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Abbreviations 

AD Alzheimer's disease 

ADCD Alzheimer's disease with cognitive decline 

ADMCI Alzheimer's disease at the prodromal stage of amnesic mild cognitive impairment 

AUC Area under the ROC curve 

Aβ Amyloid-beta 

BACE1 Beta-site amyloid precursor protein cleaving enzyme 1 

CSF Cerebrospinal fluid 

EEG Electroencephalography 

eLORETA Exact low-resolution brain electromagnetic tomography 

EMIF-AD European Medical Information Framework – Alzheimer's Disease 

FDR False discovery rate 

GEE Generalized estimating equation 

IAF Individual alpha frequency 

LBCD Lewy body disease with cognitive decline 

LBCD Lewy body cognitive decline 

MEG Magnetoencephalography 

ML Machine learning 

MMSE Mini-Mental State Examination 

Nold Cognitively normal older adults 

PCC Posterior cingulate cortex 

PET Positron emission tomography 

PSM Propensity score matching 

rsEEG Resting-state electroencephalography 

SAGE Shapley additive global importances 

sMRI Structural magnetic resonance imaging 

SVM Support vector machine 

T8.5 Task 8.5 

VUmc Vrije Universiteit Medical Center Amsterdam 

WP Work Package 
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1. eBRAIN-Health 

The Project eBRAIN-Health will deliver a distributed research platform for modeling and simulating 
complex neurobiological phenomena of human brain function and dysfunction in a data protection 
compliant environment. It will provide thousands of multilevel virtual brains from patients and healthy 
human controls for research and innovation. Brain data from multiple sources will be pre-processed. 
Solving the societal grand challenge of dementia is a big task. Yet it appears feasible in a collective 
approach. Therefore, we will build an interdisciplinary digital twin for dementia for modeling and 
simulating complex phenomena at the service of research infrastructure communities. eBRAIN-Health-
Cloud will offer end-to-end services for personalized complex brain modeling and simulations in 
distributed e-infrastructures with data protection by design and by default and simulation-ready 
human multiscale brain data that range from molecular (genomics, proteomics, metabolomics) and 
cellular to electrophysiology and imaging to behavioural, clinical, life-style and environmental data as 
well as data from wearables. Brain data are pre-processed and annotated such that they all relate to a 
common reference 3D brain space.  
eBRAIN-Health-Cloud constitutes a blend of three large-scale research programs: the FET Flagship 
Human Brain Project with its EBRAINS Research Infrastructure, the EOSC project Virtual Brain Cloud 
with its Virtual Research Environment for sensitive data and the H2020 project AI-MIND with intelligent 
tools for dementia risk estimation. The project will have synergies to topics of the Digital Europe 
Program, such as artificial intelligence, cybersecurity and supercomputing and the Health Data Space.  
eBRAIN-Health-Cloud offers a next generation clinical research infrastructure and creates an open yet 
protected space for groundbreaking digital health innovation by the research infrastructure 
communities comprising academia and the private sector. 
 

2. eBRAIN-Health consortium 

• CHARITE – Universitaetsmedizin Berlin, Germany 
• EBRAINS, Belgium 
• Forschungszentrum Juelich GmbH, Germany  
• Stichting Radboud Universiteit, Netherlands 
• Universidad Pompeu Fabra, Spain 
• OSLO Universitetssykehus, Norway 
• tp21 GMBH, Germany 
• Fraunhofer Gesellschaft zur Foerderung der Angewandten Forschung eV, Germany 
• INDOC RESEARCH EUROPE gGmbH, Germany 
• Universitaet Wien, Austria 
• Universidad Complutense de Madrid, Spain  
• EODYNE Systems SL, Spain 
• ATHENA – Research and Innovation Center, Greece  
• University of Oslo, Norway 
• Universita degli Studi di Roma la Sapienza, Italy 
• Alzheimer Europe, Luxembourg  
• Institute National de Recherche en Informatique et Automatique, France 
• Centre Hospitalier Universitaire Vaudois, Switzerland 
• The University of St Andrews, United Kingdom 
• Eidgenössische Technische Hochschule Zürich, Switzerland 

 
  Find the partners on our website 

https://ebrain-health.eu/consortium.html
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3. Introduction 

This deliverable (D8.3) presents work conducted under Task 8.5 (T8.5): Individual prediction of 
behavioral and clinical phenotypes in the presence of very large confound spaces. T8.5 aims to 
compare machine learning techniques for modelling molecular features of the Alzheimer's disease 
spatiotemporal signature in EEG and MEG space, using cerebrospinal fluid (CSF) proteomic markers 
from over 600 individuals across the EMIF-AD PreclinAD study, EMIF-AD 90+ study, and a subset of the 
Amsterdam Dementia Cohort. The overarching goal is to elucidate the molecular mechanisms 
underlying neurophysiological alterations across disease stages, and to use this understanding to 
support individual-level prediction and disease stratification. 
 
Alzheimer's disease is a biologically heterogeneous condition in which individuals sharing the same 
diagnosis can differ substantially in their underlying molecular pathology, neurophysiological 
signatures and clinical trajectories. This heterogeneity poses a fundamental challenge for both 
research and clinical practice, given treatments that might be helpful for one patient may be ineffective 
for another. Advancing our ability to stratify patients based on their biological and neurophysiological 
profiles is therefore critical for the development of precision medicine approaches. A key question in 
this context is how molecular disease processes, neurophysiological network activity and clinical 
trajectories are related to each other. Therefore, understanding the relationship between molecular 
pathology and large-scale neurophysiological activity will largely advance disease insight. EEG and MEG 
provide non-invasive, scalable, and temporally sensitive measures of brain function that can capture 
these dynamics in vivo. Secondly, machine learning approaches applied to neurophysiological data 
might therefore offer a promising route toward cost-effective tools that can classify patients into 
biologically meaningful subgroups and predict individual clinical trajectories. Even without the need 
for lumbar puncture or specialized imaging. Four complementary studies are presented in this 
deliverable, which together address disease stratification from two angles: characterizing the 
neurophysiological correlates of molecular disease heterogeneity, and developing machine learning 
models that can classify and predict clinically relevant patient subgroups using EEG-based biomarkers. 
 

