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A B S T R A C T

Objectives: Alzheimer’s disease patients with mild cognitive impairment (ADMCI) show abnormal resting-state 
eyes-closed electroencephalographic (rsEEG) alpha rhythms (8–12 Hz) and may suffer from daytime sleepi
ness. Our exploratory study tested the hypothesis that they may present characteristic EEG rhythms from quiet 
wakefulness to light sleep during diurnal recordings.
Methods: Datasets of 34 ADMCI and 22 matched healthy elderly (Nold) subjects were obtained from international 
archives. EEG recordings lasted approximately 30 min. Transitions of EEG activity from quiet wakefulness 
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(EEG)
Delta and alpha rhythms

(alpha-dominant) to light sleep (theta-dominant ripples) were scored according to Hori’s vigilance stages. 
Cortical source activities were computed using the eLORETA software.
Results: ADMCI (t-ADMCI, N = 18) over Nold (t-Nold, N = 11) participants were characterized by greater frontal 
EEG delta source activities and a lesser reduction (reactivity) in the posterior alpha source activities from quiet 
wakefulness to ripples. Notably, EEG delta source activities during quiet wakefulness were also greater in the 
ADMCI group transitioning to light sleep as compared to patients without said vigilance reduction.
Conclusions: These results suggest that ADMCI patients with a greater susceptibility to daytime sleepiness may 
show characteristic EEG delta and alpha rhythms in the transition from quiet vigilance to daytime sleep.
Significance: Our study showed a derangement of EEG rhythms during the transition to sleep possibly specific to 
AD.

1. Introduction

Alzheimer’s disease (AD) is the most common neurodegenerative 
disorder associated with aging, accounting for a substantial proportion 
of dementia cases worldwide. According to the World Alzheimer Report 
2018 (https://www.alzint.org/resource/world-alzheimer-report-201 
8/), AD affects over 30 million people globally, with this number pro
jected to double by 2050. The pathological hallmarks of AD include 
extracellular amyloid-beta plaques and intraneuronal inclusions of 
misfolded phospho-tau (p-tau) proteins. Current international guide
lines for the clinical assessment of AD patients focus on evaluating 
cognitive deficits using neuropsychological tests and clinical scales, 
covering stages from mild cognitive impairment (ADMCI) to dementia 
(ADD) (Jack et al., 2024, 2018). The etiological diagnosis involves 
assessing brain amyloidosis and tauopathy through fluid biomarkers 
(CSF or blood plasma) or neuroimaging (PET) (Jack et al., 2024, 2018). 
Additionally, structural MRI (sMRI) is used to monitor brain neuro
degeneration throughout the disease progression (Jack et al., 2024, 
2018).

Despite these well-established clinical guidelines, a frequently 
overlooked yet clinically significant manifestation of AD is the dysre
gulation of consciousness-vigilance levels, characterized by excessive 
daytime sleepiness and frequent, prolonged naps (Babiloni et al., 
2020a). This dysregulation has been linked to cerebral amyloid depo
sition (Lim et al., 2014), cognitive decline (Lim et al., 2013), and 
functional impairments (Moran et al., 2005). Furthermore, excessive 
daytime sleepiness has been identified as a predictor of dementia onset 
(Leng et al., 2019; Li et al., 2023), while short naps (<30 min) have been 
associated with cognitive benefits (Kitamura et al., 2021; Lovato and 
Lack, 2010; Pengsuwankasem et al., 2023).

This dysregulation in vigilance can severely impact the quality of life 
of ADMCI and ADD patients by disrupting daily activities, such as 
watching television or reading. Identifying biomarkers to assess this 
dysfunction is crucial for evaluating treatment efficacy in these patients. 
Resting-state EEG (rsEEG) offers an ideal biomarker for this purpose, as 
it is non-invasive, cost-effective, and easily repeatable, without concerns 
for meta-learning effects. In cognitively unimpaired older (Nold) people, 
rsEEG is characterized by prominent alpha rhythms (8–12 Hz) in pari
etal and occipital regions during quiet wakefulness and transient high- 
frequency (>16 Hz) activity during cognitive or motor tasks (Babiloni 
et al., 2020a). Compared to those people, rsEEG analyses in AD patients 
have revealed several abnormalities: (1) increased delta (< 4 Hz) and 
theta (4–7 Hz) power and interdependence between electrode or source 
pairs; (2) slowing in frequencies of the rsEEG alpha rhythms with a mean 
power peak in the alpha range at 8 Hz or lower in comparison with 9 Hz 
or higher typically observed in cognitively unimpaired older people, 
thus suggesting the need of an individually-based determination of 
alpha frequency band in ADD and ADMCI patients (Babiloni et al., 
2020a); (3) decreased alpha power in posterior scalp regions, indicating 
cortical hyperexcitability; (3) high accuracy (> 80 %) in discriminating 
ADMCI and ADD patients from controls; and (4) progressive worsening 
of these abnormalities over 12–24 months, with some evidence of 
improvement following cholinergic treatment (Babiloni et al., 2020b; 
Rossini et al., 2020).

