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Neurodegenerative diseases like Parkinson’s (PD) and Alzheimer’s (AD) exhibit considerable
heterogeneity of functional brain features within patients, complicating diagnosis and treatment. Here,
we use electroencephalography (EEG) and normative modeling to investigate neurophysiological
mechanisms underpinning this heterogeneity. Resting-state EEG data from 14 clinical units included
healthy adults (n = 499) and patients with PD (n =237) and AD (n = 197), aged over 40. Spectral and
source connectivity analyses provided features for normative modeling, revealing significant,
frequency-dependent EEG deviations with high heterogeneity in PD and AD. Around 30% of patients
exhibited spectral deviations, while ~80% showed functional source connectivity deviations. Notably,
the spatial overlap of deviant features did not exceed 60% for spectral and 25% for connectivity
analysis. Furthermore, patient-specific deviations correlated with clinical measures, with greater
deviations linked to worse UPDRS for PD (p = 0.24, p = 0.025) and MMSE for AD (p = —0.26, p = 0.01).
These results suggest that EEG deviations could enrich individualized clinical assessment in Precision

Neurology.

As the global population ages rapidly, the number of people over 60 is
expected to double by 2050. This trend coincides with an expected rise in the
prevalence of patients with age-related progressive neurodegenerative dis-
eases, such as Parkinson’s (PD) and Alzheimer’s (AD) diseases, belonging to
cognitive deficits and disabilities in the activities of daily living, culminating
in the diagnosis of dementia. Current estimates project that the number of
people living with dementia is about 50 million and will triple to 153 million
by 2050'. Among them, the majority suffer from AD. Furthermore, the
number of people with PD is expected to reach around 16 million globally.
Notably, there has been no therapy able to cure or stop AD and PD until
now, motivating more research on age-related brain changes in patholo-

gical aging.

Over the past three decades, advances in neuroimaging and electro-
encephalographic (EEG) techniques have provided invaluable biomarkers
reflecting brain dysfunctions, enhancing efforts to describe aging processes,
distinguish between healthy and diseased individuals, and predict disease
progression’”’. However, most research studies have traditionally focused
on MRI and EEG biomarkers derived from group analyses, comparing
healthy controls to patient populations or patient populations along the
disease course or in response to treatments'’. However, by averaging data
across a population, group analyses tend to obscure individual variations,
which can mask important differences in disease progression and response
to treatment at individual level™"". According to Precision Medicine, this
“one-size-fits-all’ methodology fails to account for the unique genetic,

"MINDIG, F-35000 Rennes, France. *Service des Troubles du Spectre de I’Autisme et apparentés, Département de Psychiatrie, Lausanne University Hospital
(CHUV), Lausanne, Switzerland. *Faculty of Science, Lebanese International University, Tripoli, Lebanon. “Department of Biophysics, School of Medicine, Istanbul
Medipol University, Istanbul, Turkey. *Research Institute for Health Sciences and Technologies (SABITA), Neuroscience Research Center, Istanbul Medipol
University, Istanbul, Turkey. élzmir University of Economics, Faculty of Medicine, Izmir, Turkey. ’Izmir Biomedicine and Genome Center, Izmir, Turkey. 8Aix Marseille
Univ, CNRS-UMR 7077, CRPN, Marseille, France. *Departments of Clinical Research and of Neurology, University Hospital of Basel, Basel, Switzerland. °Centre
Hospitalier Université d’Orléans, Service de Neurologie, Orléans, France. ''B-CLINE, Laboratoire Interdisciplinaire pour I'lnnovation et la Recherche en Santé

d’Orléans (LI2RS0), Université d’Orléans, Orléans, France. ?Department of Physiology and Pharmacology “Vittorio Erspamer”, Sapienza
University of Rome, Rome, Italy. *D San Raffaele Cassino Hospital, Cassino FR, Italy. *School of Science and Engineering, Reykjavik

University, Reykjavik, Iceland. e-mail: mahmoud.hassan.work@gmail.com

) Parkinson's
Foundation

npj Parkinson’s Disease | (2025)11:117


http://crossmark.crossref.org/dialog/?doi=10.1038/s41531-025-00957-6&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41531-025-00957-6&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41531-025-00957-6&domain=pdf
http://orcid.org/0000-0001-7758-3302
http://orcid.org/0000-0001-7758-3302
http://orcid.org/0000-0001-7758-3302
http://orcid.org/0000-0001-7758-3302
http://orcid.org/0000-0001-7758-3302
http://orcid.org/0000-0003-0307-5086
http://orcid.org/0000-0003-0307-5086
http://orcid.org/0000-0003-0307-5086
http://orcid.org/0000-0003-0307-5086
http://orcid.org/0000-0003-0307-5086
mailto:mahmoud.hassan.work@gmail.com
www.nature.com/npjparkd

https://doi.org/10.1038/s41531-025-00957-6

Article

environmental, and lifestyle factors that influence each patient’s condition.
Consequently, treatments based on group data may be less effective or even
inappropriate for certain individuals, leading to suboptimal outcomes.

