GeroScience
https://doi.org/10.1007/s11357-026-02325-5

ORIGINAL ARTICLE

®

Check for
updates

Abnormal periodic and aperiodic resting-state
electroencephalographic markers in Lewy body
and Alzheimer’s diseases with cognitive decline

Matteo Carpi

- Antonio Pio Afragola - Mina De Bartolo - Susanna Lopez - Burcu Béliikbas -

Claudio Del Percio - Veronica Henao Isaza - Roberta Lizio - Giuseppe Noce - Lorenc Barjami -

Filippo Carducci - Andrea Soricelli - Marco Salvatore - Franco Giubilei - Bahar Giintekin - Gorsev Yener *
Federico Massa - Dario Arnaldi - Francesco Fama - Matteo Pardini - Raffaele Ferri - Bartolo Lanuzza -
Fabrizio Stocchi - Laura Vacca + Chiara Coletti - Moira Marizzoni + John Paul Taylor + Lutfu Hanoglu -
Harun Ymrikogullar - Giovanni B. Frisoni - Sofia Cuoco - Paolo Barone - Marianna Amboni -

Arianna Cappiello - Laura Bonanni - Anita D’Anselmo - Roberta Biundo - Simone Cauzzo *

Eleonora Fiorenzato - Angelo Antonini - Fabrizia D’Antonio - Giuseppe Bruno - Francesco Infarinato -
Paola Romano - Simone Marziali - Maria Francesca De Pandis - Claudio Babiloni

Received: 18 December 2025 / Accepted: 13 May 2026
© The Author(s) 2026

Abstract Lewy body disease (LBD) and Alzhei-
mer’s disease (AD) are the most common causes
of cognitive decline and dementia and are associ-
ated with characteristic alterations in resting-state
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electroencephalographic (rsEEG) activity. This mul-
ticenter exploratory study investigated periodic and
aperiodic rsEEG features in patients with cognitive
decline due to Lewy body disease (LBCD) and Alz-
heimer’s disease (ADCD), compared with cogni-
tively unimpaired older adults (Nold), and examined
the clinical relevance of these markers in LBCD. A
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total of 140 LBCD, 135 ADCD, and 118 Nold data-
sets from the PDWAVES archive underwent spectral
parameterization to decompose rsEEG power spectra
(1-30 Hz) into periodic peaks and aperiodic back-
ground activity. Both clinical groups showed a signif-
icant slowing of the individual alpha frequency (IAF),
more pronounced in LBCD, along with reduced peri-
odic alpha and beta power reflected in a lower vigi-
lance index. The aperiodic exponent was elevated in
both groups, and the aperiodic offset was also higher
in LBCD, suggesting steeper spectral profiles consist-
ent with increased inhibitory cortical tone. Within
the LBCD group, poorer cognition was associated
with higher low-frequency alpha power, whereas bet-
ter cognition was predicted by higher high-frequency
alpha power. A reduced vigilance index was associ-
ated with the presence of visual hallucinations, while
no associations emerged for other symptoms. These
findings suggest that combined periodic and aperi-
odic rsEEG features may provide relevant markers of
altered vigilance regulation in LBCD. Future stud-
ies should evaluate whether these EEG markers can
inform targeted interventions, such as neuromodula-
tory or audiovisual stimulation, to stabilize quiet-vigi-
lance states and improve clinical outcomes.
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Graphical abstract Panel A shows the spectral
parameterization of rsEEG activity into periodic
and aperiodic components. Panel B summarizes the
main group differences in key rsEEG markers across
LBCD, ADCD, and Nold participants. Panel C shows
the topographical associations between the vigilance
index and cognition and visual hallucinations in
LBCD:; colors reflect the direction and strength of the
associations. For the visual hallucinations map, nega-
tive log-odds indicate lower odds of hallucinations
for higher vigilance index values, whereas positive
log-odds indicate higher odds; values around+1.5
correspond approximately to odds ratios of 0.22 and
4.5, respectively. Abbreviations: rsEEG, resting-
state electroencephalography; LBCD, cognitive
decline due to Lewy body disease; ADCD, cognitive
decline due to Alzheimer’s disease; Nold, cognitively
unimpaired older adults; IAF, individual alpha fre-
quency; MMSE, Mini-Mental State Examination; p,
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standardized regression coefficient; log-odds, logistic
regression coefficient.

Periodic and aperiodic rsEEG markers in LBCD vs ADCD vs Nold

A. Spectral parameterization separating periodic
and aperiodic rsEEG components
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B. Key group differences in periodic and aperiodic rsEEG markers
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Introduction

Lewy body disease (LBD) and Alzheimer’s disease
(AD) are the most common age-related neurode-
generative conditions leading to progressive cogni-
tive decline and dementia [1, 2]. Although clinical
guidelines prioritize neuropsychological evaluations
and standardized rating scales for assessing cognitive

Visual hallucinations (vigilance index log-odds)

l 15
I -1.5

Log-odds

impairment, the identification of reliable biomarkers
remains essential for prevention, early diagnosis, and
optimization of disease-modifying interventions.

In Alzheimer’s disease with cognitive decline
(ADCD), etiological diagnosis is based on cer-
ebrospinal fluid (CSF) markers and positron emis-
sion tomography (PET) evidence of amyloid- and
tau pathology, while structural magnetic resonance
imaging (MRI) contributes critically to monitor-
ing neurodegeneration [3, 4]. In contrast, a defini-
tive neurobiological diagnosis of LBD with cogni-
tive decline (LBCD) remains challenging because
in vivo detection of Lewy bodies, which are primarily
composed of aggregated a-synuclein and ubiquitin,
is currently unfeasible [5, 6]. Diagnosis, therefore,
relies on clinical core features, specifically recurrent
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visual hallucinations, persistent cognitive fluctuations
in attention and alertness, and rapid eye movement
(REM) sleep behavior disorder (RBD). This clinical
assessment can be complemented by indicative bio-
markers such as dopamine transporter (DAT) imag-
ing via single-photon emission computed tomography
(SPECT) or positron emission tomography (PET),
iodine-123 MIBG myocardial scintigraphy, and poly-
somnographic confirmation of RBD [5, 6]. Support-
ive diagnostic elements include occipital or cingulate
hypometabolism or hypoperfusion on SPECT/PET,
relatively preserved medial temporal lobe volume
on MRI, and increased delta (<4 Hz) and theta/pre-
alpha (4-7 Hz) resting-state electroencephalographic
(rsEEG) power [5].

Notably, rsEEG abnormalities are a commonly
observed yet often underrecognized feature of both
LBCD and ADCD, possibly reflecting impaired regu-
lation of quiet vigilance states that characterize both
the prodromal stage of mild cognitive impairment
(MCI) and dementia [7, 8]. In fact, across several
studies, patients with ADCD and LBCD have been
repeatedly characterized by increased slow-frequency
power and a shift of the dominant alpha peak toward
lower frequencies (<8 Hz), coupled with markedly
reduced posterior alpha power [9-11].

More recently, research on AD and LBD has begun
to examine the contribution of the aperiodic compo-
nent of rsEEG power spectra, conceptualized as non-
oscillatory background neural activity with a charac-
teristic 1/f~like decay. Periodic rsEEG peaks (such as
those in the alpha or beta ranges) are superimposed
on this broadband background, which decreases grad-
ually with increasing frequency [12, 13]. By applying
spectral decomposition methods such as the spec-
param algorithm (formerly known as FOOOF, i.e.,
fitting oscillations and one over f), periodic and ape-
riodic spectral features can be dissociated and quanti-
fied independently [12].