These findings indicate that spectral rsEEG measures are reliable 
indicators of dysregulated neurophysiological mechanisms responsible 
for maintaining vigilance in ADMCI and ADD patients, both at group and 
individual levels. Based on these observations, we propose a novel hy
pothesis: the transition from quiet wakefulness to light non-rapid eye 
movement (NREM) sleep, a key period of arousal regulation, may be 
abnormal in ADMCI patients, reflecting dysfunctions in subcortical 
systems responsible for promoting wakefulness.

A promising model to explore these neurophysiological mechanisms 
has been applied in studies of patients with major depression and 
insomnia, where continuous EEG recordings for 30 min revealed hyper- 
stable brain arousal and persistent alpha rhythms during relaxation 
(Losert et al., 2020; Schmidt et al., 2017; Ulke et al., 2019). Similarly, 
magnetoencephalographic (MEG) recordings in Nold participants 
demonstrated transitions from dominant alpha rhythms to widespread 
delta and theta rhythms during light NREM sleep (Fan et al., 2023). 
Building on these findings, the present study aims to test the novel hy
pothesis that ADMCI patients, compared to Nold participants, exhibit 
abnormal delta and theta EEG rhythms during the transition from quiet 
wakefulness to light NREM sleep in diurnal EEG recordings lasting 
approximately 30 min. This investigation offers a novel approach to 
understanding vigilance dysfunctions in ADMCI patients. It provides 
clinically relevant insights into the neurophysiological underpinnings of 
excessive daytime sleepiness in the prodromal stages of AD. The study 
also highlights the potential for incorporating EEG measures into the 
clinical assessment of ADMCI and ADD patients to account for this often 
neglected yet significant dimension of the disease.

2. Materials and methods

2.1. Participants and diagnostic criteria based on clinical measures and 
biomarkers

The present exploratory EEG study is unique in applying Hori’s 
staging criteria (Hori et al., 1994) to analyze EEG markers of vigilance 
transitions—from quiet vigilance to Flattening and Ripples—in ADMCI 
patients compared to matched Nold controls. Given this novelty, it was 
not possible to base our sample size calculations on previous studies 
utilizing these specific markers. As an approximation, we based the 
power analysis on the hypothesis that significant differences would be 
detected between ADMCI and Nold groups in occipital rsEEG alpha 
source activity, as demonstrated in prior research (Babiloni et al., 2021a, 
2021b).

Specifically, the sample size was determined using a-priori power 
analysis, targeting a minimum statistical power of 0.80 with a signifi
cance level of 0.05. We conducted this analysis with G*Power 3.1.9.7 
(https://gpower.software.informer.com/3.1/), referencing past studies 
from the PDWAVES Consortium (www.pdwaves.eu) on resting-state 
EEG markers in ADMCI patients published in peer-reviewed journals. 
To inform these calculations, we used the partial eta-squared effect size 
from multivariate ANOVA results in a related study (Babiloni et al., 
2018a), which investigated EEG abnormalities in MCI patients due to 
Alzheimer’s and Lewy body diseases, applying similar clinical and EEG 
methodologies with non-overlapping datasets.
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In G*Power, we conducted an a-priori power analysis within the F- 
test family, selecting the repeated measures ANOVA with a within- 
between-factor interaction option. We computed the partial eta- 
squared for the Group X Band interaction in an ANOVA design with 
two groups (ADMCI vs. Nold) and occipital rsEEG alpha source activities 
(i.e., alpha 1 occipital, alpha 2 occipital, and alpha 3 occipital), 
obtaining a value of 0.308, corresponding to a Cohen’s f effect size of 
0.667. Based on this estimate, G*Power suggested a sample size of 24 
subjects for an ANOVA design with 3 measures (rsEEG occipital alpha 1, 
2, and 3 source activities) and the 2 groups (ADMCI vs. Nold). The 
analysis suggested a sample size of N = 25 per group, providing an 
empirical basis for the present exploratory study.