In this context, normative models (NM) emerge as a powerful tool to
make individual-level inferences by describing the population norm and
then assessing the degree to which each individual deviates from these
norms'*'%. While normative charts are well-established in other domains,
such as pediatric growth charts, their application to neuroimaging data is
relatively recent. Similar to how growth charts track a child’s development
by comparing their height and weight to peers, recent MRI studies com-
bined with normative models have endeavored to chart analogous trajec-
tories for brain phenotypes (e.g., gray and white matter volumes, mean
cortical thickness, total surface area, etc.) to map lifespan age-related
changes in brain structure’ " and characterize structural/functional het-
erogeneity in psychiatric disorders'®"®, schizophrenia and bipolar
disorder"’, as well as in neurodegenerative disease as Alzheimer’s disease
(AD)ls,zufzz.

While recent studies have focused on MRI data, the EEG-based nor-
mative modeling field remains largely unexplored. Notably, Lefebvre et al.
used normative models to investigate variability among autistic patients as
compared to healthy controls™. More recently, we charted the trajectory of
brain development in a population aged between 5 and 18 years and mapped
the heterogeneity of psychiatric diseases as reflected in spectral power density
spectra computed at scalp electrodes from resting-state eyes-closed EEG
activity and cortical source functional connectivity estimated from that
activity™. In this study, we utilized normative models and EEG data from 14
datasets to achieve two primary objectives. First, we aimed to chart the tra-
jectory of standard EEG features, including EEG relative power and source-
level functional connectivity, in a cohort of healthy control (HC) individuals
over 40 years old (yo). Second, we leveraged individual-level inferences from
the normative models to map the heterogeneity within AD and PD groups.

Results

Data description

Resting-state eyes-closed EEG data was collected from subjects aged 40 to
92 years, across 14 sites (see “Methods”). Normative models were trained on
400 (46% M) HC participants while 99 (42% M) HC participants were held
out as a comparison group against the clinical cohort. The clinical groups
comprised 237 PD patients (65% M), and 197 AD patients (37% M). An
overview of the age distribution across groups, sex, and sites is provided in
Fig. 1.

Building the normative model

Using a reference sample of HC individuals, we trained a Generalized
Additive Models for Location Scale and Shape (GAMLSS) for each EEG
feature (see “Methods”). Specifically, relative EEG power and cortical source
functional connectivity values were computed at each scalp electrode/
functional connection between cortical source pairs for the frequency bands
of interest (i.e., delta, theta, alpha, beta, and gamma) were modeled. The
optimal distribution family, model parameters (¢, g, v, 7), and covariates
are indicated in Supplementary Tables 4 and 5. The performance and
robustness of our models are depicted in Supplementary Figs. 3-6. Lever-
aging our reference healthy cohort, we generated the typical trajectory
observed in spectral and functional connectivity features. An example of
these normative trajectories at the alpha band is presented in Fig. 2,
showcasing the averaged spectral and connectivity features across channels
and connections Results across frequency bands can be found in Supple-
mentary Figs. 7 and 8.

Heterogeneity within neurodegenerative diseases

After generating the normative trajectories, we projected individuals diag-
nosed with PD and AD, alongside an HC test group, onto these models, and
derived subject-specific deviation scores. Following previous work done by
refs. 14-16,18-20 to quantify within-group heterogeneity, we computed the
number of extremely deviated channels (scalp electrodes)/functional source

connections (|z-scores| > 2) per participant (Supplementary Figs. 9 and 10)
and the percentage of participants with at least one extremely deviated
channel/connection (Supplementary Tables 6 and 7).

Results of the spectral analysis showed that the percentages of parti-
cipants having at least one deviation were relatively low with the highest
values occurring at the theta band (PD: 31.36%, AD: 27.41%, positive
deviation). The values of the negative deviation reached their maximum at
the beta band (PD: 12.71%, AD: 23.35%, negative deviation), indicating that
a good proportion of participants exhibited significant similarities with the
HC persons forming the training HC(train) group. The number of channels
(EEG power density computed at scalp electrodes) per participant nega-
tively deviating from the normative model was significantly greater for AD
compared to HC(test) at the alpha and beta bands (p<0.01,
Mann-Whitney test). Compared to the HC individuals, these patients had
lower EEG power density at those bands. Regarding positive deviations,
both PD and AD groups showed significant differences compared to the
HC(test) group at the theta, alpha, and beta bands (p < 0.05). Compared to
the HC group, these patients had higher EEG power density at those bands.

Unlike the findings from the EEG spectral analysis, we observed an
increase in the number of participants exhibiting at least one extreme
negative/positive deviation in the EEG cortical source connectivity analysis.
Detailed percentages across all frequency bands and disorders are provided
in Supplementary Table 7. Figure 3 demonstrates an example of these
measures at the theta band. Particularly noteworthy are the percentages of
negative extreme deviations in PD across all frequency bands, where they
reached 86.86% at the delta band. Interestingly, PD exhibited a greater
number of extreme negative deviations compared to HC(test), while AD
displayed fewer. Conversely, the PD group had significantly fewer deviated
positive EEG connections at source pairs than the HC(test) group across all
EEG frequency bands except delta, whereas AD exhibited a significantly
higher number of deviated EEG source connections only at the alpha
band (p < 0.05).

