correction the 
significant group-differences in the validation cohort disappeared, such that 
the significant alpha-band results in the test cohort did not reproduce. A similar 
effect was seen for the delta band, where all regions in the validation cohort lost 
significance after FDR-correction and therefore the results from the test cohort did 
not reproduce.

Both the AEC-c theta and gamma band displayed no overlap between cohorts. 



138

Chapter 3.2 -  Sensitive and reproducible MEG resting-state metrics of functional connectivity in 

Alzheimer’s disease

Figure 1 – AEC-c significant regional group differences | Regions of interest where significant 
group differences, as determined using Mann-Whitney U testing and FDR-corrected for 
multiple comparisons, between the AD and SCD groups were found, shown as a color-coded 
map on a template mesh. Each row represents a different frequency band (delta, theta, alpha, 
beta and gamma), and the columns show results for the test cohort (left) and validation cohort 
(right). Red indicates p<0.05 and blue indicates p<0.01.
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Figure 2 – Reproducibility of regional group differences AEC-c beta band | A color-coded 
map on a template mesh showing reproducibility of significant group differences  as overlapping 
regions of interest between the test and validation cohort, as determined using Mann-Whitney 
U tests and FDR-corrected for multiple comparisons, shown in green colour. See also Figure 1.

After FDR-correction, the PLI showed no reproducible regional group differences 
for any bands, see Figure 3. 

Without correction, the most reproducible frequency band was the theta band, see 
Figure S2 and S3. Overlapping group differences were mainly found in the left 
fronto-parietal regions as well as the right median cingulate and paracingulate gyri; 
the left and right posterior cingulate gyrus; the right olfactory cortex; and the right 
middle frontal gyrus (orbital part). After correction, significance was lost for these 
regions in the test cohort, resulting in the absence of reproducible results.

The second most reproducible band before correction was the beta band, where 
the left superior occipital gyrus; the left inferior temporal gyrus; the right middle 
occipital gyrus; the right Heschl gyrus and the right thalamus showed overlap 
between cohorts. However, as for the theta band, after correction the significances 
in the test cohort disappeared.
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Figure 3 –PLI significant regional group differences | Regions of interest where significant 
group differences, as determined using Mann-Whitney U testing and FDR-corrected for 
multiple comparisons, between the  AD and SCD groups were found, shown as a color-coded 
map on a template mesh. Each row represents a different frequency band (delta, theta, alpha, 
beta and gamma), and the columns show results for the test cohort (left) and validation cohort 
(right). Red indicates p<0.05 and blue indicates p<0.01.



141

3.2

3.3.2 Connectivity matrices
Figure 4 shows the average FC matrices for every frequency band for the AEC-c, 
for the AD and SCD groups in the test and validation cohort. Figure 5 shows the 
resultant matrices for the PLI with a different colour scale for each band, because 
visual inspection of the matrices was hampered when using a similar colour scale 
across bands. The matrices with the same colour scale across bands can be found in 
Figure S4. 

On visual inspection, the matrices obtained with the AEC-c showed high 
reproducibility of the FC pattern for both the AD and SCD group, for all bands 
except gamma. The AEC-c SCD groups showed a strongly reproducible higher 
FC pattern in the alpha band (and to some extent in the beta band), which was 
absent in the AD test and validation cohort. Instead, the AD groups showed a 
more pronounced connectivity pattern in the delta band. In the SCD alpha band, 
especially the parietal regions showed higher values for off-diagonal entries 
corresponding to FC between homologous ROIs (left parietal connects with right 
parietal). Quantifying FC reproducibility on matrix level, the correlation between 
matrices from the test and validation cohort was highest in the beta band for the 
AD group (rs (88)=0.87; p<0.001, see also Table 3) and alpha band for the SCD 
group, although the beta band also performed well (rs (88)=0.87; p<0.001 and 
rs=0.82 (88); p<0.001 respectively). For both groups, the gamma band showed the 
lowest correlations. 
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Figure 4 – Connectivity matrices AEC-c | Connectivity matrices averaged across all epochs 
and subjects. Each row represents a different frequency band (delta, theta, alpha, beta and 
gamma), and each column shows results for the AEC-c, for the test and validation cohort in 
the AD and SCD groups. All bands and groups show the matrices with the same scale. The 
ROIs are obtained from the AAL atlas. The matrices are ordered from left to right hemisphere 
in the following way: rows/columns 1-15 represent left frontal regions, 16-21 left parietal 
regions, 22-27 left occipital regions, 28-39 left temporal regions, 40-54 right frontal regions, 55-
60 right parietal regions, 61-66 right occipital regions, 67-78 right temporal regions, and 79-90 
subcortical regions (see also Table S1). 
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For matrices computed using the PLI, a reproducible within-group pattern was 
found for the alpha and beta band, for both patient groups. The delta, theta and 
gamma bands showed low reproducibility between test and validation cohort. This 
is reflected by the correlations between matrices from the two cohorts, where for 
both the AD and SCD group the alpha band had the highest correlation coefficients 
(rs (88)=0.41; p<0.001 and rs (88)=0.49; p<0.001 respectively, see Table 3), although 
correlation strength was lower than for the AEC-c. The delta and theta bands 
showed higher correlation for AD than for SCD, although correlations were weak. 
The gamma band again performed worst for both groups.

Comparing the AEC-c and the PLI, the PLI matrices appear noisier than the 
AEC-c: In the alpha band for both the AEC-c and PLI SCD group, the ‘four-block’ 
structure, which corresponds to higher connectivity between parietal and occipital 
ROIs and between homologous parietal and occipital ROIs, can be seen, although 
it is more pronounced for the AEC-c. Similarly, comparing AD with SCD, the loss 
of FC in the alpha band and increase in FC in the lower frequency bands can be 
observed for both measures, although for the AEC-c it seems more pronounced in 
the delta band, and for the PLI in the theta band. 

3.4 Influence of covariates (age / relative power)
We repeated the GLM without covariates on the combined test and validation 
cohort, creating a pool of 57 AD patients, and 56 SCD subjects. In the combined 
model without covariates, we confirmed significant group differences for the 
AEC-c in the delta, alpha and beta band, see also Table 4. For the PLI, we found 
significant differences for the delta, theta and beta band. 

To investigate whether the observed group differences were influenced by the age 
differences between the AD and SCD group, a second GLM with age as a covariate 
was created, see again Table 4. Adding age did not significantly influence the 
results. 

A third model with relative power in the corresponding frequency band as a 
covariate was created. For the AEC-c, all results remained significant. For the PLI, 
the delta band result remained significant (β=-0.222, p=0.015), but the theta and 
beta band lost significance (β=0.158, p=0.118; β=-0.185, p=0.71, respectively). 
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Figure 5 – Connectivity matrices PLI | Connectivity matrices averaged across all epochs and 
subjects. Each row represents a different frequency band (delta, theta, alpha, beta and gamma), 
and each column shows results for the PLI, for the test and validation cohort in the AD and SCD 
groups. Note that in this figure, the scale is different for each band but the same across groups. 
The ROIs are obtained from the AAL atlas, ordered from left to right hemisphere, see Figure 
4 and Table S1 for more detailed description. See also Figure S4 for the same results displayed 
using the same colour scale.
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3.5 Correlation with cognitive performance
Spearman’s rho values were calculated between the AEC-c/PLI, and the MMSE 
score for the combined AD group (n=55, as there were two missing values for 
MMSE scores). Only the AEC-c in the alpha band showed a significant positive 
correlation with cognitive functioning (rs (53)=0.309, p=0.022), see also Table 5. 

Versus MMSE AD (n=55)
rs (53) p-value

AEC-c
Delta (0.5-4 Hz)
Theta (4-8 Hz)
Alpha (8-13 Hz)
Beta (13-30 Hz)
Gamma (30-48 Hz)

-0.104
0.175
0.309
0.262i
-0.012

0.451
0.201

0.022*
0.053
0.932

PLI
Delta (0.5-4 Hz)
Theta (4-8 Hz)
Alpha (8-13 Hz)
Beta (13-30 Hz)
Gamma (30-48 Hz)

0.178
-0.010
0.250
-0.010
0.043

0.193
0.945
0.066
0.943
0.753

Table 5 - Correlation with cognition (MMSE) | Spearman’s rho coefficients (d.f. 53) correlating 
functional connectivity to cognition as represented by MMSE (n= 55). *bold print depicts a 
significant (p<0.05) correlation.

4. Discussion

The aim of this study was to identify which functional connectivity metric was 
sensitive to group differences, and reproducible as well, in two clinically derived 
MEG-cohorts of patients with AD dementia and cognitively healthy control 
subjects. We specifically focused on two measures that are insensitive to the effects 
of volume conduction/field spread: the AEC-c and the PLI. 

Our most important finding is that reproducible differences were found for the 
global AEC-c in the alpha and beta band, and for the global PLI in the delta and 
theta band. The AEC-c effects were independent of relative power and age, and the 
alpha band AEC-c correlated with MMSE scores. For the PLI, the theta band was 
independent to the effect of age, but this was not the case for relative bandpower. 
The high spatial resolution of MEG compared to EEG, allowed for the exploration 
of group differences on a regional level, which showed reproducible effects in 
almost all ROIs for the AEC-c in the beta band, and also in AD-specific regions 
such as the precunei, hippocampi and the cingulate gyri. Regionally, the PLI showed 
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no reproducible group differences after FDR-correction, with the theta band as the 
most reproducible frequency band before correction. Finally, connectivity matrices 
were highly reproducible within patient groups, with especially high correlations (rs 
(88) 0.82-0.87) for the AEC-c beta band.

4.1 Global FC
The results of the global analysis show the AEC-c to be a reliable metric when 
it comes to group level reproducibility. This is in line with previous studies that 
identified the AEC-c as having high test-retest reliability (Colclough et al. 2016; 
Demuru et al. 2017), specifically in the alpha and beta bands (Hipp et al. 2012; 
Garces, Martin-Buro, and Maestu 2016). Our study extends upon this previous 
work by evaluating the reproducibility of AEC-c differences between AD dementia 
and SCD in two independent cohorts, rather than a test-retest design of one patient 
group. We observed consistent decreases in AEC-c for the alpha and beta bands in 
AD dementia compared to SCD; these findings are again supported by previous 
MEG (Koelewijn et al. 2017) and EEG (Nunez et al. 2019; Briels et al. 2020) 
studies. Another previous study compared subjects with mild cognitive impairment 
(MCI) to elderly controls, using uncorrected MEG-derived envelope amplitude 
correlations as FC metric and structural connectivity based on diffusion imaging, 
and found that both functional connectivity in the alpha band and structural 
connectivity were decreased for the MCI compared to the control group (Garces 
et al. 2014). Our current results are therefore in line with previous findings that 
AD is associated with a decrease in amplitude-based functional coupling of alpha 
and beta rhythms. Importantly, we have demonstrated previously in an EEG study 
that these findings are specific for Alzheimer’s disease using a population subset 
specifically selected on the presence of Alzheimer’s pathology (Briels et al. 2020).

On a global level, higher PLI was observed in the theta band for the AD group, 
which was reproduced in the independent validation cohort. A previous high-
density EEG study has shown good reliability of the global theta band PLI (with 
an intraclass correlation (ICC) of 0.72), although it was outperformed by the 
alpha 1 and 2 band (Hardmeier et al. 2014). Importantly, this study examined test-
retest reliability, and did not focus on group differences. In another source-space 
test-retest MEG study, the PLI yielded low ICC over frequency bands in healthy 
subjects, including the theta band (Garces, Martin-Buro, and Maestu 2016). In 
previous AD literature, PLI-derived functional connectivity in AD patients has 
been characterized by an increase in the theta band, with a widespread decrease in 
alpha and beta band connectivity, especially in later stages (Ruiz-Gomez et al. 2019; 
Stam et al. 2009; Yu et al. 2016). Although we did find subtly lower mean beta band 
FC for AD group of the test cohort, this did not reproduce in the validation cohort. 
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Vice versa, we found a subtly lower alpha band FC in the validation cohort which 
was not present in the test cohort. Importantly, Briels et. al also identified the theta 
band as most robust for the PLI (in sensor-level EEG), although, similar to our 
study, the PLI was not independent of changes in relative power. 

An interesting observation is that the AEC-c and PLI found opposite group effects 
in the delta band; while the global AEC-c increased for the AD group, the global 
PLI decreased. This phenomenon could also be observed visually for many of the 
individual connections, i.e. in the connectivity matrices. A possible explanation is 
the sensitivity to different characteristics of the oscillatory signal (amplitude-based 
versus phase-based), with phase coupling playing a role in neural communication 
on faster temporal scales than envelope correlations, which may be more involved 
in preparing neural populations for input (Engel et al. 2013). Both measures likely 
play an important role in establishing functional networks, capturing different 
aspects of functional connectivity and possibly cognition (Engel et al. 2013). 
The phase of the oscillations is thought to represent the degree of excitability of 
neuronal populations, while the amplitude represents the intensity of coherent 
neuronal activity (Garces, Martin-Buro, and Maestu 2016). Therefore, the PLI 
decrease and AEC-c increase for the delta band could represent different aspects of 
network pathology in AD.

4.2 Regional FC
In addition to the global analysis, the AEC-c beta band showed high regional 
consistency. Group differences were found for almost the entire cortex and 
subcortical areas, with some exceptions in the frontal and temporal regions. The 
most highly significant reproducible group differences (Figure 1) were found in the 
occipital and parietal regions. A previous MEG study that used a whole-brain voxel-
based analysis found significantly decreased beta band AEC-c in AD compared 
to elderly controls, which was mostly localized to bilateral inferior parietal and 
superior temporal areas (Koelewijn et al. 2017). Importantly, our study has shown 
for the first time that the AEC-c beta band can be used reliably to measure FC 
differences on both a cortical and subcortical level. Notably, reproducibility was 
excellent in AD-related areas such as the precunei, hippocampi, and the cingulate 
gyri. 

For the AEC-c alpha band, while regional group differences remained significant 
after FDR correction in the test cohort, this was not the case for the validation 
cohort, resulting in poor reproducibility. While FDR-correction was applied 
because of the number of tests performed across regions, it may have been overly 
conservative in this case as the uncorrected figures (Figures S1 and S3) show a 
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consistently large amount of overlap in the posterior regions. This suggests that 
these may not have been false-positives. The Benjamini-Hochberg procedure 
(FDR-correction) used in this work tries to control for the false discovery rate, 
which is the proportion of all the hypothesis tests identified as having statistically 
significant results that actually do not have statistically significant results. However, 
this is a double-edged sword, since by decreasing the false positives, you may also 
increase the number of false negatives. Additionally, the FDR-correction method 
assumes independence of tests, while it can be postulated that different ROIs may 
not be completely independent (Benjamini and Hochberg 1995). Since we already 
evaluated our results in an independent validation cohort, adding FDR-correction 
might have been too conservative. We therefore also reported uncorrected results. 
In the uncorrected AEC-c alpha band results, the main differences between AD 
and SCD were found in the parietal, occipital and temporal regions, which is 
in agreement with previous quantitative M/EEG studies reporting slowing of 
oscillatory activity most frequently in  these areas in AD (Engels et al. 2017; Jeong 
2004). 

Looking at the extent of reproducible regional group differences between test and 
validation cohort, we expected the PLI theta band results to remain significant 
after FDR-correction. However this was not the case. As there is a possibility that 
the FDR-correction may have been too conservative, we feel that uncorrected 
results may still contain valuable information. For the uncorrected PLI theta band, 
reproducibility was found predominantly in left parietal regions. Previous work in 
healthy controls showed a strong dominance in parieto-occipital regions for the 
PLI, in accordance with the topology of structural and functional connectomes 
derived from MRI studies (Hardmeier et al. 2014).

An important fact to note is that because of our focus on identifying reproducible 
group differences, we only looked at true positives; true negatives were thus left out 
of consideration. The results in for instance both the AEC-c and PLI gamma bands, 
which consistently showed no (reproducible) group differences, must therefore not 
necessarily be interpreted as poor performance.

Analysis of the connectivity matrices yields three important conclusions: firstly, 
the patterns of strong AEC-c connections showed more spatial structure than the 
PLI, which have a noisier appearance. Possibly, as the PLI might be sensitive to 
neuronal communication on a faster temporal scale, this leads to more variability 
within an epoch and therefore lower PLI values. It might therefore be preferable to 
look at dynamic phase-based FC (Tewarie et al. 2019; Nunez et al. 2019). Secondly, 
matrices were highly reproducible within groups, across two separate cohorts. 
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Thirdly, both the AEC-c and PLI show a wide-spread loss of functional connectivity 
in the alpha and beta band for AD. Alzheimer’s disease is often considered to be a 
‘disconnection syndrome’, characterized by a loss of network integrity and altered 
synchronizability in the higher frequency bands (Delbeuck, Van der Linden, and 
Collette 2003; Stam 2014; de Haan et al. 2012). Our results provide important 
evidence for widespread loss of connectivity in AD.

4.3 Influence of relative power
The effects observed in the AEC-c bands remained stable after correcting for 
relative power, while the theta band findings for the PLI disappeared; these findings 
are comparable to a previous EEG study (Briels et al. 2020). The fact that the AEC-c 
has robustly shown itself to be independent of the effects of relative power, provides 
evidence that the AEC-c can reliably be used as a as a measure of ‘true’ connectivity 
in AD and SCD, whether jointly or separate from relative power. This does not, 
however, automatically disqualify the PLI. Importantly, previous work by Tewarie 
and colleagues suggests that functional connectivity and oscillatory activity might 
not be completely independent, and that local modulations in neural oscillatory 
amplitude reflect modulations in connectivity between that region and the rest 
of the brain in resting-state MEG, sensorimotor task MEG, and in simulated data 
based on a neuronal model. (Tewarie et al. 2019). Statistical correction for the effect 
of relative theta power on metrics such as the PLI should therefore be applied with 
caution.

4.4 Correlation with cognitive performance
We found that MMSE score correlated with alpha band AEC-c in the AD group, 
congruent with a previous finding by Briels and colleagues. We used MMSE as a 
measure of global cognition; future studies could evaluate whether these measures 
of FC correlate more strongly with specific cognitive domains.

4.5 Strengths & limitations
The fact that we assessed FC sensitivity, and most importantly, reproducibility in 
clinical cohorts is an important strength of the current study. Most previous studies 
have performed a test-retest design, while the current study analyses differences 
between AD dementia patients and SCD in two independent cohorts. As mentioned 
before, lack of research into this topic has hampered consensus on the value of FC 
metrics in  the research setting and in clinical practice. Another important strength 
is the fact that biomarker proof was available for the majority of our subjects. 
Additionally, the high spatial resolution of MEG compared to EEG allowed us to 
investigate reproducibility on a regional cortical and subcortical level and zoom in 
on AD-related areas.
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There are some potential limitations that need to be considered. Firstly, because our 
cohort was derived from clinical practice, biomarker confirmation was unavailable 
for several SCD subjects. In order to uphold statistical power, we decided not to 
exclude these subjects. It is therefore not impossible to rule out the presence of 
AD positive biomarker in these subjects. However, argue that this may not be a 
limitation as the focus of this project was to evaluate the FC metrics in a clinically 
representative cohort. Notably, we repeated the results by Briels and colleagues, 
who already showed the value of these metrics when strictly applying the A/T/N 
research criteria (Jack et al. 2018).

Secondly, the frontal regions in MEG are more susceptible to the presence of 
artifacts (e.g. eye movements), even after source-reconstruction. Although we 
carefully selected the epochs used in the analysis, the delta band results found 
for frontal regions for the AEC-c test cohort should therefore be interpreted 
with some caution. The finding that these results could not be replicated in the 
validation cohort is already suggestive. Future studies should further evaluate these 
findings, especially since a recent MEG study provided putative evidence that the 
functional connectivity (as measured by imaginary coherence, an estimate of neural 
synchrony) in the delta band in frontal regions may indeed have clinical value in 
AD (Ranasinghe et al. 2020).  

Thirdly, the AEC-c and PLI are insensitive to zero phase-lagged interaction (by 
construction) in order to reduce their sensitivity to the effects of volume conduction 
and field spread. As a consequence, physiological connectivity with zero phase-lag 
remains undetected, and the AEC-c and/or PLI may therefore have underestimated 
true connections. 

Finally, in the uncorrected results, a large difference was found between the 
number of regions that were found to reveal significant group differences in the 
PLI alpha band for the test cohort, compared to the validation cohort. The cohorts 
had similar demographic distribution, clinical progression, and epoch quality; a 
possible explanation might be the slight difference in MMSE score between the two 
AD groups, since the two cohorts were randomly allocated at the start of the study. 
Future studies could attempt to elucidate these results. If anything, they highlight 
the importance of reproducibility in science. 
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5. Conclusion

We conclude that in two separate clinical MEG cohorts, the AEC-c is a sensitive, 
reproducible measure in the evaluation of FC differences between AD dementia 
and SCD on a global and regional level, with the beta band providing the most 
robust estimates of FC. The PLI was sensitive and reproducible on a global level in 
the theta band, but not on a regional level. Our results provide important evidence 
regarding the sensitivity and reproducibility of functional connectivity changes in 
AD.

Acknowledgements
The authors would like to thank the participants of the Amsterdam Dementia 
Cohort for their contribution. Research of Amsterdam Alzheimer Center is part 
of the Neurodegeneration program of Amsterdam Neuroscience. The Amsterdam 
Alzheimer Center is supported by Alzheimer Nederland and Stichting VUmc funds. 
The authors thank technicians P.J. Ris, C.H. Plugge, N. Sijsma, N.C. Akemann, N. 
Zwagerman and M.C. Alting Siberg for acquisition of the MEG data.

Authorship
Study design: DS, CB, AG, CJS, AH
Data collection: AG, DS
Data analysis: DS, AG, AH, CJS
Wrote manuscript: DS
Revision manuscript: DS, CB, AH, AG, PS, CJS

Potential conflict of interest
The authors report no competing interests.

Funding information 
This work was supported by ZonMW (Grant No: 733050812)



154

Chapter 3.2 -  Sensitive and reproducible MEG resting-state metrics of functional connectivity in 

Alzheimer’s disease

List of references

Alzheimer’s, Association. 2016. ‘2016 Alzheimer’s disease facts and figures’, Alzheimers Dement, 
12: 459-509.

Attal, Y., and D. Schwartz. 2013. ‘Assessment of subcortical source localization using deep brain 
activity imaging model with minimum norm operators: a MEG study’, PLoS One, 8: e59856.

Barnes, G. R., and A. Hillebrand. 2003. ‘Statistical flattening of MEG beamformer images’, Hum 
Brain Mapp, 18: 1-12.

Benjamini, Y., and Y. Hochberg. 1995. ‘Controlling the False Discovery Rate - a Practical 
and Powerful Approach to Multiple Testing’, Journal of the Royal Statistical Society Series 
B-Statistical Methodology, 57: 289-300.

Briels, C. T., C. J. Stam, P. Scheltens, S. Bruins, I. Lues, and A. A. Gouw. 2020. ‘In pursuit of 
a sensitive EEG functional connectivity outcome measure for clinical trials in Alzheimer’s 
disease’, Clin Neurophysiol, 131: 88-95.

Bruns, A., R. Eckhorn, H. Jokeit, and A. Ebner. 2000. ‘Amplitude envelope correlation detects 
coupling among incoherent brain signals’, Neuroreport, 11: 1509-14.

Cheyne, D., A. C. Bostan, W. Gaetz, and E. W. Pang. 2007. ‘Event-related beamforming: a robust 
method for presurgical functional mapping using MEG’, Clin Neurophysiol, 118: 1691-704.

Colclough, G. L., M. W. Woolrich, P. K. Tewarie, M. J. Brookes, A. J. Quinn, and S. M. Smith. 
2016. ‘How reliable are MEG resting-state connectivity metrics?’, Neuroimage, 138: 284-93.

Conover, W. J., and R. L. Iman. 1981. ‘Rank Transformations as a Bridge between Parametric 
and Nonparametric Statistics’, American Statistician, 35: 124-29.

Dauwan, M., M. M. J. Linszen, A. W. Lemstra, P. Scheltens, C. J. Stam, and I. E. Sommer. 
2018. ‘EEG-based neurophysiological indicators of hallucinations in Alzheimer’s disease: 
Comparison with dementia with Lewy bodies’, Neurobiol Aging, 67: 75-83.

de Haan, W., W. M. van der Flier, H. Wang, P. F. Van Mieghem, P. Scheltens, and C. J. Stam. 
2012. ‘Disruption of functional brain networks in Alzheimer’s disease: what can we learn from 
graph spectral analysis of resting-state magnetoencephalography?’, Brain Connect, 2: 45-55.

Delbeuck, X., M. Van der Linden, and F. Collette. 2003. ‘Alzheimer’s disease as a disconnection 
syndrome?’, Neuropsychol Rev, 13: 79-92.

Demuru, M., A. A. Gouw, A. Hillebrand, C. J. Stam, B. W. van Dijk, P. Scheltens, B. M. Tijms, E. 
Konijnenberg, M. Ten Kate, A. den Braber, D. J. A. Smit, D. I. Boomsma, and P. J. Visser. 2017. 
‘Functional and effective whole brain connectivity using magnetoencephalography to identify 
monozygotic twin pairs’, Sci Rep, 7: 9685.

Engel, A. K., C. Gerloff, C. C. Hilgetag, and G. Nolte. 2013. ‘Intrinsic coupling modes: multiscale 
interactions in ongoing brain activity’, Neuron, 80: 867-86.

Engels, M. M. A., W. M. van der Flier, C. J. Stam, A. Hillebrand, P. Scheltens, and E. 
C. W. van Straaten. 2017. ‘Alzheimer’s disease: The state of the art in resting-state 
magnetoencephalography’, Clin Neurophysiol, 128: 1426-37.



155

3.2

Engels, M. M., A. Hillebrand, W. M. van der Flier, C. J. Stam, P. Scheltens, and E. C. van Straaten. 
2016. ‘Slowing of Hippocampal Activity Correlates with Cognitive Decline in Early Onset 
Alzheimer’s Disease. An MEG Study with Virtual Electrodes’, Front Hum Neurosci, 10: 238.

Engels, M. M., C. J. Stam, W. M. van der Flier, P. Scheltens, H. de Waal, and E. C. van Straaten. 
2015. ‘Declining functional connectivity and changing hub locations in Alzheimer’s disease: 
an EEG study’, BMC Neurol, 15: 145.

Fraschini, M., M. Demuru, A. Crobe, F. Marrosu, C. J. Stam, and A. Hillebrand. 2016. ‘The effect 
of epoch length on estimated EEG functional connectivity and brain network organisation’, J 
Neural Eng, 13: 036015.

Fries, P. 2005. ‘A mechanism for cognitive dynamics: neuronal communication through 
neuronal coherence’, Trends Cogn Sci, 9: 474-80.

———. 2015. ‘Rhythms for Cognition: Communication through Coherence’, Neuron, 88: 220-
35.

Friston, K. J. 2011. ‘Functional and effective connectivity: a review’, Brain Connect, 1: 13-36.
Garces, P., J. Angel Pineda-Pardo, L. Canuet, S. Aurtenetxe, M. E. Lopez, A. Marcos, M. Yus, M. 

Llanero-Luque, F. Del-Pozo, M. Sancho, and F. Maestu. 2014. ‘The Default Mode Network is 
functionally and structurally disrupted in amnestic mild cognitive impairment - a bimodal 
MEG-DTI study’, Neuroimage Clin, 6: 214-21.

Garces, P., M. C. Martin-Buro, and F. Maestu. 2016. ‘Quantifying the Test-Retest Reliability of 
Magnetoencephalography Resting-State Functional Connectivity’, Brain Connect, 6: 448-60.

Gong, G., Y. He, L. Concha, C. Lebel, D. W. Gross, A. C. Evans, and C. Beaulieu. 2009. ‘Mapping 
anatomical connectivity patterns of human cerebral cortex using in vivo diffusion tensor 
imaging tractography’, Cereb Cortex, 19: 524-36.

Gouw, A. A., A. M. Alsema, B. M. Tijms, A. Borta, P. Scheltens, C. J. Stam, and W. M. van der 
Flier. 2017. ‘EEG spectral analysis as a putative early prognostic biomarker in nondemented, 
amyloid positive subjects’, Neurobiol Aging, 57: 133-42.

Guerrero-Munoz, M. J., J. Gerson, and D. L. Castillo-Carranza. 2015. ‘Tau Oligomers: The Toxic 
Player at Synapses in Alzheimer’s Disease’, Front Cell Neurosci, 9: 464.

Hardmeier, M., F. Hatz, H. Bousleiman, C. Schindler, C. J. Stam, and P. Fuhr. 2014. 
‘Reproducibility of functional connectivity and graph measures based on the phase lag index 
(PLI) and weighted phase lag index (wPLI) derived from high resolution EEG’, PLoS One, 9: 
e108648.