The Partners and institutional affiliations of the PDWAVES Con
sortium and the PharmaCog project contributing to this study are re
ported on the cover page of this manuscript. The datasets used were 
formed by clinical, neuropsychological, anthropometric, genetic, CSF, 
sMRI, and rsEEG markers obtained in 34 ADMCI patients and 22 Nold 
seniors as controls (see Table 1).

These Nold and ADMCI participants were recruited by the following 
Italian and Turkish clinical units of the PDWAVES Consortium: the 
Sapienza University of Rome (Italy), the IRCCS Institute for Research 
and Evidence-based Care (IRCCS) “Fatebenefratelli” of Brescia (Italy), 
the IRCCS Synlab SDN of Naples (Italy), the Oasi Research Institute- 
IRCCS, Troina (Italy), the IRCCS Ospedale Policlinico San Martino and 
DINOGMI (University of Genova, Italy), the IRCCS San Raffaele Pisana 
of Rome (Italy), Dokuz Eylül University (Turkey), and the Medipol 
University of Istanbul (Turkey).

Local institutional Ethics Committees approved the present obser
vational study. All experiments were performed with the informed 
consent of each participant in accordance with the Code of Ethics of the 
World Medical Association (Declaration of Helsinki) and the standards 
of the local Institutional Review Board.

The diagnosis of AD in the ADMCI patients was based on the “posi
tivity” for the Aβ1-42/phospho-tau ratio (Aβ42/p-tau) in the CSF 
biomarker or MRI evidence of neurodegeneration in the typical neuro
anatomical targets of the disease in the hippocampus, temporoparietal 
junction, precuneus, and posterior cingulate regions (Albert et al., 
2011). The local physicians in charge judged the “positivity” for 
releasing the clinical diagnosis of “AD” to the patients, according to the 
local diagnostic routine of the participating clinical Units.

The clinical inclusion criteria for ADMCI patients were as follows: (1) 
age of 55–90 years; (2) reported memory complaints by the patient and a 
relative; (3) a Mini-Mental State Examination (MMSE; Folstein et al., 
1975) score of 24 or higher; (4) Clinical Dementia Rating (CDR; Morris, 
1993) score of 0.5; (5) logical or verbal memory test score of 1.5 stan
dard deviations (SD) below the mean adjusted for age (Schmidt, 1996; 
Wechsler, 1987); the cognitive deficits must not significantly impair 
functional independence in activities of the daily living; (6) 30-item 

Geriatric Depression Scale (GDS; Yesavage et al., 1982) score of 5 or 
less; (7) modified Hachinski Ischemic Score (HIS; Rosen et al., 1980) of 4 
or less and educational attainment of 5 years or more; and (8) single- or 
multi-domain amnesic MCI status.

The clinical exclusion criteria for ADMCI patients were as follows: 
(1) significant systemic and neurological illness; (2) major psychiatric 
diseases, including a history of drug use, alcohol use, and other cases 
under a substance use disorder according to DSM-5. Specifically, this 
disorder involves patterns of symptoms caused by using a substance that 
an individual continues taking despite its negative effects); (3) any 
diseases belonging to dementia or mixed dementia; (4) current partici
pation in a clinical trial using disease-modifying drugs; (5) systematic 
use of antidepressants with anticholinergic side effects; (6) chronic use 
of neuroleptics, narcotics, analgesics, sedatives or hypnotics; (7) anti
parkinsonian medications (cholinesterase inhibitors and memantine 
allowed); (8) diagnosis of epilepsy or history of seizures or epileptiform 
EEG signatures, and (9) major depressive disorder as described in the 
Diagnostic and Statistical Manual of Mental Disorders (DSM-5; Amer
ican Psychiatric Association, 2013).

In all ADMCI patients, AD-relevant CSF biomarkers were assessed in 
a neurobiological definition of AD according to the NIA-AA Research 
Framework (Albert et al., 2011; Jack et al., 2018). The CSF samples were 
pre-processed, frozen, and stored in accordance with the Alzheimer’s 
Association Quality Control Programme for CSF biomarkers (Mattsson, 
2011). Dedicated single-parameter colorimetric enzyme-linked immu
nosorbent assay ELISA kits (Innogenetics, Ghent, Belgium) were used to 
measure amyloid beta 1–42 (i.e., Aβ42). Levels of the protein tau (i.e., 
total tau, t-tau) and a phosphorylated form of tau at residue 181 (i.e., p- 
tau) were also measured. Assays were performed in parallel from a 
frozen aliquot of CSF according to the manufacturer’s instructions. Each 
sample was assayed in duplicate. A sigmoidal standard curve was 
plotted to allow the quantitative expression (pg/ml − 1) of the measured 
light absorbance. All ADMCI patients in the present study were “posi
tive” for the CSF Aβ42/p-tau biomarker at a threshold defined in a 
previous investigation by our working group (Marizzoni et al., 2020). In 
that investigation, the cut-off for “positivity” for that CSF Aβ42/p-tau 
biomarker was 15.2 for APOE e4 (APOE4) carriers and 8.9 for APOE4 
non-carriers (Marizzoni et al., 2020). In the present study, all ADMCI 
patients with APOE4 status had CSF Aβ42/p-tau lower than 15.2, 
whereas the ADMCI patients without APOE status had CSF Aβ42/p-tau 
lower than 8.9.