From a neurophysiological perspective, the peri-
odic and aperiodic components of rsEEG power
spectra convey distinct but complementary infor-
mation that may be relevant for neurodegenera-
tive diseases. Periodic oscillatory peaks reflect
the synchronous activity of thalamocortical and
cortical circuits that regulate quiet vigilance and
sensorimotor gating in idling mode [7, 14-16].
Conversely, the aperiodic exponent (i.e., spectral
slope) is generally believed to reflect large-scale
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excitation-inhibition (E/I) balance, with steeper
slopes suggesting increased inhibitory tone and/
or reduced excitatory activity [17-19]. In turn, the
aperiodic offset (i.e., the intercept of the broadband
component) has been associated with neuronal fir-
ing rates and synaptic input and shows meaning-
ful correlations with resting-state blood oxygen
level-dependent (BOLD) functional MRI [20, 21].
Together, these parameters provide a neurophysi-
ological proxy for cortical metabolic activity and
arousal levels.

In a growing number of studies, the specparam
algorithm and alternative spectral parameterization
method (e.g., irregular resampling auto-spectral anal-
ysis; [22]) have been successfully applied to charac-
terize age-related rsEEG aperiodic changes in cogni-
tively unimpaired older adults as well as in patients
with ADCD, LBCD, and related disorders [23-30].
Furthermore, results obtained using this approach
have demonstrated good test-retest reliability [31,
32] and robustness to mathematical harmonization
accounting for the confounding effects of different
equipment and procedures in multicenter studies [25].

Across this literature, separating periodic and
aperiodic rsSEEG components has helped clarify age-
related and disease-related alterations beyond what
can be inferred from raw power spectra. For instance,
after correcting for aperiodic activity, the periodic
alpha peak tends to appear slower in older adults
relative to younger participants. At the same time, its
absolute amplitude often remains comparable across
age groups [28]. Other studies applying spectral
decomposition methods have also identified altera-
tions in periodic alpha power and in composite oscil-
latory indices (e.g., beta-to-theta ratios) in ADCD
[23, 25, 26], as well as disease-specific changes in
aperiodic spectral features in LBCD, ADCD, and Par-
kinson’s disease with cognitive deficits (PDCD) [24,
25, 27, 29, 30]. Specifically, LBCD patients showed
a markedly steeper aperiodic component relative to
cognitively unimpaired individuals, MCI patients,
ADCD patients, PDCD patients, and individuals
with frontotemporal dementia [25, 29]. Furthermore,
similar increases in aperiodic exponent and offset
have been observed in PDCD compared to controls,
regardless of dopaminergic therapy [27], and both the
exponent and offset have been found to be elevated
in ADCD relative to frontotemporal dementia, with
widespread scalp topographies [25, 30].
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Taken together, these findings suggest that ADCD
and LBCD present distinct rsEEG spectral alterations.
ADCD is characterized by reduced periodic alpha
power (~8-10 Hz), particularly over posterior corti-
cal areas. In contrast, LBCD is marked by relatively
widespread elevations in slow oscillatory frequen-
cies (theta/pre-alpha range,~4-6 Hz) and significant
increases in aperiodic spectral parameters (exponent
and offset). However, despite this evidence, the spa-
tial distribution of periodic and aperiodic features
across these conditions and their clinical significance
remain poorly understood.

To address these gaps, the present exploratory
study examined periodic-aperiodic spectral dif-
ferences between LBCD, ADCD, and cognitively
unimpaired elderly (Nold) participants in a large,
well-characterized multicenter cohort. The pri-
mary objective was to clarify the neurophysiological
mechanisms underlying rsSEEG slowing in LBCD and
ADCD by decomposing EEG spectra into periodic
oscillatory peaks and aperiodic background activity.
A second objective was to investigate the relation-
ship between these EEG markers, cognitive status,
and characteristic clinical symptoms in LBCD, with
a particular focus on those reflecting disturbances in
the regulation of quiet vigilance.

Based on prior evidence suggesting that aperi-
odic components, as indices of cortical E/I balance
and arousal, may be more altered in LBCD than in
ADCD, we expected group differences in the ape-
riodic exponent and offset, alongside periodic dif-
ferences consistent with the reviewed literature. By
contrast, given the limited neurophysiological char-
acterization of these relationships to date, the asso-
ciations between rsEEG markers and clinical mani-
festations in LBCD were examined with a purely
exploratory approach.

Materials and methods
Participants and overall study design

Participants for this study were retrospectively
included from the PDWAVES Consortium archive
(https://www.pdwaves.eu/). Clinical and rsEEG data-
sets were available for 142 LBCD, 139 ADCD, and
119 Nold participants. Due to suboptimal model fit
in the parameterization procedure described below,

seven participants were excluded (two LBCD, four
ADCD, and one Nold), resulting in a final sample of
140 LBCD, 135 ADCD, and 118 Nold individuals.

Minimum sample size for the main analyses was
established through an a priori power analysis con-
ducted using G*Power 3.1 [33]. Assuming an analy-
sis of covariance with fixed effects, main effects, and
interactions (three groups and three covariates) as a
conservative proxy of our principal inferential pro-
cedures based on linear mixed models, we targeted a
small-to-medium effect size (partial eta-squared [np2]
around 0.03, corresponding to Cohen’s f=0.17). This
value was deliberately chosen to be smaller than an
effect previously estimated (nP2=0.31) in a previous
study investigating differences in EEG current den-
sities between patients with dementia due to AD or
LBD and controls [9]. With this effect size, a signifi-
cance level of a=0.05, and power =0.80, the required
sample size was N=337, which was exceeded in this
study (N=393) to accommodate inherent complexity
of the statistical design.

Regarding diagnostic procedures and inclusion
criteria, participants in the LBCD group underwent
neurological and clinical examination and received
a diagnosis of probable LBD based on consensus
guidelines (i.e., presence of two core clinical features
among recurrent visual hallucinations, cognitive fluc-
tuations with variations in attention and alertness,
and RBD, or one core clinical feature corroborated
by one validated disease biomarker) [5, 6]. Visual
hallucinations were assessed with the second item of
the Neuropsychiatric Inventory (NPI) [34]; cognitive
fluctuations were evaluated with the standardized Cli-
nician Assessment of Fluctuations (CAF) [35]; and
the probable diagnosis of RBD was made according
to patient and caregiver reports consistent with the
International Classification of Sleep Disorders, Third
Edition (ICSD-3) [36]. In the present study, each of
these three symptoms was coded as a binary variable
(present=1, absent=0). Motor symptoms and cardi-
nal features of parkinsonism were assessed using the
Movement Disorder Society-updated Unified Parkin-
son’s Disease Rating Scale — part III (UPDRS-III)
[37], yielding a total score ranging from 0 to 108.
Notably, 37 LBCD participants (26.4%) underwent
SPECT/PET imaging showing reduced dopamine
transporter (DAT) reuptake, considered an indica-
tive biomarker for LBD [5]. Exclusion criteria for
LBCD participants included major systemic diseases;
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evidence of vascular dementia; participation in clini-
cal trials using disease-modifying drugs; current or
past major psychiatric disorders (e.g., major depres-
sive disorder or substance use disorder according to
DSM-5; [38]); neurological illnesses not related to
cognitive decline; past or present diagnosis of epi-
lepsy or history of seizures; and current use of antie-
pileptic medications.