Hari, R., S. Baillet, G. Barnes, R. Burgess, N. Forss, J. Gross, M. Hamalainen, O. Jensen, R. 
Kakigi, F. Mauguiere, N. Nakasato, A. Puce, G. L. Romani, A. Schnitzler, and S. Taulu. 2018. 
‘IFCN-endorsed practical guidelines for clinical magnetoencephalography (MEG)’, Clin 
Neurophysiol, 129: 1720-47.

Hillebrand, A., and G. R. Barnes. 2005. ‘Beamformer analysis of MEG data’, Int Rev Neurobiol, 
68: 149-71.



156

Chapter 3.2 -  Sensitive and reproducible MEG resting-state metrics of functional connectivity in 

Alzheimer’s disease

Hillebrand, A., G. R. Barnes, J. L. Bosboom, H. W. Berendse, and C. J. Stam. 2012. ‘Frequency-
dependent functional connectivity within resting-state networks: an atlas-based MEG 
beamformer solution’, Neuroimage, 59: 3909-21.

Hillebrand, A., I. A. Nissen, I. Ris-Hilgersom, N. C. G. Sijsma, H. E. Ronner, B. W. van Dijk, 
and C. J. Stam. 2016. ‘Detecting epileptiform activity from deeper brain regions in spatially 
filtered MEG data’, Clin Neurophysiol, 127: 2766-69.

Hillebrand, A., K. D. Singh, I. E. Holliday, P. L. Furlong, and G. R. Barnes. 2005. ‘A new approach 
to neuroimaging with magnetoencephalography’, Hum Brain Mapp, 25: 199-211.

Hillebrand, A., P. Tewarie, E. van Dellen, M. Yu, E. W. Carbo, L. Douw, A. A. Gouw, E. C. van 
Straaten, and C. J. Stam. 2016. ‘Direction of information flow in large-scale resting-state 
networks is frequency-dependent’, Proc Natl Acad Sci U S A, 113: 3867-72.

Hipp, J. F., D. J. Hawellek, M. Corbetta, M. Siegel, and A. K. Engel. 2012. ‘Large-scale cortical 
correlation structure of spontaneous oscillatory activity’, Nat Neurosci, 15: 884-90.

Jack, C. R., Jr., D. A. Bennett, K. Blennow, M. C. Carrillo, B. Dunn, S. B. Haeberlein, D. M. 
Holtzman, W. Jagust, F. Jessen, J. Karlawish, E. Liu, J. L. Molinuevo, T. Montine, C. Phelps, K. 
P. Rankin, C. C. Rowe, P. Scheltens, E. Siemers, H. M. Snyder, R. Sperling, and Contributors. 
2018. ‘NIA-AA Research Framework: Toward a biological definition of Alzheimer’s disease’, 
Alzheimers Dement, 14: 535-62.

Jeong, J. 2004. ‘EEG dynamics in patients with Alzheimer’s disease’, Clin Neurophysiol, 115: 
1490-505.

Kocagoncu, E., A. Quinn, A. Firouzian, E. Cooper, A. Greve, R. Gunn, G. Green, M. W. 
Woolrich, R. N. Henson, S. Lovestone, Deep, team Frequent Phenotyping study, and J. B. 
Rowe. 2020. ‘Tau pathology in early Alzheimer’s disease is linked to selective disruptions in 
neurophysiological network dynamics’, Neurobiol Aging, 92: 141-52.

Koelewijn, L., A. Bompas, A. Tales, M. J. Brookes, S. D. Muthukumaraswamy, A. Bayer, and 
K. D. Singh. 2017. ‘Alzheimer’s disease disrupts alpha and beta-band resting-state oscillatory 
network connectivity’, Clin Neurophysiol, 128: 2347-57.

Lopes da Silva, F. 2013. ‘EEG and MEG: relevance to neuroscience’, Neuron, 80: 1112-28.
Marquetand, J., S. Vannoni, M. Carboni, Y. Li Hegner, C. Stier, C. Braun, and N. K. Focke. 2019. 

‘Reliability of Magnetoencephalography and High-Density Electroencephalography Resting-
State Functional Connectivity Metrics’, Brain Connect, 9: 539-53.

McKhann, G. M., D. S. Knopman, H. Chertkow, B. T. Hyman, C. R. Jack, Jr., C. H. Kawas, W. 
E. Klunk, W. J. Koroshetz, J. J. Manly, R. Mayeux, R. C. Mohs, J. C. Morris, M. N. Rossor, 
P. Scheltens, M. C. Carrillo, B. Thies, S. Weintraub, and C. H. Phelps. 2011. ‘The diagnosis 
of dementia due to Alzheimer’s disease: recommendations from the National Institute on 
Aging-Alzheimer’s Association workgroups on diagnostic guidelines for Alzheimer’s disease’, 
Alzheimers Dement, 7: 263-9.



157

3.2

Nunez, P., J. Poza, C. Gomez, V. Rodriguez-Gonzalez, A. Hillebrand, M. A. Tola-Arribas, M. 
Cano, and R. Hornero. 2019. ‘Characterizing the fluctuations of dynamic resting-state 
electrophysiological functional connectivity: reduced neuronal coupling variability in mild 
cognitive impairment and dementia due to Alzheimer’s disease’, J Neural Eng, 16: 056030.

Pernet, C., M. I. Garrido, A. Gramfort, N. Maurits, C. M. Michel, E. Pang, R. Salmelin, J. M. 
Schoffelen, P. A. Valdes-Sosa, and A. Puce. 2020. ‘Issues and recommendations from the 
OHBM COBIDAS MEEG committee for reproducible EEG and MEG research’, Nat Neurosci.

Pizzo, F., N. Roehri, S. Medina Villalon, A. Trebuchon, S. Chen, S. Lagarde, R. Carron, M. 
Gavaret, B. Giusiano, A. McGonigal, F. Bartolomei, J. M. Badier, and C. G. Benar. 2019. ‘Deep 
brain activities can be detected with magnetoencephalography’, Nat Commun, 10: 971.

Quraan, M. A., S. N. Moses, Y. Hung, T. Mills, and M. J. Taylor. 2011. ‘Detection and localization 
of hippocampal activity using beamformers with MEG: a detailed investigation using 
simulations and empirical data’, Hum Brain Mapp, 32: 812-27.

Ranasinghe, K. G., J. Cha, L. Iaccarino, L. B. Hinkley, A. J. Beagle, J. Pham, W. J. Jagust, 
B. L. Miller, K. P. Rankin, G. D. Rabinovici, K. A. Vossel, and S. S. Nagarajan. 2020. 
‘Neurophysiological signatures in Alzheimer’s disease are distinctly associated with TAU, 
amyloid-beta accumulation, and cognitive decline’, Sci Transl Med, 12.

Ruiz-Gomez, S. J., R. Hornero, J. Poza, A. Maturana-Candelas, N. Pinto, and C. Gomez. 2019. 
‘Computational modeling of the effects of EEG volume conduction on functional connectivity 
metrics. Application to Alzheimer’s disease continuum’, J Neural Eng, 16: 066019.

Schoonhoven, D. N., M. Fraschini, P. Tewarie, B. M. Uitdehaag, A. J. Eijlers, J. J. Geurts, A. 
Hillebrand, M. M. Schoonheim, C. J. Stam, and E. M. Strijbis. 2019. ‘Resting-state MEG 
measurement of functional activation as a biomarker for cognitive decline in MS’, Mult Scler, 
25: 1896-906.

Sekihara, K., S. S. Nagarajan, D. Poeppel, and A. Marantz. 2004. ‘Asymptotic SNR of scalar and 
vector minimum-variance beamformers for neuromagnetic source reconstruction’, IEEE 
Trans Biomed Eng, 51: 1726-34.

Spires-Jones, T. L., and B. T. Hyman. 2014. ‘The intersection of amyloid beta and tau at synapses 
in Alzheimer’s disease’, Neuron, 82: 756-71.

Stam, C. J. 2014. ‘Modern network science of neurological disorders’, Nat Rev Neurosci, 15: 683-
95.

Stam, C. J., W. de Haan, A. Daffertshofer, B. F. Jones, I. Manshanden, A. M. van Cappellen 
van Walsum, T. Montez, J. P. Verbunt, J. C. de Munck, B. W. van Dijk, H. W. Berendse, and 
P. Scheltens. 2009. ‘Graph theoretical analysis of magnetoencephalographic functional 
connectivity in Alzheimer’s disease’, Brain, 132: 213-24.

Stam, C. J., B. F. Jones, I. Manshanden, A. M. van Cappellen van Walsum, T. Montez, J. 
P. Verbunt, J. C. de Munck, B. W. van Dijk, H. W. Berendse, and P. Scheltens. 2006. 
‘Magnetoencephalographic evaluation of resting-state functional connectivity in Alzheimer’s 
disease’, Neuroimage, 32: 1335-44.



158

Chapter 3.2 -  Sensitive and reproducible MEG resting-state metrics of functional connectivity in 

Alzheimer’s disease

Stam, C. J., G. Nolte, and A. Daffertshofer. 2007. ‘Phase lag index: assessment of functional 
connectivity from multi channel EEG and MEG with diminished bias from common sources’, 
Hum Brain Mapp, 28: 1178-93.

Tewarie, P., B. A. E. Hunt, G. C. O’Neill, A. Byrne, K. Aquino, M. Bauer, K. J. Mullinger, S. 
Coombes, and M. J. Brookes. 2019. ‘Relationships Between Neuronal Oscillatory Amplitude 
and Dynamic Functional Connectivity’, Cereb Cortex, 29: 2668-81.

Tijms, B. M., E. A. J. Willemse, M. D. Zwan, S. D. Mulder, P. J. Visser, B. N. M. van Berckel, W. 
M. van der Flier, P. Scheltens, and C. E. Teunissen. 2018. ‘Unbiased Approach to Counteract 
Upward Drift in Cerebrospinal Fluid Amyloid-beta 1-42 Analysis Results’, Clin Chem, 64: 
576-85.

Tzourio-Mazoyer, N., B. Landeau, D. Papathanassiou, F. Crivello, O. Etard, N. Delcroix, B. 
Mazoyer, and M. Joliot. 2002. ‘Automated anatomical labeling of activations in SPM using a 
macroscopic anatomical parcellation of the MNI MRI single-subject brain’, Neuroimage, 15: 
273-89.

Uhlhaas, P. J., and W. Singer. 2006. ‘Neural synchrony in brain disorders: relevance for cognitive 
dysfunctions and pathophysiology’, Neuron, 52: 155-68.

van der Flier, W. M., and P. Scheltens. 2018. ‘Amsterdam Dementia Cohort: Performing Research 
to Optimize Care’, J Alzheimers Dis, 62: 1091-111.

Whalen, C., E. L. Maclin, M. Fabiani, and G. Gratton. 2008. ‘Validation of a method for 
coregistering scalp recording locations with 3D structural MR images’, Hum Brain Mapp, 29: 
1288-301.

Yu, M., M. M. A. Engels, A. Hillebrand, E. C. W. van Straaten, A. A. Gouw, C. Teunissen, W. M. 
van der Flier, P. Scheltens, and C. J. Stam. 2017. ‘Selective impairment of hippocampus and 
posterior hub areas in Alzheimer’s disease: an MEG-based multiplex network study’, Brain, 
140: 1466-85.

Yu, M., A. A. Gouw, A. Hillebrand, B. M. Tijms, C. J. Stam, E. C. van Straaten, and Y. A. 
Pijnenburg. 2016. ‘Different functional connectivity and network topology in behavioral 
variant of frontotemporal dementia and Alzheimer’s disease: an EEG study’, Neurobiol Aging, 
42: 150-62.



159

3.2

Supplementary Materials

Figure S1 – AEC-c significant regional group differences | Regions of interest where 
significant group differences, as determined using Mann-Whitney U testing (p<0.05, 
uncorrected), between the  AD and SCD groups were found, shown as a color-coded map on 
a template mesh. Results are uncorrected for multiple comparisons. Each row represents a 
different frequency band (delta, theta, alpha, beta and gamma), and the columns show results 
for the test cohort (left) and validation cohort (right). Red indicates p<0.05 and blue indicates 
p<0.01 (uncorrected).
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Figure S2 –PLI significant regional group differences | Regions of interest where significant 
group differences, as determined using Mann-Whitney U testing (p<0.05, uncorrected), between 
the  AD and SCD groups were found, shown as a color-coded map on a template mesh. Results 
are uncorrected for multiple comparisons. Each row represents a different frequency band 
(delta, theta, alpha, beta and gamma), and the columns show results for the test cohort (left) and 
validation cohort (right). Red indicates p<0.05 and blue indicates p<0.01 (uncorrected).
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Figure S3 – Reproducibility of regional group differences | A color-coded map on a template 
mesh showing reproducibility of significant group differences  as overlapping regions of 
interest between the test and validation cohort, as determined using Mann-Whitney U tests 
(p<0.05, uncorrected), shown in green colour. See also Figures S1 and S2. Each row represents 
a different frequency band (delta, theta, alpha, beta and gamma), and the columns show results 
for the AEC-c (left) and PLI (right).
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Figure S4 – Connectivity matrices PLI with same colour scale | Connectivity matrices 
averaged across all epochs and subjects. Each row represents a different frequency band (delta, 
theta, alpha, beta and gamma), and each column shows results for the PLI, comparing the test 
and validation cohort in the AD and SCD groups. All bands show the matrices with the same 
colour scale. The ROIs are obtained from the AAL atlas, ordered from left to right hemisphere, 
see Figure 4 and Table S1 for more detailed description. 
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1 Gyrus Rectus (Left) 46 Superior frontal gyrus, dorsolateral  (Right)
2 Olfactory Cortex (Left) 47 Middle frontal gyrus (Right)
3 Superior frontal gyrus, orbital part (Left) 48 Inferior frontal gyrus, opercular part (Right)
4 Superior frontal gyrus, medial orbital  (Left) 49 Inferior frontal gyrus, triangular part  (Right)
5 Middle frontal gyrus, orbital part (Left) 50 Superior frontal gyrus, medial (Right)
6 Inferior frontal gyrus, orbital part (Left) 51 Supplementary motor area (Right)
7 Superior frontal gyrus, dorsolateral  (Left) 52 Paracentral lobule (Right)
8 Middle frontal gyrus (Left) 53 Precentral gyrus (Right)
9 Inferior frontal gyrus, opercular part (Left) 54 Rolandic operculum (Right)
10 Inferior frontal gyrus, triangular part  (Left) 55 Postcentral gyrus (Right)
11 Superior frontal gyrus, medial (Left) 56 Superior parietal gyrus (Right)
12 Supplementary motor area (Left) 57 Inferior parietal, but supramarginal and angular 

gyri (Right)
13 Paracentral lobule (Left) 58 Supramarginal gyrus (Right)
14 Precentral gyrus (Left) 59 Angular gyrus (Right)
15 Rolandic operculum (Left) 60 Precuneus (Right)
16 Postcentral gyrus (Left) 61 Superior occipital gyrus (Right)
17 Superior parietal gyrus (Left) 62 Middle occipital gyrus (Right)
18 Inferior parietal, but supramarginal and 

angular gyri (Left)
63 Inferior occipital gyrus (Right)

19 Supramarginal gyrus (Left) 64 Calcarine fissure and surrounding cortex (Right)
20 Angular gyrus (Left) 65 Cuneus (Right)
21 Precuneus (Left) 66 Lingual gyrus (Right)
22 Superior occipital gyrus (Left) 67 Fusiform gyrus (Right)
23 Middle occipital gyrus (Left) 68  Heschl gyrus (Right)
24 Inferior occipital gyrus (Left) 69 Superior temporal gyrus (Right)
25 Calcarine fissure and surrounding cortex 

(Left)
70 Middle temporal gyrus (Right)

26 Cuneus (Left) 71 Inferior temporal gyrus (Right)
27 Lingual gyrus (Left) 72 Temporal pole: superior temporal gyrus (Right) 
28 Fusiform gyrus (Left) 73 Temporal pole: middle temporal gyrus (Right)
29  Heschl gyrus (Left) 74 Parahippocampal gyrus (Right)
30 Superior temporal gyrus (Left) 75 Anterior cingulate and paracingulate gyri (Right)
31 Middle temporal gyrus (Left) 76 Median cingulate and paracingulate gyri (Right)
32 Inferior temporal gyrus (Left) 77 Posterior cingulate gyrus (Right)
33 Temporal pole: superior temporal gyrus 

(Left) 
78 Insula (Right)

34 Temporal pole: middle temporal gyrus (Left) 79 Hippocampus (Left)
35 Parahippocampal gyrus (Left) 80 Hippocampus (Right)
36 Anterior cingulate and paracingulate gyri 

(Left) 81 Amygdala (Left)
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37 Median cingulate and paracingulate gyri 
(Left) 82 Amygdala (Right)

38 Posterior cingulate gyrus (Left) 83 Caudate (Left)
39 Insula (Left) 84 Caudate (Right)
40 Gyrus Rectus (Right) 85 Putamen (Left)
41 Olfactory Cortex (Right) 86 Putamen (Right)
42 Superior frontal gyrus, orbital part (Right) 87 Pallidum (Left)
43 Superior frontal gyrus, medial orbital  

(Right) 88 Pallidum (Right)

44 Middle frontal gyrus, orbital part (Right) 89 Thalamus (Left)
45 Inferior frontal gyrus, orbital part (Right) 90 Thalamus (Right)

Table S1 - AAL atlas regions (Gong et al. 2009)
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ROI AAL atlas Test 
cohort

Validation 
cohort

1 Gyrus Rectus (Left) 0,048* 0,028
2 Olfactory Cortex (Left) 0,031* 0,017*
3 Superior frontal gyrus, orbital part (Left) 0,065 0,032*
4 Superior frontal gyrus, medial orbital  (Left) 0,015* 0,100
5 Middle frontal gyrus, orbital part (Left) 0,041* 0,019*
6 Inferior frontal gyrus, orbital part (Left) 0,103 0,016*
7 Superior frontal gyrus, dorsolateral  (Left) 0,047* 0,032*
8 Middle frontal gyrus (Left) 0,022* 0,031*
9 Inferior frontal gyrus, opercular part (Left) 0,011* 0,019*
10 Inferior frontal gyrus, triangular part  (Left) 0,020* 0,013*
11 Superior frontal gyrus, medial (Left) 0,060 0,081
12 Supplementary motor area (Left) 0,013* 0,012*
13 Paracentral lobule (Left) 0,032* 0,037*
14 Precentral gyrus (Left) 0,035* 0,053
15 Rolandic operculum (Left) 0,011* 0,003*
16 Postcentral gyrus (Left) 0,007* 0,048*
17 Superior parietal gyrus (Left) <0,001* <0,001*
18 Inferior parietal, but supramarginal and angular gyri (Left) <0,001* <0,001*
19 Supramarginal gyrus (Left) <0,001* 0,008*
20 Angular gyrus (Left) <0,001* <0,001*
21 Precuneus (Left) <0,001* 0,006*
22 Superior occipital gyrus (Left) <0,001* <0,001*
23 Middle occipital gyrus (Left) <0,001* <0,001*
24 Inferior occipital gyrus (Left) 0,009* <0,001*
25 Calcarine fissure and surrounding cortex (Left) 0,005* 0,003*
26 Cuneus (Left) <0,001* <0,001*
27 Lingual gyrus (Left) 0,003* 0,003*
28 Fusiform gyrus (Left) 0,003* <0,001*
29  Heschl gyrus (Left) 0,010* 0,003*
30 Superior temporal gyrus (Left) 0,017* 0,003*
31 Middle temporal gyrus (Left) 0,003* <0,001*
32 Inferior temporal gyrus (Left) <0,001* <0,001*
33 Temporal pole: superior temporal gyrus (Left) 0,071 0,013*
34 Temporal pole: middle temporal gyrus (Left) 0,029* 0,038*
35 Parahippocampal gyrus (Left) 0,015* <0,001*
36 Anterior cingulate and paracingulate gyri (Left) 0,028* 0,016*
37 Median cingulate and paracingulate gyri (Left) 0,007* 0,012*
38 Posterior cingulate gyrus (Left) <0,001* <0,001*
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39 Insula (Left) 0,033* 0,003*
40 Gyrus Rectus (Right) 0,009* 0,030*
41 Olfactory Cortex (Right) 0,007* 0,020*
42 Superior frontal gyrus, orbital part (Right) 0,011* 0,038*
43 Superior frontal gyrus, medial orbital  (Right) 0,011* 0,093
44 Middle frontal gyrus, orbital part (Right) 0,011* 0,033*
45 Inferior frontal gyrus, orbital part (Right) 0,020* 0,030*
46 Superior frontal gyrus, dorsolateral  (Right) 0,011* 0,048*
47 Middle frontal gyrus (Right) 0,033* 0,029*
48 Inferior frontal gyrus, opercular part (Right) 0,011* 0,008*
49 Inferior frontal gyrus, triangular part  (Right) 0,020* 0,104
50 Superior frontal gyrus, medial (Right) 0,016* 0,038*
51 Supplementary motor area (Right) 0,068 0,066
52 Paracentral lobule (Right) 0,011* 0,032*
53 Precentral gyrus (Right) 0,011* 0,029*
54 Rolandic operculum (Right) 0,011* 0,003*
55 Postcentral gyrus (Right) 0,010* 0,029*
56 Superior parietal gyrus (Right) <0,001* 0,006*
57 Inferior parietal, but supramarginal and angular gyri (Right) <0,001* <0,001*
58 Supramarginal gyrus (Right) <0,001* 0,011*
59 Angular gyrus (Right) <0,001* <0,001*
60 Precuneus (Right) <0,001* 0,006*
61 Superior occipital gyrus (Right) <0,001* <0,001*
62 Middle occipital gyrus (Right) <0,001* <0,001*
63 Inferior occipital gyrus (Right) <0,001* <0,001*
64 Calcarine fissure and surrounding cortex (Right) <0,001* <0,001*
65 Cuneus (Right) <0,001* 0,003*
66 Lingual gyrus (Right) <0,001* 0,003*
67 Fusiform gyrus (Right) <0,001* <0,001*
68  Heschl gyrus (Right) 0,003* 0,011*
69 Superior temporal gyrus (Right) <0,001* 0,005*
70 Middle temporal gyrus (Right) <0,001* <0,001*
71 Inferior temporal gyrus (Right) <0,001* <0,001*
72 Temporal pole: superior temporal gyrus (Right) 0,055 0,025*
73 Temporal pole: middle temporal gyrus (Right) 0,015* 0,069
74 Parahippocampal gyrus (Right) 0,010* 0,003*
75 Anterior cingulate and paracingulate gyri (Right) 0,020* 0,072
76 Median cingulate and paracingulate gyri (Right) 0,007* 0,010*
77 Posterior cingulate gyrus (Right) <0,001* <0,001*
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78 Insula (Right) 0,076 0,005*
79 Hippocampus (Left) 0,005* 0,003*
80 Hippocampus (Right) 0,003* 0,005*
81 Amygdala (Left) 0,016* 0,003*
82 Amygdala (Right) 0,028* 0,021*
83 Caudate (Left) 0,022* 0,011*
84 Caudate (Right) 0,011* 0,030*
85 Putamen (Left) 0,020* 0,006*
86 Putamen (Right) 0,033* 0,005*
87 Pallidum (Left) 0,013* 0,003*
88 Pallidum (Right) 0,028* 0,017*
89 Thalamus (Left) 0,007* 0,012*
90 Thalamus (Right) 0,003* 0,003*

Table S2– FDR-corrected Mann-Whitney U outcomes for AEC-c beta band| Depicted are 
the regional Mann-Whitney U significance outcomes for the AEC-c in the beta band for both 
the test and validation cohort. The left column depicts the ROI number, while the subsequent 
columns depict the test outcomes. *signifies p<0.05, corrected.
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Abstract 

Subjects with posterior cortical atrophy (PCA-AD) show more severe visuospatial 
and perceptual deficits compared to typical AD (tAD). The aim of this study 
was to investigate whether functional alterations measured by EEG can help 
understand the mechanisms that explain this clinical heterogeneity. 21-channel 
EEG recordings of 29 PCA-AD subjects, were compared with 29 tAD subjects 
and 29 controls matched for age, gender and disease severity. PCA-AD and tAD 
subjects both showed a global decrease in fast and increase in slow oscillatory 
activity compared to controls. This pattern was, however, more profound in PCA-
AD subjects which was driven by more extensive slowing of the posterior regions. 
Alpha band functional connectivity showed a similar decrease in PCA-AD and 
tAD. Compared to controls, a less integrated network topology was observed in 
PCA-AD, with a decrease of posterior and an increase of frontal hubness. In PCA-
AD, decreased right parietal peak frequency correlated with worse performance 
on visual tasks. Regional vulnerability of the posterior network might explain the 
atypical pattern of neurodegeneration in PCA-AD.

1. 
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1. Introduction 

Posterior cortical atrophy (PCA) is a clinico-radiological neurodegenerative 
syndrome that is clinically characterized by an initially isolated progressive 
impairment of higher order visual functions with relative preservation of memory, 
insight and judgement until late in the clinical course of the disease (Crutch et al. 
2013; Crutch et al. 2017; Migliaccio et al. 2012; Beh et al. 2015). The most common 
underlying pathology of PCA is Alzheimer’s disease (PCA-AD) and the onset is 
typically between 50 and 65 years of age (Crutch et al. 2017; Crutch et al. 2012). The 
clinical presentation of PCA-AD is in contrast with ‘typical’ Alzheimer’s disease 
(tAD) where memory loss is the clinically predominant symptom next to other 
potential deficits in language, executive functioning, behaviour and visual function. 

Radiological findings in PCA-AD are typically represented by predominant atrophy 
and hypometabolism of the parieto-occipital cortex (Crutch et al. 2017; Alves et al. 
2013; Guerrier et al. 2019). Different patterns in pathological cerebral amyloid and 
tau distribution can be found in PCA-AD. The distribution of amyloid pathology 
does not differentiate PCA-AD from tAD subjects (Ossenkoppele et al. 2016; Putcha 
et al. 2019), but the deposition of tau pathology in PCA-AD is in accordance with 
the atrophy of the parietal, occipital and the temporal brain regions (Rosenbloom 
et al. 2011; Lehmann, Ghosh, et al. 2013; Rabinovici et al. 2008). This pattern of 
tau deposition is different from tAD where the medio-temporal lobes and lateral 
temporo-parietal cortex are mostly affected (Ossenkoppele et al. 2016; Crutch et al. 
2012). Furthermore in PCA-AD, the distinct patterns of atrophy, tau deposition and 
hypometabolism (measured by fluorodeoxyglucose positron-emission tomography 
(FDG-PET)) correlate with the level of visual dysfunction (Chen et al. 2019). Even 
though neuroimaging has given understanding of the development of the disease, 
the pathological mechanisms leading to tAD are not yet fully understood. Neither 
is it understood why most patients develop the typical symptoms of tAD and some 
the ‘atypical’ symptoms of PCA-AD. One explanation of this heterogeneity could 
be a difference in vulnerability of distinct functional networks of the brain network 
(Stam 2014; Lehmann, Madison, et al. 2013; Zhou et al. 2012; Cho et al. 2016), 
leading to changes of brain activity in these specific networks and therefore to 
distinct clinical symptoms. Changes in functional brain networks can be captured 
by electroencephalography (EEG), which measures synchronized postsynaptic 
activity of the cortical pyramidal neurons (Lopes da Silva 2013). 
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EEG and magnetoencephalography (MEG) have been thoroughly used to 
characterize AD. A diffuse slowing of the posterior dominant rhythm is typically 
seen in AD patients (Babiloni et al. 2004; Jeong 2004; de Waal et al. 2012). 
Additionally, EEG offers a high temporal resolution which enables investigating 
functional connectivity and functional networks. Compared to controls, AD 
subjects show a general decrease in functional connectivity (Jeong 2004; Dauwels, 
Vialatte, and Cichocki 2010) and a loss of communication between functional 
networks (de Haan, van der Flier, et al. 2012) with changing hub locations (Engels 
et al. 2015). EEG research covering PCA-AD specifically is sparse and mainly 
consists of a few case studies and two retrospective studies which did not investigate 
the quantitative differences between PCA-AD and tAD (Rogelet, Delafosse, and 
Destee 1996; Victoroff et al. 1994; Tom, Cummings, and Pollak 1998; Ranasinghe 
et al. 2014; Goldstein et al. 2018). These studies indicate that abnormalities in EEG 
recordings in PCA-AD subjects are likely but it is unknown whether these findings 
are different from what is known in tAD. In this study we aim to investigate the 
EEG oscillatory, functional connectivity and network signature of PCA-AD in 
comparison with tAD and controls. Because the EEG signal is a representation of 
synaptic functioning, we hypothesize a predominant posterior oscillatory slowing 
in accordance with the findings of previous research with synaptic markers such as 
FDG-PET (Ossenkoppele et al. 2015). Furthermore, we hypothesize that a selective 
deterioration of the posterior well connected regions in the network, the so called 
‘hubs’, in PCA-AD underlies the oscillatory slowing. Hence, we would expect a 
relative sparing in the rest of the functional network. 