Table 2 reports the clinical, genetic, and CSF data relevant to 

Table 1 
Mean ± SE of demographic information and clinical characteristics of the 
ADMCI and Nold samples. Legend: ADMCI: participants with mild cognitive 
impairment due to Alzheimer’s disease; Nold: cognitively normal older partici
pants; GDS: Geriatric Depression Scale; MMSE: Mini-Mental State Examination; 
TF: transition frequency; IAFp: individual alpha frequency peak.

Demographic and clinical data in ADMCI and Nold participants (mean ± SE)

ADMCI (N ¼ 34) Nold (N ¼ 22)

Age 71.0 ± 1.0 65.6 ± 8.5
Sex [M/F (% M)] 15/19 (44.1 %) 10/12 (45.5 %)
Education 12.1 ± 0.8 14.7 ± 0.8
GDS a 3.0 ± 0.4 2.6 ± 0.7
MMSE 26.0 ± 0.5 29.8 ± 0.1
TF 5.4 ± 0.2 5.9 ± 0.2
IAFp 8.8 ± 0.3 9.6 ± 0.3

a : The GDS score was not available for 4 t-Nold participants; hence, the mean 
was obtained on 18 subjects.

Table 2 
Mean ± SE of clinical data, genotype, and cerebrospinal fluid biomarkers in 
ADMCI participants. Legend: ADMCI: participants with mild cognitive impair
ment due to Alzheimer’s disease; GDS: Geriatric Depression Scale; MMSE: Mini- 
Mental State Examination.

Demographic data, clinical data, genotype, and biomarkers in 
ADMCI participants (mean ± SE)

ADMCI 
(N ¼ 34)

GDS 3.0 ± 0.4
CDR 0.5 ± 0.0
HIS a 0.7 ± 0.1
APOE-ε4 b 25/6 (80.5 

%)
Amyloid-β b 531.7 ±

18.8
Total Tau b 573.7 ±

51.2
P-Tau b 82.5 ± 6.2
Amyloid-β/P-Tau b 7.6 ± 0.6

a : HIS was not available for 3 ADMCI participants, hence the mean was ob
tained on 31 subjects.

b : Genotype and fluid biomarkers were not obtained for 3 ADMCI partici
pants, hence these data refer to 31 ADMCI subjects.
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characterize the ADMCI group for future cross-validation studies. Spe
cifically, the mean scores (± standard error of the mean, SE) of GDS, 
CDR, and modified HIS are reported. The mean percentage of APOE 
genetic risk for AD and the mean group values of CSF p-tau (pg/ml), t- 
tau (pg/ml), and Aβ42/p-tau diagnostic biomarkers for AD are also 
reported.

Furthermore, relevant sMRI markers were measured in all ADMCI 
patients. All sMRI scans were performed with a 3.0 Tesla scanner. The 
sMRI protocol consisted of several acquisitions, including two T1- 
weighted, anatomical T2-weighted fluid-attenuated inversion recovery 
(FLAIR), and diffusion tensor imaging (DTI) scans.

In the centralized analysis of the sMRIs, all data were visually 
inspected for quality assurance prior to extraction of the MRI bio
markers. Specifically, we checked that there were no gross partial brain 
coverage errors or major visible artifacts, including motion, wrap- 
around, radio frequency interference, and signal intensity or contrast 
inhomogeneities. The two anatomical T1-weighted sMRI scans were 
averaged. Data were analysed using FreeSurfer version 5.1.0 to auto
matically generate: (1) volumes of the total gray matter, total white 
matter, caudate nucleus, putamen nucleus, globus pallidus, nucleus 
accumbens, hippocampus, amygdala, and lateral ventricle; (2) total 
cortical thickness of the entorhinal cortex; and (3) white matter hypo
intensity (Desikan et al., 2006; Fischl et al., 2004). Those volumes were 
normalized to the total intracranial volume (TIV). In addition, the T2- 
weighted FLAIR MRI scans were analysed using the FMRIB Software 
Library (FSL) version 5.0.3 to evaluate the subcortical white matter le
sions to control for the AD diagnosis.