Next, interested in searching for a common deviation pattern within
each group, we evaluated the spatial overlap of extreme deviations by cal-
culating the percentage of participants with extreme deviations (|z-score| > 2)
at each channel (EEG power density at scalp electrode)/ functional con-
nection at source pairs within each group to create deviation overlap maps
(Fig. 4a, b). For the EEG spectral features at scalp electrodes, a certain con-
sistency in spatial locations among individuals within the same group was
observed, more prominently within the HC(test) group than within the PD
and AD groups, across all frequency bands. Specifically, we noted some
deviated channels that are shared by more than 60% of individuals within the
same group. These cases correspond to the HC(test) participants evaluated at
the alpha and beta bands (negative deviation), as well as the delta and theta
bands (positive deviation). More than 60% of the PD patients shared com-
mon extremely deviated channels at the theta band (positive deviation).
Similar observations were noted in the case of AD patients at the beta band
(negative deviation).

We then compared the channel-wise overlap maps between PD and
AD groups and the HC group using group-based permutations'’, generating
significant overlap maps (Fig. 4c, d). All results were corrected for multiple
comparisons using false discovery rate (FDR) (p < 0.05). Our results showed
that the overlap maps of both clinical groups, PD and AD, differed sig-
nificantly from the HC(test) group at the delta, theta, and beta bands. In
general, PD patients shared several deviating fronto-central channels for
EEG power biomarker (e.g., 6 out of 19 channels) at the delta band, and 2-3
deviating central channels at the theta and beta bands respectively. As for the
AD group, few channels survived the permutations and correction at the
delta band, while some occipital channels at the theta band and 4 out of 19
left temporal parietal channels at the beta band were significant. Results of
overlap maps and permutations test for the remaining frequency bands are
presented in Supplementary Figs. 11-13.

Regarding the EEG functional source connectivity features, the spatial
overlap of extreme deviations across participants with at least one extreme
deviation was notably low, not exceeding 25% across all cases and EEG
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Fig. 1 | Age distribution overview for the whole study. a Age distribution across healthy and clinical groups. b Age distribution bar plots across sex for each group (lighter

color for female). ¢ Age distribution box plots across different sites. d Data sample distribution across different sites for healthy and clinical groups.

frequency bands, as shown in Fig. 5. This indicates low consistency in the
spatial location of extreme EEG functional source connections among
individuals within the same group. Significant differences, detected through
group-based permutation tests and corrected using FDR, are illustrated in
Fig. 5 for the theta and beta bands and in Supplementary Figs. 14-16 for the
other frequency bands. These results illustrate the variations in the overlap
maps between clinical (i.e., PD and AD) and HC groups. Notably, only EEG
source functional connections with extreme negative deviations survived
the permutations and correction tests.

The results revealed that the majority of significantly deviated EEG
source functional connections belonged to the default mode network

(DMN) network, particularly at the delta (PD: 39%, AD: 44%), theta (PD:
40%, AD: 35%) and alpha (PD: 42%, AD: 44%) bands for both clinical
groups. Detailed proportions across resting-state cortical source networks
for each clinical group and frequency band can be found in Supplementary
Table 8.

Normative model-derived scores as patient-specific markers for
clinical assessment

Given the above demonstrated high within-group heterogeneity of the EEG
biomarkers used, it is crucial to take into account the participant-specific
deviations in any further analysis. Thus, we used the patient-specific
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Fig. 2 | Normative aging trajectories of spectral power and functional connectivity in the alpha band. The median (50th percentile) is depicted with a solid blue line, while
the 5th and 95th percentiles are indicated by dotted blue lines. a NM of the relative power averaged over all channels. b NM of FC values averaged over all connections.
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deviations to compute a new metric called EDI (extreme deviations index)
defined as the averaged EEG source connectivity of the extremely deviated
solutions. This metric was then correlated (Spearman’s correlation) with the
patients’ clinical assessments. For the PD patients, we used their Unified
Parkinson’s Disease Rating Scale (UPDRS) scores as a clinical assessment
measure, and the Mini-Mental State Examination (MMSE) scores as a
global cognitive function. UPDRS and MMSE scores were available for a
total of 86 and 182 PD patients respectively. Similarly, for the AD patients,
we used the MMSE scores, available for a total of 146 AD patients. We found
a significant correlation in the delta band for PD patients with UPDRS
scores (p=024, p=0.0254) and AD patients with MMSE scores
(p=—0.26,p =0.0107), as depicted in Fig. 6. Additionally, for PD patients, a
significant correlation with MMSE scores was observed in the delta band

(p =—0.35, p=10.0000), as shown in Fig. 6, and in other frequency bands
(alpha and gamma), as presented in Supplementary Fig. 17. We also
investigated the correlation between the z-scores of the EDI (z-EDI),
representing the averaged z-scores values of the extreme deviations, and
found a significant correlation for PD patients with MMSE scores in the
theta and beta bands, as shown in Supplementary Fig. 18. These findings
represent a preliminary step toward developing EEG-based patient-specific
markers that can be used for objectively quantifying personalized treatment
modalities.

Discussion
In this study, we aimed to achieve three key contributions. First, we mapped
the aging trajectories of the EEG spectral power at scalp electrodes and EEG
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of common deviation in theta and beta bands respectively. ¢, d Significant overlap
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functional connectivity at cortical source pairs in a HC cohort (>40 yo) as
popular neurophysiological biomarkers of interest. Second, we demon-
strated the electrophysiological heterogeneity among PD and AD patients,
challenging the prevailing reliance on the traditional case-control approach,
and emphasizing the importance of acknowledging individual variability.
Last, the identification of patient-specific markers derived from normative
models showed an association with clinical assessments, which constitutes a
preliminary step in developing EEG patient-specific biomarkers for those
neurodegenerative diseases with potential applications to other neurode-
generative diseases.