2. Methods

2.1 Population
Based on availability, we included 29 PCA-AD subjects and matched 29 tAD 
subjects and 29 controls with subjective cognitive decline (SCD) from the 
Amsterdam Dementia Cohort (van der Flier and Scheltens 2018). Subjects were 
matched on the age, sex and educational level of the PCA-AD group. Subjects for 
the tAD group were additionally matched on Clinical dementia rating (CDR) with 
the PCA-AD group and only SCD subjects with a CDR score of 0 were included 
in the control group. All subjects had been referred to the Alzheimer Center 
Amsterdam, Amsterdam UMC. The diagnostic procedure consisted of a standard 
battery of investigations including a subject- and informant-based medical 
history, physical and neurological examination, MR imaging, cerebrospinal fluid 
(CSF) analysis and EEG. Diagnoses were established by a multidisciplinary team. 
PCA-AD and tAD subjects both fulfilled diagnostic National institute on Aging 
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- Alzheimer’s Association criteria for probable AD (McKhann et al. 2011), with 
biomarker evidence for AD pathology (Aβ1-42 < 813 ng/L, t-tau >375 ng/L and 
p-tau >52 ng/L or positive amyloid PET imaging) (Zwan et al. 2014; Tijms et al. 
2018). PCA-AD subjects additionally fulfilled the criteria of Mendez et al. and 
Tang-Wai et al. (Mendez, Ghajarania, and Perryman 2002; Tang-Wai et al. 2004), 
and thus fulfilled the PCA-plus and PCA-AD criteria as defined by the consensus 
classification of Crutch et al. (Crutch et al. 2017). Typical AD subjects all presented 
with initial memory complaints and had pronounced dysfunction in the memory 
domain. As a control group, we included subjects who presented with subjective 
cognitive decline at our memory clinic, but performed normal on all clinical 
investigations (i.e. criteria for MCI, dementia or psychiatric disorder not fulfilled). 
Exclusion criteria for all groups were other significant neurological diseases and 
major psychiatric disorders.   

2.2 Standard protocol approvals, registrations, and subject consents. 
The ethical review board of the VUmc approved this protocol. All subjects gave 
informed consent for the use of their clinical data for research purposes

2.3 Cognitive tasks
We used a standard cognitive test battery, covering the major cognitive domains 
(van der Flier and Scheltens 2018). The visuospatial ability domain was assessed 
using the dot count task and the fragmented-letters task. For the dot counting 
task, subjects have to count the number of unsorted dots presented on a 5’’ x 3’’ 
card (maximum score = 10). In the fragmented-letters task subjects identify 
letters, which increase in level of degradation (maximum score = 20). Executive 
functioning and attention were assessed using Trail-making test A and B and the 
Dutch version of Controlled Oral Word Association Test (COWAT). Memory was 
assessed by the Dutch version of the Rey Auditory Verbal Learning Test (RAVLT), 
in which a list of 15 words was repeated 5 times and the immediate recall was tested 
after each repetition. The total sum of correct answers on the immediate recall on 
each of the 5 trials was used for the statistical analyses. Higher scores indicate better 
cognitive performance on the fragmented-letters task, dot count task, COWAT and 
RAVLT. Lower scores indicate better cognitive performance on the TMT-A and 
TMT-B tests. 

2.4 EEG recordings
An eyes-closed task-free EEG of 20 minutes was recorded in all subjects with 
OSG digital equipment (Brainlab and BrainRT; OSG b.v. Belgium). Twenty-one 
electrodes were placed according to the 10–20 international system (channels 1 
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to 21 respectively represent: Fp2, Fp1, F8, F7, F4, F3, A2, A1 T4, T3, C4, C3, T6, 
T5, P4, P3, O2, O1, Fz, Pz, and Cz). Electrode impedance was below 5 kΩ. Filter 
settings were: time constant 1 s, and low pass filter 70 Hz. Sample frequency was 
500 Hz and analog–digital precision was 16-20 bit. During recording, a common 
reference electrode was used (average of all electrodes or Fz). Subjects were seated 
in a slightly reclined chair in a normally lit, quiet room. Subjects sat with their eyes 
closed and were alerted with acoustic stimuli when slow horizontal eye movements 
or slowing of the posterior alpha rhythm appeared. For each subject, five epochs 
of 10 seconds were visually selected based by an experienced neurophysiologist 
on signal quality (artefact-free: no eye-blinks, slow eye movements, excess muscle 
activity or electrocardiogram artefacts) and subject status (eyes closed, awake). 
Epochs were converted to ASCII format. The first 4096 samples of each epoch were 
used for further analysis. EEGs were digitally re-referenced offline to the source 
reference derivation (Hjorth 1975). BrainWave software, written by C.J. Stam (Stam 
2019), was used to calculate spectral measures, functional connectivity and the 
network measures.

2.5 EEG spectral analysis
Relative power was calculated for each EEG channel using the Fast Fourier 
Transform in the following frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha 
(8-13 Hz), beta (13-30 Hz). Peak frequency, defined as the frequency with the 
highest amplitude in the 4 – 13 Hz range, was calculated for each EEG channel. For 
all analyses, all five epochs of each subject were averaged to obtain a single value 
for each spectral measure per subject (van Diessen et al. 2015). The values of all 
EEG channels were averaged to obtain global spectral measures.

2.6 EEG functional connectivity and network measures
Functional connectivity was measured in the alpha band by the amplitude 
envelope correlation with correction for volume conduction (AEC-c) (Hipp et 
al. 2012). This measure was chosen due to its validity (Hipp et al. 2012; Tewarie, 
Hunt, et al. 2019), test-retest reliability (Colclough et al. 2016) and reproducibility 
in the alpha frequency band in AD (Briels et al., under review). The AEC-c is a 
functional connectivity measure which correlates envelopes of the amplitude of 
the signal between channels. The AEC-c was calculated using the following steps. 
The raw signal was first band-pass filtered from 8 to 13Hz. To correct for volume 
conduction, this filtered signal was pair-wise orthogonalised in both directions, 
X to Y and Y to X. The orthogonalised data was used to calculate the amplitude 
envelope correlation (AEC) (Bruns et al. 2000), hence creating the AEC-c. An 
adjacency matrix was created with the AEC-c for each possible pair of channels of 
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each epoch. Global AEC-c was calculated by averaging all channels and regional 
AEC-c was calculated by averaging per channel. The average of the global and 
regional values over 5 epochs were used for each subject.

The network properties of the adjacency matrices of the alpha band AEC-c were 
estimated with the minimum spanning tree (MST). The MST was based on 
the algorithm of Kruskal (Kruskal 1956; Jackson and Read 2010). In short, the 
algorithm used creates a network between all nodes (EEG channels) with the 
minimum possible total weight. The algorithm does this by creating the first edge 
at the smallest weight (i.e. strongest connection) and repetitively adding edges 
in an order from a small to a large weight, without creating loops, until all nodes 
are connected. The resulting graph is unweighted and undirected. To compare 
MSTs between groups, the diameter (longest shortest path of the network), degree 
(number of edges to a node), leaf fraction (fraction of nodes with a degree of 1) and 
betweenness centrality (fraction of shortest paths that run through a certain node) 
of the graph were calculated (Barabási 2016; Tewarie et al. 2015; Stam et al. 2014). 
These results were averaged over 5 epochs for each subject. The MST diameter and 
leaf fraction are indicators of the efficiency of the whole network. In general, high 
diameter and low leaf fraction indicate a less efficient network. MST betweenness 
centrality and degree are indicators of how much connections run through a 
node. In other words, they show the hubness of a node. Higher degree and higher 
betweenness centrality, indicate a higher hubness of a node.

2.7 Statistical analysis 
Statistical analyses were performed with SPSS (IBM SPSS Statistics for Windows, 
version 26.0.0.1) and RStudio ((Allaire 2012), version 1.1.463) software. Visual 
representations of the data were made by using RStudio, BrainNet Viewer ((Xia, 
Wang, and He 2013),version 1.63), EEGlab ((Delorme and Makeig 2004),version 
14.1.1) and Matlab (The Mathworks, Inc., version R2019b). Differences in group 
demographics were analysed with independent t-tests, chi-squared tests or pairwise 
permutation testing where appropriate. Pairwise permutation testing with 100,000 
iterations was used to test differences between spectral measures, functional 
connectivity and network measures between the three diagnostic groups. Spectral 
differences between groups at electrode level were tested with pairwise permutation 
testing with additional false discovery rate (FDR) correction for multiple 
testing (Benjamini and Hochberg 1995). Within the PCA-AD group, Pearson 
correlations were calculated between regional peak frequency and cognitive tasks 
for visuospatial functioning (the dot counting and fragmented letters tasks). The 
cognitive tasks were chosen because they test performance in the visual domain 
which is typically affected in PCA-AD and (relatively) spared in tAD and controls. 
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Peak frequency was chosen because it represents the dominant oscillatory activity 
and is a marker of general slowing in AD (Jeong 2004; Babiloni et al. 2020). The 
RAVLT was additionally compared with the peak frequency to function as a 
control task. The other cognitive tasks were regarded less relevant and therefore 
not analysed. Hereby we aimed to limit the chance of false positive results. The 
threshold for significance was set at p < 0.05.

3. Results

3.1 Demographics
Table 1 shows the demographics of PCA-AD, tAD and controls. Groups were well 
matched for age and sex. On average, subjects were 63.4 years old, and 59% was 
female. Both the PCA-AD and tAD groups had lower CDR and MMSE scores and 
performed worse on cognitive test compared to controls (all p < 0.05). Furthermore, 
PCA-AD subjects performed worse on the fragmented letter, dot count, TMT-A 
and TMT-B tasks compared to tAD subjects (all p < 0.05). CSF amyloid and tau 
biomarkers confirmed the Alzheimer profile in tAD and PCA-AD subjects.

3.2 Spectral analysis
Figure 1 shows the distribution of the values of the global relative power and 
global peak frequency for each group and table 2 shows the results of the pairwise 
comparisons between the groups. Overall, controls had spectral characteristics 
which reflected fastest oscillatory activity, whereas PCA-AD showed most 
outspoken changes from controls indicating slowest oscillatory activity. tAD 
subjects showed spectral characteristics intermediate to controls and PCA-AD. 
More specifically, PCA-AD subjects showed significant differences in all spectral 
power measures compared to controls, reflected by lower global peak frequency 
(difference of medians (Δm) = -2.18, p < 0.0001), decreases of faster oscillatory 
activity (relative alpha power (Δm = -0.16, p < 0.0001), relative beta power  
(Δm = -0.05, p = 0.02)) and increases of slower activity (relative theta (Δm = 0.14, 
p < 0.0001) and delta power (Δm = 0.07, p < 0.01)). Moreover, PCA-AD subjects 
showed more severe oscillatory slowing than tAD subjects, as indicated by more 
slow activity (relative delta power (Δm = 0.05, p < 0.05)) and less fast activity 
(relative alpha power (Δm = -0.02, p < 0.05)). In addition, tAD subjects had 
oscillatory power results intermediate to controls and PCA-AD, where we found 
significantly lower global peak frequency (Δm = -1.84 Hz, p < 0.001), relative alpha 
power (Δm = -0.14, p < 0.0001) and higher relative theta (Δm = 0.10, p < 0.0001) 
(but not delta) power compared to controls. 
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Electrode level spectral characteristics gave additional insight on the global 
changes. Overall, PCA-AD subjects showed the most profound slowing of the 
posterior channels while the other regions had values equal to tAD. Figure 2 shows 
peak frequency at the electrode level for each group and electrode level relative 
band power is shown in supplementary figure 1. The controls showed a posterior 
dominant peak frequency higher than 9 Hz. When comparing tAD with controls, 
the tAD subjects showed a significantly lower peak frequency in both frontal 
(around 7 Hz) and posterior channels (around 8 Hz) (decreased peak frequency 
in all 21 channels, pcorr < 0.01). The PCA-AD subjects also showed a significant 
decrease in peak frequency in all channels compared to controls (all 21 channels, 
pcorr < 0.01), and importantly, compared to tAD there was an even lower peak 
frequency in the posterior channels (below 7 Hz) with similar values in the frontal 
channels (around 7 Hz) (respectively O1 Δm = 1.98 Hz, pcorr = 0.01; O2 Δm = 1.95 

Table 1. Demographic and clinical characteristics of the diagnostic groups

Control (n=29) tAD (n=29) PCA-AD (n=29)
Age 63.5 ± 5.4 63.3 ± 5.2 63.4 ± 5.4
Sex ratio (f/m) 16/13 18/11 17/12
CDR 0 (0 – 0) 1 (1 – 1)a 1 (1 – 2)b

MMSE 29 (28 – 30) 18 (16 – 22)a 19 (16 – 23)b

Disease duration 2 (1 – 3) 3 (2 – 4)a 4 (2 – 5)b

Educational level 5 (4 – 6) 5 (4 – 6) 5 (4 – 6)
Fragmented letters task 20 (19 – 20) (n=22) 17.5 (12.5 – 19.0) (n=16)a 7.0 (2.5 – 12.5) (n=25)b,c

Dot counting task 10 (10 – 10) (n=22) 10 (8 – 10) (n=18)a 7 (4 – 7) (n=25)b,c

RAVLT 43 (34 – 49) (n=28) 16 (9 – 19) (n=24)a 16 (14 – 23) (n=27)b

COWAT 39 (30 – 44) (n=20) 27 (16 – 30) (n=19)a 28 (21 – 35) (n=21)b

TMT-A 35 (28 – 48) (n=27) 76 (49 – 130) (=27)a 200 (147 – 251) (n=19)b,c

TMT-B 86 (69 – 120) (n=27) 195 (170 – 247) (n=11)a 324 (266 – 453) (n=6)b,c

Amyloid-Beta 42 1082 (996 – 1210) (n=19) 657 (592 – 714) (n=27)a 642 (561 – 730) (n=27)b

Total tau 267 (206 – 333) (n=19) 598 (540 – 962) (n=27)a 627 (496 – 1001) (n=27)b

Phosphorylated tau 45 (35 – 53) (n=19) 93 (68 – 106) (n=27)a 86 (68 – 110) (n=27)b

Data is represented as mean ±SD or median (IQR). Disease duration is measured as years since onset 
of complaints. Level of education was rated according to Verhage (Verhage and Van Der Werff 1964). 
TMT-A and TMT-B scores are presented as time needed to complete the task, higher scores mean worse 
performance. RALVT is presented as the sum score of 5 trials. CDR = clinical dementia rating, MMSE = 
mini mental state examination. IQR = interquartile range. RALVT = Ray’s auditory verbal learning test 
TMT-A= trail making test part A, TMT-B = trail making test part B. COWAT = controlled word association 
test. Differences between groups were tested using permutation tests, chi-square tests and independent 
t-tests where appropriate. a =p <0.05 between tAD and controls, b = p < 0.05 between PCA-AD and controls, 
c = p < 0.05 between PCA-AD and tAD. 
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Hz, pcorr = 0.01; P4 Δm = 2.39 Hz, pcorr = 0.02). Furthermore, regional analyses of 
relative band power (supplementary figure 1) supported the observation that the 
more severe global slowing in PCA-AD compared to tAD subjects was driven by 
more severe changes in the posterior regions. The PCA-AD group showed, after 
FDR correction, significantly higher regional relative delta (channels T6, P3, O1 and 
O2), lower alpha (channels T5, T6, O1 and O2) compared to tAD. In congruence 
with the analyses on a global level, no differences in regional relative theta and beta 
power were found between tAD and PCA-AD.

3.3 Functional connectivity
Functional connectivity was estimated by the AEC-c in the alpha frequency band 
on a global and regional level. Figure 3 shows the functional connectivity matrices 
of the three groups. The differences between these matrices and the p-values of 
the permutation tests corresponding to these matrices are shown in supplementary 
figure 2. Both the tAD and PCA-AD groups showed a decrease in global alpha 

Figure 1. Global relative power and peak frequency measures per diagnosis. Boxplots of 
global peak frequency and global relative power per frequency band (delta, theta, alpha and 
beta) per diagnosis (SCD, PCA and AD). The left y-axis represents the amount of relative 
power in each of the frequency bands. The right y-axis represents the height of the frequency in 
Hertz (Hz) for the peak frequency (peak freq). Boxes represent the 1st to 3rd interquartile range 
including the median value. 
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Table 2: Global relative power and peak frequency measures per diagnosis. For each group 
the median and interquartile range (IQR) is shown. Significant differences (p<0.05) between 
groups are indicated by a (control versus tAD), b (PCA-AD versus control) and c (PCA-AD 
versus tAD). Abbreviations: IQR, interquartile range; PF, peak frequency.
Measure
(median, IQR)

Control
(n=29)

tAD
(n=29)

PCA-AD
(n=29)

Global PF (Hz) 9.41 (8.86 – 9.81) 7.57 (6.51 – 8.63)a 7.23 (6.61 – 7.77)b

Global delta power 0.27 (0.21 – 0.34) 0.28 (0.24 – 0.34) 0.34 (0.28 – 0.41)b,c

Global theta power 0.09 (0.07 – 0.11) 0.19 (0.14 – 0.25)a 0.23 (0.18 – 0.28)b

Global alpha power 0.32 (0.28 – 0.45) 0.18 (0.14 – 0.27)a 0.16 (0.11 – 0.21)b,c

Global beta power 0.21 (0.17 – 0.25) 0.17 (0.13 – 0.25)a 0.16 (0.12 – 0.23)b

Table 3: Minimum spanning tree characteristics per diagnosis. For each group the median 
and interquartile range (IQR) is shown. Significant differences (p<0.05) between groups are 
indicated by a (control versus tAD), b (PCA-AD versus control) and c (PCA-AD versus tAD). 
Abbreviations: IQR, interquartile range; BC, betweenness centrality.
MST measure
(median, IQR)

Control
(n=29)

tAD
(n=29)

PCA-AD
(n=29)

Diameter 0.41 (0.40 – 0.44) 0.44 (0.42 – 0.46) 0.46 (0.42 – 0.47)b

Leaf fraction 0.56 (0.54 – 0.58) 0.52 (0.50 – 0.56)a 0.50 (0.49 – 0.54)b

Maximum degree 0.28 (0.26 – 0.30) 0.26 (0.23 – 0.28)a 0.25 (0.23 -0.26)b

Maximum BC 0.71 (0.70 – 0.74) 0.69 (0.68 – 0.72)a 0.69 (0.67 – 0.71)b

Control tAD PCA-AD
6

7

8

9

10

11

Figure 2. Peak frequency at electrode level per diagnosis. Topological representation of 
median peak frequency (Hz) at each electrode plotted per diagnosis. Red indicates a relatively 
high peak frequency whereas blue indicates a relatively low peak frequency. In both tAD and 
PCA-AD there is a global slowing compared to controls. Compared to tAD, the PCA-AD group 
shows a more severe slowing of the parietal, posterior temporal and occipital channels.
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band AEC-c compared to the control group (respectively Δm = -0.023, p = 0.002; 
Δm = -0.031, p < 0.001). However, there was no significant difference in global 
functional connectivity between the tAD and PCA-AD groups (Δm = 0.008,  
p = 0.49). Regional analyses of functional connectivity showed similar results. 
When comparing controls with tAD, all regional functional connectivity values, 
except channel F3, T4 and A2, were significantly reduced ( p < 0.05 after FDR 
correction). Similarly, all regional functional connectivity values were significantly 
reduced in PCA-AD compared to controls. No regional differences were found 
between PCA and tAD.

3.4 Network measures
The functional networks were estimated by the MST based on the adjacency matrix 
of the alpha band AEC-c. The average MST of each group is shown in figure 4. 
Differences in global MST characteristics (diameter and leaf fraction) are shown 
in table 3. The PCA-AD group MST had a longer diameter (Δm = 0.05, p = 0.008) 
and smaller leaf fraction (Δm = -0.06, p < 0.001) compared to the control group, 
indicating a less efficient network topology. The tAD group showed a significant 
smaller leaf fraction compared to the control group (Δm = -0.04, p = 0.02) but 
the diameter was not significantly longer (Δm = 0.03, p = 0.20). No significant 
differences were found between the tAD and PCA-AD groups. tAD values were, on 
average, intermediates between controls and PCA-AD. 

Differences in regional MST characteristics (degree and betweenness centrality) are 
shown in figure 5. Both the PCA-AD and tAD groups showed a lower maximum 
degree compared to controls (respectively Δm = -0.03, p < 0.001), indicating that 
the most connected regions, the hubs, have weakened. In PCA-AD compared to 
controls, the degree showed a significant (p < 0.05) increase in frontal regions 
(Fp1, F3, F4 and F7) and a decrease in parietal regions (P3, Cz and Pz). After 
FDR correction, however, none of the values reached statistical significance. 
The betweenness centrality was increased in the frontal regions (F3, F4, and F7) 
in PCA-AD compared to controls. After FDR correction only region F3 reached 
statistical significance. The regional MST characteristics of the tAD group showed 
intermediate values between controls and PCA-AD. Although globally the tAD 
group showed a lower maximum degree and betweenness centrality compared 
to controls (respectively Δm = -0.02, p < 0.01; Δm = -0.02, p < 0.01), regional 
differences were not significantly different from the control or PCA-AD group, 
which was potentially caused by a lack of power.
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3.5 Correlations with cognitive tasks
Correlations between peak frequency of the individual EEG channels and the 
scores of the dot counting task, fragmented letters task and RAVLT were assessed 
within the PCA-AD group. Regional plots and the individual data points of the 
correlations are shown in figure 6. The fragmented letters task was significantly 
correlated with right parietal peak frequency (channel P4, r = 0.51, p = 0.008) in 
which a higher peak frequency was associated with a higher score on the task. 
The dot counting task scores significantly correlated with the peak frequency of 
the right temporal-parietal region (significant correlations with channel P4 and T4 
individually, correlation of combined channels: r = 0.50, p = 0.012). Again, a higher 
regional peak frequency of these channels correlated with a higher score on the 
task. No significant correlations were found between the scores of the RAVLT and 
the peak frequency of channels P4 and T4 (channel P4 and T4 combined r = -0.10, 
p = 0.614). Neither did the peak frequency of any of the other channels correlate 
with the RAVLT. 
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Figure 5. MST betweenness centrality and degree at electrode level per patient group. 
Topological representation of MST betweenness centrality (top row) and degree (bottom row) 
per subject group (columns). Red indicates relatively high values and blue indicates relatively 
low values. In controls the posterior channels show the most connections with a relative high 
degree and betweenness centrality. In PCA-AD the posterior distribution has disappeared and 
the frontal channels have a relatively higher betweenness centrality and degree.

4. Discussion 

The results of this study indicate that PCA-AD subjects have severely affected 
oscillatory EEG activity together with disrupted functional connectivity and less 
efficient network properties. PCA-AD subjects were more severely affected than 
typical age, sex, educational level and disease severity matched tAD subjects 
with respect to brain oscillatory activity. Spectral changes were characterised by 
a pronounced decrease in posterior alpha power and an increase in posterior delta 
power. Additionally, right (temporal-)parietal peak frequency correlated with 
performance on visual tasks. Functional connectivity was decreased compared to 
controls but did not differ compared to tAD subjects. Network properties indicate 
a less integrated network in PCA-AD subjects, weakened hubs and a relative shift 
in hubness from posterior to frontal brain areas compared to controls, indicating a 
selective deterioration of the posterior hubs with relative sparing of the frontal hubs. 
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The comparison of EEG spectral measures between subjects with tAD and 
controls confirmed earlier studies of EEG slowing in tAD. This was represented 
by a higher global relative theta power and lower relative alpha and beta power in 
the tAD subjects (Jeong 2004; de Waal et al. 2012). We extend on this by showing 
that PCA-AD subjects had more severe slowing of the oscillatory brain rhythms 
compared to tAD subjects. More specifically, PCA-AD subjects showed similar 
changes as tAD subjects in global relative theta and beta power, but in addition 
showed higher global relative delta power and lower alpha power. This difference 
was largely driven by a pronounced decrease in the dominant frequency of the 
posterior regions. Compared to controls, both PCA-AD and tAD subjects showed 
a global slowing of the oscillatory activity, but the slowing of the parietal, posterior 
temporal and occipital channels was more severe in PCA-AD. These findings 
support our hypothesis that slowing of oscillatory brain rhythms in PCA-AD 
subjects were most pronounced in the posterior part of the brain. This indicates 
that there is a profound loss of synapses in these areas (Lopes da Silva 2013). 
Although the spatial resolution of EEG does not allow for detailed conclusions at 
the level of functional subnetworks, the regions reported in this study are largely 
congruent with the visuospatial network, involved in PCA-AD. This predominant 
deterioration of the posterior regions in PCA-AD is also reported by studies that 
show posterior glucose hypometabolism, posterior grey matter atrophy and higher 
posterior tau deposition in PCA-AD subjects (Whitwell et al. 2017; Ossenkoppele et 
al. 2016). The causational relation between these markers remains unclear. Perhaps 
the deterioration of functional outcome measures like EEG oscillatory activity 
and FDG uptake are driven by regional tau mediated neurodegeneration. On the 
other hand, regional tau accumulation could also be driven by regional network 
vulnerability (de Haan, Mott, et al. 2012). Therefore, we looked more closely at the 
underlying functional network of each group.

The analyses of the functional connectivity showed that both tAD and PCA-AD 
subjects had decreased global alpha band functional connectivity compared to 
controls. Although PCA-AD subjects have more severe visual dysfunction, we 
could not find a difference in functional connectivity compared with the tAD 
subjects. Characteristics of functional network topology gave more information 
into the difference between the two diagnoses. The networks were compared using 
the diameter, leaf fraction, regional degree and regional betweenness centrality 
of the MST. Less integrated (or less efficient) networks generally show a longer 
diameter and a loss of hubs (Stam et al. 2014). Hubs are locally highly connected 
nodes, allowing short path lengths from one node to the other, which makes the 
network more efficient, or ‘compact’. In our study, PCA-AD subjects showed 
the highest MST diameter and lowest MST leaf fraction and therefore the least 
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efficient network topology, compared to the other groups. Moreover, an indication 
of weakened parietal hub region (lower degree) and stronger frontal hubness 
(increase in frontal betweenness centrality and degree) was observed in PCA-AD. 
In summary, our results indicated that the functional network in PCA-AD becomes 
less integrated due to a global loss of connectivity together with a selective loss of 
function of the posterior hubs with a relative increase of frontal hubness. These 
results were in line with our hypothesis, and perhaps the selective vulnerability of 
the posterior network could explain the clinical and pathological characteristics of 
PCA-AD. 

Unfortunately, no EEG or MEG functional network studies have been performed 
in PCA-AD subjects to compare our functional network results with. Studies using 
functional MRI (fMRI) have, however, shown similar patterns in network changes 
in PCA-AD. One study has shown increased connectivity in the dorsal inferior 
network in correlation with the amount of parietal atrophy in PCA-AD subjects 
(Migliaccio et al. 2016). Another fMRI study has shown an increased connectivity 
in the anterior default mode network (DMN) and a decrease in the visual network 
in PCA-AD subjects (Lehmann et al. 2015). And finally, a third study has found 
a similar pattern in PCA-AD with an increase in the frontal salience network 
(SN) and DMN accompanied by a decreased visuospatial network connectivity 
(Fredericks et al. 2019). This last study hypothesized the medial and lateral 
pulvinar of the thalamus to coordinate compensatory shifts across the functional 
networks. Where the lateral pulvinar showed decreased connectivity with the visual 
network, the medial pulvinar showed increased connectivity with the SN. The 
results of these fMRI studies are in line with the increase in frontal and decrease in 
posterior hubness we have observed. Drawing relations or conclusions between (f )
MRI networks and EEG networks should, however, be done with caution. Where 
fMRI has a high and EEG a low spatial resolution, EEG has a high and fMRI a 
low temporal resolution. With this in mind, our results combined with previous 
fMRI research, indicate a deterioration of the posterior visual network with a, 
potentially compensatory or relative, shift of hubness towards the frontal network 
in PCA-AD. Frontal hubs may partially take over the function as posterior hubs get 
disconnected. However, a relative loss of posterior connectivity and relative survival 
of frontal connectivity could have driven the MST estimation. This might have 
created a change of hubs in the network because it was based on the selection of the 
strongest  connections. Our results confirmed that there is a selective deterioration 
of the posterior hubs in PCA-AD. A selective vulnerability of the visual network 
could explain the clinical presentation of PCA-AD (Lehmann, Madison, et al. 
2013). To further investigate the hypothesis of network vulnerability, a longitudinal 
study would be needed to not only study the relation between network properties 
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and clinical progression but also try to predict the clinical progression with 
network properties. Another interesting design would be to combine longitudinal 
EEG and tau-PET data to observe the relation between tau accumulation with 
network deterioration. This could answer the question whether there is network 
deterioration due to tau mediated neurodegeneration or whether tau accumulation 
is driven by network vulnerability.