A detailed description of the acquisition and analysis of the DTI MRI 
data is reported by Jovicich and colleagues (2014) and is only sketched 
here. The automated quality control of the diffusion MRI data was 
performed by the DTIPrep tool. It applied motion and other corrections 
to those data. The post-processing was performed using FSL for skull and 
non-brain tissue removal (BET). FSL was also used to estimate the 
standard diffusion biomarkers, such as fractional anisotropy (FA), mean 
diffusivity (MD), axial diffusivity (AxD), and radial diffusivity (RD). The 
analysis explored several of the brain’s white matter tracts mentioned in 
the following paragraphs. These tracts were predefined in the Johns 
Hopkins University ICBM-FA-1 mm atlas and were back-projected with a 
nonlinear co-registration to FA, MD, AxD, and RD maps on track-based 
spatial statistics space for each ADMCI participant (Smith et al., 2006).

Anthropometric features (e.g., weight, height, and body mass index) 
and cardiovascular markers (e.g., systolic blood pressure, diastolic blood 
pressure, pulse pressure, mean arterial pressure and heart rate) were 
also measured as control variables for diagnostic purposes.

All ADMCI patients were assessed for their global cognitive status 
and performance in several cognitive domains, including memory, lan
guage, executive function, planning, visuospatial function, and atten
tion, were assessed. All ADMCI patients showed a significant decline in 
performance on at least one episodic memory test, which in most cases 
was associated with a significant decline in the performance on neuro
psychological tests assessing other cognitive domains. In the following, 
we report the cognitive domains investigated and the neuropsycholog
ical tests administered to the ADMCI patients: (1) global cognitive status 
was assessed using the MMSE and the Alzheimer’s Disease Assessment 
Scale – Cognitive Subscale (ADAS-Cog; Rosen et al., 1984); (2) episodic 
memory was assessed by the immediate and delayed recall of the Rey 
Auditory Verbal Learning Test (Schmidt, 1996); (3) executive functions 
and attention were assessed by the Trail Making Test (TMT) Parts A and 
B (Reitan and Wolfson, 1985); (4) language was assessed by the 1-min
ute Verbal Fluency Test for Letters and 1-minute Verbal Fluency Test for 
Categories (fruits, animals or car trades; Novelli et al., 1986); and (5) 
planning abilities and visuospatial functions were assessed by the Clock 
Drawing and Copy Test (Freedman et al., 1994).

All Nold seniors underwent an interview and cognitive screening 
(including MMSE and GDS) and physical and neurological examinations 
to exclude subjective memory complaints (SMC), cognitive deficits, and 

mood disorders. All Nold seniors had an MMSE score ≥ 27, a CDR score 
equal to 0, and a GDS score below the threshold of 5 (no depression) or 
were assessed as having no depression after an interview with a physi
cian or a clinical psychologist at the time of the enrollment. Nold seniors 
with a history of past or present neurological or psychiatric illness were 
also excluded. In addition, Nold seniors affected by any chronic systemic 
disease (e.g., diabetes mellitus) were excluded, as were Nold seniors 
who were chronically taking psychoactive drugs. Unfortunately, sMRI, 
CSF, and APOE genotyping were not available for the present Nold 
seniors.

2.2. The electroencephalographic (EEG) recordings

EEG recordings were performed in the morning to minimize fatigue 
and sleep pressure effects. Participants took their eventual psychotropic 
drugs after the EEG recording. They were not asked for a complete drug 
washout for obvious ethical reasons. Rather, this procedure made the 
EEG recordings in the ADMCI patient group comparable in terms of drug 
status.

The rsEEG activity was recorded while the participants were seated 
on a comfortable reclined chair in a quiet room with dim lighting. There 
were three recording conditions: (1) Resting-state eyes closed, lasting 
3–5 min as a function of the quality of the EEG recording; (2) Resting- 
state eyes open, lasting 3–5 min as a function of the quality of the EEG 
recording; and (3) Vigilance, lasting approximately 30 min. Before the 
first condition, the experimenters gave the participants the instructions. 
In the instructions, the three conditions mentioned above were intro
duced. During the first two conditions, the participants were encouraged 
to experience quiet wakefulness with muscle relaxation and no volun
tary movements, talking, or systematic goal-oriented mentalization. 
They were also informed that if they showed behavioral or EEG signs of 
drowsiness, the experimenters would kindly warn them to return to the 
quiet wakefulness mode. In contrast to the first two conditions, the third 
condition (Vigilance) was designed to leave participants free to sleep 
without receiving any alert until the end of the recording.