First, we aimed to construct electrophysiological normative aging
maps. Thus, we used a normative modeling approach to map the trajectories
of EEG biomarkers (features) of interest throughout the >40 yo lifespan,
providing a reference model to which individual cases can be compared. As
mentioned above, we selected EEG relative spectral power and functional
source connectome across standard frequency bands from delta to gamma
as response variables for the normative models due to their notable pre-
valence in the EEG literature”” and the substantial body of research
reporting age-related alterations in these features during the process of
normal and pathological aging” ™.

For both EEG features and across all frequency bands, we observed
continuous trajectories across age with relatively low variability in averaged
EEG functional source connectivity features compared to spectral features.
These developmental trajectories suggest that the healthy human brain
undergoes gradual development, maintaining a state of stability as indivi-
duals’ age beyond 40 yo. The slow developmental trajectory observed in our

study may be attributed to the brain’s adaptive capacity, accumulated
knowledge, and lifelong experiences that shape brain function over
tinl 628,31—33.

After constructing the typical aging trajectories from the HC cohort, we
sought to elucidate abnormal changes in the electrophysiological aging
maps in neurodegenerative diseases. We focused on characterizing the
extent to which patient metrics deviate from established norms, thereby
providing preliminary insights into the clinical utility of our electro-
physiological normative models. Emerging evidence increasingly suggests
abnormal alterations in EEG spectral power””**® and functional
connectivity’**** associated with AD and PD.

Briefly, our results align with previous findings, demonstrating that
deviation scores in patients were linked to common channels and con-
nections, as shown by the group-based permutation test. In PD patients,
significant overlap was observed in the central lobe across delta, theta, and
beta bands, reflecting the involvement of motor-related brain regions, which
are crucial for motor control and coordination®. This overlap may under-
score alterations in motor-related brain regions in PD, providing insights
into the neurobiological mechanisms underlying disease’s motor
symptoms. In contrast, AD patients showed significant patterns in the left
temporal-parietal lobes in the beta band, which are interestingly associated
with cognitive functions and memory processing®. Alterations in these
regions may be linked to cognitive decline and memory deficits in AD, with
beta-band activity implicated in attention, language, and episodic memory
encoding”, all of which are affected in AD patients. In EEG functional
source connectivity, deviations were less spatially consistent across
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Fig. 5 | Functional connectivity overlap maps. a, b Overlap maps of positive and
negative deviation scores for clinical groups and the held-out healthy control group
(HC(test)) within theta and beta bands respectively, illustrating areas of common
deviation among patients. ¢, d Significant overlap maps of functional connections
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ment scores (MMSE) in the delta band for negative extreme deviations.

participants but predominantly involved the default mode network (DMN)
and dorsal attention network (DAN) networks for both clinical groups
across frequency bands. Based on the comprehensible review*, research
work has documented disruptions within these networks in the context of
neurodegenerative diseases, reflecting their pivotal roles in cognitive pro-
cessing and their susceptibility to age-related pathological changes.
Despite the considerable body of research on the induced alterations in
EEG features associated with AD and PD, findings across studies lack

consistency. Specifically, studies focusing on AD patients have reported
examples of inconsistencies in resting-state EEG functional source con-
nectivity literature™. This variability may be attributed to the lack of a
standardized methodology for EEG acquisition and functional analysis, as
well as the reliance on dataset samples that may compromise the results’
generalizability. We think that a primary contributor to this inconsistency
arises from the inherent heterogeneity among patient populations affected
by PD and AD (and other neurodegenerative diseases), which introduces
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confounding factors often inadequately addressed in group-level analyses.
For instance, despite the general trend of EEG power density shift from
higher to lower frequency bands observed in neurodegenerative disease
groups compared to HC controls, as outlined in recent systematic
reviews”*”, numerous studies have revealed individual heterogeneity
among patients with aging pathologies” ™. The main contributors to this
substantial heterogeneity are phenotypic diversity, reflecting disease sub-
types, and temporal variability, including various disease stages, sex, edu-
cation attainment, and several endogenous and environmental disease risk
factors’™". In our study, the identified heterogeneity in aging EEG func-
tional patterns, characterized by an overlap below 25% for the deviated EEG
functional source connectivity measures, aligns with recent findings from
investigations that utilized structural MRI and normative modeling in aging
cohorts. Indeed, it was shown that spatial patterns of cortical thickness were
heterogeneous among AD patients, with overlapping outliers at the regional
level not exceeding 50% within the AD group™. We believe that the
demonstrated heterogeneity poses a significant barrier to the development
of EEG-based biomarkers. The challenge associated with the group-level
analysis manifests across multiple levels. At the diagnostic level, patients are
typically categorized into distinct groups, assuming uniformity within each
group. Similarly, treatment approaches often adopt a general “one-size-fits-
all’ strategy, overlooking individual differences. To tackle this issue effec-
tively, the development of patient-specific electrophysiological biomarkers
is imperative.

It is noteworthy to highlight the variability observed within the healthy
test cohort. Although the healthy test subjects generally showed minimal
deviations from the normative model, some individuals exhibited deviations
even greater than those observed in the clinical groups (Supplementary
Table 6). This reflects the inherent heterogeneity within the healthy popu-
lation, where individual differences in brain activity can be substantial. Such
variability underscores the need for individual-based analyses rather than
group-level comparisons, as it allows for a more accurate understanding of
brain function across both healthy and clinical populations. Future studies
should consider personalized approaches to better capture these individual
differences and their implications for both health and disease.