Within the PCA-AD group, a decrease in right posterior peak frequency was 
correlated with worse visual performance, assessed with the fragmented letters 
and dot counting task. Indicating that these effects are likely to be specific for 
PCA-AD. These correlations are in line with a previous study. For example, in a 
study by Guerrier et al. (Guerrier et al. 2019), who found similar correlations of 
visual performance, tested by various visual tasks and including the dot counting 
task, with right posterior [18F]FDG-PET metabolism in PCA subjects. Both our 
study and the study by Guerrier et al. have found significant correlations of the 
visual performance with the right posterior cortex but not the left posterior cortex. 
Another study, using FDG-PET, found this right predominant asymmetry of the 
posterior cortex in PCA as well (Nestor et al. 2003). In conclusion, our results 
indicate that the performance of PCA-AD on visual tasks is strongly dependent on 
the functionality of the right posterior cortex.

In literature, two retrospective studies using EEG or MEG to characterise PCA-AD 
subjects have been reported. The first MEG study addressed cognitive functioning 
across different AD subtypes, including 7 PCA subjects, with functional connectivity 
estimated by the alpha band imaginary coherence (Ranasinghe et al. 2014). This 
study did, however, not compare cognitive functioning with functional connectivity 
within the PCA-AD subjects, nor did it look at differences between different AD 
subtypes at spectral, functional connectivity or network level. The second study is 
a retrospective EEG study (Goldstein et al. 2018) on a subset of data from a larger 
set of PCA subjects. EEG data was available for 23 subjects. In this study, the EEG 
characteristics were only assessed by visual rating and not quantitatively. Of 23 
PCA subjects 17 showed an abnormal EEG with either generalized or focal slowing 
of the background rhythm. Additionally 2 subjects showed generalized or temporal 
discharges. Our results confirm that PCA-AD subjects have profound slowing 
of the background rhythm and we further defined the regional characteristics in 
comparison with tAD. We suspect few MEG or EEG studies have been done due to 
the relatively rareness of the clinical syndrome of PCA-AD. But nonetheless, EEG 
is a minimal invasive, cost-efficient and widely available method and these results 
highlight its potential in further fundamental or trial-based research.
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In this study, tAD and PCA-AD subjects were matched on age, sex, educational 
level and CDR as a marker of disease severity. The main difference in performance 
on cognitive tasks between the tAD subjects and the PCA-AD subjects was their 
performance on visual tasks. This was reflected by the worse performance of PCA-
AD subjects on the dot counting and fragmented letters tasks compared to tAD 
subjects. PCA-AD and tAD subjects performed similar on the MMSE, RAVLT and 
COWAT tasks. It is perhaps not contradictory that PCA-AD subjects performed 
worse, compared to tAD subjects, on the TMT-A and -B tasks but no difference 
was seen on the COWAT task. Although the TMT-A and -B are executive tasks, 
they also rely on visual functioning (SÁNchez-Cubillo et al. 2009). The COWAT is 
also a task of executive functioning but focusses on verbal fluency without the need 
of visual functions (Ross et al. 2007). When taking the differences and similarities 
in cognitive performance into account, the main contributor of the reported EEG 
differences is likely to be the pathological heterogeneity of these AD subtypes 
rather than an effect of disease severity. 

Strengths of our study include well defined clinical subgroups with availability of 
biomarkers and cognitive test results. Furthermore, we have investigated the EEG 
recordings in three modalities: oscillatory activity, functional connectivity and 
network properties. We have used validated outcome measures to estimate these 
modalities. A limitation of our study is the use of subjects with subjective cognitive 
decline as controls. CSF results show, however, that these individuals were amyloid 
and tau negative which rules out influence of Alzheimer’s disease on the results 
of the control group. Additional limitations can be found in the materials and 
methods of recording and analysing the EEGs in this study. Several factors can 
influence the resolution and validity of the functional network estimations. The 
use of an EEG system with 21 electrodes has limited the resolution of our network 
estimations. Future studies could consider the use of high density EEG or MEG 
which provides more potential in terms of source reconstruction and defining 
more detailed regions of interest. In this manuscript we have chosen the AEC-c 
to estimate functional connectivity. This measure is an amplitude-based pair-wise 
measure of functional connectivity. As this manuscript was the first to describe 
EEG functional networks in PCA-AD, this choice was made based on the reported 
reliability, validity and reproducibility of this measure of functional connectivity 
(Hipp et al. 2012; Briels et al. 2020; Colclough et al. 2016). However, previous 
research has indicated that amplitude coupling might only capture one aspect of 
functional connectivity (Engel et al. 2013). We encourage future studies to use other 
methods including phase-based measures, phase-amplitude coupling, dynamic 
connectivity and multivariate approaches. These measures could give more detailed 
information on other modalities of functional connectivity, the direction of flow 
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and the influence of common drive effects (Stam, Nolte, and Daffertshofer 2007; 
Seymour, Rippon, and Kessler 2017; Kus, Kaminski, and Blinowska 2004; Reid et 
al. 2019; Tewarie, Liuzzi, et al. 2019). A different limitation is the relatively small 
sample size of this study. PCA-AD is a rare clinical syndrome and even inclusion 
in a large clinical centre is low. Our study was the first to investigate quantitative 
EEG characteristics of PCA-AD subjects and further research is needed to confirm 
these findings. The profound posterior changes found with our EEG recordings 
potentially give ground to use EEG as a syndrome classifier but larger groups are 
needed to perform such investigations.

5. Conclusion

This study found that PCA-AD subjects were more severely affected than typical age 
and gender matched AD subjects with respect to brain oscillatory activity, driven 
by slowing in the posterior regions, and network properties. Visual performance 
correlated with the oscillatory activity of the right (temporal-)parietal cortex. 
This reflects the selective deterioration of the parietal-occipital regions in PCA-
AD, which is potentially caused by local vulnerability of the underlying network. 
Additionally, these results indicate that EEG is a potential sensitive modality for 
future fundamental or trial based research in PCA-AD.
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Abstract

Objective: To determine differences in clinical presentation and disease 
progression between patients with dementia due to AD with visually normal and 
abnormal EEG recordings. We hypothesized that patients with normal EEGs are 
a representation of the heterogeneity of AD. We expected this group to have a 
phenotype with relatively predominant hippocampal atrophy, memory deficits and 
a slower disease progression.

Methods: Patients were included based on diagnosis of dementia due to AD, 
positive amyloid and tau cerebrospinal fluid (CSF) biomarkers and the availability 
of EEG recordings. Patients were categorized in groups of normal (N=208) and 
abnormal (N=336) EEG recordings based on visual assessment by experienced 
neurophysiologists. At baseline demographics, cognitive, MRI and CSF measures 
were compared between groups. Cognitive data from follow-up visits was assessed 
by linear mixed-effects models (LMM), corrected for baseline value, sex, age and 
educational level, to compare cognitive deterioration over time between groups.

Results: About 1 in 4.5 patients with AD dementia had a visually normal EEG and 
this group showed better overall cognitive performance compared to the abnormal 
group, where memory was the most prominent affected domain. The normal group 
showed less global and parietal but similar medial temporal atrophy. Follow-up 
data showed a slower deterioration on all tested cognitive domains in the normal 
EEG group.

Interpretation: Patients with dementia due to AD and visually normal EEG 
recordings showed a milder clinical presentation and had a milder disease 
progression compared to patients with an abnormal EEG. These results provide 
evidence of clinical and biological heterogeneity within AD dementia.



201

4.2

Introduction

Visual evaluation of electroencephalography (EEG) recordings in diagnostic care 
of neurodegenerative diseases has value for determining a differential diagnosis1-3. 
However, although literature has shown that the EEGs of patients with AD dementia 
generally show diffuse slowing of the posterior dominant rhythm4, normal EEG 
recordings on visual inspection are not uncommonly encountered in patients with 
AD dementia5. Even though this may hamper the discriminative value of EEG, the 
occurrence of visually normal EEGs might provide us other valuable information 
about the current disease stage and the prediction of disease progression.

In this study we aimed to better understand the clinical value of visually normal 
EEG recordings in patients with AD dementia. In particular, we investigated the 
clinical profile and predictive value of normal EEGs in patients with AD dementia. 
We compared baseline demographics, magnetic resonance imaging (MRI) markers, 
cerebrospinal fluid (CSF) profile, cognition and the clinical progression between 
patients with normal and abnormal EEGs. 

Based on evidence for heterogeneity in AD5-11, we hypothesized that the visually 
normal and abnormal EEGs represent two different clinical groups in dementia due 
to AD. The normal EEG group would resemble a phenotype with a late onset of the 
disease, memory loss as the core symptom, predominant hippocampal atrophy and 
low disease activity represented by low CSF tau levels and slow disease progression. 
This is in contrast with the abnormal EEG group who would have a young age of 
disease onset, more deterioration in other cognitive domains than memory, more 
global and parietal atrophy and higher disease activity represented by high CSF tau 
and faster disease progression.

Methods

Population
The local Medical Ethics Committee approved a general protocol for using the 
clinical data for research purposes. Written informed consent was obtained from all 
participants. A total of 949 patients were included from the Amsterdam dementia 
cohort (ADC)12 based on the clinical diagnosis of dementia due to AD13 and 
positive amyloid and tau CSF biomarkers in concordance with the research criteria 
for AD14. An additional inclusion criterion was the availability of EEG recordings 
at baseline. Information was requested from baseline and all available follow-up 
visits. The baseline visit was part of the diagnostic process and consisted of clinical 
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evaluation by a clinician, a neuropsychological test battery, a MRI-scan (or a 
computed tomography scan when MRI was not possible), an EEG recording and 
a lumbar puncture. Diagnosis was determined during a consensus meeting with 
experienced neurologists, neurophysiologists, neuropsychologists and radiologists. 
Follow-up visits consisted of clinical evaluation by a clinician and a standardized 
neuropsychological test battery. 

EEG recordings
Twenty minutes of eyes-closed resting-state EEG with O.S.G. digital equipment 
(Brainlab or BrainRT; O.S.G. B.V. Belgium) was recorded at baseline. To observe 
the reactivity of the rhythmic background activity to opening of the eyes, patients 
were asked to open and close their eyes for two to three times during the recording. 
Electrodes were placed at the positions of the 10-20 system (Fp2, Fp1, F8, F7, F4, 
F3, A2, A1, T4, T3, C4, C3, T6, T5, P4, P3, O2, O1, Fz, Cz, Pz). Sample frequency 
was 500 Hz. Electrode impedance was kept below 5 kΩ and high and low pass filters 
were set at 0.5-70 Hz. Patients sat in a slightly reclined chair in a sound attenuated 
room and were monitored by an experienced technician. When necessary, sound 
stimuli were used by the technician to keep the patient awake. 

Visual assessment of EEG recordings
The EEGs were visually assessed and scored by an experienced clinical 
neurophysiologist as part of the clinical routine. Parts of the EEG that were 
influenced by the opening of the eyes, monitored by the technician, or drowsiness, 
represented by slow horizontal eye movement or slowing of the posterior alpha 
rhythm, were excluded for the assessment. Scoring was done using a standardized 
severity scale (range 1 – 4, corresponding with no to severe abnormalities)1, 5, 15. 
Additionally, the abnormalities were categorized (focal abnormalities, diffuse 
abnormalities, epileptiform activity or any combination). Focal abnormalities were 
defined as (transients of) slow or sharp wave activity in one or more EEG leads, but 
excluding benign temporal theta of the elderly. Diffuse abnormalities were defined 
as either diminished reactivity of the rhythmic background activity to opening of 
the eyes, global slow wave activity or a posterior dominant frequency below 8 Hz. 
Spikes and spike-and-slow-wave complexes were defined as epileptiform activity16. 
Recent work showing increased incidence of epileptiform activity in AD moved us 
to not exclude patients with focal epileptiform activity from our population17-20. 
This was because our aim was to include a clinically representative sample. The 
interobserver agreement of this EEG evaluation method has previously been 
investigated and resulted in kappa scores of 0.60-0.871. 
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Neuropsychological assessment
All patients underwent an extensive neuropsychological test battery at baseline and 
a standardized set of tests was repeated during the follow-up visits. We selected a set 
of neuropsychological tests for analysis with the aim to cover important cognitive 
domains. Overall cognition was measured by the Mini-Metal State Examination 
(MMSE) and Clinical Dementia Rating (CDR) whereas specific domains were 
covered by the following tests: Memory: the immediate and delayed response of the 
Rey Auditory Verbal Learning Test (RAVLT); Executive functioning: the Frontal 
Assessment Battery (FAB) and Controlled Oral Word Association Test (COWAT); 
Language: the Animal Fluency test and naming of 20 images of the Arizona 
Battery for Communication Disorders of Dementia (ABCD); Attention: the Trail-
Making Test A (TMT-A, inverted scores); Visual performance: Dot Counting and 
Fragmented Letters tests.

Magnetic resonance imaging
MRI scans were performed at baseline and scored by an experienced radiologist as 
part of the diagnostic process. Three commonly used neurodegenerative markers 
were used for analyses: medial temporal atrophy (MTA, range 0 – 4), global cortical 
atrophy (GCA, range 0 – 3) and parietal atrophy (range 0 – 3). All scores were rated 
visually and low and high scores represented respectively no and severe atrophy. 
MTA scored was rated on T1-weighted coronal images. GCA was rated using axial 
FLAIR images. Parietal atrophy was scored using axial, coronal and sagittal T1- and 
FLAIR-weighted images. MTA and parietal atrophy scores were averaged over left 
and right.

Cerebrospinal fluid and APOE genotyping
All patients underwent a lumbar puncture and blood sampling at baseline. Amyloid 
beta 1-42 (Aβ1-42), total tau (t-tau) and phosphorylated tau (p-tau) were measured 
from the CSF sample (Innotest, Fujirebio, Ghent, Belgium). Correction for center 
specific amyloid beta 1-42 drift was applied and the following cut-offs were used: 
Aβ1-42 <813 ng/L, t-tau >375 ng/L and p-tau >52 ng/L21. Due to a change in memory 
clinic protocol more recent CSF Aβ1-42, t-tau and p-tau values were measured by 
Elecsys immunoassays (Roche Diagnostics GmbH, Penzberg, Germany)(Aβ1-42 
N=97, 10%; t-tau N=65, 7%; p-tau N=65, 7%). Elecsys values were transformed 
to Innotest values by conversion rates from literature22. Apolipoprotein E (APOE) 
genotyping was performed on DNA isolated from the blood samples. Patients were 
dichotomized into carriers (hetero- and homozygous) and non-carriers of the ε4 
allele. This was repeated for the ε2 allele. Additionally patients were dichotomized 
into carriers and non-carriers  of the ε2 allele.
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Statistical analyses
Statistical analyses were performed using Rstudio (version 1.1.463)23, the lme4 
package for R24 and SPSS statistics (IBM SPSS Statistics for Windows, version 
26.0.0.1) software. To contrast clearly visually normal EEGs with clearly abnormal 
EEGs, patients with no abnormalities (severity score 1) were compared to moderate 
abnormalities (severity score 3) at baseline and follow-up. Patients with missing 
data or a severity score of 5 were excluded (N=5). The distribution of the baseline 
data was checked. Differences in baseline demographics, CSF profile, MRI and 
cognition were compared between groups by chi-square test, independent t-test 
and Mann-Whitney-U test where appropriate. P-values were FDR-corrected and 
considered significant at pcorr< 0.0525. P-values were considered significant at p< 
0.05. To compare the relative decrease in different cognitive domains between 
different EEG groups, Z-scores were additionally calculated for each cognitive 
test over the entire population and plotted for the different EEG groups. The 
progression of each cognitive test over time was predicted by linear mixed-effects 
models (LMM)s using baseline and follow-up data. The LMM was chosen due to its 
robustness in the presence of missing values26. Another important benefit of LMMs 
is the possibility to introduce an assumption of dependence between measures 
(for example, repeated measures of cognitive tests within patients are typically not 
independent). For each cognitive test a LMM was build using follow-up time and/or 
follow-up time squared (depending on which factor fitted best) as a fixed factor and 
using random slopes (when allowed by the number of observations) and random 
intercepts for every subject. The covariates age, sex, educational level and baseline 
score were added as fixed effects to the model. Then, different models were built 
by adding EEG status (normal versus abnormal) as a fixed effect, fixed interaction 
with time or both. The final model was selected based on the goodness of fit as 
indicated by the Akaike Information Criterium (AIC)27. The AICs were compared 
by analysis of variance (ANOVA) and the significantly (p < 0.05) smallest AIC 
was chosen for the final model. Whenever two or more not significantly different 
models remained, the importance of the interaction effect was determined (either 
p < 0.05 significance or 10% effect on the regression coefficient) or the simplest 
model was chosen. Additionally, the effect of baseline use of acetylcholinesterase 
inhibitors or memantine (as a fixed factor) on the model was evaluated.  Finally, 
the contrast of the EEG score was extended by adding patients with EEGs scored 
as having mild abnormalities to the analysis (i.e. three EEG categories representing 
severity score 1 to 3).
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Results

Population
The prevalence of visually normal EEG recordings in patients with dementia due 
to AD was calculated over the total sample (N=949). Approximately 22% (1 in 4.5 
patients) had a normal EEG over a time period of 16.4 years (2002 – 2019). In total, 
208 patients were included in the normal EEG group and 336 patients were included 
in the abnormal EEG group. 400 patients were allocated to the mild abnormalities 
group. Of the abnormal EEG group, most patients had either a combination of focal 
and diffuse abnormalities (N=200, 60%) or only diffuse abnormalities (N=79, 24%). 
The occurrence of each type of abnormality within the abnormal EEG group can 
be found in supplementary table 1. Follow-up data was available for 133 patients 
(64%) of the normal EEG group and 193 patients (57%) of the abnormal EEG 
group. Median follow-up duration was 2.0 years (interquartile range (IQR) 1.0 – 
2.8) with a median number of follow-up visits of 3 (IQR 2 – 4). Respectively, for the 
normal and abnormal EEG groups, the median follow-up durations were 2.0 (IQR 
1.1 – 3.1) and 1.8 years (IQR 1.0 – 2.3) with a median number of follow-up visits of 
2 (IQR 3 – 5) and 2 (IQR 2 – 4). The amount of follow-up data that was available for 
each individual cognitive task can be found in supplementary table 2. 

Baseline
At baseline demographics, CSF profile, MRI markers and cognitive performance 
were compared between the normal EEG and abnormal EEG patients. The results 
of these comparisons can be found in table 1. The normal EEG group was on 
average 2 years older (pcorr = 7.0*10-4) but did not differ on sex, educational level 
or duration of complaints from the abnormal EEG group. Prevalence of the 
APOE ε2 or ε4 allele did not differ between the groups, neither did the amount 
of homozygous APOE ε4 carriers (homozygous ε4 carriers/other APOE genotypes, 
normal N=47/158, abnormal N=57/268, p = 0.16). Based on the CSF results, both 
groups showed typical amyloid and tau burden but the levels of Aβ1-42, t-tau and 
p-tau did not differ between the groups. 

The MRI markers showed less parietal and global atrophy in the normal EEG group. 
Compared to the abnormal EEG patient group, the normal EEG patient group had 
a lower GCA score (normal EEG median=1 (IQR 1 – 1); abnormal EEG median = 
1 (IQR 1 – 2); pcorr = 0.04), a lower parietal atrophy score (normal EEG median=1 
(IQR 1 – 2); abnormal EEG median = 1.5 (IQR 1 – 2); pcorr = 0.02) but a similar 
MTA score (normal EEG median=1.5 (IQR 1 – 2); abnormal EEG median = 1.5 
(IQR 1 – 2); pcorr = 0.81).
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Table 1: Baseline values of demographic variables, CSF profile, MRI markers and cognitive 
tests. Values for the normal and abnormal EEG groups are shown (count, mean±standard 
deviation or median with interquartile range). Group differences were tested by chi-square 
test, independent t-test or Mann-Whitney-U test were appropriate. Significant differences are 
indicated by asterisks (* p < 0.05, ** p < 0.01, *** p <0.001). The count of AChEI includes the use 
of memantine. Abbreviations: Acetylcholinesterase inhibitors (AChEI), Clinical dementia rating 
(CDR), Apolipoprotein E (APOE), global cortical atrophy (GCA), medial temporal atrophy 
(MTA), Mini-Metal State Examination (MMSE), Rey Auditory Verbal Learning Test (RAVLT), 
Frontal Assessment Battery (FAB), Controlled Oral Word Association Test (COWAT), Trail-
Making Test A (TMT-A, inverted scores).

Characteristics Normal EEG N (%) Abnormal EEG N (%)
SEX (M/F) 98/110 208 (100) 156/180 336 (100)

AGE 66±7 208 (100) 64±8*** 336 (100)
EDUCATION 5 (4 – 6) 193 (93) 5 (4 – 6) 316 (94)

DURATION OF 
COMPLAINTS

3 (2 – 4) 208 (100) 3 (2 – 4) 332 (99)

ACHEI 13/195 208 (100) 18/318 336 (100)
CDR 1 (0.5 – 1) 184 (88) 1 (1 – 1)*** 291 (87)

APOE Ε4 POS/NEG 146/59 205 (99) 209/116 325 (97)
APOE Ε2 POS/NEG 10/195 205 (99) 20/305 325 (97)

CSF MARKERS
AMYLOID-BETA 42 604±107 208 (100) 587±105 336 (100)

TOTAL TAU 667 (490 – 932) 208 (100) 608 (441 – 938) 336 (100)
P-TAU 90±36 208 (100) 89±39 336 (100)

MRI MARKERS
GCA 1 (1 – 1) 160 (77) 1 (1 – 2)* 247 (74)
MTA 1.5 (1 – 2) 161 (77) 1.5 (1 – 2) 247 (74)

PARIETAL ATROPHY 1 (1 – 2) 159 (76) 1.5 (1 – 2)** 245 (73)
COGNITIVE TESTS

MMSE 22±4 205 (99) 18±5*** 325 (97)
RAVLT IMMEDIATE 22±8 178 (86) 20±8** 258 (77)

RAVLT DELAYED 1 (0 – 3) 177 (85) 1 (0 – 3) 253 (75)
FAB 14 (11 – 16) 175 (84) 10 (8 – 13)*** 248 (74)

COWAT 29±12 167 (80) 22±12*** 231 (69)
ANIMAL FLUENCY 13±5 180 (87) 11±5*** 278 (83)

NAMING 17 (14 – 19) 153 (74) 16 (13 – 18)** 219 (65)
TMT-A -59 (-42 – -81) 186 (89) -94 (-61 – -173)*** 257 (76)

DOT COUNT 10 (9 – 10) 145 (70) 9 (7 – 10)*** 200 (60)
FRAGMENTED LETTERS 18 (16 – 19) 149 (72) 16 (9 – 18)*** 199 (59)
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Patients in the normal EEG group showed better performance on global cognition 
and on all tested individual cognitive domains compared to patients in the abnormal 
EEG group. There was a mean difference (Δμ) of 4 MMSE points (pcorr < 1*10-10) in 
favor of the normal EEG group. The distribution of CDR score was lower in the 
normal EEG group (normal EEG median = 1 (IQR 0.5 – 1), abnormal EEG median 
= 1 (IQR 1 – 1), pcorr = 7.1*10-8). The normal EEG group performed better in the 
memory (RAVLT immediate recall Δμ= 2, pcorr = 0.003), executive functioning (FAB 
median difference (Δm)= 4, pcorr < 1*10-10, COWAT Δμ= 7, pcorr = 4.4*10-8) language 
(Animal fluency Δμ= 2, pcorr = 4.1*10-7, Naming Δm= 1, pcorr = 0.005), attention 
(TMT-A Δm=  -35s, pcorr < 1*10-10) and visual domains (Dot couting Δm= 1, pcorr = 
1.1*10-6, Fragmented letters Δm= 2, pcorr = 1.0*10-6) compared to the abnormal EEG 
group. Z-scores of the cognitive tests for the different EEG groups can be found in 
supplementary figure 1. The normal EEG group showed prominent low Z-scores in 
the memory (RAVLT) domain where the abnormal EEG group showed low scores 
in all domains with the lowest scores in the executive domain (FAB and COWAT).

Follow-up
In comparison with the abnormal EEG group, the normal EEG group declined 
less rapidly in global cognitive performance as indicated with the MMSE score. 
As shown in table 2, the linear mixed-effects model predicted that for all patients 
MMSE declined over time with -0.82 points per year with an acceleration of 
-0.37*(per year2) (respectively p = 0.0002 and p < 1*10-10). This indicates that the 
rate of decline in MMSE points increases over time for all patients. Additionally, an 
interaction effect between time and EEG group was found. Over time the normal 
EEG group decreased -1.15 MMSE point per year less than the abnormal EEG 
group (p = 0.0004). This effect was independent of the baseline MMSE score. The 
trajectories of both EEG groups were plotted to visualize this effect (figure 1). 

The results of the LMMs for the different cognitive tests are shown in table 2 and 
figure 2. Independent of baseline scores, all models showed an interaction effect 
between EEG group and time, indicating that patients in the normal EEG group 
declined less rapidly in cognitive performance compared to the abnormal EEG 
group. The addition of the use of acetylcholinesterase inhibitors or memantine at 
baseline as a covariate to the model did not change these results (supplementary 
table 3).

The LMMs were repeated for each cognitive test while adding a third EEG group 
with mild EEG abnormalities (severity score of 2). The baseline characteristics of 
this group can be found in supplementary table 4. Apart from the memory domain, 
the mild EEG abnormalities group performed worse on global cognition and all 
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individually tested cognitive domains compared to the normal group. The results 
of the repeated LMMs at 3 levels can be found in figure 3 and supplementary table 
5. Overall the EEG group with mild abnormalities performed either similar to the 
abnormal EEG group or at intermediate levels between the normal and abnormal 
EEG groups. These results support the previous LMM models, indicating that a 
normal EEG has a favorable outcome in terms of baseline cognition and rate of 
cognitive decline.

Table 2: Prediction of cognitive decline over time. Estimations of the coefficients 
of the linear mixed-effects models are shown for each cognitive test. The beta’s 
with standard errors and standardized beta’s with 95% confidence intervals (CI) 
of the coefficients are shown. Higher scores represent better performance (TMT-A 
values were inverted). For the EEG interaction effect (Time * EEG) negative values 
represent better performance for the normal EEG group. Abbreviations: Mini-Metal 
State Examination (MMSE), Rey Auditory Verbal Learning Test (RAVLT), Frontal 
Assessment Battery (FAB), Controlled Oral Word Association Test (COWAT), 
Trail-Making Test A (TMT-A, inverted scores).

TIME TIME2 TIME * EEG
Beta (std. error) / std. 

Beta (CI)
Beta (std. error) / 

std. Beta (CI)
Beta (std. error) / 

std. Beta (CI)

MMSE -0.82 (0.26) /
-0.38 (-0.50; -0.27)

-0.37 (0.03) /
-0.12 (-0.14; -0.10)

-1.15 (0.34)/
-0.28 (-0.43; -0.12)

RAVLT IMMEDIATE -1.42 (0.17) /
-0.22 (-0.27; -0.17) - -0.78 (0.25)/

-0.12 (-0.20; -0.04)

FAB -0.64 (0.09) /
-0.18 (-0.23; -0.14) - -0.28 (0.03) /

-0.08 (-0.15; -0.01)

COWAT -1.68 (0.23) /
-0.17 (-0.21; -0.12) - -1.11 (0.34) /

-0.11 (-0.18; -0.04)

ANIMAL FLUENCY -0.64 (0.20) /
-0.19 (-0.25; -0.12)

-0.08 (0.04) /
-0.02 (-0.05; 0.00)

-1.13 (0.16) /
-0.27 (-0.34; -0.20)

NAMING -1.14 (0.19) /
-0.26 (-0.33; -0.18)

0.16 (0.04) /
0.05 (0.02; 0.07)

-0.47 (0.15) /
-0.13 ( -0.21; -0.05)

TMT-A -8.65 (1.60) /
-0.14 (-0.19; -0.09) - -21.41 (2.46) /

-0.35 (-0.43; -0.27)

DOT COUNT -0.16 (0.05) /
-0.25 (-0.34; -0.17) - -0.47 (0.08)  /

-0.25 (-0.34 ; -0.17)

FRAGMENTED LETTERS -0.68 (0.12) /
-0.14 (-0.18; -0.09) - -0.34 (0.18) /

-0.07 (-0.14 ; 0.00)
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Discussion

The results of the current study confirmed our hypothesis that the patients with 
visually normal resting state EEG recordings in dementia due to AD are clinically 
different from patients with abnormal recordings. Patients with a normal EEG 
showed better cognitive performance, relatively prominent impaired memory, and 
less global and parietal atrophy on MRI compared to patients with an abnormal 
EEG. Importantly, patients with a normal EEG showed a slower cognitive decline 
over time compared to patients with an abnormal EEG. An effect which was 
independent of baseline cognitive performance. These results show that the clinical 
presentation of dementia due to AD is heterogeneous. With a prevalence in a 
considerable proportion of patients with dementia due to AD, a normal EEG is a 
clinical favorable finding in terms of clinical progression.