Participants in the ADCD group also underwent
medical examination and were diagnosed with Alz-
heimer’s disease based on clinical evidence consist-
ent with both the National Institute of Neurological
Disorders and Stroke-Alzheimer Disease and Related
Disorders (NINCDS-ADRDA) working group criteria
[39] and DSM-5 diagnostic criteria [38]. Exclusion
criteria for ADCD participants included major sys-
temic diseases; current or past major psychiatric dis-
orders; neurological illnesses not related to cognitive
decline; current participation in clinical trials involv-
ing disease-modifying drugs; and chronic use of
medications with anticholinergic, sedative, hypnotic,
antipsychotic, or centrally acting analgesic proper-
ties. Use of antiparkinsonian drugs was not permitted,
while acetylcholinesterase inhibitors and memantine
were allowed. Past or current diagnosis of epilepsy,
previous seizures, and use of antiepileptics were addi-
tional exclusion criteria.

In both cognitive decline groups, dementia or
MCI was diagnosed according to DSM-5 criteria for
major and mild neurocognitive disorders. Dementia
required evidence of significant cognitive decline in
at least one cognitive domain from neuropsychologi-
cal assessment accompanied by clinically relevant
impairment in instrumental and/or basic activities

Table 1 Demographic and clinical characteristics of par-
ticipants with cognitive decline due to Lewy body dis-
ease (LBCD), cognitive decline due to Alzheimer’s disease

of daily living. MCI required evidence of cognitive
decline in at least one domain in the absence of sig-
nificant functional impairment. In this study, Mini-
Mental State Examination (MMSE) [40] score (0-30
range, with lower score indicating worse cognitive
status) is reported as a global summary index of cog-
nitive functioning.

Nold participants underwent clinical and neu-
rological examination as well as cognitive screen-
ing to confirm the absence of cognitive decline
(MMSE >27). Exclusion criteria were consistent
with those applied to the LBCD and ADCD groups
and included systemic diseases (e.g., diabetes), past
or current psychiatric or neurological disorders, and
chronic use of psychoactive medications.

Table 1 reports demographic and clinical char-
acteristics of the final sample. As expected, MMSE
scores were significantly lower in both clinical groups
compared with Nold. LBCD and ADCD participants
were older and had a lower degree of education than
Nold; sex distribution also differed across groups,
with a higher proportion of males in the LBCD
group. Regarding cognitive status, 7.1% of LBCD
participants and 22.2% of ADCD participants were
diagnosed with MCI, the latter being significantly
more frequent. The percentage of participants using
LBD- or AD-related medications (i.e., antiparkinso-
nian agents, cholinergic agonists, and psychotropic
drugs) is summarized in Table S1 in the Supplemen-
tary Materials.

As described in the following section, all partici-
pants underwent rsEEG recordings in a controlled
experimental setting. Written informed consent was
obtained prior to study inclusion, and procedures

(ADCD), and cognitively unimpaired older adults (Nold). Val-
ues are presented as mean +standard deviation unless other-
wise specified

Variable LBCD (N=140) ADCD (N=135) Nold (N=118) Statistical test Post hoc
Age 752+6.9 74.4+74 68.9+8.1 ANOVA, p<0.001 LBDC > Nold; ADCD > Nold
Sex (F/M)  52/90 73/66 70/49 ¥, p<0.001 -
Education 8.0+4.2 10.1+£5.0 12.4+4.7 ANOVA, p<0.001 LBCD < Nold;
LBDC<ADCD;
ADCD < Nold
MMSE 20.4+5.7 21.3+54 289+1.3 Kruskal-Wallis test, p<.0001 LBCD < Nold; ADCD < Nold
MCIn (%) 10(7.1) 30 (22.2) - 7, p<0.001 -

ADCD cognitive decline due to Alzheimer’s disease, LBCD cognitive decline due to Lewy body disease, Nold cognitively unim-
paired older adults, MCI mild cognitive impairment, MMSE Mini-Mental State Examination
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were conducted in accordance with the Declaration
of Helsinki. The ethical committees of all participat-
ing PDWAVES Consortium units approved the study
protocol.

rsEEG recording protocol

EEG recordings were conducted at all sites with par-
ticipants seated in a comfortable reclined chair in a
quiet, dimly lit room. To minimize fatigue and home-
ostatic sleep pressure, sessions were scheduled in
the morning. Participants who were regularly taking
medication were asked to delay administration until
after the EEG session to reduce the acute pharmaco-
logical effects on rsEEG activity.

Each session consisted of two consecutive con-
ditions lasting approximately 3 to 5 min each: an
eyes-closed resting-state condition and an eyes-open
resting-state condition. For the present study, only the
eyes-closed condition was analyzed. Before record-
ing, participants received standardized instructions
describing the two conditions and were asked to
remain relaxed, refrain from speaking or performing
large voluntary movements, and allow their mind to
wander while avoiding structured mental activity. If
experimenters observed behavioral or EEG indicators
of drowsiness or sleep onset (e.g., vertex sharp tran-
sients, K-complexes, or sleep spindles), they gently
encouraged participants to remain awake in order to
preserve the intended recording state.

Each recording center used its own EEG system
applying acquisition parameters that minimized alias-
ing artifacts. Analog band-pass filters ranged between
0.01 and 60 Hz or 0.01 and 100 Hz, and sampling
rates varied from 128 to 1024 Hz across units (see
Table S2 in the Supplementary Materials for unit-
specific information regarding included participants
and employed EEG sampling rate). These param-
eters provided an adequate spectral resolution for
the frequency ranges of interest—namely, the delta
(<4 Hz), theta (~4-7 Hz), alpha (~8-12 Hz), and
beta (~14-30 Hz) bands.

All recordings used a standard monopolar
19-channel montage based on the international 10-20
system (Fpl, Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4,
T8, P7, P3, Pz, P4, P8, O1, O2). A frontal electrode
served as ground, and cephalic or linked-earlobe ref-
erences were used according to local protocols. Ver-
tical and horizontal ocular activity (e.g., eye blinks,

eye movements) was monitored through two electro-
oculogram (EOG) channels (0.3-70 Hz band-pass).
Impedances for all recording electrodes were kept
below 5 kQ.

Preliminary analysis of rsEEG data

EEG data were centrally analyzed by expert research-
ers at the Sapienza University of Rome unit of the
PDWAVES Consortium. The preprocessing pipeline
was designed to optimize signal quality and minimize
recording artifacts, following the guidelines of an
expert workgroup of the International Federation of
Clinical Neurophysiology [41]. The same procedures
have been previously adopted and validated in rSEEG
studies by our group across different clinical popula-
tions [9, 42, 43] and are briefly summarized below.

Raw EEG recordings were imported and processed
using the EEGLAB toolbox (v2022.1) [44] within
the MATLAB environment (R2022a; MathWorks,
Natick, MA, USA). Preprocessing steps aimed to
identify and eliminate channels with persistent arti-
facts (e.g., poor scalp contact), EEG segments with
widespread contamination, and independent compo-
nents associated with non-neural sources.

Two experimenters independently performed a
visual inspection of each EEG trace to detect elec-
trodes or segments displaying continuous, irreparable
artifacts. In cases of disagreement, a third expert was
consulted. No more than three channels (approxi-
mately one-sixth of the montage) were removed per
participant at this stage and missing channels were
reconstructed using EEGLAB’s interpolation tool
based on neighboring electrodes.

Subsequently, three experts visually reviewed each
recording to identify and reject segments affected by
muscle activity, ocular artifacts, head movements, or
other recognizable non-physiological noise sources.

As a final cleaning step, independent component
analysis (ICA) was applied to isolate residual non-
neural activity [45, 46]. Components corresponding
to blinking, eye movements, muscle activity, or car-
diac artifacts were removed based on consensus vis-
ual inspection of their characteristic topographies and
spectral properties. No more than five components
were rejected per participant. After ICA decomposi-
tion and component rejection, a final visual quality
check of the EEG traces was carried out.
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The artifact-free EEG data were segmented into
two-second epochs, band-pass filtered between 1 and
40 Hz, downsampled to 128 Hz when the original
sampling rate was higher, and re-referenced to the
common average across all electrodes.