On the other hand, it is crucial to recognize that the differentiation
between neurodegenerative diseases, particularly during early and middle
stages, poses a significant challenge in clinical practice due to overlapping
clinical symptoms across different conditions™. In particular, individuals
with mild cognitive impairment (MCI) may share common clinical and
neurophysiological profiles among aging pathologies, adding complexity to
capturing the nuanced variations between conditions™. Our work addresses
this challenge by generating electrophysiological aging trajectories and
leveraging normative models to derive patient-specific deviation scores,
which may offer a refined clinical approach compared to traditional
methods relying solely on raw features. In the framework of Precision
Medicine, the patient’s assessment is aimed at not only providing a clinical
diagnosis by proper in-vivo biofluid or neuroimaging techniques measuring
disease-specific neuropathological species in the brain of PD or AD patients
(e.g., amyloid-beta and tau in AD patients), but also to use reliable and valid
biomarkers accounting for neurobiological, neuroanatomical, and neuro-
physiological underpinnings of the individual clinical manifestations along
the disease course. Along this line, here we proposed normative models and
neurophysiological measures of deviance from resting-state EEG rhythms
reflecting specific alterations in the regulation of quiet vigilance in PD and
AD patients that are quite relevant to the quality of life of patients (e.g.,
watching TV programs, reading books and newspapers, having quiet social
conversation, etc.)’.

It is noteworthy to mention that our clinical dataset comprises AD and
PD patients with MCI. For example, Dataset 7 includes 38 PD patients with
MCI as well as 13 AD patients with MCI. However, the subtype distribution
of patients in other datasets is not explicitly stated, potentially including
cases of dementia and MCI. As part of our future endeavors, we aim to
elucidate patient data regarding subtypes further and use deviation scores
derived from the normative models to distinguish between subtypes within

each disease, motivated by the work of Young et al., who sought to develop a
machine learning tool that enables the discovery of disease subtypes and
stages for precise medicine in neurodegenerative disorders™.

Furthermore, a primary objective of combining EEG and normative
modeling is to establish a patient-specific marker with clinical utility.
Assessing whether extreme deviations in functional metrics are associated
with symptom severity or cognition is crucial. In this study, we examined the
clinical correlates of extremely deviated FC features and demonstrated
significant associations between individual-specific deviations and clinical
assessments for neurodegenerative diseases. Interestingly, the most sig-
nificant correlation results were observed in the delta band, which is notably
associated with brain dysfunction during resting-state conditions and,
consequently, cognitive impairment in neurodegeneration®. Thus, nor-
mative models hold promise for the development of personalized electro-
physiological approaches.

In conclusion, the relevance of the observed deviations from healthy
controls is twofold: first, by quantifying heterogeneity through overlap
maps, we capture individual variability within each disease, highlighting the
need for personalized techniques in future studies; second, patient-specific
biomarkers derived from these deviations demonstrate significant correla-
tions with clinical scores, advancing toward tailored diagnosis and treat-
ment based on normative models.

Several limitations warrant further consideration. First, while our
sample size is substantial for EEG studies (1 ~ 933), it does not reach the
scale often seen in the most important international MRI and fMRI
initiatives, and it may not be fully representative of the general population.
Notably, in this study, EEG data collected from HC participants primarily
fall within the age range (60-70 years), with a notable lack of EEG data above
72 years (see Fig. 1). Further efforts should incorporate additional neuroi-
maging cohorts to achieve a more balanced representation of individuals
across diverse age ranges. We anticipate that EEG-based aging maps
established herein will serve as a dynamic resource, with ongoing updates to
the electrophysiological aging model as more resource data sets become
available. We will specifically focus on integrating longitudinal datasets for a
precise characterization of aging developmental trajectories.

Our data was gathered from 14 distinct spontaneous EEG studies, each
using different EEG systems with varying spatial resolutions (19, 32, 64, 128,
256 channels) and protocols that were not harmonized. To standardize our
analysis for scalp spectral analysis of EEG activity, we mapped all systems to
a common low spatial resolution (19 channels). While this approach
minimize variability across datasets, it may overlook some relevant infor-
mation available from higher spatial resolution setups™. Moreover, the
optimal number of channels required for reliable estimation of functional
networks remains an open question, with some studies suggesting that at
least 64 channels may be necessary for robust source reconstruction”.
Furthermore, the use of different EEG systems with varying technical spe-
cifications and calibration standards could introduce some variability.
Although our preprocessing pipeline and the choice of metrics less sensitive
to amplitude differences addressed this issue to some extent, it remains a
limitation. Future research should explore advanced harmonization tech-
niques, such as Combat family methods to further enhance compatibility
across diverse EEG systemsss. Moreover, sample sizes varied across datasets.
However, to address this issue and identify potential bias arising from
individual datasets, we ran a leave-one-study-out analysis. Results showed
that no specific dataset significantly influenced NM trajectories (see Sup-
plementary Figs. 5 and 6). Another methodological limitation was the use of
fixed EEG frequency bands for delta, theta, and alpha despite the recom-
mendations on the spectral analysis of resting state EEG rhythms by expert
panels of the International Federation of Clinical Neurophysiology and The
Alzheimer’s Association International Society to Advance Alzheimer’s
Research and Treatment™ . These recommendations are based on the
evidence that compared to HC persons, AD and PD patients have a
remarkable frequency slowing of EEG alpha rhythms (even more pro-
nounced in PD than AD patients), suggesting the use of individual alpha
frequency peaks as a landmark to define delta, theta, and alpha frequency
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bands. In the present study, we preferred to use standard frequency bands
for delta, theta, and alpha rhythms to allow a more direct comparability with
the large majority of the EEG literature on PD and AD. Moreover, while this
study focused on scalp-level frequency analysis and source-space con-
nectivity due to their established relevance in neurodegenerative disease
research, we aim to incorporate source-space spectral power analysis in our
future studies to provide a more integrated perspective.