Each clinical unit used its local EEG recording setting to avoid ali
asing phenomena. Some clinical units used 0.01–60 Hz of analog 
bandpass filter and 128 Hz frequency sampling, while others used 
0.01–100 Hz of analog bandpass filter and 256 or 516 Hz frequency 
sampling. This setting avoided aliasing and is suitable for testing the 
present working hypothesis on the transition from quiet vigilance to 
light sleep during EEG recordings, which is focused on EEG delta (< 4 
Hz), theta (4–7 Hz), and alpha (8–12 Hz) rhythms. Notably, the 128 Hz 
frequency sampling allowed the evaluation of EEG activity from 13 to 
60 Hz to control for the expected progressive reduction of EEG power 
density with the increase in frequencies when EEG data are free from 
significant electromyographic artifacts due to excessive muscle tension 
of facial and neck muscles.

The electrode montage included 19 scalp monopolar sensors placed 
according to the 10–20 system (i.e., O1, O2, P3, Pz, P4, T3, T5, T4, T6, 
C3, Cz, C4, F7, F3, Fz, F4, F8, Fp1, and Fp2). A frontal ground electrode 
was typically used, while cephalic or linked earlobe electrodes were 
used as electrical references according to local methodological facilities 
and standards. Electrode impedances were kept below 5 kΩ. Vertical and 
horizontal electro-oculographic (EOG) potentials (0.3–70 Hz band-pass) 
were recorded using the same EEG settings to control eye movements 
and blinking.

During the first two conditions (i.e., the two Resting-state condi
tions), the experimenters paid special attention to detecting rsEEG ac
tivity with signs of sleep intrusion, such as a flattening of the amplitude 
of posterior rsEEG alpha rhythms during the rsEEG recording and a 
progressive amplitude increase of ripples (rsEEG theta rhythms), even
tually followed by vertex shape waves, K complexes, sleep spindles, and 
slow waves. In those moments, they alerted the participants to stay 
awake and take note of them. (e.g., report of participant’s drowsiness, 
open eyes, arm/hand movements, etc.).
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2.3. The preliminary EEG data analysis

The recorded EEG activity was centrally analyzed by the experts of 
the Department of Physiology and Pharmacology (V. Erspamer) of the 
Sapienza University of Rome (C.D.P., G.N., E.M.S., M.C., and S.L.). They 
have been involved for years in visual and spectral analysis of rsEEG 
rhythms in Nold or MCI individuals. Therefore, they know well the 
general features of these rhythms and could recognize if a given EEG 
dataset belonged to Nold or MCI individuals. To prevent the potential 
effects of this implicit knowledge as a source of variability in the EEG 
classification, we informed all raters about the clinical diagnosis asso
ciated with the EEG datasets to be analyzed in this study (i.e., Nold or 
ADMCI).

The analysis to detect and remove the artifacts from the recorded 
EEG activity followed the same procedures used in previous EEG studies 
in ADMCI patients by the PDWAVES Consortium (Babiloni et al., 2018b, 
2017) to compare the results across the various studies. For this reason, 
it will be only summarized below.

EEG data were exported as European data format (.edf) or EEGLAB 
set (.set) files and then processed offline using the EEGLAB toolbox 
(version eeglab14_1_2b; Delorme and Makeig, 2004) running under the 
MATLAB software (MathWorks, Natick, MA, USA; version: R2014b).

The EEG data were then analyzed according to a three-step proced
ure aimed at detecting and removing (1) any recording channels (elec
trodes) showing a prolonged artefactual rsEEG activity due to bad 
electric contacts or other reasons; (2) rsEEG epochs with artifacts in 
multiple recording channels; and (3) intrinsic components of the rsEEG 
epochs with artifacts.

The first step was based on a visual analysis of the recorded EEG 
activity by two independent experimenters among the experts above for 
a first identification of the selected electrodes affected by irreparable 
artifacts. In case of a contrasting decision, the case was discussed with a 
third expert. The final decision was taken based on the concordant de
cision of 2 of them. These are subjective decisions based on expertise, 
representing potential sources of variability among raters. However, this 
kind of expert decision-making process is common in all EEG studies 
based on visual analysis for the detection of artifacts by trained neuro
physiologists. The PDWAVES Consortium opted for this traditional 
procedure, as there is no international consensus on fully automated 
procedures for EEG artifact detection and removal in clinical studies, 
according to an expert panel of the International Federation of Clinical 
Neurophysiology (Babiloni et al., 2020a).