Impact on Other Tasks and Work Packages 

The findings presented in this deliverable are directly relevant to the broader aims of Task 8.3 
(Developing Disease Stratification Models), which aims to develop machine learning models for 
identifying biologically meaningful patient subgroups. The four studies in this deliverable contribute to 
these aims in different but complementary ways. VUmc Study 1 establishes how molecular markers of 
early amyloid pathology are reflected in neurophysiological activity across preclinical disease stages, 
identifying candidate EEG and MEG feature sets linked to specific biological processes. VUmc Study 2 
directly tests whether electrophysiological network signatures differ across molecularly defined 
patient subgroups, providing preliminary evidence that neurophysiological biomarkers can capture 
biologically meaningful stratification. UNIRM1 Study 3 demonstrates that EEG-based machine learning 
models can achieve clinically meaningful classification between distinct dementia syndromes, a 
prerequisite for any stratification framework aimed at routing patients to appropriate interventions. 
UNIRM1 Study 4 establishes that EEG biomarkers enriched with clinical and genetic information can 
predict individual cognitive trajectories with accuracy comparable to invasive CSF biomarkers, and 
provides a pipeline ready for cross-validation on the AI-Mind database and the eBRAIN-Health Virtual 
Brain services. Together, these studies provide both the biological grounding and the computational 
methodology to advance disease stratification in Alzheimer’s disease. 
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4. Partners involved 

VUmc – Senne Lageman, Pieter Jelle Visser 

UNIRM1 – Claudio Babiloni, Susanna Lopez, Veronica Henao Isaza 

 

5. Description of work performed 

Overview  

Four studies were conducted under T8.5, addressing disease stratification from two angles. Two 
studies were conducted by VUmc. The first investigated associations between cerebrospinal fluid (CSF) 
proteins related to amyloid metabolism and synaptic integrity and MEG-based measures of neural 
activity. We studied this relationship in cognitively normal monozygotic twins from the EMIF-AD 
PreclinAD study, using a twin discordance model to capture the earliest stages of preclinical AD. The 
second study examined whether resting-state EEG features differ across the five established CSF 
proteomic subtypes of AD (Tijms et al 2024) in participants from the Amsterdam Dementia Cohort, 
providing the first empirical link between molecular disease heterogeneity and large-scale 
neurophysiological activity. 

Two further studies were conducted by UNIRM1. The third study developed and validated a machine 
learning pipeline using individual-frequency resting-state EEG (reEEG) feature for the differential 
diagnosis of Alzheimer's disease and Lewy body disease, as well as cognitively normal older adults. The 
fourth evaluated the accuracy of standard ML algorithms in predicting one-year cognitive decline in 
patients with AD with mild cognitive impairment (MCI), using rsEEG biomarkers enriched with genetic 
and demographic information. 

Together, these studies characterize what drives heterogeneity in neurophysiological signatures across 
patient subgroups, and demonstrate that EEG-based machine learning models can classify and predict 
clinically relevant outcomes at the individual level. 
 
5.1. VUmc 1: CSF Proteins of Amyloid Metabolism and Synaptic Integrity are associated 

with Relative Power in Cognitively Normal Older Twins 

5.1.1. Study design and rationale  
Alzheimer's disease (AD) is pathologically characterized by the accumulation of amyloid-beta (Aβ) 
plaques and neurofibrillary tau tangles, which can precede symptom onset by up to 20 years (1). One 
hypothesis is that early pathology may arise from, or be amplified by, aberrant neuronal activity and 
synaptic dysfunction(2, 3). Understanding how proteins related to amyloid metabolism and synaptic 
integrity are therefore related to neural activity may therefore shed light on the earliest mechanisms 
driving disease development. MEG enables direct measurement of neural oscillations across frequency 
bands. Initial MEG studies reported increased fast alpha activity (8–13 Hz) and decreased slow delta 
power (0.5–4 Hz) in cognitively normal Aβ-positive individuals (4, 5), yet other studies report seemingly 
contradictory findings, including increased slow theta activity (4–8 Hz) and reduced functional 
connectivity (6, 7). A proposed explanation is that early AD involves a dynamic transition from a 
neurophysiologically hyperactive to a hypoactive state (5, 8).  

The present study addresses this in three analytical steps. First, we examined whether protein-neural 
associations exist at all in the full sample. Second, we tested whether these associations differ as a 
function of amyloid status, since different disease stages may carry opposing effects. This binary Aβ-
positive/negative classification is, however, a hard threshold that does not capture the gradual nature 
of amyloid accumulation, and individuals within the same group may be at quite different points in 
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their disease trajectory. Therefore, we finally applied a monozygotic twin discordance model as a cross-
sectional proxy for preclinical amyloid stages (9). Given AD's high heritability, twin pairs are expected 
to share similar Aβ trajectories, yet environmental or non-deterministic processes can cause 
discordance in amyloid status within pairs. When one twin is Aβ-positive while the co-twin remains 
Aβ-negative, the negative twin is likely approaching conversion. By comparing pairs who are 
concordant Aβ-negative (Stage 0), discordant (Aβ-negative co-twin = Stage 1; Aβ-positive co-twin = 
Stage 2), or concordant Aβ-positive (Stage 3), we modelled the preclinical continuum more finely 
(Figure 1).  