Analysis of rsEEG power spectral density and
spectral parameterization

Artifact-free rsEEG epochs from the eyes-closed con-
dition were used to compute power spectral density
(PSD). The pop_spectopo function in EEGLAB was
applied using a window length equal to the sampling
rate (i.e., 1-s Hanning window, no overlap), yielding
a frequency resolution of 1 Hz. For each electrode,
absolute rsEEG spectral power values were obtained
for each integer frequency bin from 1 to 30 Hz and
used as input for the subsequent analysis of periodic
(oscillatory peaks) and aperiodic components.

Spectral parameterization was conducted using the
specparam algorithm (https://specparam-tools.github.
i0/) [12]. Consistent with previous work and with the
expected characteristics of resting-state spectra, the
following settings were applied: fixed mode (i.e., no
“knee” parameter), PSD peak width limits from 0.5 to
8 Hz, a maximum of 5 peaks, a minimum peak height
of 0 (arbitrary units), and a peak “elevation” thresh-
old of 1.5 (arbitrary units). With these parameters, the
algorithm decomposed each electrode’s rsEEG power
spectrum (1-30 Hz) into a broadband aperiodic com-
ponent and superimposed periodic peaks. Model
fit was assessed using the explained variance (R?)
provided by the algorithm. For each participant, the
mean R’ across all electrodes was computed, and val-
ues below 0.95 were considered suboptimal; partici-
pants not meeting this criterion were excluded from
further analyses.

The aperiodic component was modeled as a
decreasing 1/# function in log—log power X frequency
space, where the exponent y reflects the steepness
(negative slope) of the spectrum from 1 to 30 Hz.
Aperiodic offset values (log-power intercepts) were
also extracted. Concurrently, periodic components
were modeled as Gaussian-shaped peaks rising above
the aperiodic background [12].

For each electrode, the modeled aperiodic rsEEG
power spectrum was then subtracted from the log-
transformed raw rsEEG power spectrum to generate
aperiodic-corrected rSEEG power values (arbitrary
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units), reflecting the residual narrowband power rela-
tive to the model-fitted aperiodic component.

Because alpha rhythms typically exhibit a poste-
rior scalp distribution [47, 48], power peaks identi-
fied by specparam at electrodes P3, Pz, P4, O1, and
02 within the 6-14 Hz broad alpha range were used
to estimate the individual alpha frequency (IAF),
defined as the frequency bin showing the maximum
aperiodic-corrected rsEEG power among posterior
electrodes [49]. Similarly, the individual beta fre-
quency (IBF) was identified as the frequency with
the largest detected power peak within the beta range
(14-22 Hz) across all electrodes. Aperiodic-corrected
rsEEG power values at IAF and IBF were extracted
for each electrode.

Two individualized alpha bands were then defined
around the IAF: a low-alpha band (IAF—2 Hz to
IAF) and a high-alpha band (IAF to IAF+2 Hz).
Aperiodic-corrected power in each band was com-
puted as the mean residual power across all frequency
bins within the corresponding window. Additionally,
aperiodic-corrected delta power was computed as
the mean residual power across 1-3 Hz. Since aperi-
odic-corrected subtraction may yield negative values
in this range (reflecting dominance of the aperiodic
background), delta power was interpreted as a delta
residual after removal of the aperiodic component.

Finally, a synthetic vigilance index was derived at
the electrode level as the ratio between aperiodic-cor-
rected power at the alpha and beta peaks (i.e., rsEEG
power at IAF and IBF) and aperiodic-corrected power
at slow frequencies (positive residuals only), using
the following formula:

IAFPower + IBFPower
5
D max(rsEEGpowerin, 0)

Vigilancelndex = log,,

This index was designed to summarize the bal-
ance between faster periodic rsEEG rhythms typi-
cally associated with stable quiet wakefulness (i.e.,
alpha- and beta-range activity) and slower-frequency
activity associated with reduced vigilance and drows-
iness, in line with previous EEG-vigilance work and
ratio-based spectral indices [50-52], as well as with
established models of wakefulness-to-sleep onset
transitions, in which posterior alpha dominance char-
acterizes relaxed wakefulness, whereas the emer-
gence of diffuse theta and slower rhythms marks the
transition toward lower arousal levels and early light
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sleep [53-56]. Hence, higher vigilance index val-
ues indicate a relative predominance of faster wake-
related rsSEEG activity, whereas lower values reflect
a shift toward slower-frequency activity and reduced
quiet vigilance.

The following rsEEG-derived variables were then
retained for subsequent analyses: (1) aperiodic-cor-
rected power at IAF; (2) aperiodic-corrected power
at IBF; (3) aperiodic-corrected low-alpha power; (4)
aperiodic-corrected high-alpha power; (5) aperiodic-
corrected delta residual power; (6) periodic vigilance
index; (7) aperiodic exponent; and (8) aperiodic off-
set. Each variable was retained at the single-electrode
level, and also summarized as a global scalp average
and as an average over posterior electrodes (P7, P3,
Pz, P4, P8, O1, 02).

Statistical analyses

Single-electrode topographic scalp maps and aggre-
gated data were used to analyze periodic and aperi-
odic rsEEG parameters. Statistical analyses, computa-
tional procedures, and plotting were performed using
jamovi (v2.5.6, including the GAMLj3 module for
linear models) [57, 58], R (v4.5.1) [59], MATLAB
(R2022a; MathWorks, Natick, MA, USA), Python
(v3.13.1), and GraphPad Prism (v8.0.1, GraphPad
Software, Boston, MA, USA).

Descriptive statistics were summarized as counts
and percentages for categorical variables and as
means and standard deviations (or standard errors
of the mean) for continuous variables. Between-
group differences in demographic and clinical vari-
ables were examined with one-way ANOVA or the
Kruskal-Wallis test depending on distributional
assumptions, whereas chi-squared (%) tests were used
for comparisons of categorical proportions. Bivariate
associations between variables were examined using
Pearson’s correlations, Spearman’s rank correlations,
or point-biserial correlations based on the measure-
ment level of the variables. Statistical significance
was set at p<0.05 for all analyses unless otherwise
specified.

Preliminary comparisons of global aperiodic-cor-
rected rSEEG power spectra shapes across the three
groups were performed using bin-by-bin permuta-
tion-based pairwise testing. For each integer fre-
quency bin between 1 and 30 Hz, Welch’s ¢ statistic
was computed for each pairwise contrast (LBCD vs.

Nold, ADCD vs. Nold, LBCD vs. ADCD). To pre-
serve potential site effects, nonparametric p-values
were generated using unit-stratified label permuta-
tions, whereby group labels were permuted within
each recording unit while bin-wise rsEEG power
values remained fixed. For each frequency bin, two-
sided permutation p-values were calculated as the
proportion of |7, >, across 5000 permutations.
Benjamini—-Hochberg false discovery rate (FDR) cor-
rection [60] was applied across the 30 bins within
each pairwise comparison, with significance defined
as FDR-adjusted p <0.05.

Main statistical analyses included two stages: (1)
comparisons between the three diagnostic groups
in rsEEG parameters, and (2) follow-up analyses of
associations between rsEEG parameters and clinical
outcomes within the LBCD group.