In attempt to find evidence for a different clinical phenotype of the visually normal 
EEG group some differences in affected cognitive domains were found. Based on 
evidence from multiple studies it has been established that different subtypes of 
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Figure 1: Evolution of MMSE score between EEG groups over time. Linear mixed-effects 
model of MMSE-score. The two heavy weighted lines represent the trajectories of decline of 
MMSE-score for both the normal (red) and abnormal (blue) EEG groups. 95% confidence 
intervals are indicated by the shaded area. The model was corrected for the covariates age, sex, 
educational level and baseline value. The multiple light weighted lines represent the individual 
trajectories of all patients in the normal (red) and abnormal (blue) EEG groups.
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AD exist11. Recurrent proposed phenotypes are the  ‘typical’ AD, the dysexecutive 
subtype, posterior cortical atrophy and the aphasic variant of AD. It was previously 
reported that patients with visually normal EEGs showed overall the best cognitive 
performance compared to patients with abnormalities on the EEG. However, the 
same normal EEG group showed similar impaired memory performance compared 
to the other groups which indicated that this profile was in line with the ‘typical’ 
AD phenotype6. Additionally, previous research has shown that early onset and 
APOE ε4 negative AD patients show more severe abnormalities on their EEGs5. 
More profound slowing of the posterior EEG channels in posterior cortical atrophy 
has been shown as well28. Hence, we expected our groups to display a phenotype 
with predominant memory deficits and hippocampal atrophy in the patients with 
normal EEGs compared to more deterioration of other cognitive domains and 
more global and parietal atrophy in patients with abnormal EEGs. We did indeed 
observe less parietal and global atrophy and a better cognitive performance in 
the normal EEG group. The hippocampal atrophy was similar in both groups 
and memory was the relatively most impaired domain in the normal EEG group. 
Although the abnormal EEG group showed the lowest overall scores, the results 
showed that patients in the normal EEG group did have global cortical and parietal 
atrophy together with deficits in most cognitive domains and similar decreases in 
performance over time in most domains. On the other hand, the abnormal EEG 
group showed decreased cognitive performance across all tests and showed the 
strongest decreases over time in the attention, language and visual domains. The 
difference in cognitive profiles between groups could be caused due to the presence 
of more patients with a more ‘typical’ AD phenotype in combination with patients 
that are in an earlier stage of the disease in the normal EEG group. The abnormal 
EEG group potentially contains more patients with a more ‘atypical’ AD phenotype 
and patients who are in a more advanced disease stage.

Interestingly, although the normal EEG group showed overall better cognitive 
performance, the self-reported duration of complaints indicated a similar disease 
duration in the two EEG groups. This suggested that the rate of cognitive decline 
was different between the groups and, therefore, a less aggressive disease course in 
patients with a normal EEG. Our LMMs confirmed this by showing a slower rate of 
decline in the normal EEG group for each of the investigated cognitive tests. When 
comparing the results of the prognostic value of normal EEGs in dementia due to 
AD in the present study with previous literature, only a few are directly comparable. 
Recent literature mostly describes prognostic EEG markers in terms of progression 
from normal cognition to mild cognitive impairment (MCI) or MCI to dementia. 
For example, several studies have found a decrease in oscillatory power of the 
alpha frequency band to be predictive of progression of MCI to AD dementia29-31. 
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The value of comparing these studies with our results is, however, limited because 
amyloid and tau biomarkers are absent in these studies. Studies lacking these 
markers could be selecting predictors that are prognostic for the diagnosis of AD 
and not rate of cognitive decline within AD. Previous research has described the 
conversion rates of amyloid positive patients with subjective cognitive decline 
(SCD) to MCI or dementia with a follow-up of about 1 to 3 years. SCD patients had 
a higher hazard ratio of converting to MCI or dementia when having higher relative 
delta or theta power and lower alpha or beta power32. This would be in line with our 
results that patients with normal EEGs decline less rapidly. However, the patients of 
the study mentioned above are in a much earlier disease stage and it has been shown 
that amyloid accumulation can precede years before neurodegeneration33. In AD 
demented patients the neurodegeneration is in a more advanced stage and it would 
be expected that the EEG recordings would be affected. Unfortunately, the common 
issue with studies in the dementia stage of AD is either a lack of amyloid and tau 
biomarkers, the absence of longitudinal data and small investigated populations34. 
Longitudinal studies without biomarker confirmation have shown that, in line with 
our results, more severe EEG abnormalities correlate with a faster cognitive decline. 
In a one year follow-up study of 88 patients with probable AD and 35 controls a 
decrease in MMSE was correlated with an increase in temporal relative delta 
power35. Additionally, in a smaller study was done with 15 probable AD patients 
and 15 controls with a follow-up of a year. Within the AD group, a reduction in 
synchronization, assessed by the S-estimator, in the left frontotemporal cortex over 
time was associated with a faster cognitive decline36. The current study builds upon 
previous knowledge by using AD biomarkers, a large study sample and by using 
another point of view. Our results show that the feature of having a visually normal 
EEG in AD dementia has a favorable prognosis for patients. 

Some studies have indicated that AD patients with higher CSF tau levels show a 
faster cognitive decline37-39. Our abnormal EEG group had a faster cognitive decline 
but not a higher CSF tau. Although this is not in line with each other, it could be 
due to the absence of reverse causality or dependence on the levels of p-tau. For 
example, previous studies found that very high levels of t- and p-tau in particular 
were predictive of a faster cognitive decline7, 39. T- or p-tau levels of this height 
were rare in our sample. The relation between CSF tau and EEG is difficult as these 
markers seem to develop differently over time. As literature is sparse, future studies 
should investigate the cross-sectional and longitudinal correlations between EEG 
and CSF AD markers34. 
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Another marker that has been reported to be predictive of disease progression 
or severity is APOE ε4. In our study, APOE ε4  status was not different between 
the normal and abnormal EEG groups. Previous studies have reported conflicting 
results on APOE ε4. Some have shown more EEG abnormalities, i.e. more severe 
slowing of the oscillatory activity, in APOE ε4 carriers40, 41, where others have 
shown a higher occurrence of abnormal EEGs in APOE ε4 non-carriers5. Similar 
discrepancies have been found in functional connectivity analyses42, 43. Different 
factors could explain why no difference in APOE ε4 allele carriage was found 
between groups. Firstly, APOE ε4 and visually normal EEGs may be independent 
predictors of cognitive decline. We have not analyzed whether APOE ε4 carriage 
is associated with cognitive decline in our cohort and whether EEG changes are 
associated with APOE ε4 related cognitive decline. Secondly, a visual rating of EEGs 
might not be sensitive enough and a more detailed quantitative analyses could 
be better at finding (small) differences between groups. Thirdly, APOE ε4 allele 
carriage is associated with an increased risk of late onset AD but only in combination 
with an positive family history in early onset44, 45. Moreover, although APOE ε4 is 
associated with an increased risk of dementia due to AD, it is not associated with a 
different rate of cognitive decline compared to non-carrier patients with dementia 
due to AD46. Hence, the reason that APOE ε4 allele carriage did not differ between 
groups could be due to, independent effects on cognitive decline, the combination 
of the heterogeneity of our sample, which contains dementia stage AD patients 
with mixed ages of onset, the relative small effect APOE ε4 has on EEG recordings 
and that APOE ε4 only has influence on the incidence but not progression of the 
disease. 

Our results showed a clinical difference between patients with AD dementia and 
visually normal or abnormal EEGs and it would be most interesting to understand 
what causes the occurrence of the normal EEGs. EEG directly measures synaptic 
activity which reflects the (cognitive) function of the brain. It is, therefore, to be 
expected for the EEG to change in concordance with the cognitive performance of 
the patient. Previous research has indeed shown a diffuse slowing of the posterior 
dominant rhythm4, yet a good explanation of normal EEGs in a subset of patients 
with clinically manifest AD is still lacking. Literature has suggested different 
protective factors for AD such as cognitive reserve, socio-economic factors, lifestyle 
factors, the APOE ε2 allele and network resistance or resilience47-49. The cognitive 
reserve theory does, however, not fit our normal EEG group. Patients with a high 
cognitive reserve should stay cognitively normal longer but decline faster when 
a threshold of neurodegeneration is reached. Furthermore, the protective effect 
of the APOE ε2 allele did not explain the difference in cognitive decline because 
the incidence did not differ between groups. One explanation could be a natural 
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variation between patients before the onset of AD pathology. A relative decrease 
in EEG properties could go unnoticed when the normal healthy situation is above 
the normal population average. Additionally, a visual inspection might not capture 
all changes that could have been captured with quantitative EEG using spectral, 
functional connectivity and network measures. The spatial resolution and range 
of 21 electrode EEG recordings is another limiting factor. Deep, basal and medial 
signals are difficult to estimate. A different potential lead is that our results suggest 
that patients with favorable oscillatory properties endure a milder disease course. 
This might be due to a more resilient or resistant underlying network. Multiple 
studies have been done to investigate vulnerabilities in functional networks and 
have found evidence that specific and regional network deterioration correlate with 
syndrome specific neurodegeneration48, 50, 51. Instead of investigating risk factors for 
deterioration, it would be interesting for future studies to focus on what network 
features are protective or predict a slower decline.

The current study design has several strengths. A large sample was available and a 
large subsample had follow-up data available. All included AD patients had gone 
through an extensive clinical assessment for diagnosis and all patients had positive 
amyloid and tau CSF biomarkers. A potential limitation is the use of a visual 
rating of the EEG instead of using quantitative measures. In our final analyses we 
have not included the types of abnormalities and the scale ignores characteristics 
such as benign temporal theta of the elderly which might not actually be benign 
in these patients. Quantitative measures could give more detailed descriptions of 
EEG metrics and are not influenced by inter-observer variability. In contrast, in 
the clinical routine quantitative assessment of EEGs has limited value and provides 
many different obstacles such as choices in epoch selection, epoch processing and 
the time that is required to go through these steps. Our research question was aimed 
at what clinical consequences EEGs visually regarded as normal had. This question 
requires the use of the visual assessment as the predictor of the clinical outcome. 
Our results indicate that clinically a patient with dementia due to AD with a 
visually normal EEG has an overall relatively better cognition and slower cognitive 
decline compared to patients with an abnormal EEG. These findings can help in 
determining clinical prognosis and can be used in clinical trials. Heterogeneous 
treatment effects can be expected when including both patient groups. For example, 
knowing that the rate of decline is higher in the abnormal EEG group, a treatment 
effect might be larger or spotted earlier. 
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Conclusion

Although EEG recordings of patients with dementia due to AD typically show 
diffuse oscillatory slowing, a considerable proportion has a visually normal 
EEG. The results of this study show that patients with a normal EEG are overall 
cognitively less affected and show a less rapid progression compared to patients 
with an abnormal EEG. This can be informative for clinicians or clinical trials 
in terms of expected disease progression and expected treatment effects. Future 
studies could investigate what causes this relative protective state.
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Supplementary figure 1: Comparison of cognitive tests between groups. Z-scores of the 
individual cognitive tests between EEG groups (normal, mild and abnormal). For each test the 
Z-score was based on the scores of the entire population.

Supplementary table 1 : Distribution of types of EEG abnormalities in the abnormal EEG 
group. The absolute number of cases and the percentage compared to the entire abnormal EEG 
population are shown for each type.

Supplementary table 2 : Follow-up data availability. The overall follow-up duration and 
number of visits is shown for each group. The amount of follow-up data for each individual 
cognitive test is shown separately.

Supplementary table 3: Baseline values of demographic variables, CSF profile, MRI 
markers and cognitive tests. Values for the normal and mild EEG groups are shown (count, 
mean±standard deviation or median with interquartile range). Group differences were tested 
by chi-square test, independent t-test or Mann-Whitney-U test were appropriate. Significant 
differences are indicated by asterisks (* p < 0.05, ** p < 0.01, *** p <0.001). Abbreviations: 
Clinical dementia rating (CDR), Apolipoprotein E (APOE), global cortical atrophy (GCA), 
medial temporal atrophy (MTA), Mini-Metal State Examination (MMSE), Rey Auditory Verbal 
Learning Test (RAVLT), Frontal Assessment Battery (FAB), Controlled Oral Word Association 
Test (COWAT), Trail-Making Test A (TMT-A, inverted scores).

Supplementary table 4: Prediction of cognitive decline over time for three EEG groups. 
Estimations of the coefficients of the linear mixed-effects models are shown for each cognitive 
test. The beta’s with standard errors and standardized beta’s with 95% confidence intervals 
(CI) of the coefficients are shown. Higher scores represent better performance (TMT-A values 
were inverted). For the EEG interaction effects (Time * mild/abnormal EEG) negative values 
represent better performance for the normal EEG group. Abbreviations: Mini-Metal State 
Examination (MMSE), Rey Auditory Verbal Learning Test (RAVLT), Frontal Assessment 
Battery (FAB), Controlled Oral Word Association Test (COWAT), Trail-Making Test A (TMT-A, 
inverted scores).
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Abstract

Objective: Previous studies investigating the relation between electro-
encephalography (EEG) and cerebrospinal fluid (CSF) AD markers have shown 
discordant results. We hypothesized that high biological heterogeneity among 
patients with AD might cause conflicting relations between the modalities. By 
using a data-driven approach based on CSF and EEG information, we aimed to 
identify the different underlying biological subgroups.

Methods: We used data of 949 patients from the Amsterdam Dementia Cohort with 
subjective cognitive decline, mild cognitive impairment or dementia, of which 570 
were amyloid positive. Linear correlations within the entire and amyloid positive 
population were estimated between EEG oscillatory markers and CSF amyloid 
beta (Aβ1-42), total tau (t-tau), phosphorylated tau (p-tau), and neurogranin 
and neurofilament light chain (NfL) in a subset. To investigate whether different 
CSF and EEG subgroups could be found in the population, a k-means clustering 
algorithm was used to differentiate subgroups based on EEG oscillatory, CSF Aβ1-
42, and p-tau measures. Characteristics were compared between subgroups.

Results: No strong linear relations were found between the EEG and CSF markers. 
When the total study population was investigated, an overall slowing of EEG 
oscillatory activity was associated with a decrease in Aβ1-42 and an increase in 
t-tau, p-tau and NfL. These effects diminished when only the amyloid positive 
subjects were analyzed. The data-driven approach revealed six clusters of which 
two consisted of amyloid negative patients. Three amyloid positive clusters showed 
different levels of increased slow theta and delta oscillatory activity where the 
fourth cluster showed higher fast beta activity. Between these clusters, significant 
differences in sex, disease severity, CSF p-tau, neurogranin, and NfL were found.

Interpretation: The results of our study show that different biological 
subpopulations within AD can be found based on EEG and CSF measures. These 
populations differ clinically and in CSF and EEG biomarker profile. Future studies 
should investigate the differences in underlying pathophysiological mechanisms 
and disease progression between these newly identified subpopulations. 
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Introduction

Several electroencephalogram (EEG) and cerebrospinal fluid (CSF) markers have 
been shown to reflect changes within Alzheimer’s disease (AD). EEG reflects post-
synaptic potentials of cortical dendrites and research of EEG oscillatory markers in 
AD has shown that over the course of the disease gradual oscillatory slowing can 
be observed, reflected by a progressive decrease in fast alpha and beta oscillations 
and an increase in slow delta and theta oscillations (Jeong 2004; Musaeus et al. 
2018). Furthermore, an increase of slow wave theta power is predictive of clinical 
progression(Lopes da Silva 2013; Gouw et al. 2017). Several CSF markers have 
been thoroughly investigated in AD for their relation with clinical progression as 
well. Where early research mainly focused on amyloid beta 1-42 (Aβ1-42), total 
tau (t-tau), and phosphorylated tau (p-tau), more recent research has moved to 
synaptic and axonal integrity markers such as neurogranin (Ng) and neurofilament 
light chain (NfL). Where Aβ1-42 and p-tau have been used to identify AD, 
research with Ng and NfL focusses on prediction of disease progression, due to 
their biological relation with axonal integrity and synaptic function(Zetterberg et 
al. 2016; Blennow and Zetterberg 2018; Colom-Cadena et al. 2020). The relation 
between EEG and CSF markers might, therefore, give insight in how the disease 
develops and progresses.

A few studies have investigated the relationship between EEG oscillatory activity 
and Aβ1-42, t-tau and p-tau. Although the studies reported that overall slowing 
of oscillatory activity correlated with a decrease in Aβ1-42 and an increase in tau 
over the entire course of the disease, it should be noted that some of the results 
were discordant(Maestú et al. 2019; Smailovic et al. 2018; Kramberger, Kareholt, et 
al. 2013). For example, a study with a large sample size by Smailovic et al. reported 
that an increase in delta and theta Global Field Power (GFP) was associated with 
a decrease in Aβ1-42 (but not an increase in p-tau) and a decrease in alpha and 
beta GFP was associated with an increase in p-tau (but not a decrease in Aβ1-42)
(Smailovic et al. 2018). This is a counterintuitive result when considering that, in 
AD, a decrease in Aβ1-42 is associated with an increase in p-tau and a decrease in 
alpha GFP is associated with an increase in theta GFP(Lindau et al. 2003; Jelic et al. 
1996; Lleó et al. 2019). Additionally, the associations between EEG GFP and CSF 
Aβ1-42, p-tau and t-tau differed, or did not reach significance, when looking at 
different disease stages. These inconsistencies can potentially be explained by the 
following factors. A limitation in the design of previous studies is that the study 
populations were based on the clinical diagnosis and not the biological definition 
of AD. Therefore, amyloid negative patients were included in the analyses which 
could have masked AD specific relations. As CSF and EEG markers develop 
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differently over the disease course, the National Institute on Aging and Alzheimer’s 
Association (NIA-AA) has proposed a research framework which abandons the 
clinical and advocates the biological framework(Jack et al. 2018). Additionally, 
within the population that fits this definition there is evidence for high clinical and 
biological heterogeneity(Ferreira, Nordberg, and Westman 2020). Therefore, the 
relations between EEG and CSF markers might be obscured by the heterogeneity 
of AD. EEG and CSF profiles and their slopes could differ between subgroups of 
AD patients and develop differently over time. For example, these measures might 
change in a non-linear fashion over time. These interactions could explain the 
inconsistent relations between EEG and CSF measures previously found.

Therefore, we aimed to assess the biological heterogeneity of AD by identifying 
subpopulations through EEG and CSF profiles. This was done by first assessing 
the linear relationships between the two modalities regionally and globally when 
applying the NIA-AA research framework. Secondly, a data-driven approach was 
used to explore subgroups of patients based on only EEG and CSF markers. We 
compared the subgroups to assess whether they contained relevant biological and 
clinical differences. Biological heterogeneity may not only explain heterogeneity 
in clinical presentation but also in disease progression and treatment effect of 
potential drug candidates. 

Methods

Population
Data from patients with the clinical diagnosis of probable AD, mild cognitive 
impairment (MCI) and subjective cognitive decline (SCD) was retrieved from the 
Amsterdam Dementia Cohort (ADC)(van der Flier and Scheltens 2018). The local 
Medical Ethics Committee approved a general protocol for the use of the clinical 
data for research purposes. Additionally, patients with the diagnosis of probable 
AD or MCI were included from the SAPHIR trial (pre-treatment)(Scheltens et 
al. 2018). All diagnoses were made in line with the criteria from the Alzheimer 
Association–National Institute on Aging(McKhann et al. 2011; Albert et al. 2011). 
Additional inclusion criteria were the availability of high quality pre-processed 
EEG recordings and CSF Aβ1-42, t-tau and p-tau results. Data from the ADC was 
gathered as part of the diagnostic process at the Alzheimer Center Amsterdam, 
whereas data from the baseline visit of the SAPHIR study was used from sites in 
seven different countries. Both ADC and SAPHIR EEG and CSF data were centrally 
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(pre-)processed and analyzed at the Amsterdam UMC. For each patient several 
demographic characteristics, Mini-Mental State Examination (MMSE) score, and 
use of antidepressant, benzodiazepine, or cholinergic drugs (yes/no) was gathered.

EEG recording
Each patient underwent 20-minutes of eyes-closed task free (resting state) EEG 
according to the same standardized protocol for all sites. Patients sat with eyes 
closed in a slightly reclined chair in a sound attenuated room. EEG technicians 
were alert on preventing the participants from getting  drowsing or falling asleep. 
Twenty-one electrode EEGs were recorded with the positions of the 10-20 system 
(Fp2, Fp1, F8, F7, F4, F3, A2, A1, T4, T3, C4, C3, T6, T5, P4, P3, O2, O1, Fz, Cz, 
Pz) and a common reference electrode was used (average of all electrodes or Fz). 
High- and low-pass filters were set at respectively 0.5 and 70 Hz. Depending on the 
research site, sample frequency ranged from 200 Hz to 512 Hz.

EEG analyses
For each patient 4-5 epochs of 8.00 to 10.24 seconds were selected by visual 
inspection based on the alertness of the patient (avoiding drowsiness) and 
the absence of artefacts such as movement, sweat and pulsation artefacts. The 
epoch selection was done centrally at the Amsterdam UMC. Brainwave software 
(version 0.9.152.12.26) was used to digitally re-reference each epoch to the source 
reference(Hjorth 1975). The Fast Fourier Transformation was applied to calculate 
peak frequency (the frequency with the highest amplitude in the range of 4 – 13 
Hz) and relative power in 5 frequency bands (delta 0.5 – 4 Hz, theta 4 – 8 Hz , alpha 
8 – 13 Hz, beta 13 – 30 Hz) globally and for each electrode. Results of the epochs 
were averaged per patient. 

Cerebrospinal fluid markers
CSF was obtained by lumbar puncture as part of the diagnostic process in the ADC 
and at baseline in the SAPHIR study. Aβ1-42, t-tau and p-tau were measured by 
Innotest (Fujirebio) or Elecsys immunoassay (Roche Diagnostics GmbH). Based 
on literature, all values were converted to Innotest values(Willemse, van Maurik, 
et al. 2018) and a cut-off of < 813 ng/mL for  Aβ1-42 and < 52 ng/mL for p-tau 
was used(Tijms et al. 2018). Ng was determined by Erenna assay (Washington 
University), ELISA from ADx Neurosciences or ELISA from Gothenburg University 
and all were converted to ADx values(Willemse, De Vos, et al. 2018). NfL values 
were assessed by either Single Molecule Array (SIMOA) technology (Quanterix) 
or Nf-Light ELISA (UmanDiagnostics), in which case we converted the results to 
SIMOA values.
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Statistical analyses
Statistical analysis was performed using Rstudio (Version 1.1.463)(Allaire 2012). 
Demographic characteristics, CSF measures and EEG measures were checked for 
a Gaussian distribution using histograms. Patient characteristics were compared 
between diagnostic groups (SCD, MCI, and AD) using Chi-square, Kruskal-Wallis 
or One-way ANOVA tests where appropriate. Spearman correlations were assessed 
between the CSF and global EEG measures over the entire group and separately for 
all amyloid positive patients (Aβ1-42 < 813 ng/L)(Tijms et al. 2018). Additionally, 
general linear models were made for each EEG measure separately as dependent 
variable and CSF measures as independent variable. Sex and age were added as 
covariates and interaction terms of diagnosis (SCD, MCI or AD) with the CSF 
measure were investigated. Natural logarithm transformations were applied when 
assumptions for normality were not met. Due to the direct relation between relative 
EEG power measures, p-values were corrected for the number of comparisons with 
the different CSF measures using False discovery rate correction (FDR)(Benjamini 
and Hochberg 1995). Additionally, regional Spearman correlations were calculated 
between the EEG measures for each electrode and CSF measures. Here, FDR 
correction for the 21 comparisons per CSF measure was applied.

The clustering analysis was performed on data from all patients using the k-means 
clustering algorithm. Before clustering, all values were standardized by converting 
to Z-scores. The variables Aβ1-42, p-tau, global peak frequency and global relative 
delta, theta, alpha and beta power were used for clustering. To determine the 
number of clusters (k) an elbow plot was used based on the total within-cluster 
sum of square (WSS). The silhouette method and the gap statistic (bootstrapping 
500 times) were used to validate this number of k(Tibshirani, Walther, and Hastie 
2001). Finally, for each cluster in k, demographic, EEG and CSF characteristics 
were compared using Chi-square, Kruskal-Wallis or One-way ANOVA tests with 
post-hoc pairwise Chi-square, Wilcox or Tukey’s tests with FDR correction where 
appropriate. For each cluster 5 patients were randomly selected and their epochs 
were inspected to investigate the origin of the clusters’ EEG characteristics.

Results

In total 835 and 114 patients were included from respectively the ADC and the 
SAPHIR study. The study population consisted of 301 SCD, 306 MCI, and 342 
probable AD dementia patients. Compared to the SCD group, the MCI and 
probable AD groups were older, showed lower EEG peak frequency, had lower CSF 
Aβ1-42, and higher CSF t-tau, p-tau, Ng and NfL levels. Population characteristics 
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by diagnosis can be found in table 1. EEG measures, and levels for Aβ1-42, t-tau 
and p-tau were available for all patients. Ng and/or NfL-levels were available for 
236 patients (no complete overlap of patients for both measures). When the total 
population was filtered for amyloid positivity, a total of 570 patients remained in 
which Nglevels were available for 184 patients and NfL-levels for 144 patients. 

SCD
N=301

MCI
N=306

PROBABLE AD
N=342

P-VALUE

AGE (YR) 61.0 ± 8.8 68.0 ± 8.2 66.3±8.2 < 0.001
SEX (M/F) 120/181 167/139 175/167 0.07
COHORT

(SAPHIR/ADC)
0/301 82/224 32/310 < 0.001

MMSE 29 (28 – 29) 27 (25 – 28) 22 (18 – 25) < 0.001
GLOBAL PEAK 

FREQUENCY (HZ)
9.04±0.92 8.69±0.92 7.83±1.26 < 0.001

AΒ1-42 (NG/L) 1070 (879 – 1236) 703 (564 – 964) 649 (565 – 723) < 0.001
T-TAU (NG/L) 290 (195 – 323) 475 (290 – 727) 606 (434 – 842) < 0.001
P-TAU (NG/L) 49 (36 – 56) 72 (50 – 95) 82 (64 – 106) < 0.001

NEUROGRANIN
(NG/L)

299±210
(N=37)

423±231
(N=134)

454±237
(N=65)

0.004

NFL (NG/L) 782 (442 – 919) 
(N=109)

1624 (1322 – 2242) 
(N=83)

1457 (1155 – 1888) 
(N=44)

< 0.001

Table 1: Characteristics study population by diagnosis. Values were compared over diagnoses 
by Chi-square test, One-way ANOVA or Kruskal-Wallis test where appropriate. Values are 
shown by mean ± standard deviation, median (interquartile range (IQR)) or number of 
cases. Abbreviations: Subjective cognitive decline (SCD), mild cognitive impairment (MCI), 
Amsterdam Dementia Cohort (ADC), Mini-Mental State Examination (MMSE), amyloid beta 
1-42 (Aβ1-42), Total tau (t-tau), Phosphorylated tau (p-tau), Neurofilament light chain (NfL).

Correlations between global EEG oscillatory markers and the CSF markers in 
the total study population and the amyloid positive subpopulation are shown in 
figure 1. The strongest relations were seen between the CSF measures and global 
EEG peak frequency, relative theta and relative alpha power. Peak frequency and 
relative alpha power positively correlated with Aβ1-42 and negatively correlated 
with t-tau, p-tau and NfL. Relative theta power negatively correlated with Aβ1-42 
and positively correlated with t-tau, p-tau and NfL. However, when only amyloid 
positive patients are included, these correlations diminished and lost significance. 
This indicates that the correlations are probably caused by the presence of amyloid 
pathology as such, but not the severity of the pathology. A similar effect was 
observed when looking at the general linear models predicting global EEG by CSF 
in the amyloid positive group (table 2) measures for the different diagnostic groups. 
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Regional correlations between EEG oscillatory markers for each electrode and 
the CSF markers over the amyloid positive subpopulation are shown in figure 2. 
Before FDR correction, most correlations were low (ρ<0.3) and the most consistent 
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Figure 1: Correlations between global oscillatory and CSF measures: Spearman correlations 
(rho) between global oscillatory and CSF measures in the entire (A) and amyloid positive (B) 
populations are shown. Significant correlations (pcorr<0.05) are indicated by blue (negative 
correlations) and green (positive correlations) tones.
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regional patterns were observed with Aβ1-42, t-tau, and NfL. Lower Aβ1-42 was 
associated with higher parieto-occipital delta, lower frontal and temporal alpha, 
and lower parietal beta power. Higher t- and p-tau were associated with higher 
parieto-occipital delta, lower frontal and occipital alpha, and lower parietal beta 
power. Higher NfL was associated with lower frontal and temporal alpha, and lower 
temporal beta power. In detail, after FDR correction (pcorr < 0.05), Aβ1-42 correlated 
positively with frontal and bi-temporal relative alpha power (channel, rho (ρ); 
F7,0.11; F8,0.14; A2,0.12; T4,0.13; T5,0.10; T6,0.11). T-tau negatively correlated 
with frontal peak frequency (channel, rho (ρ); Fp1, -0.13; F4,-0.12; F7,-0.14; Fz,-
0.12; C4,-0.12), and frontal and left occipital relative alpha power (channel, rho (ρ); 
F3, -0.11; F4,-0.11; F7,-0.11; Fz,-0.11; O1,-0.12). NfL correlated positively with left 
temporal relative delta power (channel, rho (ρ); T5,0.25).