 
Figure 1. Staging model of amyloid pathology in genetically identical twins 
Based on the high heritability of Alzheimer’s disease and the concordance/discordance of CSF Aβ42/40 status 
within genetically identical twin pairs, we defined the following stages: 
Stage 0:  both twins Aβ- (concordant negative), representing low (genetic) risk 
Stage 1:  the Aβ- twin in a discordant pair, considered at high genetic risk and likely to convert to Aβ+ 
Stage 2:  the Aβ+ twin in a discordant pair, representing very early amyloid aggregation, while co-twin is still 
Aβ- 
Stage 3:  both twins Aβ+ (concordant positive), representing high genetic risk and a more advanced amyloid 
stage 

 

5.1.2. Participants and Data Acquisition 
120 cognitively normal older monozygotic twins were selected from the Netherlands Twin Register 
enrolled in the EMIF-AD PreclinAD study(10). MEG data were recorded using a 306-channel whole-
head system (Elekta Neuromag Oy) in a magnetically shielded room, with participants in supine 
position with eyes closed. Recordings consisted of 5 minutes eyes-closed, 2 minutes eyes-open, and a 
second 5-minute eyes-closed block; the first 5 minutes of eyes-closed data were used for analysis. 
Source reconstruction was performed using an atlas-based beamformer method projecting MEG data 
to 246 regions of interest (ROIs) of the Brainnetome Atlas (BNA). Relative spectral power was 
computed across canonical frequency bands (delta 0.5–4 Hz, theta 4–8 Hz, alpha 8–13 Hz, beta 13–30 
Hz) globally and for four specific regions: hippocampus, precuneus, posterior cingulate cortex (PCC), 
and orbital gyrus. 

CSF samples were collected via lumbar puncture. Concentrations of proteins involved in amyloid 
metabolism (Aβ1-38, Aβ1-40, Aβ1-42, BACE1) and reflecting synaptic integrity (neurogranin, total tau 
(t-tau), and phosphorylated tau 181 (p-tau)) were quantified using ELISA assays (ADx 
NeuroSciences/EUROIMMUN). Amyloid positivity was defined by an Aβ42/40 ratio below 0.066. 

 

5.1.3. Statistical Approach  
Generalized estimating equation (GEE) models were used throughout, accounting for familial 
clustering. Associations between relative spectral power and protein levels were assessed with GEE 
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models including age and sex as covariates. Interaction effects of amyloid status × protein 
concentration on neural activity were tested to identify protein-neural associations that differed 
between Aβ-positive and Aβ-negative individuals. The twin discordance staging model was further 
used to test whether protein-neural associations evolved across the four stages (0–3) of the cross-
sectional twin model of preclinical AD. Results were corrected for multiple comparisons using FDR (p 
< 0.05), with trends reported at p < 0.1.  

 

5.2. VUmc 2: EEG Signatures Across CSF Proteomic Subtypes of AD 

5.2.1. Study design and rationale  
Electrophysiological studies in Alzheimer's disease have consistently reported spectral slowing and 
reduced functional connectivity in late-demetia stages. However, findings in earlier stages are 
considerably more heterogeneous, with reports ranging from preserved and increased activity, to 
oscillatory slowing starting in early phases. One explanation is that this reflects genuine biological differences 
between individuals. Large-scale CSF proteomics has identified five molecularly distinct subtypes within AD: 
neuronal hyperplasticity (Subtype 1), innate immune activation (Subtype 2), RNA dysregulation (Subtype 3), 
choroid plexus dysfunction (Subtype 4), and blood-brain barrier impairment (Subtype 5) (11, 12). These subtypes 
differ in genetic vulnerabilities, atrophy patterns, and clinical trajectories, and may give rise to different 
neurophysiological profiles. 

The aim of Study 2 was to examine whether resting-state EEG features differ across the five CSF proteomic 
subtypes, to determine whether the heterogeneity commonly observed in EEG research in AD can be at least 
partly attributed to the co-existence of molecularly distinct patient subgroups. 

 

5.2.2. Participants and Data Acquisition 
Participants were drawn from the Amsterdam Dementia Cohort when they had both molecular 
subtyping and EEG data available. Subtype assignments were inherited directly from the previously 
established large-scale CSF proteomics classification(12). Resting-state EEG recordings (approximately 
20 minutes) were acquired as part of standardized clinical assessment using a BrainRT system (500 Hz 
sampling rate, 23 electrodes in the 10–20 system, average reference). Eyes-closed resting-state 
segments were selected for analysis. Preprocessing was performed using the EEGPype pipeline (13), 
including band-pass filtering, independent component analysis (ICA) for artefact removal, and 
selection of 10 artefact-free 8-second epochs per participant. Quantitative EEG features were 
extracted, comprising relative spectral power across standard frequency bands and functional 
connectivity measures including phase lag index (PLI) and amplitude envelope correlation (AECc). 

 
 
5.2.3. Statistical Approach 
Analysis of covariance (ANCOVA) models were used to compare EEG features between all groups 
(subtypes compared to controls and to each other), adjusting for age and sex. A second model was ran 
with subtypes only, additionally adjusted for clinical diagnosis (subjective cognitive decline, mild 
cognitive impairment, or AD dementia) to account for the unequal distribution of clinical stages across 
subtypes. Multiple comparisons were corrected using Benjamini-Hochberg FDR correction; p < 0.05 
was considered significant after correction. 
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5.3. UNIRM1 1 EEG Signatures Across CSF Proteomic Subtypes of Alzheimer’s 

5.3.1. Study design and rationale  
Lewy body (LB) and Alzheimer’s (AD) diseases are the most prevalent progressive neurodegenerative 
diseases, causing severe cognitive deficits and disability (Arvanitakis et al., 2019). Differential diagnosis 
is clinically urgent but challenging: both diseases share partially overlapping clinical profiles, yet their 
management differs critically — antipsychotics safe in patients with cognitive deficits due to AD (ADCD) 
can be fatal in those with LB (LBCD; (McKeith et al., 2017, 2020; McKhann et al., 2011). Indicative or 
supportive diagnostic biomarkers (cerebrospinal fluid, CSF; DAT single-photon emission computed 
tomography, SPECT; amyloid positron emission tomography, PET) are invasive or limited to specialized 
centers. Resting-state EEG (rsEEG) offers a non-invasive, cost-effective, and indicative biomarker for 
detecting patients with LBCD (McKeith et al., 2017, 2020). Indeed, patients with ADCD and LBCD show 
well-documented alterations in alpha power, spectral slowing, and thalamocortical dynamics relative 
to cognitively normal older adults (Nold; Babiloni et al., 2020a; 2025; Bonanni et al., 2016; Schumacher 
et al., 2020). The specparam algorithm (Donoghue et al., 2020) decomposes the rsEEG power spectrum 
into an aperiodic component (Exponent, reflecting excitation/inhibition balance; Gao et al., 2017) and 
subject-specific periodic peaks (IAF, power, bandwidth), thereby bypassing fixed-band assumptions. 
These features show strong test-retest reliability (Li et al., 2024; Henao Isaza et al., 2026). During 
eBrain-Health WP8 activities, the UNIROMA1 Unit validated an ML pipeline that combines individual-
frequency specparam extraction with RF, SVM, and LR classifiers under rigorous confounder control 
and SAGE explainability — the first study to cover all three clinically relevant pairwise contrasts in the 
PDWAVES cohort used in the following work package 8 (WP8) study (N = 319; Henao Isaza et al., in 
preparation). 