To assess group differences in rSEEG variables
(i.e., IAF and IBF frequencies, periodic components,
and aperiodic parameters), linear mixed models
(LMMs) were fitted separately for global averages and
posterior regional averages (the latter selected due to
the known posterior distribution of rsEEG character-
istic thythms). Eight LMMs were estimated in total.
All models included age, sex, and years of education
as a priori covariates, given their documented asso-
ciations with rsEEG spectral measures and cognitive
functioning in aging and neurodegenerative popula-
tions [13, 61, 62]. Recording unit was entered as a
random intercept to account for variability related to
equipment and acquisition protocols. Prior to mod-
eling, distributional shapes of all dependent vari-
ables were examined, and no major deviations from
a Gaussian distribution were observed (skewness and
kurtosis values fell within the acceptable ranges of
—1to 1 and -3 to 3, respectively [63, 64]).

For each LMM, partial eta-squared (17,,2) values
were computed to quantify the effect size of group
differences. Estimated marginal means with 95% con-
fidence intervals were extracted for visualization and
for planned post hoc contrasts. When a significant
group effect was detected, pairwise differences were
evaluated using FDR-corrected p-values.

As a supplementary sensitivity analysis addressing
age differences between groups, and specifically to rule
out age-related effects involving the control group that
may be relevant in quantitative EEG analyses [13], the
primary LMMs were repeated using an age-restricted
Nold subsample obtained by progressively excluding
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the youngest cognitively unimpaired participants in
1-year steps, while retaining sex and years of education
as covariates and recording unit as a random intercept.
The final threshold was selected as the smallest age cut-
off yielding both a non-significant omnibus age differ-
ence across groups in a one-way ANOVA and accept-
able pairwise age balance (i.e., standardized mean
differences) relative to the two clinical groups.

Clinical follow-up analyses in the LBCD group
examined the associations between rSEEG predic-
tors (restricted to those variables showing significant
group effects) and clinical outcomes. Linear regres-
sion models were used for continuous outcomes,
and binomial logistic regression models were used
for binary outcomes. All models included age, sex,
and education as covariates, and regression assump-
tions were checked by examining variance inflation
factors, visual inspection of residuals Q-Q plots, and
Durbin-Watson statistics close to 2, indicating the
absence of problematic multicollinearity, deviations
from normality, or residual autocorrelation. Predictor
significance was evaluated using ¢ statistics for lin-
ear regression and Z statistics for logistic regression.
For logistic models, odds ratios with 95% confidence
intervals were reported, with statistical significance
defined as a confidence interval not including 1.
Standardized regression coefficients (f) were com-
puted for all linear models.

To complement these large-scale analyses, topo-
graphic mapping was used to visualize both group
differences and regression results. For between-group
comparisons, electrode-wise distributions of EEG
periodic and aperiodic components were displayed in
scalp maps, and pairwise differences between groups
were inspected using electrode-by-electrode #-tests
with FDR correction. For single-group regression
analyses, scalp maps showed electrode-level regres-
sion coefficients (controlling for age, sex, and educa-
tion), and electrodes surviving FDR correction were
highlighted to identify possible spatial clusters asso-
ciated with clinical outcomes.

Results
rsEEG power spectra across groups

After excluding seven participants whose mean
model fit fell below the predefined specparam
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quality threshold of 0.95, overall spectral param-
eterization performance was excellent across the
final sample (mean R?=0.99; range 0.96-0.998;
mean fit error=0.05; range 0.02-0.10). Figure 1A
shows group-mean raw rsEEG power spectra aver-
aged across all scalp electrodes (“global”) and their
aperiodic fit curves, whereas Fig. 1B shows group-
mean aperiodic-corrected global rsEEG power
spectra. As visible in Fig. 1B, compared with the
Nold participants, both clinical groups (LBCD and
ADCD) exhibited lower aperiodic-corrected global
rsEEG power in the alpha and beta bands. Detailed
inspection of the global rsSEEG alpha peak revealed a
marked attenuation of alpha power in ADCD, while
LBCD showed only a modest reduction but a clear
slowing of the peak’s central frequency (i.e., lower
IAF). These distinctions were less apparent in the raw
(uncorrected) global rsEEG power spectra (Fig. 1A),
likely reflecting relevant between-group differences
in the broadband rsEEG aperiodic component that
masked oscillatory variability.

These descriptive differences were formally
tested using permutation-based pairwise compari-
sons (Fig. 1C-E). Compared to the Nold group, the
LBCD group showed significantly reduced corrected
rsEEG power in the 1-2 Hz range, increased power
in the 4-7 Hz range, and decreased power in both
the 9-12 Hz and 16-26 Hz ranges (Fig. 1C). Fur-
thermore, the ADCD group, relative to Nold, dis-
played significantly increased rsEEG power in the
3-7 Hz range and decreased power in the 9-12 Hz,
15-26 Hz, and 29-30 Hz ranges (Fig. 1D). Finally, in
the direct LBCD vs. ADCD comparison, the ADCD
group showed significantly lower corrected rsEEG
power in the 4-8 Hz range (Fig. 1E). All reported fre-
quency-specific differences survived FDR correction
at p <0.05.

Group differences in periodic and aperiodic rSEEG
spectral features

LMMs tested group differences for all rsEEG vari-
ables of interest, and the estimated marginal means
for each parameter across groups are shown in Fig. 2.
The specparam algorithm did not detect an rsEEG
alpha power peak for one participant (ADCD) and an
rsEEG beta power peak for 16 participants (11 LBCD;
5 ADCD). Accordingly, analyses involving IAF, IBF,
and their derived measures were conducted with this
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Fig. 1 Grand-mean resting-state EEG (rsEEG) power spectra
in participants with cognitive decline due to Lewy body dis-
ease (LBCD), cognitive decline due to Alzheimer’s disease
(ADCD), and cognitively unimpaired older adults (Nold). A
Raw rsEEG power spectra (solid lines) and corresponding ape-
riodic fit curves (dashed) across the 1-30 Hz frequency range.
B Aperiodic-corrected rsEEG power spectra (raw rsEEG
power spectra minus the aperiodic fit) for the three groups;

limited amount of missing data. A significant group
effect was found for the IAF (p<0.001, np2=0.29).
Specifically, the IAF was lower in the LBCD group
compared to both the Nold (mean difference=1.5,
FDR-adjusted p <0.001) and the ADCD group (mean
difference =0.8, FDR-adjusted p <0.001), and lower
in ADCD compared to Nold (mean difference=0.7,
FDR-adjusted p<0.001; Fig. 2A). Conversely, no

12 Group mean rsEEG power spectra (aperiodic-corrected)
LBCD
—— ADCD
o — Nold
3 08
&
2 o6
8
3 o4
T
2
8 02
0.0
—
-0.2
5 10 15 20 25 30
Frequency (Hz)
12 ADCD vs Nold comparison
~—— ADCD
10 — Nod
3 o8
&
2 o6
g
3 o4
I
2
8 o2
0.0
-0.2
5 10 15 20 25 30

Frequency (Hz)

shaded areas show the standard error of the mean. C-E Pair-
wise comparisons of aperiodic-corrected rsEEG power spec-
tra for each group contrast. Blue shaded regions indicate fre-
quency bins in which groups significantly differed based on
permutation testing (p <0.05, false discovery rate-adjusted).
a.u., arbitrary units: rsEEG, resting-state electroencephalogra-

phy

significant group differences emerged for the IBF
(p=0.9, n,”=0.0002; Fig. 2B).