Another challenge of the study arises from the inherent heterogeneity
within patient groups, with individuals exhibiting different stages of PD and
AD diagnosis. For instance, many datasets lack sufficient information to
confirm whether PD or AD patients were at MCI or dementia stages.
Therefore, we focused on examining disease-related electrophysiological
normative model metrics, regardless of the disease stage. Moreover, this
study did not include biomarker data (e.g., cerebrospinal fluid (CSF) ana-
lysis, amyloid PET scans) for neurodegeneration diagnoses, which were
based on clinical criteria. This reflects a limitation of multi-center EEG
datasets and highlights the need for future biomarker-integrated studies for
enhanced diagnostic precision.

Additionally, this study did not comprehensively investigate correla-
tions between EEG findings and clinically relevant variables, such as
symptom profiles, age of onset, illness duration, medication exposure, or
disease severity across disorders. However, we partially explored the influ-
ence of medication on EEG results within the patient cohort. While our
primary aim was to identify underlying neurobiological patterns, it is
important to acknowledge that medication effects may have contributed to
variability in the findings. Given that 92% of PD patients (218 out of 237)
were ON medication during EEG recordings, we assumed that medication
effects were inherently reflected in our analyses, and the outcomes represent
the PD patients’ typical daily conditions with medication intake. To further
address this, we conducted exploratory analyses for the PD group, as
detailed in the Supplementary Materials (Supplementary Table 9 and
Supplementary Figs. 19-22). These analyses showed no significant differ-
ences in z-score deviations for spectral and functional connectivity features
between ON/OFF-medication and ON-only conditions, nor between OFF-
medication and a matched subset of ON-medication patients. However, the
limited sample size of OFF-medication patients restricts the generalizability
of these findings. Future studies are warranted to further explore these
relationships to gain deeper insights into the clinical and therapeutic sig-
nificance of the results. Incorporating medication status as covariates in
normative models will be essential to better account for pharmacological
effects and individual variability.

One limitation of our study is that some datasets included only
19 channels, which may introduce some variability. The optimal number of
channels required for reliable estimation of EEG functional networks
remains an open question. Several studies have shown that some source
reconstruction/connectivity methods require at least 64 channels for robust
estimation®”®', Nevertheless, this does not affect the overall conclusions of
the study, as the high heterogeneity was observed not only at the scalp level
but also at the source-space in datasets with high-density EEG.

In addition, it is recommended for future studies to consider the
diversity of environmental factors as covariates in normative modeling,
particularly given that data is collected from multiple sites with different
socio-economic statuses and education levels, which may influence brain
aging trajectories.

In conclusion, this study utilized popular resting-state EEG biomarkers
and normative modeling to delineate the typical aging trajectories of EEG
spectral power and cortical functional source connectivity features and
explore the electrophysiological heterogeneity in PD and AD patients. Our
findings revealed significant variability in those EEG features among
patients, with deviations from normative trajectories correlating with the
clinical severity. These findings emphasize the emergent need for patient-
level inferences to enhance the accuracy of the neurophysiological assess-
ment in PD and AD patients and inform more personalized treatment
strategies. Further research and clinical validation will be necessary to realize
these potential benefits fully.

Methods

Datasets

Our cohort consisted of 933 individuals, subdivided into a group of healthy
controls (N = 400 in the training set, N = 99 in the held-out testing set) and a
group of 434 participants clinically diagnosed with neurodegenerative dis-
orders, including PD (N=237), and AD (N =197). All participants were
aged above 40 years old (mean = 64.95 £ 10.28; 48% M) and underwent
resting-state EEG recordings with their eyes closed. For subjects with
multiple sessions/runs, only the first session/run was included. The data
were aggregated from 14 distinct studies, each approved by its local ethics
committee, with informed consent obtained from participants or their legal
guardians. For more details about ethics approval, please refer to Supple-
mentary Data 1. The diagnostic criteria used for AD and PD were based on
widely accepted standards, such as National Institute of Neurological and
Communicative Diseases and Stroke/Alzheimer’s Disease and Related
Disorders Association (NINCDS-ADRDA)® and Diagnostic and Statistical
Manual of Mental Disorders (DSM)* for AD, and United Kingdom Par-
kinson’s Disease Society Brain Bank (UKPDSBB)* and Movement Dis-
order Society (MSD) criteria® for PD. A detailed overview of the datasets—
including participants demographics, EEG systems used, data collection
sites, selection and diagnostic criteria, available medication information,
and references for data access/publication—is provided in Supplementary
Data 1. For age distribution across groups, sex, and sites, please refer to Fig. 1.