 

5.3.2. Participants and Data Acquisition 
The pipeline runs on the PDWAVES consortium (https://www.pdwaves.eu/; N = 319: 99 Nold, 127 
LBCD, 93 ADCD; five sites in Italy and Turkey). Specparam v1.0 (Donoghue et al., 2020) is applied to 
the 1-30 Hz rsEEG of five scalp regions, yielding 14 features per region — aperiodic Exponent and 
Offset; individual alpha frequency (IAF), IAF power (IAFpow), IAF_band width according to the 
Spectparam (BW); individual beta frequency (IBF) with analogous measures; and six aperiodic-
corrected rsEEG band powers (Delta, Theta, Alpha1/2/3, Beta) — 70 features per participant total. 

 

5.3.3. Statistical and Machine Learning Approach 
Within each of 10 nested cross-validation (CV) folds (Varoquaux et al., 2017), the Propensity Score 
Matching (PSM) framework  (Austin, 2011) balances groups on age/sex; k-NN imputation handles 
missing values; linear covariate residualization removes age/sex/education/site variance; the 
Synthetic Minority Over-sampling Technique (SMOTE; Chawla et al., 2002) corrects class imbalance; 
and random forest (RF), support vector machine (SVM), logistic regression (LR) machine learning 
classifiers are trained with inner-fold hyperparameter search. Feature importance is ranked by SAGE 
(Covert et al., 2020), a game-theoretic global importance measure. 
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5.4. UNIRM1 Study 2: WP8 on the enriched resting-state EEG prediction of cognitive 
decline in prodromal Alzheimer’s disease  

5.4.1. Study design and rationale  

The diagnosis of Alzheimer’s disease (AD) is based on measuring amyloid-beta 1–42 (Aβ1–42) and 
phosphorylated tau in cerebrospinal fluid or plasma, as well as imaging these toxic proteins with 
positron emission tomography (PET) (Jack et al., 2024).  

In patients with AD, abnormalities in brain resting-state EEG rhythms have been observed (Babiloni et 
al., 2020), promising to be a biomarker of vigilance dysfunction in the disease progression.  In this 
original study, we evaluated the accuracy of standard machine learning (ML) algorithms in predicting 
1-year cognitive decline in Alzheimer’s disease patients with mild cognitive impairment (ADMCI) using 
rsEEG) biomarkers enriched with APOE genotype, sex, age, and educational attainment data.  

 

5.4.2. Participants and Data Acquisition 
The study analyzed datasets from 63 ADMCI patients obtained from an international archive. Inclusion 
and exclusion criteria for ADMCI participants are described elsewhere (Del Percio et al., 2025). ADMCI 
status was defined as positive for core CSF AD biomarkers, as detailed below, together with a 
neurodegenerative pattern compatible with AD on structural magnetic resonance imaging (MRI) or 
FDG-positron emission tomography. All MCI participants were negative for CSF biomarkers. The 
participants underwent a comprehensive neuropsychological assessment.  

The rsEEG recordings were acquired using routine clinical digital EEG systems approved for diagnostic 
use. All recordings were performed in the morning to minimize circadian variability. Standard 
instructions for the resting-state condition emphasized staying awake, in a relaxed wakeful state with 
spontaneous mentation, and following the experimenter’s requests to keep the eyes closed and open 
during the rsEEG recording. Participants’ behavioral state was continuously monitored during EEG 
recordings. A standard 19-electrode montage, positioned according to the international 10–20 system 
(O1, O2, P3, Pz, P4, T3, T5, T4, T6, C3, Cz, C4, F7, F3, Fz, F4, F8, Fp1, Fp2), was used across all clinical 
centers and for subsequent analysis for the removal of artifacts, computation of rsEEG power density 
spectrum and eLORETA source estimation (Del Percio et al., 2015). 

 
5.4.3. Statistical Approach 

The ML algorithms included Simple Logistic Regression, Model Trees, Logistic Regression, K-nearest 
neighbor, and Support Vector Machine. Input features comprised lobar rsEEG source activities across 
delta (<4 Hz) to alpha (≈10-12 Hz) bands, cerebrospinal fluid (CSF Ab1-42/p-tau), and structural sMRI 
biomarkers. Cognitive decline was assessed over a 1-year follow-up (“stable” vs. “decliner”) based on 
Mini-Mental State Examination (MMSE) scores. 

 
 

  

https://elifesciences.org/articles/77850#bib2
https://elifesciences.org/articles/77850#bib2
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6. Results 

6.1. VUmc 1: CSF Proteins of Amyloid Metabolism and Synaptic Integrity are associated 
with Relative Power in Cognitively Normal Older Twins 

6.1.1. Sample Characteristics  
120 cognitively normal older twins were included (52 complete twin pairs and 16 singletons). Of these, 
101 were Aβ-negative and 19 were Aβ-positive. As expected, CSF levels of Aβ38, BACE1, neurogranin, 
t-tau, and p-tau were significantly higher in the Aβ-positive group (all p < 0.01). There were no 
significant group differences in age, sex or relative power at baseline. 

 

6.1.2. CSF proteins and relative power across the full sample 
We first tested associations between protein levels and relative power across canonical frequency 
bands in the full sample. We found that elevated BACE1 levels were associated with lower global theta 
power (pFDR < 0.05), and regionally with lower theta power in the hippocampus, precuneus, and PCC, 
and higher alpha2 power in the precuneus (all pFDR < 0.05) (Figure 2A). Elevated Aβ38 levels were 
associated with higher peak frequency in the precuneus and PCC (pFDR < 0.05 and pFDR < 0.01 
respectively) (Figure 2B). Together, these findings indicate that proteins involved in amyloid 
metabolism are associated with a shift toward faster oscillatory activity, particularly in regions known 
for early amyloid accumulation. 