Regarding periodic features derived from the
rsEEG power spectra, significant group effects were
observed for aperiodic-corrected power at the IAF
single-bin power peak (p <0.001, np2=0.21), within
the rsEEG low-frequency alpha band (p=0.01,
17p2 =0.09), and within the rsEEG high-frequency
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alpha band (p<0.001, npz =0.22). Across all
these measures, the ADCD group showed lower
alpha-range power compared to the LBCD (IAF:
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FDR-adjusted p=0.03; low-frequency alpha power:
FDR-adjusted p=0.02; high-frequency alpha power:
FDR-adjusted p=0.04) and the Nold group (IAF:
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«Fig. 2 Estimated marginal means (dots) and 95% confidence
intervals (bars) for periodic and aperiodic resting-state EEG
(rsEEG) parameters in participants with cognitive decline
due to Lewy body disease (LBCD), cognitive decline due to
Alzheimer’s disease (ADCD), and cognitively unimpaired
older adults (Nold). A Individual alpha frequency (IAF, Hz);
LBCD <ADCD <Nold (all FDR-adjusted p-values<0.001).
B Individual beta frequency (IBF, Hz); no significant group
differences. C Aperiodic-corrected power at the IAF peak;
LBCD>ADCD (p<0.05, FDR-adjusted) and Nold>ADCD
(»p<0.001). D Aperiodic-corrected power within the low-alpha
band (IAF—-2 Hz to IAF); LBCD>ADCD (p<0.05) and
Nold> ADCD (p <0.05). E Aperiodic-corrected power within
the high-alpha band (IAF to IAF+2 Hz); LBCD>ADCD
(»<0.05) and Nold>ADCD (p<0.001). F Aperiodic-cor-
rected power at the IBF peak; Nold>LBCD (p<0.001) and
Nold>ADCD (p<0.001). G Delta residual power (1-3 Hz);
no significant group differences. H Vigilance index (com-
puted as the logarithm of the ratio between spectral power
density at the IAF and IBF and spectral power density
within the low-frequency range 1-5 Hz, with lower values
indicating a relative shift toward slower-frequency activ-
ity and reduced quiet vigilance); LBCD <ADCD (p <0.05,
FDR-adjusted), LBCD<Nold (p<0.001, FDR-adjusted),
and ADCD<Nold (p<0.001, FDR-adjusted). I Aperiodic
exponent; LBCD>ADCD > Nold (all FDR-adjusted p -val-
ues<0.001). J Aperiodic offset; LBCD>ADCD (p<0.001)
and LBCD>Nold (p<0.001). EMM, estimated marginal
mean; FDR, false discovery rate

FDR-adjusted p <0.001; low-frequency alpha power:
FDR-adjusted p=0.03; high-frequency alpha power:
FDR-adjusted p<0.001; Fig. 2C-E). A significant
effect was also found for the aperiodic-corrected
rsEEG power at the IBF single-bin power peak
(»<0.001, 77[,2=0.08), with lower power in both
LBCD and ADCD compared to Nold (FDR-adjusted
p<0.001; Fig. 2F). In contrast, no differences
emerged in rsEEG delta residual power (p=04,
npz =0.02; Fig. 2G), while significant group differ-
ences following a graded pattern were detected for
the rsEEG vigilance index (p <0.01, 7,°=0.28). Spe-
cifically, the vigilance index was lower in the LBCD
compared to the ADCD (FDR-adjusted p=0.01)
and the Nold group (FDR-adjusted p<0.001), and
in the ADCD group compared to the Nold group
(FDR-adjusted p <0.001; Fig. 2H). Topographic dis-
tributions and pairwise scalp difference maps of the
vigilance index are illustrated in Fig. 3, highlighting
widespread reductions in LBCD, particularly over
posterior regions.

Concerning aperiodic rsEEG components, both
the exponent and offset differed significantly across
groups. For the aperiodic exponent (p<0.001,

n,>=0.25), values followed a LBCD>ADCD > Nold
pattern, with all pairwise comparisons significant
at FDR-adjusted p<0.001 (Fig. 2I). For the aperi-
odic offset (p<0.001, np2=0.11), the LBCD group
showed higher global values than both ADCD and
Nold groups (FDR-adjusted p <0.001), while ADCD
and Nold did not differ significantly (Fig. 2J).

All significant effects observed at the whole-scalp
level were replicated with comparable effect sizes in
models restricted to the posterior scalp region (P7,
P3, Pz, P4, P8, Ol, and O2 electrodes), as reported
in detail in Table S3 in the Supplementary Materials.
Furthermore, electrode-level analyses also converged
with these findings, mostly revealing spatially diffuse
differences rather than sharply localized effects, aside
from the expected central and posterior prominence
in alpha- and beta-related periodic measures. The full
set of scalp topographies and differential maps is pre-
sented in Supplementary Figures S1- S6.

Finally, in a supplementary sensitivity analy-
sis addressing observed age differences between
groups, the primary LMMs were repeated using
an age-restricted Nold subsample (N=75) with a
closer age distribution to the clinical groups (mean
age: 73.6+5.5; no significant age effect in the one-
way ANOVA with group as factor: F=1.2, p=0.29,
17,,2 =0.01). As shown in Table S4 of the Supple-
mentary Materials, results remained essentially
unchanged, replicating the main effects for IAF, vigi-
lance index, aperiodic exponent, and aperiodic offset,
as well as the principal pairwise contrasts between
groups.

Associations between rsSEEG parameters and clinical
outcomes in the LBCD group

Preliminarily, bivariate associations between clini-
cal variables collected in the LBCD group (MMSE
score, UPDRS-III score, and the binary-coded pres-
ence of visual hallucinations, cognitive fluctuations,
and probable RBD) were examined. Partial corre-
lations controlling for age, sex, and education are
reported in Table S5 in the Supplementary Materi-
als. MMSE scores showed small-to-moderate nega-
tive associations with both UPDRS-III (rho=-0.21,
p<0.05) scores and the presence of visual hallu-
cinations (r=-0.21, p<0.05). Cognitive fluctua-
tions also correlated positively with visual halluci-
nations (r=-0.27, p<0.05), reflecting the expected

@ Springer



GeroScience

Vigilance Index — Group Scalp Maps

LBCD

ADCD

Differential Scalp Maps

ADCD - Nold LBCD - Nold

ADCD - LBCD

QO Significant effect (p < 0.05, FDR-adjusted)

Fig. 3 The top row shows grand-average scalp maps of the
resting-state EEG (rsEEG) vigilance index (computed as the
logarithm of the ratio between spectral power density at the
IAF and IBF and spectral power density within the low-fre-
quency range 1-5 Hz) in participants with cognitive decline
due to Alzheimer’s disease (ADCD), cognitive decline due to
Lewy body disease (LBCD), and cognitively unimpaired older
adults (Nold). Warmer colors indicate higher values. The bot-

clustering of neuropsychiatric manifestations in this
population.

Subsequently, separate regression models were
run to evaluate the associations between rsEEG vari-
ables that had shown significant group differences
and the five clinical outcomes (i.e., MMSE, UPDRS-
III, visual hallucinations, cognitive fluctuations, and
RBD). For each outcome, five regression models
were tested: covariates (age, sex, and education) were
entered in a first block, and EEG predictors (summa-
rized as global scalp averages) were entered in a sec-
ond block. The EEG predictors were: rsEEG low- and
high-frequency alpha aperiodic-corrected powers (as
two predictors in a single model, to evaluate the full
alpha range), aperiodic-corrected rsEEG power at the
IBF, the vigilance index, the aperiodic exponent, and
the aperiodic offset.