Data preprocessing

The EEG preprocessing and artifact removal pipeline employed a multi-
stage and automated algorithm, supported by visual inspection. Initially,
EEG signals underwent bandpass filtering (1-100 Hz). All data signals were
downsampled to a common frequency (200 Hz), except for dataset 12,
which was originally sampled at 160 Hz and included without resampling as
it was added after the preprocessing of other datasets. A notch filter was
applied to target the dataset-specific line frequency. Bad EEG channels were
identified using the pyprep algorithm, which employs a RANSAC-based
approach, and interpolated based on neighboring electrode data®. RANSAC
selects a small group of EEG channels, estimates a model based on these
channels, and then identifies potential outliers or bad channels. Next, re-
referencing was applied using the common average reference method to
minimize noise across electrodes. Eye blink artifacts were identified and
rejected using Independent Component Analysis (ICA) the IClabel
algorithm®. A second bandpass filter (1-45 Hz) further refines the data.
Then, EEG signals were segmented into 10-s epochs as a trade-off between
the needed length for computing the connectivity matrices and the available
segment length per site, and the Autoreject toolbox* was used to detect and
clean or reject bad epochs. All EEG datasets underwent the same pre-
processing steps described here, except for dataset 3 (BASEL), which was
already preprocessed as detailed in refs. 69-71.

Scalp-level spectral features

The normative model establishes the relationship between a response
variable and one or more covariates. In this study, we initially focused on the
spectral features of the EEG signal as the designated response variable. This
choice was motivated by the extensive literature highlighting the changes in
EEG power associated with neurodegenerative diseases™’**”””. The power
spectrum density (PSD) for each epoch and each channel is computed using
Welch’s method (1-s Hann window with a 50% overlap, and a spectral
resolution of 0.5 Hz). PSDs are then averaged across all epochs within a
subject. Relative power in specific frequency bands (delta [1-4 Hz], theta
[4-8 Hz], alpha [8-13 Hz], beta [13-30 Hz], gamma [30-45 Hz]) is com-
puted by dividing the absolute power within each narrow band by the total
power of the broader band [1-45 Hz]. For scalp-level spectral analysis, we
downsampled the electrode configurations to a common 10-20 montage to
account for the variability in the number of channels across datasets. We
used the “Nihon Kohden EEG 2100” as the reference because it has the
minimal number of channels (19 electrodes) among the systems used, and
represents a widely accepted standard in clinical and research EEG studies.
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The mapping between the Nihon Kohden and other EEG systems was based
on the name and/or coordinates of the channels. Subsequently, the spatial
alignment of electrodes was visually inspected across datasets to ensure
consistency. A detailed mapping of channel indices is provided in Supple-
mentary Data 2.

Source-level functional connectivity features

We computed EEG-based functional networks using the EEG source con-
nectivity method”. Cortical sources were estimated using the exact low-
resolution brain electromagnetic tomography (eLORETA)™. The noise
covariance matrix was set to an identity matrix and the regularization
parameter was fixed at A = 0.1. Age-specific head models of the brain, skull,
and scalp layers were built using an MRI template of elderly individuals aged
65-69 years’’, employing the Boundary Element Method (BEM) from the
MNE Python package. The forward and inverse models were solved within a
source space of 4098 sources per hemisphere, with approximately 5 mm
spacing. For the source reconstruction and functional connectivity esti-
mation, we used the full channel count available in each dataset, ensuring
that all available information was included. We then downsampled the
source space to 68 representative sources by averaging the sources within
each region defined by the Desikan-Killiany atlas. Subsequently, we
computed the functional connectivity between pairwise regions of interest,
using the amplitude envelope correlation (AEC) method, defined as the
Pearson correlation between signals’ envelopes derived from the Hilbert
transform”””*. To mitigate zero-lag signal overlaps caused by spatial leakage,
we applied a pairwise orthogonalization approach before computing
connectivity”’.

Normative modeling
Normative modeling (NM) aims to establish a normative relationship
between a response variable (behavioral, demographic, or clinical variables)
and at least one covariate (a quantitative biological measure, e.g., age or sex).
To estimate the normative age-related curves for EEG spectral power and
functional connectivity (as response variables), we implemented the Gen-
eralized Additive Models for Location, Scale, and Shape (GAMLSS)® using
the gamiss package. We started by identifying the optimal data distribution
and best-fitting parameters and covariates. Utilizing these specific GAMLSS
models, we obtained nonlinear normative trajectories for each feature and at
each frequency band. The model performance was assessed by the model
convergence, residuals, and Q-Q (quantile-quantile) plots. The model
sensitivity was analyzed with a leave-one-study-out (LOSO) analysis.
Leveraging these population-level normative trajectories, we established
benchmarks for each subject using individualized deviation scores.
GAMLSS are semi-parametric regression models offering a flexible
framework for capturing complex relationships®. They assume a specific
distribution for the response variable, with parameters linked to a set of
explanatory variables through linear or nonlinear predictor functions. The
mathematical formulation of GAMLSS is as follows:

y ~ F(u,0,v,7) (1)
g (1) =X.B,+Zy, + Z $ui(%:) 2)
8.(0) =X, B, + Z,y, + Z 5 (%) 3)
&M =XB,+Zy,+ Z svi(x) 4)
&M =Xp. +Zy, + Z sei(x) )

The response variable y follows a distribution F defined by parameters
(4, 0,v, 7). Each parameter is linked to explanatory variables via the link

function g(), where f represents the fixed effect term and X is its design
matrix. y accounts for the random effects, and Z is its design matrix. s
denotes the non-parametric smoothing function'*". In this study, our
response variable is an EEG-derived feature, and age serves as the main
covariate. The inclusion of other covariates such as sex and data collection
sites is detailed in subsequent sections. Following Bethlehem et al., we used
fractional polynomials as a smoothing function to accommodate non-
linearity while maintaining model stability"’.