 

     
Figure 2. Scatterplots illustrating associations between CSF protein levels and relative MEG power in the full 
sample. Panel A shows the association between precuneus theta power and BACE1 levels, and panel B shows 
the association between precuneus peak frequency and Aβ38 levels. Protein levels and power measures are z-
scored. 

 

6.1.3. Amyloid status modulates the Association between Proteins and neural activity  
Interaction analyses revealed that associations between proteins and relative power differed 
significantly between Aβ-negative and Aβ-positive individuals. For the Aβ42/40 ratio, a lower ratio was 
associated with higher delta and lower beta power in the orbital gyrus specifically in Aβ-positive 
individuals (pFDR < 0.001 and pFDR < 0.1, respectively) (Figure 3A-B). However, the clearest reversals 
observed for neurogranin and t-tau (interaction pFDR range = 0.007-0.098) (Figure 3). In Aβ-negative 
individuals, higher neurogranin was associated with lower theta power in the hippocampus and 
precuneus and higher alpha2 and beta power in the hippocampus (all pFDR < 0.1, trends), while higher 
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t-tau was associated with lower delta power and higher beta power and peak frequency in the 
hippocampus (pFDR range = 0.012–0.068) (Figure 3C-F). In Aβ-positive individuals, these patterns 
reversed: higher neurogranin was associated with higher delta power and lower beta power in the 
orbital gyrus, and lower peak frequency in the hippocampus and orbital gyrus (pFDR range = 0.041-
0.093), while higher t-tau was associated with higher theta power and lower beta power in the orbital 
gyrus (both pFDR < 0.05) (Figure 3C-F). Hence, elevated protein levels reflecting synaptic integrity were 
consistently linked to faster oscillatory activity in Aβ-negative individuals and oscillatory slowing in Aβ-
positive individuals across regions. This suggests a dynamic shift in the neurophysiological response to 
AD pathology that depends on amyloid status. 

 

Figure 3. Scatterplots illustrating several significant interaction effects between amyloid status and protein 
levels for selected associations between protein levels and relative power. Panels show associations between 
orbital gyrus delta power and Aβ42/40 ratio (A), orbital gyrus beta power and Aβ42/40 ratio (B), precuneus 
theta power and neurogranin (C), hippocampal peak frequency and neurogranin (D), orbital gyrus theta power 
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and t-tau (E), and hippocampal beta power and t-tau (F). Findings suggest in Aß- individuals (shown in blue) 
elevated protein levels are associated with lower slow-frequency power and higher fast frequency power, 
whereas in Aß+ individuals (shown in red) a shift occurs to oscillatory slowing, with elevated protein levels being 
associated with lower fast-frequency and higher slow-frequency power. Protein levels and power measures are 
z-scored. 

 

6.1.4. Twin Discordance Model for Neurophysiological Change 
Applying the twin discordance staging model in 104 individuals from 52 twin pairs, a consistent and 
progressive pattern emerged across regions (Figure 4). In the concordant Aβ-negative group, 
elevated protein levels associated with amyloid metabolism and reflecting synaptic integrity (Aβ38, 
BACE1, neurogranin) were associated with decreased slow-frequency and increased fast-frequency 
power, most prominently in the hippocampus (β range = -0.264 to 0.382, pFDR range = 0.013-0.055). 
In the concordant Aβ-positive group, this reversed to increased slow-frequency and decreased fast-
frequency power across delta, theta, alpha and beta bands (β range = -0.635 to 0.585, pFDR range < 
0.001–0.083). In the discordant groups, the strongest effects were for the Aβ42/40 ratio, where a 
lower ratio was associated with reduced alpha2 power and peak frequency in the hippocampus (β 
range = 0.983-2.059, pFDR range < 0.001–0.014), suggesting the neurophysiological shift begins 
already at this intermediate stage. Effects in the precuneus, PCC and orbital gyrus largely mirrored 
hippocampal findings. In the orbital gyrus, additional associations emerged for neurogranin and t-tau  
in the concordant Aβ-positive group, where higher protein levels were associated with higher delta 
and theta and lower beta power (pFDR range < 0.003-0.033). 

The reversal observed across twin concordance stages, from faster activity in the concordant Aβ-
negative group to oscillatory slowing in the concordant Aβ-positive group, aligns with computational 
models and human fMRI studies suggesting a U-shaped trajectory of neural activity across the AD 
continuum, where activity initially increases with early pathology before declining as disease 
advances(5, 14). These results may also provide context for previously conflicting findings in the 
literature, as studies reporting either hyperactivity or oscillatory slowing in preclinical AD may have 
sampled individuals at different points along this trajectory (7, 15). These findings highlight that the 
neurophysiological response to AD-related pathology is not static but evolves across the preclinical 
continuum. This underscores the importance of considering disease stage when interpreting 
electrophysiological biomarkers, and suggesting that the apparent inconsistencies in the MEG and 
EEG literature may in part reflect where on this trajectory individuals were sampled. 
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Figure 4. Scatterplots illustrating several significant interaction effects across twin concordance stages for 
selected associations between protein levels an relative power.. Panels show associations between precuneus 
theta power and Aβ38 (A), hippocampal alpha2 power and Aβ38 (B), hippocampal theta power and 
neurogranin (C), hippocampal beta power and neurogranin (D), orbital gyrus theta power and t-tau (E), and 
hippocampal beta power and t-tau (F). suggesting in concordant Aß- individuals (shown in blue) elevated 
protein levels are associated with lower slow-frequency power and higher fast frequency power, whereas over 
the twin staging model, in concordant Aß+ individuals (shown in red) a shift occurs to oscillatory slowing, with 
elevated protein levels being associated with higher slow-frequency and lower fast-frequency power. Protein 
levels and power measures are z-scored. 