Among linear models predicting MMSE scores,
the rsEEG alpha power model showed significant
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tom row displays pairwise group differences (ADCD — Nold,
LBCD —Nold, ADCD —LBCD) using a red-blue scale, where
red indicates relatively higher values in the first group of each
contrast and blue indicates relatively lower values. White cir-
cles denote electrodes showing significant between-group dif-
ferences after false discovery rate (FDR) correction (p <0.05).
All models are adjusted for age, sex, and education. IAF, indi-
vidual alpha frequency; IBF, individual beta frequency

effects for both low- and high-frequency alpha
band power (AR°=0.09 over the covariate-only
model), with a negative association for rsEEG low-
frequency alpha power (p<0.05, f=-0.28) and a
positive association for rsEEG high-frequency alpha
power (p <0.01, p=0.48); significant positive asso-
ciations with MMSE scores were also found for
rsEEG IBF power (p<0.01, f=0.26; AR’=0.06
from the covariate-only model) and for the vigi-
lance index (p <0.01, f=0.31; AR?=0.06 from the
covariate-only model). No significant effects were
observed for the aperiodic exponent or offset, and
neither model improved explained variance beyond
the covariate-only models.

For UPDRS-III scores (available for N=87 LBCD
participants), none of the rsEEG predictors reached
significance (all p>0.4), and final model R’ val-
ues were low (ranging from 0.03 for the vigilance
index to 0.043 for the aperiodic offset), indicating
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no significant association between rsEEG and motor
Ssymptoms.

Logistic regression models predicting each binary-
coded neuropsychiatric symptom (visual hallucina-
tions, cognitive fluctuations, and probable RBD) were
run on N=89 participants with complete clinical
data. No model predicting cognitive fluctuations or
probable RBD reached significance. In contrast, the
model including the rsEEG vigilance index as a pre-
dictor reached significance for visual hallucinations,
with lower vigilance index values associated with a
higher probability of visual hallucinations (p =0.002;
odds ratio=0.21, 95% confidence interval 0.08-0.55).
Figure 4 illustrates the adjusted scatterplots for sig-
nificant linear associations, and Fig. 5 shows pre-
dicted probabilities of visual hallucinations across the
observed values of the vigilance index. Coefficients
and summary statistics for all significant models are

MMSE

MMSE

IBF Power

Fig. 4 Associations between global periodic resting-state EEG
(rsEEG) measures and cognitive performance in participants
with cognitive decline due to Lewy body disease (LBCD)
(N=127). Panels A-D show scatterplots with fitted regression
lines and shaded 95% confidence intervals for the relation-
ships between MMSE scores and A aperiodic-corrected power

reported in Table 2. Topographical patterns of vigi-
lance index-related associations are shown in Fig. 6,
indicating spatially diffuse relationships between
lower vigilance index values, lower MMSE scores,
and a higher likelihood of visual hallucinations.

Exploratory electrode-level analyses were also per-
formed for all other clinical outcomes and all rsEEG
predictors entered in the global regression models, as
well as for aperiodic-corrected rsEEG power at the
IAF peak. Overall, electrode-wise regression maps
(Supplementary Figures S7— S11) were consistent
with the results of the global models. Specifically,
beyond the findings already reported for the vigi-
lance index, significant widespread associations were
observed between MMSE scores and aperiodic-cor-
rected rSEEG IAF peak power and high-frequency
rsEEG alpha power. No unanticipated effects or spa-
tially distinct topographical patterns emerged.

High Alpha Power

Vigilance Index

in the global low-alpha band, B aperiodic-corrected power in
the global high-alpha band, C aperiodic-corrected power at
the global individual beta frequency (IBF), and D the global
vigilance index. IBF, individual beta frequency; MMSE, Mini-
Mental State Examination
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Fig. 5 Predicted probability of visual hallucinations as a
function of the resting-state EEG (rsEEG) vigilance index in
participants with cognitive decline due to Lewy body disease
(LBCD) (N=89). Predicted values are derived from the logis-
tic regression model adjusting for age, sex, and education. The
shaded band around the regression line represents the 95%
confidence interval for the predicted probability. VH, visual
hallucinations

Finally, to test the clinical specificity of the double-
signed associations between MMSE and rsEEG alpha
band power observed in the LBCD group (i.e., lower
MMSE associated with higher low-alpha power, and
higher MMSE associated with higher high-alpha
power), the same regression model including both
low- and high-frequency rsEEG alpha power as pre-
dictors was run separately in the ADCD and Nold

Table 2 Summary of significant resting-state EEG (rsEEG)
regression models in participants with cognitive decline due to
Lewy body disease (LBCD). All models are adjusted for age,

groups. Supporting the specificity hypothesis, no sig-
nificant associations were observed between MMSE
and either low- or high-frequency rsEEG alpha power
in the ADCD or Nold groups at p <0.05.

Discussion

In this retrospective exploratory study based on the
PDWAVES database (https://www.pdwaves.eu/), we
examined the periodic and aperiodic components of
rsEEG activity during quiet wakefulness in patients
with LBCD (N=140) and ADCD (N=135) com-
pared with cognitively unimpaired older adults (Nold;
N=118), while controlling for demographic charac-
teristics and educational attainment. Both clinical
groups were characterized by significant cognitive
decline, with most participants in the mild-to-mod-
erate dementia stage and the remainder classified as
having MCI. By applying spectral parameterization
[12, 31], we aimed to disentangle the neurophysi-
ological mechanisms underlying the oscillatory (peri-
odic) and broadband background (aperiodic exponent
and offset) components of rSEEG power spectra in
LBCD and ADCD. A further objective was to assess
the clinical relevance of these markers specifically
in LBCD by examining their associations with core
disease manifestations, including cognitive deficits,
motor impairment, visual hallucinations, cognitive
fluctuations, and probable RBD.

sex, and education. AR? refers to the increase in explained vari-
ance associated with adding the EEG predictor block

Model EEG predictors AR’ Predictor Estimate SE #/Z p PIOR (95% CI)
Linear models predicting MMSE
Model 1 — Alpha bands Low + High alpha power 0.09 Low alpha power —5.5 2.7 =2.0 0.04 p=-0.28
(N=140)
High alpha power 10.8 3.0 3.6 <0.001 =048
Model 2 — Beta peak IBF power 0.06 Beta peak power 8.2 27 3.0 0.003 p=0.26
(N=129)
Model 3 — Vigilance index ~ Vigilance index 0.09 Vigilance index 3.8 1.0 3.8 <0.001 p=0.31
(N=129)

Logistic model predicting visual hallucinations

Model 4 — Vigilance index
(N=89)

Vigilance index -

Vigilance index  —1.6 0.5 =32

0.0020R=0.21 (95%
CI 0.08-0.55)

CI confidence interval, IBF individual beta frequency, OR odds ratio
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Topographical associations between vigilance index and clinical outcomes in LBCD

MMSE (standardized B)

03

Fig. 6 Topographic maps show electrode-wise associations
between the resting-state EEG (rsEEG) vigilance index (com-
puted as the logarithm of the ratio between spectral power
density at the IAF and IBF and spectral power density within
the low-frequency range 1-5 Hz) and two clinical outcomes in
participants with cognitive decline due to Lewy body disease
(LBCD), controlling for age, sex, and education. A Standard-
ized regression coefficients () from the linear model predict-
ing Mini-Mental State Examination (MMSE) scores. Warmer
colors indicate stronger positive associations (higher vigilance

Periodic and aperiodic spectral abnormalities in
LBCD and ADCD

Compared with both Nold and ADCD participants,
patients with LBCD showed a distinctive slowing of
the periodic IAF peak, accompanied by lower peri-
odic rsEEG alpha and beta power and higher spec-
tral power in the slow-frequency theta range. These
findings align with a reduced rsEEG vigilance index
(defined as the ratio between aperiodic-corrected
alpha—beta power and slow-frequency power), indi-
cating impaired global cortical arousal during quiet
wakefulness, with marked reductions widespread
across the scalp (Figs. 2H and 3) and associations
with lower MMSE scores and a higher probability of
visual hallucinations (Figs. 4, 5, and 6). Moreover,
LBCD patients also showed higher aperiodic expo-
nent and offset values, suggesting stronger inhibitory
cortical processes and reduced neuronal firing rates
[18, 65].