In the first step of the analysis, no more than 3 selected electrodes of 
the 10–20 system were removed for each participant. For the clinical 
units with a digital EEG system with > 19 exploring electrodes, the 
removed electrodes were replaced by the closest electrodes not included 
in the 19 electrodes of the 10–20 system. The added electrodes were 
then used together with the artifact-free selected electrodes to compute 
the interpolation of artifact-free EEG data to reconstruct the EEG data at 
the removed electrodes of the 10–20 system through the EEGLAB 
toolbox, ensuring that all participants had artifact-free EEG data at the 
locations of those 19 electrodes. Notably, the interpolation technique 
may introduce a source of variance in the EEG datasets, so we performed 
a control analysis comparing the mean number of interpolated elec
trodes between the Nold and ADMCI groups (p < 0.05). No statistical 
difference was observed (p > 0.05).

The second step was based on a visual analysis of the recorded EEG 
activity by three experts among those involved in the operation (i.e., C. 
D.P., G.N., and S.L.) to develop a first identification of the artefactual 
EEG epochs. The EEG epochs contaminated by muscular, ocular, head 
movements, or non-physiological artifacts were digitally annotated by 
windowing the EEG traces.

The third step was implemented by an independent component 
analysis (ICA) from the EEGLAB toolbox, which was applied to remove 
the ICA components representing the residual artifacts due to the 
following causes: (1) blinking and eye movements; (2) involuntary head 

movements; (3) neck and shoulder muscle tension; and (4) electrocar
diographic activity (Crespo-Garcia et al., 2008; Jung et al., 2000). In this 
step, the EEG experts performed a visual analysis of the independent 
components to detect and remove those showing the typical pattern of 
eye movements, saccades, heartbeats, and electromyographic activity 
due to excessive head muscle tensions. Even in this case, we did not find 
any fully automated procedure that received an international consensus 
for application in ADMCI patients. For each EEG dataset, less than 5 ICA 
components were removed from those produced by the EEGLAB 
toolbox. In this step, the EEG datasets were reconstructed with the 
remaining (artifact-free) ICA components, and the putative artifact-free 
EEG epochs were again visually double-checked by two experts to 
confirm or make the final decision on the inclusion or exclusion of the 
respective EEG stage.

The artifact-free EEG data were divided into 4-s epochs for further 
analysis.

2.4. The classification of the artifact-free EEG epochs of the vigilance 
condition

The analysis of the EEG data investigating the transition from quiet 
vigilance to light NREM sleep was performed independently by three (i. 
e., E.M.S., D.J., and M.C.) of the experts above blinded to the diagnosis 
of the participants. They classified the artifact-free EEG 4-s epochs of the 
Vigilance condition into three stages, according to a modified version of 
the classification system outlined by Hori et al. (1994). Prior to this part 
of the procedure, the three experts critically discussed Hori’s classifi
cation system. Furthermore, they performed together some classifica
tion trials on sample EEG datasets to harmonize the practical application 
of Hori’s criteria to the experimental data. The three stages of the Vig
ilance condition for the present study are defined below:

(1) Wakefulness, characterized by dominant EEG alpha rhythms at 
parietal and occipital scalp electrodes for ≥ 75 % of the EEG epoch (i.e., 
at least 3 s out of the 4-s EEG epoch). This stage corresponds to Hori’s 
stages 1, 2, and 3.

(2) Flattening, characterized by a marked reduction (≥ 50 %) in the 
amplitude of the EEG alpha rhythms measured in the EEG epochs of the 
Wakefulness stage. This amplitude reduction must occur in ≥ 75 % of 
the whole EEG epoch examined.

(3) Ripples (diffuse theta), characterized by widespread EEG 
rhythms at the individual theta frequencies that are lower than those 
marked as EEG alpha rhythms in the Wakefulness stage. Such dominant 
EEG theta rhythms must occur for ≥ 75 % of the whole EEG epoch 
examined. This stage corresponds to Hori’s stage 5.

All EEG epochs compatible with mixed Vigilance stages were dis
carded, as well as all EEG epochs with vertex shape waves, K complexes, 
sleep spindles, and sleep slow waves.