 

6.2. VUmc 2: EEG Signatures Across CSF Proteomic Subtypes of AD 

6.2.1. Sample Characteristics  
After quality filtering of EEGs, 134 individuals were included: 36 amyloid-negative controls and 98 
amyloid-positive individuals across five subtypes (Subtype 1, n = 31; Subtype 2, n = 13; Subtype 3, n = 
20; Subtype 4, n = 15; Subtype 5, n = 19). Controls were youngest (mean 57.6 years), while Subtype 2 
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was oldest (mean 69.8 years). APOE ε4 carriership was higher in all subtype groups (68–83%) compared 
to controls (29.4%). Subtype 3 was predominantly composed of AD dementia cases (85%). 

 

6.2.2. Spectral Power Differences between Subtypes and Controls 
Subtype 3 (RNA dysregulation) showed the most consistent differences from controls, with several 
findings surviving FDR correction: elevated delta (β = 0.48, pFDR < 0.001), reduced alpha1 (β = −0.69, 
pFDR < 0.001), and reduced alpha2 power (β = -0.46, pFDR = 0.015), together reflecting a pronounced 
pattern of spectral slowing (Figure 5). Additional trends were observed for higher theta (β = 0.35, pFDR 
= 0.05) and lower beta power (β = -0.32, pFDR = 0.067) in Subtype 3, higher delta in Subtype 1 (β = 
0.18, pFDR = 0.16), and higher theta in Subtype 4 (β = 0.38, pFDR = 0.05), none of which survived FDR 
correction. No other subtype differed significantly from controls. In between-subtype comparisons, 
Subtype 3 showed higher delta compared to all other subtypes (β range 0.25-0.38, pFDR range 0.016-
0.11) and lower alpha1 and alpha2 compared to Subtypes 1, 4, and 5. None of the between-subtype 
comparisons survived FDR correction after adjusting for clinical diagnosis, likely reflecting limited 
power given the small subgroup sizes. It is also worth noting that Subtype 3 contains the highest 
proportion of AD dementia cases (85%), though the clinical severity and the electrophysiological 
slowing may both be downstream consequences of the same underlying molecular process, as Subtype 
3 is associated with faster progression and shorter survival (12).  

 

 
Figure 5. Relative power in the delta, theta, alpha1, alpha2 and beta bands across the subtypes and controls. 
Boxes represent the median and interquartile range; individual data points are overlaid and colored by clinical 
diagnosis (ADD = Alzheimer's disease dementia; MCI = mild cognitive impairment; SC = subjective cognitive 
decline). Models were adjusted for age and sex. * p<0.05, * p<0.01, * p<0.001, * p<0.05, † pFDR, †† pFDR<0.01, 
††† pFDR<0.001 
 
 
6.2.3. Functional connectivity Differences between Subtypes and with Controls  
Subtype 1 (neuronal hyperplasticity) showed higher alpha-band AECc connectivity compared to 
controls (β = 0.032, pFDR = 0.059) and lower theta-band PLI connectivity (β = -0.13, pFDR = 0.081), 
both remaining at trend level after FDR correction (Figure 6). The elevated amplitude connectivity in 
Subtype 1 might be in line with a state of early network hyperactivity. This subtype is characterized by 
upregulation of synaptic and axonal proteins, is associated with the mildest clinical course and longest 
survival (12), and is the subtype most likely to represent an early hyperexcitable network state. 
Subtype 3 showed lower AECc beta connectivity compared to Subtype 1 when comparing subtypes 
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directly while adjusting for clinical siagnosis, but this did not remain significant after FDR correction (β 
= -0.16, pFDR = 0.55). Taken together, Subtypes 1 and 3 consistently emerged at opposite ends of the 
neurophysiological spectrum. 

The absence of significant findings for Subtypes 2, 4, and 5 is likely due in large part to their small 
sample sizes after quality filtering (n = 13, 15, and 19 respectively). We are currently working to 
increase sample sizes across all subtypes (up to n=346). Future analyses will also stratify within 
subtypes by clinical diagnosis, which will be essential for disentangling the neurophysiological 
signatures specific to each subtype's molecular biology from those attributable to disease stage. 

 

 
Figure 6. Functional connectivity, as measured by AECc in the alpha and beta bands and PLI in the theta band 
across the subtypes and controls. Boxes represent the median and interquartile range; individual data points 
are overlaid and colored by clinical diagnosis (ADD = Alzheimer's disease dementia; MCI = mild cognitive 
impairment; SC = subjective cognitive decline). Models were adjusted for age and sex. * p<0.05 (uncorrected) 
 
 
 
6.3. UNIRM1 Study 1: Use of machine learning tools for the ranking of the discrimination 

ability of aperiodic and periodic resting-state EEG spectral components in patients with 
cognitive deficits due to Alzheimer's and Lewy body diseases 

6.3.1. Individual-frequency aperiodic and periodic EEG features can differentiate Alzheimer's disease 
from Lewy body disease 

 
Individual-frequency EEG features separate all three groups above chance: AUC = 0.858 for LBCD vs 
Nold, 0.769 for ADCD vs Nold, and 0.736 for LBCD vs ADCD — the latter two being difficult contrasts 
even with invasive biomarkers (Henao Isaza et al., in preparation). Results were consistent across four 
preprocessing conditions and four feature-selection strategies (All, Boruta, k-Best, Recursive Feature 
Elimination, RFE). SAGE identified three distinct neurophysiological signatures: for LBCD vs Nold, 
parietal aperiodic Exponent (#1, 0.039) and occipital IAF (#2, 0.033) signal aperiodic steepening and 
alpha slowing; for ADCD vs Nold, occipital IAF bandwidth (#1, 0.025) and frontal IAF (#2, 0.023) indicate 
selective disruption of the alpha peak shape; for LBCD vs ADCD, occipital IAF (#1, 0.068) and occipital 
Exponent (#2, 0.066) encode the largest inter-syndrome difference. Across all contrasts, the occipital 
region is most discriminative, aperiodic features dominate for LBCD, and IAF measures are central to 
all comparisons (Carpi et al., 2025). Results are summarized in Table 1.  
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Comparison N Model AUC (mean±SD) Accuracy Precision Recall 
LBCD vs Nold N=195 RF 0.858 ± 0.067 78.9% 85.9% 81.0% 
ADCD vs Nold N=158 RF 0.769 ± 0.131 67.8% 71.9% 74.4% 
LBCD vs ADCD N=211 SVM 0.736 ± 0.124 67.3% 76.1% 69.4% 

 

Table 1. Classification performance (area under the ROC curve, AUC, ± standard deviation (SD), accuracy, 
precision, recall under PSM + covariate residualization, all 70 specparam features, 10-fold nested CV. Best 
classifier per contrast shown. N: matched sample after PSM. LBCD: Lewy body cognitive decline; ADCD: 
Alzheimer's cognitive decline; RF: Random Forest; SVM: Support Vector Machine. PSM: Propensity Score 
Matching. 