The GAMLSS framework provides an extensive range of distribution
families. Here, we used an empirical approach to determine the most sui-
table distribution, by training models across all considered distribution
families (with 3 or more moments, continuous/mixed), and comparing
them using the Bayesian Information Criterion (BIC). The distribution with
the lowest BIC score was selected. This process was systematically applied to
the two features under study. The distributions that best fit the averaged
spectral power and connectivity values are reported in Supplementary
Tables 4 and 5, respectively. In addition, we determined the optimal number
of polynomials for the age covariate and whether to include it in parameters
beyond y by comparing BIC scores across various models.

Model covariates beyond age, including sex and site (considered both
as a fixed effect and a random effect), are empirically selected. Each covariate
is sequentially incorporated into the parameter formulas, and the resulting
models are compared based on their BIC scores. The model with the lowest
BIC score is chosen, determining whether the covariates are retained in the
final model. The final models for spectral and connectivity features are
reported in Supplementary Tables 4 and 5. See Supplementary Figs. 1,2 and
Supplementary Tables 1, 2 for an exploratory analysis of the differences in
EEG feature distributions between male and female participants within each
group. Additionally, statistical analysis for age and sex were applied across
groups and datasets as shown in Supplementary Table 3.

Model evaluation

To evaluate the performance of our models, we examined the normalized
quantile residuals. Visual inspection of the residual plots depicted in Sup-
plementary Figs. 3 and 4 suggests that our models exhibit adequate fit and
quality. Specifically, the residuals plotted against the fitted values and the
index were evenly scattered around the horizontal line at 0. The kernel
density estimation of the residuals displayed an approximate normal dis-
tribution, and the normal quantile-quantile (Q-Q) plots showed an
approximately linear trend with an intercept of 0 and a slope of 1.

To validate the robustness of the model, we conducted a series of leave-
one-study-out analyses. Specifically, we systematically excluded one dataset
from the primary datasets, refitted the GAMLSS models, evaluated all model
parameters, and then extracted developmental trajectories. We then com-
pared these alternative trajectories to those derived from the 14 datasets for
each feature and frequency band. Our findings showed remarkable con-
sistency, with a very high correlation between the trajectories derived from
the primary full dataset and those from the subsets (all 7> 0.88 for spectral
features, all r > 0.90 for FC features), even when large datasets were excluded
(Supplementary Figs. 5 and 6).

Deviation and overlap maps
After parameters selection and validation, we trained GAMLSS models for
each channel/connection across all frequency bands using the healthy
control training group HC(train) (80% of the healthy sample). Subse-
quently, we projected the features data (i.e., relative power and functional
connectivity values), of our clinical groups (PD, and AD) and the held-out
healthy control testing group HC(test) (remaining 20% of the healthy
sample), onto the corresponding models. This process enables us to generate
the individual centiles and calculate the deviation scores (z-scores) using the
quantile randomized residuals approach®, for each channel/connection and
each subject, resulting in an individual deviation map per subject.

An extreme deviation is defined as |z-score| > 2. Consequently, we
derived positive and negative extreme deviation maps for z-scores >2 and <
—2, respectively. We then computed the number of subjects with at least one
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extreme deviation, as well as the number of extreme deviations per subject.
Additionally, for each channel and location, we calculated the percentage of
subjects showing extreme deviations at this specific location among those
with at least one extreme deviation, which resulted in group-specific
overlap maps.

We used group-based permutation tests to assess group differences in
channel/connectivity-level overlap maps'®. This involved shuffling case and
control labels of individual-specific deviation maps. During each iteration,
group labels were permuted, resulting in a new grouping of extreme
deviation maps for each subject based on the shuffled labels. Subsequently,
new overlap maps were computed for both HC(test) and clinical groups. By
subtracting the surrogate HC(test) overlap map from the surrogate clinical
group’s overlap map, an overlap difference map for each disorder was
derived. This procedure was repeated 5000 times to establish an empirical
distribution of overlap difference maps under the null hypothesis of random
group assignment. For each channel/connection, p values were obtained as
the proportion of null values that exceeded the observed difference. Statis-
tically significant effects were identified using two-tailed FDR correc-
tion (p < 0.05).

Data availability

Datasets 1, 2, 4, 11, 12, 13, and 14 are openly accessible on the OpenNeuro,
OSEF, and Zenodo platforms. The corresponding download links can be
found in Supplementary Data 1. Access to other datasets can be made
available upon request.

Code availability

Codes are available at https://github.com/MINDIG-1/NM-neurodeg. We
used gamlss package in R* for statistical modeling, MNE-python package
(https://mne.tools/stable/index.html) for EEG signal processing, and
BrainNet Viewer (https://www.nitrc.org/projects/bnv/).
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