CSF: AΒ1-42 T-TAU P-TAU NG NFL
EEG: β β β β β
Delta power Total -0.07 0.11 0.07 0.04 0.16

SCD -0.07 0.06 0.03 0.03 0.18
MCI 0.04 0.05 0.04 -0.16 0.14
AD 0.04 0.05 0.04 -0.19 0.16

Theta power Total -0.07 0.06 0.03 0.03 0.18
SCD 0.04 0.04 0.03 -0.19 0.08
MCI 0.09 -0.12 -0.07 0.01 -0.17
AD 0.02 -0.14 -0.13 0.17 -0.27

Alpha power Total 0.09 -0.12* -0.07 0.01 -0.17
SCD 0.02 -0.14 -0.14 0.13 -0.31
MCI 0.02 -0.17 -0.17 0.17 -0.36
AD 0.08 -0.06 -0.05 -0.09 -0.11

Beta power Total 0.08 -0.06 -0.05 -0.09 -0.11
SCD 0.06 -0.08 -0.09 0.04 -0.08
MCI 0.06 -0.08 -0.09 0.04 -0.07
AD 0.06 -0.09 -0.10 0.03 -0.09

Table 2: Linear relations between EEG and CSF. Standardized beta’s are shown from the 
general linear models predicting EEG relative power by CSF measures with correction for 
age and sex. Results are shown for models with (SCD, MCI, and AD) and without (Total) an 
interaction term for clinical diagnosis. Significant values (pcorr<0.05) are in bold and indicated 
by an asterisk. Abbreviations: amyloid beta 1-42 (Aβ1-42), Total tau (t-tau), Phosphorylated tau 
(p-tau), Neurogranin (Ng), Neurofilament light chain (NfL).
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These results demonstrate that relations between EEG and CSF markers, even 
though they both capture brain changes in AD, show weak direct (linear) 
relationships. 

Unsupervised learning
To investigate the non-linear relations and the potential complementary value of 
EEG and CSF in AD an unsupervised clustering algorithm was used. Using the 
k-means algorithm on the entire population the most optimal number of clusters 
was set at six (see supplementary material 1). The Z-scores of the EEG and CSF 

Figure 2: Regional correlations between oscillatory and CSF measures: For each electrode 
(dots) Spearman’s rho is shown between the oscillatory (columns) and CSF (rows) measures. 
The strength of the correlation is indicated by color. Negative correlations are in blue and 
positive correlations are in red.
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Figure 3A & 3B: Cluster EEG and CSF profiles: Z-scores of CSF (A) and EEG (B) measures for 
each cluster. Dots represent individual cases and the boxes represent the median and quartiles.
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characteristics of the six subpopulations are shown in figures 3A and 3B. A 
summary of the EEG measures, CSF measures, age and MMSE score can be found 
in table 3 (detailed information in supplementary table 1). The regional patterns of 
the spectral measures in the different clusters can be found in figure 4. The order 
of the clusters is as generated by the algorithm and can be considered random. The 
clusters were compared by variables that were used in the algorithm (CSF Aβ1-42 
and p-tau, and global relative delta, theta, alpha and beta power) and variables that 
were not used by the algorithm (age, sex, MMSE, EEG total power, CSF t-tau, Ng 
and NfL).

Figure 4: Regional oscillatory activity of the clusters: For each cluster (A – F) the peak 
frequency (Hz) and relative delta, theta, alpha and beta power for each electrode is shown. A 
blue color indicates low values where red indicates high values.
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The algorithm clearly divided low amyloid and high p-tau (amyloid and tau 
positive, mean Z-scores respectively <-0.21 and >-0.14) clusters (A,C,D,F) 
from high amyloid and low p-tau (amyloid and tau negative, median Z-scores 
respectively >0.93 and <-0.69) clusters (B and E). Ng and NfL were at low levels in 
cluster B and E (mean Z-score Ng/NfL = -0.77/-0.79 and -0.98/-0.77), intermediate 
levels in clusters C and F (mean Z-score Ng/NfL = -0.35/-0.25 and -0.11/-0.02), and 
at high levels in clusters A and D (mean Z-score Ng/NfL = 0.31/0.31 and 0.26/0.33). 
With respect to the EEG spectral measures highest relative delta power was seen 
in clusters D and E (mean Z-score = 1.08 and 0.82), highest relative theta power 
in cluster F (mean Z-score = 2.11), highest relative alpha power in cluster B (mean 
Z-score = 1.34), and highest beta power in cluster C (mean Z-score = 1.52). 

Although the clustering was not based on MMSE score, a clear difference in MMSE 
was found between the clusters. Clusters B and E were amyloid and tau negative 
and had the highest MMSE scores (both median MMSE 28). Clusters A, C, D and 
F, were amyloid and tau positive, but clusters A and C had higher MMSE scores 
than clusters D and F (median MMSE respectively 25 and 27 versus 23 and 23). 
Therefore, we defined clusters A and C as early stage AD, clusters D and F as late 
stage AD and clusters B and E as non-AD. Below, the early stage, late stage and 
non-AD clusters are described separately. 

Early stage AD clusters: A and C 
There was only a small difference in MMSE between cluster A and C (Δmedian 
(Δm) = 2, pcorr < 0.001) but large differences in EEG and CSF characteristics. In 
relation to all 6 clusters, both clusters A and C had low CSF Aβ1-42 and increased 
tau but where cluster A showed an increase in slow theta oscillatory activity, cluster 
C showed an increase in fast beta activity (mean Z-score relative theta/beta power 
cluster A: -0.06/-0.20; cluster C: -0.67/1.52). When directly comparing clusters A 
and C, cluster C had lower relative alpha, lower relative theta but higher relative 
beta power (Δm cluster C – A, pcorr-value: delta 0.00, 0.69; theta -0.05, <0.001 ;alpha 
-0.11, <0.001; beta 0.13, <0.001). Most prominent regional oscillatory differences 
were higher theta power in channel Fz, T5 and T6 in cluster A and higher beta 
power in C3 and C4 in cluster C. In the CSF profiles, cluster A had slightly lower 
Aβ1-42 (Δm 79 ng/L, pcorr < 0.001) but cluster C had notable lower levels of t-tau, 
p-tau, Ng and NfL (respectively Δm cluster C – A, pcorr-value; -290 ng/L, pcor < 
0.001; -35 ng/L, pcor < 0.001; -155 pg/mL, pcor = 0.003; -472 pg/mL, pcor = 0.003). 
Furthermore, there was a notable difference in sex distribution between clusters. 
In cluster A 49% of the patients was female and in cluster C 67% was female  
(pcor = 0.003). No difference was found in use of antidepressant, benzodiazepine or 
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cholinergic drug use between clusters A and C. Visual inspection of the epochs of 
5 random patients per cluster did not reveal any structural phenomena or artefacts 
that could account for the differences between cluster A and C.

Late stage AD clusters: D and F
The clusters D and F had, in relation to all 6 clusters, low CSF Aβ1-42 and 
increased tau but had lower MMSE scores than cluster A and C. In relation to each 
other, cluster D and F did not differ on MMSE score but did differ in EEG and 
CSF characteristics. Cluster D showed more profound slowing of the EEG and the 
high levels of the CSF p-tau, Ng and NfL, indicated a higher synaptic and neuronal 
loss compared to cluster F. More specifically, compared to cluster F, cluster D had 
higher global relative delta and beta power but lower relative theta power, relative 
alpha power and total power (Δm cluster D – F, all pcorr <0.001: delta 0.12; theta 
-0.13; alpha -0.06; beta 0.04, total power -7.0). CSF analysis in cluster D showed 
lower Aβ1-42 and higher t-tau, p-tau, Ng and NfL (respectively Δm cluster D – F, 
pcorr- value; -31 ng/L, 0.007; 228 ng/L, <0.001; 22 ng/L, <0.001; 184 pg/L, 0.006; 296 
pg/L, 0.003). 

Amyloid and tau negative clusters: B and E
In relation to the other clusters, clusters B and E had the highest MMSE scores (both 
median MMSE 28) and had high CSF Aβ1-42 and low tau. Differences between 
clusters B and E could be found in EEG oscillatory activity. Cluster E showed 
higher relative delta and beta power but lower relative alpha power and total power 
(Δmedian cluster E – B, pcorr- value: delta 0.15, <0.001; theta 0.01, 0.09; alpha -0.23, 
<0.001; beta 0.02, <0.001; total power -11.3*103, <0.001). Visual inspection of 
epochs of 5 random patients per cluster showed more low voltage EEGs in cluster E.

Discussion

The results of our study show that, in Alzheimer’s disease, the relationship between 
EEG oscillatory activity and CSF markers uncovers the biological heterogeneity 
of the disease. We showed evidence that direct relations between EEG and CSF 
markers are low or absent if amyloid negative patients are excluded. However, a 
data-driven approach observed multiple biological phenotypes, in terms of EEG 
and CSF profiles, within and throughout different disease stages. These results 
indicate that a more personalized approach in future research, and potentially 
treatment and care, in AD is needed.
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Previous studies have found correlations between slowing of EEG oscillatory 
activity and a decrease in Aβ1-42 or increase in tau in cognitively healthy, patients 
with dementia or patients with MCI, based on clinical diagnosis(Stomrud et al. 
2010; Smailovic et al. 2018; Jelic et al. 1998; Kramberger, Kåreholt, et al. 2013). Our 
results demonstrate that these findings could be caused by confounding factors. 
Over the entire study population a decrease in EEG peak frequency and relative 
alpha power, or an increase in relative theta power correlated with a decrease in CSF 
Aβ1-42 and increase in t-tau, p-tau and NfL. The linear correlations between global 
oscillatory measures and CSF markers disappeared when only CSF amyloid positive 
individuals were selected. This could be due to the exclusion of healthy subjects or 
non-AD pathologies such as Lewy body dementia, frontotemporal dementia and 
depression. Alternatively, the absence of correlations within the amyloid positive 
group can be explained by several factors. CSF Aβ1-42 changes can be observed 
decades before cognitive deterioration in AD and the level of Aβ1-42 barely changes 
over time within amyloid positive patients(Lleó et al. 2019; Jack et al. 2010). 
When Aβ1-42 remains stable over the disease course but the EEG characteristics 
evolve, correlations between the two will be low. An additional explanation lies 
in what the biological substrate of EEG and CSF measures are. Where EEG is a 
representation of current synaptic function(Nunez and Srinivasan 2006), CSF 
measures are a function of processes ongoing over a longer time-span, up to 
several weeks. Hence, CSF measures, such as p-tau, Ng and NfL have been shown 
to predict future neurodegeneration but do not give an accurate estimation of what 
the current cognitive state is(Kester et al. 2009; Lleó et al. 2019; Zetterberg et al. 
2016).  Furthermore, were EEG can show regional effects, where CSF measures are 
global and can be driven by different processes such as CSF flow(Nedergaard and 
Goldman 2020). A last important factor is the presence of biological heterogeneity 
in AD. We know from literature that the combination of clinical symptoms differs 
between patients with AD and so does the age of onset, rate of decline and the 
prevalence of co-morbidity(Murray et al. 2011; Ferreira, Nordberg, and Westman 
2020; Scheltens et al. 2016). It is, therefore, probable that different biological sub-
populations exist within the AD-continuum and that they show different (non-
linear) relations with various EEG and CSF measures over time. 

Our data-driven approach did expose such biological heterogeneity within our 
population. By using global oscillatory EEG measures and CSF Aβ1-42 and p-tau 
we found 6 clusters of which 4 clusters were within the AD spectrum. Without 
knowledge of disease severity, the algorithm created clusters that differed on MMSE 
score which we referred to as ‘early’ (clusters A and C) and ‘late’ (clusters D and F) 
disease stage. Interestingly, all clusters within the two disease stages differed on 
CSF and EEG characteristics. 
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The early disease stage clusters showed one cluster (A) defined by an increase 
in slow activity (global theta power) and decrease in fast activity (global alpha 
power) with very high levels of p-tau, Ng and NfL. The other cluster (C) showed 
a decrease in global relative alpha power as well but instead of an increase in slow 
activity it showed an increase in even faster beta activity. This was accompanied 
by intermediate levels of p-tau, Ng and NfL. Interestingly, more females showed 
this early profile than males. An increase in relative theta power has been typically 
described as one of the first EEG changes in AD(Gouw et al. 2017). The increase in 
relative beta power in this cluster is, therefore, counterintuitive but there are two 
plausible explanations. Firstly, recent literature has described that an imbalance in 
network dynamics could be one of the early symptoms in AD(de Haan et al. 2017; 
Gaubert et al. 2019). Early loss of inhibitory neurons could cause a loss of balance 
between excitatory neurons and inhibitory interneurons(Hijazi et al. 2019). This 
would cause a higher firing rate of excitatory neurons and perhaps an increase in 
relative beta power. On the other hand, these dynamics appear to only be true for 
a subgroup of mostly female patients in our population. Therefore, the alternate 
explanation could be heterogeneity within the population. EEG recordings differ 
between (healthy) individuals, individuals differ in disease course within AD 
and both these factors might interact. Previous literature has indeed supported 
multifactorial interactions in prediction of AD progression(Veitch et al. 2019). Sex 
has also been shown to be an important factor with interaction effects with tau and 
amyloid on, for example, hippocampal volume structurally(Veitch et al. 2019). On 
the functional brain level, functional connectivity and network topology develop 
differently between sexes in childhood and oscillatory characteristics differ and 
develop differently between sexes during adulthood(Boersma et al. 2013; Boersma 
et al. 2011). More specifically, during adulthood, and increasing with age, females 
have a higher global relative beta power(Hashemi et al. 2016; Mundy-Castle 1951). 
A difference in (all abnormal) levels of p-tau, Ng and NfL between the early clusters 
did, however, suggest that there is a difference in ongoing synaptic damage and 
perhaps disease development as well. To further investigate this finding, future 
research is needed with longitudinal EEG and CSF collection.

The late disease stage clusters differed on slow wave activity and CSF markers while 
both clusters did not differ in MMSE score. While both groups showed slowing of 
the EEG oscillatory activity in line with what is described in literature(Jeong 2004), 
one group showed more global relative delta power and less relative theta and alpha 
power accompanied by higher levels of t-tau, p-tau, Ng and NfL. The amount of 
total power differed between clusters but when looking at absolute power values 
there was still a clear difference in absolute theta, alpha and beta power. A potential 
explanation could lie in differences in affected functional or structural brain 
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networks. Additionally, the difference in CSF p-tau, Ng and NfL could be due to a 
difference in rate of disease progression where higher levels would indicate a faster 
rate of decline(Wallin et al. 2010; Kvartsberg et al. 2015; Mattsson et al. 2019). 
Functional and structural data in combination with a longitudinal setting is needed 
to investigate this.

Lastly, a difference in global relative delta and alpha power but not CSF measures in 
the healthy clusters could probably be explained by various factors. A combination 
of differences in co-morbidity, medication and low-voltage EEGs potentially causes 
the differences between clusters.

The study design had several strengths but some limitations should also be noted. 
A strength was that high statistical power was acquired due to the large study 
population. AD disease specific relations were investigated by selecting for amyloid 
positivity and a large population with EEG, tau, Ng and NfL samples remained 
after this selection. Unfortunately, some CSF proteins were assessed by different 
platforms and assays between patients. This was accounted for by using validated 
conversion methods. EEG is routinely recorded with 21 electrodes in our memory 
clinic and this allowed us to create a large sample. Our results only show weak 
and sparse regional correlations between 21-electrode EEG and CSF but deeper 
structures, such as the hippocampus, might show stronger relations. High density 
EEG or MEG would have had a higher spatial resolution and potential to record 
in such structures. The major strength of our study is the data-driven design. 
Although we were not able to make a conclusive statement on the relation between 
EEG and CSF markers, our results provide ground for various future studies. Our 
data-driven approach identified different EEG and CSF profiles within early and 
late AD disease stage. This indicates that heterogeneous and longitudinal, instead 
of cross-sectional, relations between these markers are more likely. Therefore, the 
most promising design for future research to investigate the relation between EEG 
and CSF markers in AD, would be a longitudinal set-up with at least two EEG 
recordings. In this design it would be possible to observe whether the relationship 
between EEG and CSF measures are non-linear over time. This study design is also 
needed to investigate whether the clusters that this study found are consistent over 
time and whether they are not caused by heterogeneity in EEG recordings that are 
not due to AD, such as sex differences or low voltage EEGs. Although the EEG 
differences between the clusters were supported by differences in CSF profile, more 
investigation is needed.
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Even though there currently is a large amount of pathophysiological knowledge of 
AD, various clinical trials have failed and prediction of clinical progression within 
AD patients remains a challenge. Our results extend the body of evidence that AD 
can manifest and progress in a biologically and clinically heterogeneous way. Apart 
from failure of trials due to the mechanism of action of the drug or methodological 
issues it could also be due to a homogenous approach to a heterogeneous problem. 
Precision medicine, as displayed in for example cancer treatment, could be the 
solution to this problem. It is, therefore, important for future research to investigate 
the heterogeneity in AD and combine different modalities such as EEG, CSF, MRI, 
PET and neuropsychological assessment to define all the specific subpopulations. 
Creating individualized profiles based on these modalities could aid in predicting 
clinical progression and treatment effect.

Conclusion

EEG oscillatory measures and CSF changes in markers of AD show a heterogeneous 
presentation between patients. Although no linear relations between these markers 
were found in patients within the AD spectrum, different biological profiles of these 
markers could be identified using a data-driven approach. These results indicate 
that AD should be approached as a biologically heterogeneous disease which could 
have influence on disease presentation and progression. Identifying combined EEG 
and CSF biological profiles in AD patients could aid in predicting progression or 
treatment effects.
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Summary

The aim of this thesis was to evaluate and implement functional cerebral 
biomarkers in Alzheimer’s disease (AD) with respect to pathophysiology, 
disease severity, prognosis and treatment effect in medical trials. We focused 
on functional cerebral biomarkers that assess synaptic activity and functional 
connectivity using electroencephalography (EEG), magnetoencephalography 
(MEG) and 18F-fluorodeoxyglucose (FDG) positron emission tomography 
(PET). In the previous chapters a broad range of challenges associated with this 
topic was covered, which is summarized in figure 1. We started by using FDG-
PET to observe the effects of the experimental treatment of AD patients with 
the medical food Souvenaid, followed by EEG as treatment outcome measure in 
a trial with the drug PQ912. Next to the primary outcomes, the results of these 
studies revealed that more research was needed to observe which markers could 
observe reliable, reproducible and valid results and what the factors were that 
could influence their ability to do this. The EEG markers, rather than the FDG-
PET markers, showed promising results. Therefore, we aimed to investigate the 
effects of sensitivity, reproducibility, heterogeneity of the population and treatment 
efficacy, while maintaining a well-defined study population and study design, on 
EEG biomarkers. We first investigated the reproducibility of AD related changes in 
functional connectivity captured by different measures in electroencephalography 
(EEG) and magnetoencephalography (MEG). Second, we evaluated the influence 
of subtypes of AD on various EEG measures and, on the other hand, we used EEG 
to find heterogeneity and to predict clinical progression. In this chapter a short 
summary will be given of each of the individual chapters.
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5Figure 1: Overview of investigated topics: The outcomes that were assessed by functional 
cerebral biomarkers in Alzheimer’s disease are shown: pathophysiological changes, disease 
severity, disease prognosis, treatment effects and different diagnoses or subtypes. The 
investigated outcomes were assessed by using FDG-PET, with quantitative and semi-quantitative 
measures, and EEG and MEG, with measures of oscillatory activity, functional connectivity and 
functional networks. Various factors influence whether the biomarker is able to observe the 
desired outcome. In this thesis the effects of sensitivity, reproducibility, heterogeneity of the 
population and treatment efficacy, while maintaining a well-defined study population and study 
design, on these biomarkers was investigated.
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Introduction

In chapter 1 an introduction was given covering the different concepts of capturing 
cerebral function by using EEG, MEG and FDG-PET in AD. Moreover, the aims 
and outline of this thesis were covered.

Sensitivity of functional markers and efficacy of experimental 
treatments in clinical trials
Two clinical placebo controlled trials were investigated in chapter 2, the NL-
ENIGMA trial and the SAPHIR trial. The trials investigated different medical 
treatments in AD but both used, among other different outcome measures, a 
functional outcome measure to evaluate the treatment effect.

Chapter 2.1 discussed the results of the NL-ENIGMA trial. Next to amyloid and 
tau pathology, AD is characterized by a progressive loss of synapses. Souvenaid 
was designed to improve synapse function and formation by administration of a 
combination of different nutrients known to be essential for the neuronal synapse. 
The aim of the NL-ENIGMA trial was to explore the effect of the medical food 
Souvenaid on synapse function in AD using FDG-PET. It was hypothesized that 
Souvenaid would increase synapse formation, while progressive synapse loss would 
be observed in the placebo group. 50 patients with early AD were included and 
treated for 24 weeks with the medical food Souvenaid or a placebo (1:1 allocation). 
Dynamic FDG-PET scans with arterial sampling were performed at baseline 
and follow-up. FDG-PET was chosen as the primary outcome measure because 
literature had shown that it can be considered as a surrogate marker for synapse 
function (de Wilde et al., 2011). Additionally, previous research had shown that 
FDG-PET was capable of observing longitudinal deterioration in pre-defined 
regions of interest (ROIs) and that this deterioration correlated with the clinical 
deterioration (Landau et al., 2011). Hence, the primary outcome of the study was 
set at estimating the difference in change in glucose consumption (quantitative 
or semi-quantitative) in these ROIs. Semi-quantitative measures are commonly 
used in FDG-PET research with the cerebellum as the reference tissue. Because 
Souvenaid could also have an effect on this reference tissue, a quantitative measure 
with arterial blood as reference was used in addition to the semi-quantitative 
measure. However, no differences in change in glucose metabolism over time  were 
detected in the selected ROIs between the intervention and placebo group. Both 
quantitative (using blood sampling as reference) and semi-quantitative (using the 
cerebellum as reference) measures did not show differences in over time between 
groups. A methodological problem was, however, that the placebo group did not 
show a deterioration of cerebral glucose metabolism over time. Therefore, it was 
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not possible to evaluate a potential stabilizing effect of Souvenaid. This indicated 
that, even though no improvement could be found over the course of 24 weeks of 
treatment, effects could also potentially have been missed due to a too short follow-
up or treatment duration. 

In chapter 2.2 a post-hoc analysis was performed in the SAPHIR trial of the drug 
PQ912. PQ912 is a drug that inhibits the enzyme glutaminyl cyclase to prevent 
the formation of synaptotoxic soluble oligomers of Amyloid Beta 42 (AβOs) 
(see chapter 1). The primary endpoints of the SAPHIR trial were the safety and 
tolerability of the drug. The secondary endpoints were aimed to observe potential 
treatment effects of PQ912 which was hypothesized to be a reduction in synaptic 
loss. In total 120 patients with early AD were enrolled in the trial to be treated 
with either PQ912 or a placebo (1:1 allocation) for 12 weeks. Resting state EEGs 
were recorded at baseline and follow-up and the previous primary analysis showed 
an improvement in relative theta power in the intervention group (Scheltens et al., 
2018). No effect was, however, found when assessing global functional connectivity 
measured by the phase lag index (PLI) in the alpha frequency band. Because 
recent literature showed that results of the PLI could suffer from a poor test-retest 
reliability (Colclough et al., 2016), we conducted a post-hoc analysis of the EEG 
data and hypothesized that the amplitude envelope correlation with correction 
for volume conduction (AEC-c) would be a more reliable and sensitive measure 
to capture potential treatment effects. We found that, even when correcting for 
various demographic variables and relative alpha power, the AEC-c in the alpha 
band detected a treatment effect of PQ912. Moreover, the changes in alpha band 
AEC-c did not correlate with changes in relative theta power, indicating that the 
PQ912 induced changes to relative theta power and alpha band AEC-c are two 
different effects on the brain physiology. These results provided evidence that 
the AEC-c in the alpha band could be a robust marker of disease progression or 
treatment effects in AD.

The results of these clinical trials revealed various challenges that needed to be 
investigated to produce reliable results. In the NL-ENIGMA trial the sensitivity of 
the outcome measure, the (expected) treatment effect, and the power of the study 
had a large impact on the final result. In the SAPHIR trial the choice of functional 
connectivity measure appeared to have a large impact on the trial results. It raised 
the question which measures of functional connectivity were able to observe 
reproducible effects induced by AD pathology and what the influencing factors 
were. We investigated these issues in chapter 3. 
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Reproducibility of functional EEG and MEG markers
In the field of EEG and MEG research, a broad range of measures is used to estimate 
changes in functional connectivity due to AD. Because each of these measures have 
different constrains, for example susceptibility to volume conduction, and due to 
fundamental differences in study designs of previous research, there was need for 
evidence of reproducible effects. In chapter 3, two similar study designs were used 
to investigate the reproducibility of differences between AD patients and controls 
measured by several functional connectivity measures. Chapter 3.1 covers the 
functional connectivity measures derived from EEG recordings where chapter 3.2 
focused on MEG recordings. In chapter 3.1 two large and well-characterized test 
and validation cohorts (respectively N = 411 and N = 398) were set up to test seven 
commonly used phase- and amplitude based EEG functional connectivity measures 
between patients with dementia due to AD and patients with subjective cognitive 
decline (SCD). The FC measures applied were AEC(-c), coherence, imaginary 
coherence, phase locking value (PLV), PLI, and weighted PLI (wPLI), of which 
the imaginary coherence, PLI, and wPLI corrected for spurious effects of volume 
conduction. Effects between AD and SCD patients were compared when the 
population was selected for amyloid pathology, tau burden, and neurodegeneration, 
and when the functional connectivity measures were corrected for the effects of 
age, sex, use of medication, and relative power. The measures that produced the 
most reproducible effects were the AEC-c in the alpha and beta frequency bands 
and phase-based measures with correction for volume conduction, e.g. the phase 
lag index (PLI), in the theta frequency band. 

For the reproducibility of functional connectivity measures when using MEG, in 
chapter 3.2, smaller test and validation cohorts (respectively N = 57 and N = 56) of 
AD dementia and SCD patients were available. Based on the results of chapter 3.1, 
the AEC-c and PLI were tested and validated in multiple frequency bands in both 
cohorts. Comparable to chapter 3.1, the AEC-c showed reproducible differences 
between AD dementia and SCD patients in the alpha and beta frequency band 
where the PLI showed reproducible results in the theta frequency band. Hence, our 
study in chapter 3.1 provides a validation of the results of our study in chapter 3.2 
and vice versa. The major advantage of the MEG study, in comparison with the EEG 
study, was the spatial resolution. Most robust changes of the alpha and beta band 
AEC-c were found in the bilateral occipital and parietal areas of the cortex where 
changes in the theta band PLI were found in the left parietal cortex. The findings 
of chapter 3.1 and 3.2 showed that reproducible changes in functional connectivity 
caused by AD pathology can be observed in EEG and MEG recordings by the 
AEC-c in the alpha band and the PLI in the theta band. Additionally, the results 
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support the increasing evidence that phase and amplitude based measures capture 
different physiological processes and, therefore, future studies should consider to 
use not one but both.

Heterogeneity in AD in relation to EEG markers: clinical and 
predictive value 
In chapter 4 the heterogeneity in AD was investigated from two different points 
of view. Where in chapter 4.1 differences in EEG characteristics were investigated 
based on the clinical heterogeneity of AD, in chapter 4.2 and 4.3 clinical 
characteristics were investigated based on heterogeneity in EEG measurements. 

In chapter 4.1 EEGs were compared between matched controls, AD patients with 
clinically a ‘typical’ profile, in terms of cognitive deficits, and with posterior 
cortical atrophy (PCA-AD). We aimed to investigate whether functional alterations 
measured by electroencephalography could help understand the mechanisms that 
cause this heterogeneity and hypothesized that in PCA-AD a selective deterioration 
of the posterior well-connected regions in the network underlie predominant 
posterior oscillatory slowing. In typical AD the first affected cognitive domain 
is memory and over time performance in other domains, such as executive 
functioning, language and visual performance, will gradually deteriorate. In PCA-
AD the first affected cognitive domain is visual performance with relative sparing 
of memory. Interestingly, this was reflected by the global and regional results of 
the comparison between PCA-AD, typical AD and control EEGs (each group N = 
29). The EEGs were compared between groups based on EEG oscillatory activity 
(measured by peak frequency and relative delta, theta, alpha, and beta power), 
functional connectivity (alpha band AEC-c), and functional network measures 
(characteristics of the minimum spanning tree (MST)). Both PCA-AD and typical 
AD groups showed diffuse slowing of the EEG, a reduction in alpha band functional 
connectivity and a less integrated network compared to controls. Compared to the 
typical AD group, the PCA-AD group showed a more extensive slowing, which was 
most pronounced in the posterior channels, and the right posterior peak frequency 
correlated with the level of visual impairment in PCA-AD. Our network analysis 
revealed that regional vulnerability of the posterior network of PCA-AD patients 
might explain the atypical pattern of neurodegeneration.