 

6.3.2. Non-invasive EEG as a scalable tool for differential diagnosis between dementia syndromes 
 

This WP8 pipeline enables clinically relevant, non-invasive differential diagnosis of LBCD, ADCD, and 
Nold from a brief rsEEG — no lumbar puncture, contrast agent, or specialized imaging required, 
making it scalable to routine neurology clinics. Accurate LBCD-ADCD differentiation directly guides 
safe pharmacological management (avoiding neuroleptics in LBD), informs prognosis, and improves 
trial stratification. AUCs of 0.86 (LBCD vs Nold) and 0.74 (LBCD vs ADCD) compare favorably with 
those of published EEG-based classifiers (Meghdadi et al., 2021; Schumacher et al., 2020). The SAGE 
features provide mechanistic interpretability: steeper aperiodic Exponent in LBCD reflects altered 
excitation/inhibition balance linked to cholinergic and dopaminergic denervation (Gao et al., 2017; 
Babiloni et al., 2020a), while IAF bandwidth disruption in ADCD points to posterior alpha network 
pathology (Babiloni et al., 2025). 
 
 
6.4. UNIRM1 Study 2: WP8 on the enriched resting-state EEG prediction of cognitive decline in 

prodromal Alzheimer’s disease  

6.4.1. Enriched rsEEG biomarkers predict one-year cognitive decline in prodromal AD patients 
In the patients of the youngest ADMCI group (< 70 years), the prediction of the cognitive status of 
“decliners” or “stable” showed a moderate accuracy with the above biomarkers: (1) sensitivity of 
61.6% for the “decliners” and specificity of 71.3% for the “stable” patients from the enriched rsEEG 
biomarkers; (2) sensitivity of 70% for the “decliners” and specificity of 72.5% for the “stable” patients 
from the enriched sMRI biomarkers; (3) sensitivity of 50.9% for the “decliners” and specificity of 75.1% 
for the “stable” patients from the enriched CSF biomarkers; and (4) sensitivity of 75.3% for the 
“decliners” and specificity of 73.2% for the “stable” patients from the all those biomarkers used 
together as a gold standard.   

In the patients of the oldest ADMCI group ≥ 70 years, the AI tool predicted the patients’ cognitive 
status a bit better: (1) sensitivity of 73% for the “decliners” and specificity of 80.1% for the “stable” 
patients from the enriched rsEEG biomarkers; (2) sensitivity of 66.9% for the “decliners” and specificity 
of 76.9% for the “stable” patients from the enriched sMRI biomarkers; (3) sensitivity of 77.3% for the 
“decliners” and specificity of 66.2% for the “stable” patients from the enriched CSF biomarkers; and 
(4) sensitivity of 77% for the “decliners” and specificity of 78.1% for the “stable” patients from the all 
those biomarkers used together.   

Table 1 systematically reports the above performance (%) of the ML tools used to predict the cognitive 
status of “decliners” or “stable” ADMCI patients evaluated at 1-year follow-up.  
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Artificial intelligence tool (SVM, 3-NN, LOG, and SLO) performances  

ADMCI Age ≥ 70 years  

KAPPA  F-MEASURE  AUROCC  Markers  
0.47  0.79  0.68  rsEEG  
0.40  0.68  0.70  sMRI  
0.42  0.75  0.68  CSF  
0.49  0.78  0.76  ALL together  

ADMCI Age < 70 years  
KAPPA  F-MEASURE  AUROCC  Markers  

0.27  0.65  0.56  rsEEG  
0.23  0.63  0.60  sMRI  
0.36  0.71  0.69  CSF  
0.33  0.70  0.68  ALL together  

 

Table 2. Performance (%) of the ML tools used for the prediction of the cognitive status of “decliners” or “stable” 
ADMCI patients evaluated at the 1-year follow-up. Each ADMCI individual was classified as “stable” or “decliner” 
based on the difference in the MMSE score between the baseline and 1-year follow-up (for details, see the section 
“Methods”). Specifically, the results concern the averaged performances of the four ML tools among three 
different thresholds to define each ADMCI individual as “stable” according to the difference in the MMSE score 
baseline minus 1-year follow-up: (i) ≥ -1, (ii) ≥ 0, and (iii) ≥ -1. The results of the ML experiments with those three 
definitions were averaged to obtain prediction accuracy (%) less affected by the measurement error of 1 point in 
the MMSE score. For each tool, the prediction was based on standard resting-state eyes-closed 
electroencephalographic (rsEEG) data, structural magnetic resonance imaging (sMRI) data, and cerebrospinal 
fluid (CSF) biomarkers, enriched with information on APOE4 genetic risk of AD, age, sex, and education 
attainment. The performance of the AI tools was indexed with the following percentage indexes: (1) Kappa 
statistics, (2) F-measure, and (3) Area Under the Receiver Operating Characteristic Curve (AUC). The ADMCI 
patients were stratified into one group with individuals aged <70 years and another with individuals aged≥70 
years.  

 

6.4.2. EEG as a potential accessible instrument for individual-level clinical prediction in AD 
 

This exploratory study evaluated the accuracy of combined AI-ML tools in predicting cognitive decline 
in ADMCI patients at 1-year follow-up, using enriched rsEEG biomarkers (lobar rsEEG source activities 
across the delta-to-alpha bands).  