Furthermore, lower periodic low-frequency alpha
power (the so-called pre-alpha band; [5, 66, 67])
was associated with worse cognitive performance

Visual hallucinations (log-odds)

15
;5
;

index associated with better cognitive performance), whereas
cooler colors indicate weaker or negative associations. B Log-
odds (regression coefficients) from the logistic model pre-
dicting the presence of visual hallucinations. Cooler colors
indicate more negative associations (lower vigilance index
associated with a higher probability of visual hallucinations).
White circles mark electrodes with significant effects after
false discovery rate (FDR) correction (p <0.05). IAF, individ-
ual alpha frequency; IBF, individual beta frequency

as measured by the MMSE, whereas higher high-
frequency alpha power was associated with better
MMSE scores. Consistently, a reduced periodic vigi-
lance index was also related to the presence of visual
hallucinations, supporting the notion that vigilance
instability expressed through characteristic rsEEG
rhythms contributes to the clinical phenotype of
LBCD and its core neuropsychiatric manifestations.

Together, these results highlight substantial and
spatially diffuse impairments in both oscillatory and
non-oscillatory neurophysiological mechanisms regu-
lating cortical arousal and vigilance in patients with
LBCD, exceeding those observed in patients with
ADCD. At the same time, reduced periodic beta
power emerged as a reliable differentiating feature in
both LBCD and ADCD relative to Nold participants,
consistent with the well-documented global slowing
of rsEEG activity in neurodegenerative conditions [7,
68-70].

Generally, the present results extend earlier EEG
findings reporting a slower IAF peak (<8 Hz) and
elevated power in delta, theta, and pre-alpha ranges in
LBCD compared with ADCD and Nold participants
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[5, 6, 9, 10, 66, 67]. They also align with studies
showing increased posterior pre-alpha/theta activity
and stronger theta rhythms in LBCD linked to cog-
nitive decline and visual hallucinations [70, 71], as
well as with recent evidence of elevated aperiodic
exponent and offset in synucleinopathies with cogni-
tive impairment (i.e., LBCD and PDCD) relative to
ADCD and Nold groups [24, 25, 27, 29].

Frequency slowing of the periodic IAF peak likely
reflects disrupted thalamocortical and corticothalamic
circuitry supporting alpha-band synchrony (8-10 Hz),
which is critical for sustaining sensory readiness,
attentional control, and quiet wakefulness [7, 14-16].
In parallel, an increased aperiodic exponent may
indicate reduced excitation or heightened inhibition
across large-scale neuronal populations, whereas a
higher offset may reflect lower neuronal firing rates
and synaptic input strength [18-21]. Supporting these
conclusions, rSEEG-fMRI studies show that alpha
modulation reflects attentional network functioning,
while the aperiodic component correlates with slow
metabolic fluctuations [15, 16, 72, 73]. Nevertheless,
interpretations of aperiodic markers should remain
cautious, as their physiological basis is not yet fully
understood [17, 19, 65], and they may be influenced
by residual artifacts (ocular and/or muscular), refer-
ence schemes, volume conduction, nonlinear neu-
ral-glial interactions, or membrane time constants
[65, 74-78].

Overall, patients with LBCD appear to manifest a
neurophysiological state of mixed wakefulness and
drowsiness, marked by heightened cortical inhibitory
tone and reduced arousal, in line with the thalamocor-
tical dysrhythmia hypothesis [79, 80]. According to
this model, reduced excitatory input to thalamocorti-
cal neurons induces low-frequency bursting (<7 Hz),
impairing cortical relay functions and vigilance reg-
ulation in a transition toward light sleep. In LBCD,
abnormal cholinergic signaling from the peduncu-
lopontine nucleus and basal forebrain [81, 82] may
further promote theta-burst firing in higher-order tha-
lamic nuclei, ultimately contributing to vigilance dys-
functions and sensory hallucinations [83, 84].

Methodological remarks
This study examined periodic and aperiodic rsEEG

spectra in a multicenter cohort of LBCD, ADCD,
and Nold participants. Although sample sizes were

@ Springer

relatively large, the number of LBCD and ADCD par-
ticipants with MCI was limited, preventing subgroup
analyses based on the degree of cognitive decline.
Regarding the rsEEG analysis, the 19-channel mon-
tage may not have provided sufficient spatial resolu-
tion to fully capture localized topographical patterns.
In addition, the Nold control group was younger on
average than the two clinical groups. Although age
was systematically included as a covariate in all infer-
ential models, and statistical adjustment was delib-
erately preferred over strict matching procedures in
order to retain the full multicenter sample and avoid
additional selection biases related to participant
exclusion, residual age-related confounding cannot be
entirely ruled out. However, supplementary sensitiv-
ity analyses based on an age-restricted Nold subsam-
ple yielded results closely comparable to the primary
models, suggesting that the main findings were not
solely explained by age differences between groups.
At the same time, other potentially relevant demo-
graphic and clinical confounders (e.g., cardiovascu-
lar risk factors or socioeconomic variables) were not
systematically accounted for. Moreover, although
participants taking regular medication were asked
to delay administration until after the EEG session
in order to reduce acute pharmacological effects, the
relative contributions of neuropathological burden
and chronic pharmacological treatments to periodic
and aperiodic rsEEG spectral alterations could not be
completely determined in this naturalistic, multicenter
sample. In particular, residual influences of chronic
treatments on rsEEG spectral measures [27, 85-88]
cannot be fully excluded, especially in the LBCD
group, where the use of dopaminergic, cholinergic,
and psychotropic medications was relatively frequent
(Supplementary Table S1). Future research should
rely on larger, heterogeneous, longitudinal LBCD and
ADCD cohorts with multimodal assessments of brain
activity and ongoing sleep—wake rhythms (e.g., EEG,
MRI/PET, and actigraphy), with a particular focus on
the neuromodulatory subcortical systems implicated
in vigilance regulation.

Conclusions
This exploratory study evaluated periodic and aperi-

odic rsEEG spectral differences in a large multicenter
cohort of participants with LBCD, ADCD, and Nold
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individuals. By decomposing rsEEG power spec-
tra into oscillatory peaks and aperiodic background
activity, we sought to clarify the neurophysiological
mechanisms contributing to rsEEG slowing in LBCD
and ADCD, and to examine the clinical correlates
of these markers in LBCD, with a particular focus
on symptoms and manifestations linked to vigilance
regulation.

Patients with LBCD were characterized by marked
slowing of the periodic IAF peak and a reduced vigi-
lance index, reflecting lower periodic alpha and beta
power together with increased slow-frequency activ-
ity. Within the LBCD group, lower periodic low-fre-
quency alpha power was associated with poorer cog-
nitive performance, whereas higher high-frequency
alpha power predicted better cognition. Furthermore,
a reduced vigilance index was also associated with
the presence of visual hallucinations, while increased
aperiodic exponent and offset values in LBCD sug-
gested stronger inhibitory cortical processes and
reduced neuronal firing.

Building on these findings, future studies should
investigate whether these EEG measures reflect-
ing vigilance dysfunction could serve as clinically
informative biomarkers to guide targeted, vigilance-
focused interventions, including non-pharmacologi-
cal strategies such as electromagnetic or audiovisual
stimulation (e.g., 40 Hz multisensory stimulation)
acting directly on rsEEG brain rhythms.
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