The heterogeneity of EEG recordings in patients with dementia due to AD 
was investigated in chapter 4.2. Over the course of the progression of AD, EEG 
oscillatory activity shows a progressive increase in slow wave and decrease in fast 
wave activity (Jeong, 2004). In the context of the diagnostic screening in a memory 
clinic, these changes, among others, can be visually assessed by a neurophysiologist 



256

Chapter 5 - Summary & discussion

in the memory clinic as part of the diagnostic process. In the memory clinic of 
the Amsterdam UMC, the neurophysiologist reports recordings as normal or 
abnormal by using a systematical method for the clinical assessments of EEGs. 
This method assesses focal and diffuse abnormalities on a standardized severity 
scale. Although it would be expected that all AD dementia patients have abnormal 
EEGs, our study showed that in our memory clinic 1 in 4.5 patients actually have a 
normal EEG on visual evaluation. We hypothesized that patients with normal EEGs 
are a representation of the heterogeneity of AD. We expected this group to have 
a more ‘typical’ AD phenotype with relatively predominant hippocampal atrophy, 
memory deficits and a slower disease progression compared to the abnormal group 
which we expected to have more deterioration in other cognitive domains, more 
global and parietal atrophy and faster disease progression. To investigate this 
hypothesis data from 949 patients with dementia due to AD (with evidence for 
amyloid pathology) in the Amsterdam Dementia cohort was used. Cross-sectional 
cognition, MRI characteristics, and CSF characteristics were compared and, in 
addition, longitudinal cognition was compared between EEG groups. Compared 
to patients that had an abnormal EEG, patients with a normal EEG showed better 
cognitive performance, predominant memory deficits, less parietal and global 
cortical atrophy but similar temporal atrophy on MRI scans. Moreover, patients 
with a normal EEG showed a slower deterioration over all assessed cognitive 
domains (memory, attention, executive functioning, language, visual performance) 
compared to the abnormal group. These results indicate that patients with dementia 
due to AD with a normal EEG recording have a favorable prognosis compared to 
patients with an abnormal EEG. Furthermore, these results reveal that there are 
different subgroups within patients with AD dementia. In some patients the disease 
appears to develop differently which causes differences in rate of decline.

Chapter 4.3 covered the complex relation between CSF and EEG biomarkers in 
AD. Previous research had indicated that an overall slowing of the EEG correlated 
with a decrease in CSF amyloid beta (Aβ) 1-42 and tau (Kramberger et al., 2013, 
Smailovic et al., 2018). However, these studies had not excluded patients without 
evidence for amyloid pathology and, perhaps due to this population that possibly 
contained cognitively impaired patients caused by other factors and diseases than 
AD, various conflicting relations were found. Therefore, we aimed to reproduce the 
earlier findings on the relation between CSF and EEG biomarkers with or without 
patients with evidence for amyloid pathology from a population with subjective 
cognitive decline (SCD), mild cognitive impairment (MCI), and dementia patients. 
Respectively 301, 306, and 342 patients were included and for each patient 
oscillatory (global and regional peak frequency, relative and total delta, theta, 
alpha and beta power) and CSF (amyloid beta 1-42 (Aβ1-42), total tau (t-tau), 
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phosphorylated tau (p-tau), neurogranin and neurofilament light chain (NfL)) 
characteristics were determined. When assessing linear relations between the EEG 
and CSF characteristics over the entire population, overall slowing of the EEG 
correlated with an decrease in Aβ1-42 and a increase in t-tau, p-tau, neurogranin 
and NfL. However, all relations diminished in the subpopulation where only 
patients with evidence for amyloid pathology were included. This indicated that 
the linear relations were driven by the presence of AD pathology instead of a 
direct bio(physio)logical relation. Although this direct relation of single EEG and 
CSF biomarkers in AD was low, we hypothesized that the two modalities could 
give additive information and that combining the two modalities could uncover 
biological heterogeneity in AD. By using a machine learning algorithm (K-means 
clustering) the patients were clustered into subgroups based on EEG (global 
relative power) and CSF (Aβ1-42 and p-tau) measures. The algorithm showed a 
clear distinction between the amyloid positive and negative patients, and found 
4 different subgroups within the amyloid positive group. The amyloid positive 
subgroups did not only differ on clinical measures but also on CSF markers of 
synaptic and neuronal integrity, i.e. neurogranin and NfL. Although cognitive 
performance was not used to determine the subgroups, two subgroups could be 
defined as early and two as late stage AD based on MMSE scores. One of the two 
early AD subgroups showed the ‘classical’ slowing of EEG oscillatory activity with a 
decrease in relative alpha and an increase in relative theta power. The other group, 
of which the majority of patients was female, showed the opposite with an increase 
in fast relative beta power in combination with pathological but lower levels of CSF 
p-tau, neurogranin and neurofilament light chain (NfL) compared to the other 
group. In the two more progressed AD subgroups similar cognitive performance 
was found but one group showed more severe EEG oscillatory slowing, reflected by 
higher relative delta power, combined with higher levels of CSF p-tau, neurogranin 
and NfL. Although we were not able to fully explain the differences between the 
different subgroups, the results provide evidence for biological heterogeneity in 
AD. The four amyloid positive subgroups showed that not all individuals develop 
the same EEG oscillatory and CSF changes over the course of the disease and 
perhaps this is related with a difference in pathophysiological changes and clinical 
presentation or progression. Future research is needed to analyze the underlying 
pathophysiological mechanisms and the longitudinal biological and clinical disease 
progression in the subgroups. 
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General discussion

In this section the different chapters of this thesis will be discussed. The results of 
the individual studies will be compared with each other and general considerations 
and limitations will be discussed for each of the chapters. The discussion will start 
with the research of the clinical trials in chapter 2 that had led to the studies in 
chapter 3 and 4. Whilst covering chapters 3 and 4, we will discuss potential future 
study designs as well. We will then return to the trial designs of chapter 2 to discuss 
methodological limitations and technical limitations of the functional cerebral 
biomarkers that were not covered in chapter 3 and 4. The last paragraph will give a 
summary of the recommendations based on the results of the different studies.

Functional outcome measures in clinical trials 
The results and limitations of the analyses of the NL-ENIGMA and SAPHIR trials 
motivated to carry out the studies in chapters 3 and 4. Because the results of the 
SAPHIR trial showed the most promising results, it was decided to focus on the 
EEG measures. These trials showed the potential of functional cerebral outcome 
measures in clinical trials, but also methodological issues with treatment or follow-
up duration, treatment effect (size), the reliability and sensitivity of the outcome 
measures, and the study population. In chapter 3 and 4 these influencing factors 
were investigated. 

Reproducibility of functional EEG and MEG markers
The results of our studies investigating reproducibility in EEG and MEG functional 
connectivity indicated that two measures showed reproducible differences due 
to AD pathology: the AEC-c, in the alpha and beta frequency band, and the PLI, 
in the theta frequency band. The strength of the combination of these studies 
was that, in the end, a triple validation of the global measures was performed. 
Differences in functional connectivity between controls and dementia due to AD 
were first compared in a large (N = 411) EEG test cohort and validated in a large (N 
= 398) second EEG cohort. These results were again validated in two MEG cohorts. 
The alpha and beta band AEC-c and the theta band PLI showed global effects in 
all populations. The benefit of the MEG study after the EEG study was the ability 
to look at more detailed regional effects in source space. However, in the MEG 
regional analyses, our channel-wise false discovery rate (FDR) (Benjamini and 
Hochberg, 1995) correction for multiple corrections might have been too strict. 
The use of a validation cohort already dealt with a large part of the false positive 
results where many regional effects were lost due to the FDR correction. Therefore, 
looking at the uncorrected changes occurring in both MEG cohorts can provide 
more information in the regional distribution. The MEG results showed differences 
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in the alpha band AEC-c in the parietal, occipital and temporal regions and in 
the beta band differences were found in the frontal, central, temporal, parietal 
and occipital regions. When comparing these regional comparisons with the EEG 
analyses, the alpha band AEC-c showed differences in not only the temporal and 
parieto-occipital channels but in the frontal and central channels as well. The EEG 
beta band AEC-c showed differences in the frontal, temporal and parieto-occipital 
channels. Additionally, the MEG analysis found reproducible differences in frontal 
and temporal delta band AEC-c as well. These differences between EEG and MEG 
might be explained by different factors. For example, the MEG allowed analyses 
in source space and with a much higher resolution compared to EEG sensor space 
analyses, and there is a large difference in population size between the EEG and 
MEG studies. Where the population of the EEG study had about 200 subjects per 
group, the MEG study had about 55 subjects per group. As shown by our results 
of chapter 3, there appear to be subpopulations with different EEG profiles. In the 
smaller MEG population there could have been an overrepresentation of one of the 
subpopulations which could have caused some results to be less generalizable. 

Overall, the alpha and beta band AEC-c and the theta band PLI showed very 
robust and generalizable effects. These were effects that could be observed in the 
majority of the patients and are caused by AD pathology. Effects for different 
AD subpopulations, due to biological or clinical heterogeneity, might not have 
survived our analysis but they could explain for results found in previous studies. 
An example is a decrease in alpha band PLI which was found in a previous study 
(Engels et al., 2015) but could not be reproduced in our samples. To fully exclude 
that effects like these are explained by reliability issues of the PLI (Colclough et al., 
2016) a subgroup analyses is needed in the future. A subgroup study could observe 
whether these effects can be linked to pathological or clinical markers. If they do 
no correlate, the effects previously measured are probably due to the reliability 
issues of the PLI.

An important result of both our EEG and MEG functional connectivity 
comparisons is that not all functional connectivity measures appear to observe the 
same phenomenon. Changes in amplitude-based connectivity are based on different 
principles and, hence, probably different underlying AD processes compared to 
phase base connectivity (Engel et al., 2013). Previous literature has proposed that 
amplitude-based connectivity is highly related to the structural integrity of the 
brain network and that phase-based connectivity has a regulatory function and is 
highly dependent on the state of the brain. Evidence that the amplitude- and phase-
based connectivity capture different changes in AD can be found in the fact that 
these measures find differences in different frequency bands and show a different 
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regional distribution. A consequence is that comparing phase-based results 
directly with amplitude-based results should (probably) not be done. Additionally, 
studies should not focus on using a functional connectivity measure from one of 
the modalities but will find more valid information when using both. Important 
effects might be missed when only using one of the modalities. A statement 
which is underlined by the results of our post-hoc analysis of the SAPHIR study. 
Here, the phase-based PLI did not find any differences between groups in any of 
the frequency bands, but the amplitude-based AEC-c in the alpha band did find 
differences. 

Future directions
Although our studies investigated effects of AD pathology on amplitude- and phase-
based functional connectivity separately, future studies should consider whether 
these effects are really independent of each other. There is increasing evidence that 
some processes in the brain, such as memory processing, involve phase-amplitude 
coupling (PAC) in different frequencies (Fell and Axmacher, 2011). One interesting 
experiment that supports this involved transcranial alternating-current stimulation 
in young (20-29 yr) and older adults (60 – 76 yr) (Reinhart and Nguyen, 2019). 
In the young adults left temporal PAC (phase 7 – 9 Hz, amplitude 26 – 34 Hz) 
was associated with a memory task but this coupling was absent in the older adult 
group which performed worse in this memory task. In phase stimulation at the low 
frequency band in the older group did not only restore this coupling but did also 
restore the memory performance. Moreover, out of phase stimulation decreased the 
memory performance of the young adult group. This does not implicate that all 
AD related changes in phase- or amplitude-based connectivity are directly related 
to each other but some processes involving PAC could be affected as well. Few 
studies have assessed PAC in AD and most only involve mouse or rat models of AD 
(Ahnaou et al., 2017). 

Another challenge for future studies is to understand what the underlying 
mechanisms in AD are that cause the differences in phase- and/or amplitude-based 
connectivity. Do the changes in functional connectivity directly relate to amyloid 
and/or tau deposition in the brain or is there a more complex relation (for example 
moderation or interaction effects with functional connectivity). Only a few studies 
have investigated the relation between functional connectivity and AD pathology 
(Maestú et al., 2019). Research using MEG, Pittsburg compound B PET, and 
Flortaucipir PET compared pathological amyloid and tau deposition in the brain 
of AD patients with patterns of changes in phase-based connectivity (imaginary 
coherence) (Ranasinghe et al., 2020). A reduced alpha band connectivity correlated 
with occipital and posterior temporal tau deposition and increased 2 – 8 Hz 



261

5

connectivity correlated with frontal and posterior parietal amyloid deposition. 
The study did, however, suffer from several methodological limitations. The most 
important limitations were that of the 60 AD patients only 18 underwent all scans 
(amyloid PET, tau PET, and MEG), and our studies indicate that connectivity in 
the alpha band should be estimated by an amplitude-based measure instead of 
the phase-based measure that was used. Unfortunately, only a few other studies 
have made the comparison between MEG/EEG connectivity and PET amyloid 
deposition. A large (n=318 of which 63 amyloid positive) study in patients with 
subjective cognitive decline (SCD) opposes the results of the previous study (Teipel 
et al., 2017). In this study, no correlation was found between EEG phase-based 
connectivity (PLI) in various frequency bands and amyloid deposition (florbetapir 
PET). When only the amyloid positive patients were analyzed, higher amyloid 
load was associated with higher alpha and lower beta band connectivity but these 
associations were lost when corrected for multiple comparisons. Based on these 
results it is probable that AD functional connectivity changes are not altered by 
amyloid deposition but by their synergy with tau deposition. Interestingly, studies 
comparing longitudinal tau-PET and functional MRI (fMRI) have shown that the 
spread of tau-pathology in amyloid positive patients is determined by areas of 
high connectivity instead of proximity (Franzmeier et al., 2020, Franzmeier et al., 
2019). This could implicate that the accumulation of amyloid and tau pathology 
in Alzheimer’s disease do not only cause changes in functional connectivity, 
changes in amyloid and tau deposition could also be caused by features of regional 
functional connectivity. Based on the results of these and our studies an interesting 
design for future research would be to compare EEG or MEG alpha/beta band 
AEC-c and theta band PLI with amyloid and tau PET deposition in an amyloid 
positive population at different disease stages (from SCD to dementia).

Heterogeneity in AD in relation to EEG markers: clinical and 
predictive value 
In chapter 4 we discovered that EEG can capture heterogeneity in Alzheimer’s 
disease. Although in chapter 4.1, 4.2 and 4.3 different research aims were 
investigated, the results are very much related. The results of the EEG analyses 
in Posterior cortical atrophy (PCA) showed that these patients have more severe 
slowing of their EEGs compared to typical AD. If we translate this finding to the 
other topics of chapter 4, it is likely that in chapter 4.2 most PCA patients would 
be classified in the abnormal EEG recordings group. This would indicate that these 
patients would have a faster clinical progression than typical AD patients. Recent 
literature indicates that this is probably partly true. Longitudinal studies comparing 
MRI atrophy and neuropsychological tests between PCA and other subtypes of AD 
patients indeed showed a higher rate of decline on visual tasks and faster posterior 
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atrophy progression in PCA (Firth et al., 2019, Ten Kate et al., 2018). On the other 
hand, the PCA subtype is relatively rare and the abnormal EEG group showed a 
faster decline on other cognitive domains as well, therefore, it is unlikely that this 
effect was completely driven by PCA patients. The AD patients with an abnormal 
EEG probably represent a heterogeneous group with more progressed patients, 
subtypes of AD with more profound EEG oscillatory changes, and patients with 
co-morbidities or mixed neurodegenerative pathology. Patients with either Lewy 
Body or vascular co-pathology have shown to have more severe abnormalities on 
their EEG compared to ‘pure’ AD (Schreiter Gasser et al., 2008, van der Zande et 
al., 2018). The normal EEG group has resemblances with medial-temporal and 
mild atrophy subtypes defined by a MRI atrophy study (Ten Kate et al., 2018). 
The medial-temporal subtype resembled clinically most pronounced memory 
and language deficits, and the mild atrophy subtype had the best overall cognitive 
performance with lower rates of cognitive decline compared to other subtypes. 
Important factor is that these subtypes were defined in a prodromal stage of AD 
where in our study the patients were all diagnosed with dementia. 

Our data-driven approach of defining subtypes in chapter 4.3 covers a wide range 
of AD patients in different stages of the disease. It is a proof of principle study 
which demonstrates the ability of EEG to identify different subtypes and disease 
stages within AD. Moreover, it shows that combining different modalities, such as 
EEG and CSF, to define the subtypes has additional value. The advantage of using 
an unsupervised learning algorithm is to investigate the available data without 
being limited by an a priori hypothesis. By using global EEG oscillatory measures 
combined with CSF amyloid beta (Aβ) 1-42 and phosphorylated tau (p-tau), 
we were able to identify 4 different subgroups within the AD spectrum. Other 
clustering studies investigating the heterogeneity of AD have used various different 
modalities including MRI, FDG-PET, and tau-PET (Veitch et al., 2019). An 
interesting data-driven study clustered regions of tau-PET uptake in a population 
of controls, mild cognitive impairment (MCI), and probable AD patients (Vogel 
et al., 2019). In this study 5 tau covariance networks were discovered of which the 
temporo-parietal network showed the highest relation with cognition. These results 
indicate that in our EEG clustering study additionally clustering AD patients 
based on regional EEG patterns could provide additional pathophysiological and 
subgroup information. Moreover, because tau-PET deposition and functional 
network deterioration appear to be related in AD (Kocagoncu et al., 2020). Hence, 
clustering should be done on functional connectivity measures/profiles as well. 
A recent study has found promising results in comparing data-driven profiles 
of functional connectivity in post-traumatic stress disorder (PTSD) and major 
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depressive disorder (MDD) (Zhang et al., 2020). Different biological subtypes 
based on functional connectivity clusters, responded differently to different drug 
treatments. 

Future directions
When using the knowledge from abovementioned studies that investigated 
heterogeneity in AD and combining this with our findings from chapters 3 and 
4 an EEG research design can be made by adjusting figure 1. This design can 
be found in figure 2. Combining the right modalities in a data-driven approach 
could identify different biological profiles which can be investigated in relation 
to clinical phenotype, disease progression and treatment effects. Each different 
cluster could have a different relation with the outcome. One cluster might show 
slow cognitive decline, where another might show better response to a treatment 
compared to other clusters. Cross-sectional clustering is interesting in terms of 
insight into biological or clinical phenotypes and could predict disease progression. 
Longitudinal designs could provide more knowledge in the pathophysiological 
development of the disease and expectations for treatment effects. In such a design 
it is important to take into account that the EEG measures are functional measures 
and suffer from various influencing effects that should be minimized. Additionally, 
as learned from the results from chapter 3 and 4.3, it is important to accurately 
define the population. In AD it is important to select the population according to 
the National Institute on Aging and Alzheimer’s Association (NIA-AA) research 
framework (Jack et al., 2018) and exclude amyloid negative patients unless they are 
used as a amyloid negative reference.

Other influencing factors for clinical trials with functional cerebral 
biomarkers
Based on the experiences with the clinical trials in chapter 2 we investigated 
sensitivity, reliability, reproducibility and heterogeneity as potential influencing 
factors on functional cerebral biomarkers. These trials were, however, influenced 
by other factors as well. One essential feature that was not investigated in this thesis 
was follow-up duration. This topic is sparsely investigated in EEG and FDG-PET 
biomarkers but had a clear impact on the final conclusions that could be drawn 
from the SAPHIR and NL-ENIGMA trials. 

The best design for a trial with a functional outcome measure would be that follow-
up duration does not equal the treatment duration. Measurements are needed 
at baseline, at the end of the treatment, and some period of time after treatment 
has ended. This is because most studies are interested in a disease modifying 
effect of a drug but functional cerebral biomarkers capture treatment effects of 
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symptomatic treatment as well (Cummings, 2009). An example is the treatment 
with acetylcholinesterase inhibitors. In various trials these drugs have shown to 
cause a reduction in delta and/or theta power (Adler and Brassen, 2001, Brassen 
and Adler, 2003). Even though this treatment has a positive effect on cognition, 
activities of daily living, and behavior, it does not decrease the rate of disease 
progression (e.g. it is not a disease modifying therapy) (Birks, 2006, Bullock et 
al., 2005, Tariot et al., 2001). This implicates that after the treatment has stopped 
the effects on the patient and the EEG will wear off. In disease modifying therapy 
this effect should still be visible even though the therapy has ended. Therefore, in 
our post-hoc analysis and the primary analysis of the SAPHIR trial it is unclear 
whether the effects of PQ912 on relative theta power and alpha band corrected 
amplitude envelope correlated (AEC-c) relate to disease modifying effects of the 
drug (Scheltens et al., 2018). The need to perform an extra measurement seems like 
an argument against the use of EEG in clinical trials but, if the treatment appears 
to be effective, EEG theta power and alpha band AEC-c were the first markers to 
observe a treatment effect compared to various MRI and CSF measures used in the 
SAPHIR trial. The potential to observe whether a treatment will be beneficial for 
a patient after only 12 weeks would be highly beneficial for the clinical practice. In 
addition, the method is non-invasive and relatively cheap.

The last statement directly relates to a difficult question and which is dependent 
on the drug under investigation: how much time is needed to reliably observe a 
treatment effect with the chosen outcome measure? It is standard procedure 
to base the study power and follow-up duration on the a priori expected disease 
and treatment effects. In the NL-ENIGMA these parameters were based on the 
assumptions that the chosen regions of interest (ROIs) show a reduction in glucose 
consumption over a specific amount of time and that Souvenaid treatment would 
increase glucose consumption. This was based on literature that showed evidence 
for a reduction of glucose consumption in these ROIs related to deterioration 
in cognition (Landau et al., 2011), and the hypothesized mode of action that 
Souvenaid would improve synapse formation (van Wijk et al., 2014). In retrospect, 
the follow-up duration of 24 weeks was too short because the control group did 
not show deterioration in the predefined ROIs. Potential explanations include that 
the reliability of the FDG-PET was too low for the size of the effect, or the size of 
the effects was too small for the size of the population. Additionally, the analysis 
showed that Souvenaid did not increase glucose consumption but we could not 
prove that it did or did not prevent deterioration. 
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Future directions
To investigate the issues raised by the follow-up duration in clinical trials, an 
ideal study would be to design a longitudinal observational study in early AD. A 
decent sample size and several follow-up measurements could accurately show the 
development of cerebral functional biomarkers over time in relation to cognitive 
changes. The FDG-PET study referred to earlier had such a design but reported 
change after 12 and 24 months instead of the 24 weeks in our (NL-ENIGMA) trial 
design (Landau et al., 2011). Additionally, reliability issues, for example due to 
signal noise or the ROI size, could hamper the reproducibility of the results (Ikari 
et al., 2016). The choice of using a follow-up duration of 24 weeks has, therefore, 
reduced the chance of reliably capturing a treatment effect. Future studies using 
FDG-PET to measure longitudinal change in glucose metabolism in early AD 
patients should consider using a follow-up duration of at least 12 months.

Determining the right follow-up duration for the different EEG measures requires 
the performance of new longitudinal observational studies. Two longitudinal EEG 
studies with repeated measures are reported with a decent population size and with 
proven amyloid positivity. Firstly, a study with repeated measures was performed 
in a population with the diagnosis of SCD. Amyloid positive patients showed an 
increase in frontal alpha power over 3 EEG recordings in 24 months (N=88) (Dubois 
et al., 2018). This was proposed to be a compensatory mechanism before oscillatory 
slowing in more progressed AD stages. An increase in relative theta power has, on 
the other hand, shown to be a good predictor of progression of amyloid positive 
SCD patients to mild cognitive impairment (MCI) (Gouw et al., 2017). The claim 
that the, earlier mentioned, compensatory oscillatory activity can be observed before 
oscillatory slowing cannot be proven without capturing the disease trajectory with 
repeated EEG measures whilst the disease progresses. In the study by Dubois et al. 
only 4 of the patients progressed and, unfortunately, the study by Gouw et al. did not 
perform repeated EEG recordings. A second study with repeated EEG recordings 
was performed in amyloid positive (n=72) and negative (n = 54)  MCI patients, which 
observed a significant interaction between time and amyloid status for limbic theta 
power over 24 months of time (Jovicich et al., 2019). It was, however, not reported 
whether this specific result related to cognitive changes. Moreover, it is questionable 
whether 19 channel EEG can reliably measure deep brain structures such as the 
limbic system (see technical limitations below). These studies give an indication 
that theta power could potentially be a good measure to observe disease progression 
and, hence, treatment effects in clinical trials. More research is, however, needed 
to determine the follow-up duration that is needed to observe reliable and clinical 
significant differences in changes of theta power. 
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EEG functional connectivity or network measures could add valid information to 
spectral measures, as shown in chapter 2.2, but solid longitudinal studies with these 
measures are missing. Therefore, although time consuming, to really understand 
the evolution of EEG or MEG (spectral, functional connectivity and functional 
network) characteristics in AD, studies are needed that perform repeated EEG/
MEG measures in amyloid positive patients. Measuring from the moment of no 
cognitive deficits up to dementia will map the true trajectory (or trajectories) of 
the metrics and determine the needed time to follow-up for clinical trials. It could 
potentially also explain the existence of heterogeneity as observed in chapter 4.3. 

The technical limitations of the perfect functional cerebral 
biomarker
Contrary to what the title of this paragraph might implicate, the perfect functional 
biomarker has yet to be discovered. The brain is a complex network of different 
kinds of neurons, in cooperation with other cell types, and is under the influence 
of many internal and external factors. Inconveniently for neuroscience, but 
convenient in traumatic circumstances, the brain is protected by layers of protective 
tissue including the skull. These factors combined make it very difficult to find a 
functional cerebral marker that can accurately measure everything that is going on 
in the brain. On the other hand, in this light it is quite astounding what we can do 
and measure with just 21 simple electrodes on the skull. In the following paragraphs 
technical limitations, challenges, and opportunities of EEG as a functional cerebral 
biomarkers covered will be discussed. MEG and FDG-PET are not discussed in this 
section as they only account for a smaller portion of the thesis.

Because the EEG electrodes do not directly measure the electric activity at the cells 
that produce it, it is a challenge to localize the source. This is called the inverse 
problem. In EEG, different methods have been designed to calculate the source 
of a signal, which is referred to as source-space. For example, low resolution 
brain electromagnetic tomography (LORETA) (Pascual-Marqui, 1999), is a 
method that has been used commonly and which combines the information from 
multiple channels (and the structural image from computed tomography (CT) or 
magnetic resonance imaging (MRI) scans) to localize the source. The resolution 
of this method is, however, dependent on the amount of electrodes used. In a 
conventional 21-channel EEG recording the resolution will be low (Darvas et al., 
2004). Therefore, the added value of source localization in these circumstances is 
questionable and it is a valid choice to use the signal at sensor space level. For some 
research questions source space recordings are required. For these studies high 
density EEG (HD-EEG) or magnetoencephalography (MEG) provide a far better 
spatial resolution. HD-EEG and MEG are from a technical point of view far better 
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than 21-channel EEG. 21-channel, however, wins in terms of feasibility. It is less 
labor intensive compared to HD-EEG and it is available in almost every regional 
hospital compared to only a few sites for MEG. There are, for example, only 2 MEG 
sites in the Netherlands of which one is in a clinical setting.

When analyzing EEG recordings at sensor/electrode level there are several other 
important factors that should be considered when using or interpreting the 
data. Most importantly, the reference of the recording and the effect of volume 
conduction. Volume conduction is the spread of electric signals over the scalp 
to other electrodes (Nunez et al., 1997). This can cause, for example, the strong 
occipital alpha rhythm to leak to frontal channels. It is hard to correct for this 
problem because any corrections might remove true signals. Additionally, to 
record changes in electrical activity a reference is needed. The electrical activity 
in the reference can heavily influence the recordings. During recording one of 
the electrodes is used as a reference but this can later be digitally re-referenced. 
Two commonly used digitally re-reference methods are the average and source 
references (not to be mistaken with source-space) (Hjorth, 1975). These methods 
use the global average and the latter combines this with a local average as reference. 
These can, however, still be driven by dominant rhythms or volume conduction. 
There is no ideal solution to these problems and, therefore, it is important that they 
are kept in mind when analyzing EEG data. 