The study results showed moderate predictive accuracy for cognitive decline in ADMCI patients aged 
≥ 70 years using standard ML tools implemented on many software platforms (e.g., MATLAB, Python) 
and noninvasive, cost-effective rsEEG biomarkers enriched with the above demographic and disease 
risk variables. These rsEEG biomarkers provided predictive values comparable to those of the CSF and 
sMRI biomarkers enriched with the same variables. This outcome underscores the potential of rsEEG 
biomarkers in the instrumental assessment of ADMCI patients. Overall, the present results motivate 
future cross-validation longitudinal studies using larger samples of ADMCI patients, more disease 
risk/protective factors (e.g., lifestyle, physical activity, socioeconomic, socio-affective, and 
environmental factors), and serial follow-ups to address the statistical comparison of the AI-tool 
predictive performances between the enriched rsEEG, sMRI, and CSF biomarkers.   
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6.4.3. Publication 
Babiloni C, Lopez S, Noce G, Del Percio C, Lizio R, Jakhar D, De Bartolo M, Ferri R, Carducci F, Catania 
V, Soricelli A, Salvatore M, Arnaldi D, Famà F, Brugnolo A, Pardini M, Giubilei F, Stocchi F, Vacca L, 
Coletti C, D'Antonio F, Bruno G, Güntekin B, Hanoğlu L, Yırıkoğulları H, Yener G, Russo G, Marizzoni 
M, Frisoni GB, Rotondo R, D'Alessandro T, Cilia ND, De Pandis MF, Santoro A, Marziali S, De Stefano 
C, Fontanella F. Enriched resting-state EEG prediction of cognitive decline in prodromal 
Alzheimer's disease: a machine-learning approach. Clin Neurophysiol. 2026 Jun;186:2111860. 
doi: 10.1016/j.clinph.2026.2111860.  

 

 

7. Conclusion, next steps 

This deliverable presented four complementary studies conducted under Task 8.5, each contributing 
to the broader goal of disease stratification in Alzheimer's disease through the characterization of 
neurophysiological biomarkers and the development of EEG-based machine learning approaches. 

Across the four studies, a consistent theme emerged: Alzheimer's disease is not a single, uniform 
condition, and this heterogeneity is measurable in the electrophysiological signal. VUmc Study 1 
showed that the relationship between AD-related proteins and brain oscillatory activity is not static 
but depends on amyloid status and shifts progressively across preclinical disease stages. From a 
pattern of faster oscillatory activity in the earliest amyloid-negative stages to oscillatory slowing as 
amyloid pathology becomes established. This stage-dependent reversal suggests that 
neurophysiological biomarkers reflect genuine biological processes in the earliest phases of AD, and 
that the timing of measurement relative to disease stage matters substantially for their 
interpretation. VUmc Study 2 showed that this heterogeneity extends to clinically diagnosed AD as 
well: patients belonging to molecularly distinct CSF proteomic subtypes show partially different 
neurophysiological profiles, with Subtype 3 (RNA dysregulation) displaying the most pronounced 
spectral slowing and Subtype 1 (neuronal hyperplasticity) showing a trend toward preserved or 
elevated network connectivity. This provides the first empirical link between molecular disease 
heterogeneity and large-scale network organization, and suggests that at least part of the variability 
in EEG findings across AD studies may reflect genuine biological subgroup differences rather than 
noise. 

The UNIRM1 studies demonstrated that EEG-based machine learning models can translate this 
neurophysiological heterogeneity into clinically useful stratification tools. Study 3 showed that 
individual-frequency aperiodic and periodic EEG features can differentiate Alzheimer's disease from 
Lewy body disease and cognitively normal aging with meaningful accuracy, providing a non-invasive 
and scalable alternative to invasive or specialized diagnostic biomarkers. Study 4 showed that rsEEG 
biomarkers enriched with demographic and genetic information can predict one-year cognitive 
decline in prodromal AD patients with accuracy comparable to CSF and structural MRI biomarkers, 
establishing EEG as a viable instrument for individual-level prediction. 

Together, these findings support the view that neurophysiological biomarkers are sensitive to 
biologically and clinically meaningful differences between patient subgroups in AD, and that machine 
learning approaches can exploit this sensitivity for classification and prediction. This lays empirical 
and methodological groundwork for future integration of EEG-based features into disease 
stratification frameworks. 

Intended Use and Limitations 
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The methods and results described in this deliverable are intended for research and innovation 
purposes within the eBRAIN-Health and associated projects. They are not intended for direct clinical 
diagnostic or therapeutic decision-making at the individual patient level. Any future clinical 
application would require independent validation and regulatory assessment in accordance with 
applicable EU medical device regulations. 

VUmc Study 1 is cross-sectional in design and the twin discordance model provides an approximation 
of longitudinal disease progression but cannot replace true longitudinal data. VUmc Study 2 was 
conducted on a subset of the available cohort with small subtype group sizes, which limits statistical 
power. The unequal distribution of clinical diagnoses across subtypes cannot be fully eliminated by 
statistical adjustment. UNIRM1 Studies 3 and 4 are based on retrospective datasets with moderate 
sample sizes, and findings require prospective cross-validation before conclusions about clinical 
utility can be drawn. 

Next Steps 

For VUmc Study 1, the current approach will be extended by incorporating broader CSF proteomics 
data, moving beyond individual proteins to investigate the molecular pathways and biological 
processes underlying the neurophysiological changes identified here. 

For VUmc Study 2, analyses will be expanded to the full available cohort at the Amsterdam Dementia 
Cohort, increasing statistical power for detecting subtype-specific differences. Future analyses will 
also stratify within subtypes by clinical diagnosis, to separate neurophysiological effects specific to 
the molecular biology of each subtype from those driven by disease severity. 

More broadly, a valuable direction for future studies is to combine the insights from these four 
studies. This work could use EEG features that are sensitive to molecular subtype membership or 
preclinical disease stage as inputs to stratification models, and testing whether such biologically 
grounded features improve classification performance relative to EEG features alone. These are 
natural next steps that will be pursued as data and resources allow. 
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