Volume conduction becomes an important issue when estimating functional 
connectivity (and subsequently functional networks) (Nolte et al., 2004, Stam et 
al., 2007). Signal leakage can cause the occurrence of spurious connections. Two 
ways of correcting for these effects are excluding correlations with zero phase 
lag or orthogonalisation of the signals to each other (Hipp et al., 2012, Stam 
et al., 2007). These corrections are usually done in a pair-wise manner between 
channels but can be done in a multivariate manner as well, correcting for signal 
leakage of multiple channels at once or common drive effects (Brookes et al., 2012). 
Multivariate correction might seem an ideal solution but in practice it removes a 
large part of the true signal. The amount of signal that is left for the connectivity 
analysis is often not enough to produce reproducible results. On the other hand, 
it is questionable whether connections driven by a common source should not be 
seen as true connectivity and whether the exclusion of zero lag connections does 
not filter out a large amount of true connections. In the studies in this thesis we 
chose to do pair-wise corrections. Although true zero-lag connections might be 
lost, it is impossible to differentiate these from volume conduction effects. 
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Evaluation and implementation of functional cerebral biomarkers
To conclude the general discussion we will give a summary of recommendations 
that can be made based on the results of our study. Firstly, the recommended 
functional cerebral biomarker should be based on the study aims and design. Is the 
study aimed to observe group differences, understand pathophysiological changes 
in AD, or track and predict disease progression? EEG oscillatory activity, functional 
connectivity, and functional networks observe differences and track changes with 
respectively relatively large to small differences in AD subjects. EEG oscillatory 
activity is, therefore, more sensitive to changes but functional connectivity and 
functional networks can tell more about the pathophysiology (chapters 3.1, 3.2  
and 4.1). 

Our studies showed the alpha and beta band AEC-c and theta band PLI showed 
the best reproducible differences between SCD and dementia due to AD (chapters 
3.1 and 3.2). Other measures without correction for volume conduction showed 
much larger differences, but if a study is only interested in the most robust group 
differences it would be better to look at spectral differences. Without correction 
for volume conduction it is simply unclear whether real functional connectivity 
is observed. Furthermore, oscillatory measures, such as relative theta power, 
show clear relations with disease progression and severity. Valid functional 
connectivity measures (AEC-c and PLI) can give additional information on other 
pathophysiological changes due to AD.

The study design should be made suitable for a functional cerebral biomarker 
(chapter 4.3). The power of functional markers is that they can be implemented in 
different (neurodegenerative) diseases. But if the study is aimed at disease specific 
effects, other biomarkers, such as CSF Aβ 1-42 in AD, should be used to exclude 
other diseases that could have influence on the biomarker. In AD it is important to 
implement the research framework of the NIA-AA. Other modalities, for example 
CSF NfL, can be used to support the observed effects.

It is important to be careful with cost-efficient choices in study or trial designs 
(chapter 2.1 and 2.2). Performing a study with a short follow-up duration reduces 
the costs but could be less cost-efficient when the biomarker is not reliable or 
sensitive enough to observe differences. Choices can be made based on literature 
showing evidence for reliable follow-up measurements and indications of expected 
treatment effect sizes. Pilot studies can help when such data is unavailable.
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The potential influences of heterogeneity and non-linear longitudinal progression 
on functional cerebral biomarkers provides a difficult challenge in AD disease 
monitoring (chapter 4.2 and 4.3). Where diagnostic markers are aimed at binary 
outcomes, functional markers could aid in understanding the disease by tracking the 
longitudinal changes. However, to really understand what the pathophysiological 
changes are, new longitudinal studies with repeated functional measures are 
needed. Here, data-driven approaches are a potential solution to disentangle the 
heterogeneity of the population.

Functional cerebral biomarkers can be powerful modalities to observe and help 
understand AD related changes. The difficulty of using them lies in the appropriate 
handling of the strengths and weaknesses. But if unraveling Alzheimer’s disease 
would be easy, it would have been done decades ago.
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De ziekte van Alzheimer is de meest voorkomende oorzaak van dementie 
(Association 2018). Van alle patiënten met dementie, heeft 60 tot 80% de ziekte 
van Alzheimer. De mogelijkheden om de ziekte van Alzheimer te diagnosticeren 
zijn de afgelopen 10 jaar drastisch verbeterd. Het is echter nog niet mogelijk om 
het ziekteverloop accuraat te voorspellen en er is nog geen effectieve behandeling 
voor patiënten beschikbaar. Het doel van dit proefschrift was gericht op het 
evalueren en implementeren van functionele cerebrale biomarkers. Waar veel 
verschillende methodes kijken naar de structuur van de hersenen, kijken 
functionele cerebrale biomarkers naar de functie ofwel het presteren van de 
hersenen. We kunnen niet exact meten wat er in allemaal in de hersenen speelt 
maar deze meetmethoden geven een inschatting van onder andere de activiteit en 
functie van het brein. De functionele cerebrale biomarkers die in dit proefschrift 
zijn beschreven zijn gericht op de synaps functie van de hersenen in rust. In de 
hersenen wordt informatie verwerkt en opgeslagen door neuronen. Synapsen zijn 
het deel van de neuronen die zorgen voor overdracht van het signaal van neuron 
op neuron. Deze signalen werden gemeten met behulp van elektro-encefalografie 
(EEG), magneto-encefalografie (MEG) of 18F-fluorodeoxyglucose (FDG) positron 
emission tomography (PET). Bij de verschillende functionele cerebrale biomarkers 
werd gekeken naar de betrouwbaarheid bij het meten van ziekteprogressie, de 
prognostisch voorspellende waarde en het effect van experimentele behandelingen. 
In de komende paragrafen zullen de resultaten van alle hoofdstukken kort worden 
samengevat. In figuur 1 is een overzicht te zien van de verschillende onderzochte 
onderwerpen.
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Figuur 1: Met gebruik van functionele cerebrale biomarkers zijn de volgende eigenschappen 
van de ziekte van Alzheimer onderzocht: pathofysiologische veranderingen, progressie, 
prognose en diagnostiek van verschillende klinische subtypen. Deze uitkomstmaten 
zijn onderzocht met behulp van FDG-PET, met gebruik van kwantitatieve en semi-
kwantitatieve meetmethodes, EEG en MEG, met gebruik van oscillatoire activiteit, functionele 
connectiviteit en functionele netwerken. Verschillende factoren die invloed hebben op de 
betrouwbaarheid van deze metingen werden onderzocht. Onder andere de effecten van 
sensitiviteit, reproduceerbaarheid, heterogeniteit van de studiepopulatie en de werkzaamheid 
van experimentele behandelingen werden onderzocht. Hierbij werd gelet op goed gedefinieerde 
studiepopulaties en studieontwerpen.
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Hoofdstuk 2: Sensitiviteit van functionele meetmethoden en 
doeltreffendheid van experimentele behandelingen.
In hoofdstuk 2 werden er twee experimentele behandelingen bij patiënten met de 
ziekte van Alzheimer onderzocht, het NL-ENIGMA onderzoek en het SAPHIR 
onderzoek.

Het NL-ENIGMA onderzoek richtte zich op het synapsverlies dat optreedt bij de 
ziekte van Alzheimer, naast de accumulatie van het amyloïd- en tau-eiwit in de 
hersenen. Souvenaid is ontworpen om dit synapsverval tegen te gaan door een 
combinatie van nutriënten die essentieel zijn voor synapsformatie te suppleren. 
Met gebruik van FDG-PET werd in het NL-ENIGMA onderzoek het effect van 
Souvenaid op de synapsfunctie geëxploreerd. 50 patiënten met de ziekte van 
Alzheimer deden mee waarbij zij dubbelblind voor 24 weken behandeling met een 
placebo of Souvenaid kregen. Dit wil zeggen dat en de patiënt en de onderzoekers 
niet wisten wie welke behandeling kreeg.

Aan het einde van de studie werd de verandering van het FDG-PET signaal aan 
het begin en aan het einde van studie vergeleken tussen de patiënten met de 
placebo en Souvenaid behandeling. Er werd geen verschil, en dus geen effect van de 
behandeling, tussen de groepen gezien. Er bleken echter een aantal methodologische 
problemen te spelen. Het belangrijkste probleem was dat de patiënten met de 
placebo behandeling, anders dan verwacht, niet achteruit gingen in synapsfunctie. 
Hierdoor kon wel worden gezien dat Souvenaid niet de synapsfunctie verbeterde 
maar niet of het de achteruitgang bij de ziekte van Alzheimer tegen hield. Een 
oplossing voor dit probleem in toekomstige studies is het gebruiken van een grotere 
studiepopulatie of een langere studieduur.

In hoofdstuk 2.2 werd een zogenaamde post-hoc analyse van het SAPHIR onderzoek 
gedaan. Dit wil zeggen dat er een extra analyse is gedaan van de studieresultaten 
nadat de hoofdresultaten zijn gepubliceerd om bepaalde geobserveerde effecten te 
kunnen verklaren. In het SAPHIR onderzoek werden 120 patiënten met de ziekte 
van Alzheimer dubbelblind behandeld met het experimentele medicijn PQ912 of 
een placebo. Aan het begin en aan het einde van de studie werd bij alle patiënten een 
EEG afgenomen. In het SAPHIR onderzoek werd gezien dat het medicijn PQ912 
wel effect had op een oscillatoire maat van algehele synapsfunctie (theta power) 
maar niet op functionele connectiviteit (de communicatie tussen hersengebieden). 
Achteraf rees het vermoeden dat dit kwam door de betrouwbaarheid van de 
gebruikte meetmethode van functionele connectiviteit (phase lag index, PLI). 
Een andere meetmethode, de gecorrigeerde amplitude envelope correlation 
(AEC-c), bleek uit eerdere studies een betrouwbaardere meetmethode (Colclough 
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et al. 2016). De studieresultaten werden daarop opnieuw geanalyseerd maar nu 
met behulp van de AEC-c en PLI in verschillende bandbreedtes. Hierbij bleek 
inderdaad de AEC-c (in de alfa band) een effect van de behandeling met PQ912 
te observeren terwijl de PLI dit niet observeerde. Deze resultaten inspireerden 
ons om een vervolgonderzoek te doen naar de betrouwbaarheid van verschillende 
meetmethoden van functionele connectiviteit in de ziekte van Alzheimer.

Hoofdstuk 3: Reproduceerbaarheid van EEG en MEG functionele 
connectiviteit 
In hoofdstuk 3 werden 2 vergelijkbare studies uitgevoerd. Het doel was om de 
reproduceerbaarheid van de verslechtering van functionele connectiviteit in de 
ziekte van Alzheimer te onderzoeken. Hiervoor werden verschillende meetmethodes 
van EEG en MEG functionele connectiviteit in controles en patiënten met dementie 
door de ziekte van Alzheimer met elkaar vergeleken. 

In de EEG studie werden verschillende veelgebruikte meetmethoden gebruikt 
welke waren berust op de amplitude (zoals de AEC-c), de fase (zoals de PLI) of een 
combinatie van beiden van het signaal. Ook werden de methoden welke wel en niet 
corrigeerden voor ‘’volume conduction’’ met elkaar vergeleken. Volume conduction 
is een ongewenst effect dat wordt veroorzaakt door het ‘’lekken’’ van signaal 
naar andere kanalen waardoor schijnverbindingen kunnen ontstaan. Hiervoor 
corrigeren is echter lastig en kan tot het gevolg leiden dat het originele signaal niet 
meer te onderscheiden is. Er werden twee cohorten opgesteld met beide ongeveer 
400 patiënten. Ongeveer de helft van de onderzochte mensen had dementie 
veroorzaakt door de ziekte van Alzheimer en de andere helft waren gezonde 
controles. Van belang was dat in bij de patiënten met dementie was bewezen dat 
er sprake was van de ziekte van Alzheimer met behulp van amyloïd en tau liquor 
onderzoek danwel amyloïd PET. Dit terwijl deze onderzoeken bij de controles 
negatief waren en dus de ziekte van Alzheimer niet hadden. In beide cohorten werd 
gekeken welke meetmethode voor functionele connectiviteit een reproduceerbaar 
effect lieten zien in verschillende bandbreedtes. De resultaten lieten zien dat 
meetmethoden voor fase dan wel amplitude gebaseerde functionele connectiviteit 
beide reproduceerbare effecten lieten zien. Echter voor de amplitude maten was dit 
in de alfa en beta bandbreedte en voor de fase maten in de theta bandbreedte. De 
beste resultaten werden gezien met de AEC-c en PLI.

Op basis van deze resultaten vergeleek de MEG studie enkel de AEC-c en PLI 
in verschillende bandbreedtes. Zo functioneerde deze studie ook gedeeltelijk 
als validatie van de eerdere studie. Een andere beweegreden was ook dat deze 
studiepopulaties veel kleiner waren (twee cohorten van iets minder dan 60 
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patiënten). Het voordeel van MEG is echter dat deze de hersenen veel beter in 
detail kan weergeven. De studie liet wederom reproduceerbare effecten zien van 
de ziekte van Alzheimer op de AEC-c in de alfa en beta, en de PLI in de theta 
bandbreedte. De meest robuuste regionale effecten van de AEC-c in de alfa en beta 
bandbreedte werden gezien in de bilaterale pariëtale en occipitale cortex (grofweg 
het achterhoofd). De PLI in de theta bandbreedte liet de meest robuuste effecten in 
de linker pariëtale cortex zien. 

Hoofdstuk 4: De relatie tussen heterogeniteit binnen de ziekte van 
Alzheimer en EEG markers
In hoofdstuk 4 is de heterogeniteit van de ziekte van Alzheimer op meerdere 
manieren onderzocht. Waar in hoofdstuk 4.1 het EEG werd onderzocht op 
basis van heterogeniteit in de kliniek, werden in hoofdstuk 4.2 en 4.3 klinische 
karakteristieken onderzocht op basis van heterogeniteit in het EEG.

In hoofdstuk 4.1 werd een specifiek subtype van de ziekte van Alzheimer 
onderzocht, genaamd posterieure corticale atrofie (PCA-AD). Bij de ‘typische’ 
variant van de ziekte van Alzheimer staan met name geheugenklachten op de 
voorgrond (later kunnen ook andere functies zoals taal en executieve functies 
aangedaan raken). PCA-AD begint met visuele klachten waarbij in eerste instantie 
het geheugen gespaard blijft (Crutch et al. 2012). In onze studie werd bij patiënten 
met PCA-AD, typische AD en controles een EEG gemaakt. Tussen de groepen 
werden de oscillatoire activiteit, functionele connectiviteit en functionele netwerken 
met elkaar vergeleken. De resultaten lieten zien dat PCA-AD patiënten ten opzichte 
van typische AD patiënten een sterkere vertraging van oscillatoire activiteit in de 
achterste hersengebieden hadden. De mate van vertraging correleerde in de PCA-
AD groep ook met het niveau van presteren op visuele testen. Verder liet de netwerk 
analyse zien dat mogelijk een verhoogde kwetsbaarheid van het posterieure netwerk 
mogelijk de atypische karakteristieken van PCA-AD kan verklaren.

Een bijzonder fenomeen bij de ziekte van Alzheimer is dat sommige patiënten 
die reeds zoveel achteruitgang hebben dat er sprake is van een dementie wel een 
normaal EEG kunnen hebben (Smits et al. 2011). Gezien de ziekte van Alzheimer 
de synapsen progressief aantast is de verwachting dat dit ook in het EEG te zien 
moet zijn. In hoofdstuk 4.2 werd dit fenomeen onderzocht. 949 patiënten met 
dementie door de ziekte van Alzheimer werden onderzocht op basis van hun EEG. 
Bij alle patiënten werd een visuele score van het EEG gedaan. De patiënten met een 
normaal EEG werden vergeleken met een abnormaal EEG op basis van cognitieve 
testen, magnetic resonance imaging (MRI), liquor onderzoek en er werd over de 
tijd gekeken hoe de scores op de cognitieve testen zich ontwikkelden. In totaal 
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bleek 1 op de 4,5 patiënten een normaal EEG te hebben. Patiënten met een normaal 
EEG scoorden over het algemeen beter op alle cognitieve testen, scoorden relatief 
slecht op geheugentaken en hadden minder globale en pariëtale afname van het 
hersenvolume. Opvallend was met name dat deze patiënten langzamer achteruit 
ging op de cognitieve testresultaten over verloop van tijd. Deze resultaten geven 
aan dat er heterogeniteit is binnen de ziekte van Alzheimer en dat dit geobserveerd 
kan worden met behulp van EEG onderzoek.

In hoofdstuk 4.3 werd de complexe relatief tussen biomarkers in liquor en EEG 
onderzocht. Bij de ziekte van Alzheimer wordt gezien dat het amyloid eiwit in 
de liquor daalt en het tau eiwit stijgt (Jack et al. 2018). Daarnaast laat het EEG 
oscillatoire vertraging zien (Jeong 2004). Eerdere studies lieten een relatie zien 
tussen de vertraging op het EEG en de daling van amyloid en stijging van tau in 
het liquor onderzoek. Er was in deze studies echter niet op gelet of de patiënten 
met de ziekte van Alzheimer daadwerkelijk laag amyloid en hoog tau in hun 
liquor hadden. Om dit te onderzoeken repliceerden wij deze studie waarbij 949 
mensen in verschillende ziekte stadia werden geïncludeerd. Daarna werden de 
relaties tussen het EEG en de liquor waardes onderzocht waar eerst alle patiënten 
zonder aanwijzingen voor de ziekte van Alzheimer in hun liquor niet en daarna 
wel werden geëxcludeerd. Zonder exclusie gaf dit dezelfde resultaten als eerder 
onderzoek en met exclusie verdwenen alle relaties. Dit betekent dat deze relaties 
niet binnen de ziekte van Alzheimer gelden. Ook al bleek deze relatie er niet te 
zijn, we onderzochten daarna of EEG en liquor samen wel meer informatie kunnen 
geven dan alleen. Door het gebruik van unsupervised machine learning werden er 
4 subgroepen binnen de patiënten met de ziekte van Alzheimer gevonden. Deze 
groepen lieten specifieke patronen van EEG en liquor karakteristieken zien en 
verschilden daarnaast in niveau van ziekte progressie en sekse. Meer onderzoek is 
nodig om deze verschillen te kunnen verklaren en om te kijken wat voor andere 
klinische consequenties deze bevindingen kunnen hebben.
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75.  N. Beker: Cognition in Centenarians – evaluation of cognitive health and 
underlying factors in centenarians from the 100-plus Study (02-10-2020)

76.  F. de Leeuw: Nutrition and metabolic profiles in Alzheimer’s disease (03-12-
2020)

77. T. Timmers: Tau PET across the Alzheimer’s disease continuum (02-12-2020)
78. E.E. Wolters: Untangling tau pathology using PET (02-12-2020)
79.  A de Wilde: Visualizing brain amyloid-beta pathology: Toward implementation 

of amyloid imaging in daily memory clinic practice (17-3-2021)
80.  C. Groot: Heterogeneity in Alzheimer’s Disease: A Multi-Modal Perspective (6-

4-2021) (Cum Laude)
81.  D. Bertens: The use of biomarkers in non-demented patients for clinical trial 

design and clinical practice (14-4-2021)
82.  L.E. Collij: The AMYPAD project: Towards the next stage in amyloid PET 

imaging (1-7-2021)
83.  C.T. Briels: Evaluation and implementation of functional cerebral biomarkers in 

Alzheimer’s disease (15-9-2021)
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Portfolio

Portfolio

Activity Date EC 
Courses 
Basiscursus klinisch onderzoekers (BROK) 11 May 2017 1,50 
Scientific Integrity 28 September 2017 & 

1 November 2017 
2,00 

Data Science: Machine Learning 28 January - 20 February 2020 1,43 
Journalistic writing 1 October - 8 November 2020 1,00 

National conferences  
Amsterdam Neuroscience Annual Meeting 
2017 

13 October 2017 0,30 

Science Exchange Day Amsterdam UMC, 
VUmc 2017 

29 September 2017 0,20 

Science Exchange Day Amsterdam UMC, 
VUmc 2018: 
Poster presentation & pitch 

28 September 2018 1,10 

Amsterdam Neuroscience Annual Meeting 
2019 

4 October 2018 0,30 

Science Exchange Day Amsterdam UMC, 
VUmc 2019: 
Poster presentation & pitch 

27 September 2019 1,30 

International conferences 
Alzheimer’s Association International 
Conference 2018 (Chicago, USA): 
Poster presentation at the AAIC and PIA 
preconference 

21-26 July 2018 1,50 

The Brain Conference: understanding and 
targeting Alzheimer’s disease (Copenhagen, 
Denmark): 
Poster presentation 

5-8 May 2019 1,50 

Alzheimer’s Association International 
Conference (Los Angeles, USA): 
Oral presentation at the PIA preconference 
and poster presentation at the AAIC 2019 
conference 

26-31 July 2019 1,50 

IPEG conference Zurich 2018: 
Oral presentation 

21-25 November 2019 1,50 
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Alzheimer’s Association International 
Conference 2020: 
Oral presentation 

21-31 July 2020 1,50 

Other academic activities 
Participation in the Friday midday 
program seminars / journal clubs of the 
Alzheimercentrum 

15 December 2016- 
15 December 2020 

8,00 

Clinical work 15 December 2016-
15 December 2020

10,00
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Het dankwoord, eindelijk kan ik lekker schrijven waar ik zelf zin in heb zonder 
commentaar. Of… toch… niet… gemiddeld leest iedereen alleen het dankwoord 
en hadden we de rest van het boekje net zo goed niet kunnen afdrukken (vandaar 
dat ik ook voor een vrij beperkte oplage heb gekozen). Maar voordat ik verval in de 
traditionele vorm van het dankwoord (bedankt promotoren, bedankt leescomissie, 
etc., etc.…) wil ik nog wat speciale dankwoorden uitbrengen en beloof ik me 
enigszins in te houden en pas op het einde mezelf te bedanken. De meeste 
dankbaarheid voor het mogelijk maken van dit proefschrift gaat namelijk naar 
alle mensen die hebben deelgenomen aan de studies. Zonder deze mensen was 
mijn onderzoek niet mogelijk geweest. Andere factoren die mijn promotie hebben 
mogelijk gemaakt zijn chocomelk, cola, pindakaas, stackexchange en R (ja dat had 
ik het eerste jaar ook niet gedacht). Verder wil ik nog mij afgunst laten blijken voor 
wijn, koffie en COVID-19 die het laatste jaar van m’n promotie een behoorlijk stuk 
saaier heeft gemaakt dan het had kunnen zijn. Ik ben blij dat, tegen de tijd dat 
jullie dit lezen, iedereen een 5G chip (plus de eenmalige update) in zijn of haar 
arm heeft laten installeren waardoor wij (als het goed is) samen mijn verdediging 
kunnen mee maken. Tenslotte, ontken ik alles indien er belastend (beeld) materiaal 
van ‘mij’ wordt getoond tijdens de receptie of borrel. 

Als eerste aan bod in mijn dankwoord, wil ik graag mijn promotiecommissie 
bedanken voor al hun hulp en vertrouwen in mij. Philip, bedankt voor alle steun 
en begeleiding tijdens mijn promotietraject. Juist doordat de begeleiding soms 
ook een beetje afwezig was heb ik ook deels mijn eigen plan kunnen trekken en 
dat lag mij wel. Beste Kees, als Alida en ik het niet wisten dan konden we altijd 
bij jou terecht en kwamen we ook altijd samen tot een oplossing. Bedankt voor 
alle hulp. Het was verder altijd leuk om ons gedeeld ongenoegen te laten blijken 
over een zekere Italiaanse onderzoeker die elke week hetzelfde publiceert in een 
‘consensus’ paper. Alida bedankt voor alle hulp en de dagelijkse begeleiding van 
mijn projecten. Als ik bij jou kwam voor overleg besefte ik me vaak dat ik me weer 
eens verloren had in de eindeloze analyse mogelijkheden in een grote dataset. Het 
hielp mij mijn einddoelen scherp te houden. Hopelijk heb ik je kunnen overtuigen 
dat R echt wel de moeite waard is haha, het heeft bij mij ook even geduurd. Ik denk 
dat iedereen die nog met SPSS werkt een keer moet proberen daar een linear mixed 
model mee te draaien. Dan wil je meteen je laptop uit het raam gooien.

Graag wil ik de gehele leescommissie, bestaande uit prof. dr. W.M. van der Flier, dr. 
V. Jelic, dr. M.R. Tannemaat, dr. C.M.A.A. Roks en dr. E.G.B. Vijverberg, bedanken 
voor het lezen en beoordelen van mijn proefschrift. 
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Verder wil ik natuurlijk ook al mijn andere collega’s bedanken van het 
Alzheimercentrum en van de afdeling KNF! Te beginnen natuurlijk bij bunker 2. 
Ook bekend als the bunker 2 b. Behalve dat ik m’n onderzoek leuk vond was m’n 
promotie natuurlijk nooit zo leuk geweest zonder jullie. Soms praatten we misschien 
iets te veel maar ach, ik heb toch alles op tijd af gekregen! Onze uitjes, samen 
borrelen, ReVue optredens (waar buitenstaanders mogelijk soms iets minder van 
begrepen), parkour in de bunker tot aan cocktails drinken op Santa Monica beach 
zullen me altijd bij blijven. Ik denk dat door onze sfeer in de bunker we juist elkaar 
meer hebben kunnen helpen. Dus bedankt Lianne, Wiesje, Sterre, Nina, Francien, 
Marta, Ingrid, Agnetha, Els, Rosha, Arenda, Jurre, Inger, Rosha, Frederique, Ellen, 
Aniek, Jetske. Een natuurlijk nog een belangrijke extra vermelding voor mijn 
bunkerbuddy Sterre wie mijn paranimf wilde zijn. No worries, ik vond het niet 
erg dat je me oren van m’n hoofd praatte, die noise-cancelling koptelefoon werkte 
overigens voor geen meter. Collega’s van de KNF natuurlijk ook bedankt! Willem, 
Deborah, Anne, Ana, Fernando, Arjen, Janne en Lennard. Naast dat het prettig 
en gezellig werken met jullie was heb ik ook veel gehad aan de wetenschappelijke 
discussie en het bespreken van elkaars werk.

Dan komen natuurlijk de vrienden. Sietske, Martijn, Anniek en Eva, ik ben blij 
dat wij nog steeds zo’n hechte vriendengroep zijn sinds we elkaar hebben leren 
kennen bij SV Cyclades. Ondertussen zijn we ook een soort van elitair PhD groepje 
geworden maar Anniek, ik ben blij dat sommige van ons ook gewoon nog iets 
anders doen met hun leven. Onze chillings in het bos, vreetfestijnen in Fryslân en 
vakanties naar zonnige oorden waren een welkome afwisseling van het werk. Dus 
dat moeten we blijven doen! 

Wendy, Vincent, Sandra en Jamie. Het grappige is dat ik maar 1 jaar Biologie heb 
gestudeerd maar we zien elkaar gelukkig nog steeds. Tegenwoordig gaan we met 
name bordspelletjes samen spelen maar ik zat laatst door een stapel foto’s van ons 
te bladeren waarvan ik dacht, die kan de rest van de wereld maar beter niet zien (ik 
meen het). Stiekem bloeit er nog een biologenhart in mij maar jullie horen praten 
over kitesurfers die dood moeten of vleermuizen die bouwprojecten stilleggen helpt 
ook een heleboel. Vincent natuurlijk ook speciale dank naar jou gezien jij mijn andere 
paranimf wilde zijn! Onze regelmatige hardloopsessies hebben, behalve dat het leuk 
was, zelfs geholpen om na te denken over de juiste keuzes in mijn onderzoek.
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En natuurlijk Tim! We kennen elkaar natuurlijk al heel lang, van trompet spelen 
op het sierplein op Koninginnedag, roadtrippen in USA, biertjes drinken in België, 
wandelvakanties op een veel te hoog tempo uitlopen en gamen op langeafstand 
door de lock-down. Hoop dat we nog vaak kunnen chillen! Ook al ben ik bang dat 
ik je niet meer kan overtuigen om terug naar Amsterdam te komen. 

Mama en papa, Boris, Sven, Amke en Tamara (en natuurlijk Finn, Marek, Ella, Gijs 
en Roef). Ja wat moet ik zeggen zonder dat het een heel zoetsappig verhaal wordt. 
Jullie hebben me altijd gesteund en het is altijd fijn om weer thuis te komen. Ik moet 
wel zeggen dit ik nog steeds niemand gevonden heb die met me op fietsvakantie wil 
maar kampeervakanties met Marieke en wandelvakanties met Tim compenseert dat 
wel.

Lieve Marieke, bedankt voor al je geduld, begrip en steun aan deze nerd en weirdo. 
Niet alleen tijdens mijn promotie en daarbuiten. Ik hoop nog lang met je samen 
te zijn en ooit op een dag kopen we een groot huis met 2 kittens (waarvan er 1 
sowieso Maui gaat heten), een labrador, een caviaheuvel, een konijn (prins Plaus 
van Wortèl), een geit en ik dacht dat jij ook nog een koe wilde. 

Verder, zoals beloofd, wil ik mezelf bedanken gezien ik gewoon lekker altijd m’n 
eigen ding doe. Ik zou iedereen willen aanraden dat ook te doen.

Mocht je nog wat muziek willen tijdens het lezen van dit proefschrift dan raadt ik 
de volgende nummers, in willekeurige volgorde, aan:

The Blues Brothers – Everybody needs somebody
The Lonely Island – Everything is awesome
Rupert Holmes – Escape 
Toto – Africa 
Chef ’Special – Try again
Dino, Frans Duijts – Frans Duits
De Jeugd van Tegenwoordig – Sterrenstof
Goldband – André Kuipers
Daði Freyr – Think about things
Fyr og Flamme - Øve os på hinanden
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