Based on the above classification procedure, each EEG dataset in the 
Vigilance condition recorded from the Nold or ADMCI participants was 
classified into two categories: (1) Transitional, showing at least 30 s (8 
EEG epochs) of EEG activity in the Wakefulness stage, at least 30 s of 
EEG activity in the Flattening stage, and at least 30 s of EEG activity in 
the Ripples stage and (2) Non-transitional, due to the lack of EEG ac
tivity required for satisfying the above Vigilance stages of Wakefulness, 
Flattening, and Ripples. Inter-rater variability computed in EEG datasets 
belonging to two Nold participants and two ADMCI participants resulted 
in a moderate mean concordance rate of 0.71 (min–max: 0.66–0.76). In 
all other EEG datasets, any uncertainty on the EEG epochs was managed 
by a discussion of two raters. If they did not agree on a given classifi
cation, the case was resolved by the intervention of a third expert.

The outcome of the above classification procedure was as follows: 
the EEG datasets classified as Transitional were observed in 18 (t- 
ADMCI) out of 34 ADMCI patients and in 11 (t-Nold) out of 22 Nold 
subjects. Table 3 reports the relevant demographic and clinical infor
mation (i.e., MMSE score) about the t-Nold and t-ADMCI groups, 
together with the results of the statistical analyses computed to evaluate 
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the presence or absence of statistically significant differences between 
them as age (t-test), sex/gender (Fisher’s exact test), education (t-test), 
and MMSE score (Mann-Whitney U test). As expected, a statistically 
significant difference was found between the two groups for the MMSE 
score (p = 0.001), showing a higher score in the Nold than in the ADMCI 
group. On the contrary, we observed no statistically significant differ
ences in age, gender, and education between the groups (p > 0.05).

Table 4 reports the relevant demographic, clinical, genetic, and CSF 
data of the t-ADMCI and nt-ADMCI subgroups to characterize them for 
future cross-validation studies. For the same reasons, the ADMCI pa
tients who received prescriptions for the use of psychoactive drugs as- 
needed basis are specified in the following. In total, psychoactive 
drugs were taken by 4 out of 18 t-ADMCI patients (namely Escitalopram 
N = 3, Duloxetine N = 1, Lormetazepam N = 1) and 8 out of 16 nt- 
ADMCI patients (Escitalopram N = 3, Duloxetine N = 2, Lormetaze
pam N = 1, Trazodone N = 2, Zolpidem N = 1). Furthermore, the t-Nold 
and nt-Nold participants had not received prescriptions for the above 
psychoactive drugs, so these drugs cannot explain the transitions from 
quiet wakefulness to light sleep of the t-Nold participants in the present 
experimental conditions (Table SM1). Given the distribution of that 
information across participants, we did not use those variables as 
covariates in statistical models.

Fig. 1 illustrates examples in the t-Nold and t-ADMCI groups of EEG 
waveforms classified into the three stages of the Vigilance condition (i. 
e., Wakefulness, Flattening, and Ripples).

2.5. The scalp power density of EEG rhythms

For each participant, the global normalized EEG power density at the 
scalp electrode level was evaluated. In detail, the procedure was per
formed as follows: (1) raw EEG data of all clinical units were filtered 
0.1–60 Hz. The raw EEG data were then subsampled to 128 Hz if the 
recording had been performed with sampling frequencies at 256 Hz or 
512 Hz. This procedure avoided aliasing and is suitable for testing the 
present working hypothesis on the transition from quiet vigilance to 
light sleep during EEG recordings, which is focused on EEG delta (< 4 
Hz), theta (4–7 Hz), and alpha (8–12 Hz) rhythms. Furthermore, the 
evaluation of EEG activity from 13 to 60 Hz allowed us to control for the 
expected progressive reduction of EEG power density with the increase 
in frequencies when EEG data are free from significant electromyo
graphic artifacts due to excessive muscle tension of facial and neck 
muscles; (2) the scalp EEG power density at each electrode and fre
quency bin was normalized to the mean value obtained by averaging the 
scalp EEG power density across all frequency bins and scalp electrodes; 
(3) the global scalp normalized EEG power density at each frequency bin 
was calculated by averaging the normalized scalp EEG power density 
values across all 19 electrodes of the 10–20 montage system; and (4) the 
global scalp normalized EEG power density values at each frequency 
band of interest were averaged to obtain the frequency band values. 
Notably, for each participant, the EEG frequency and source analyses of 
the Wakefulness, Flattening, and Ripple stages were based on all artifact- 
free EEG epochs classified into the Wakefulness, Flattening, and Ripple 
stages, respectively.

To control the outcome of the mentioned classification qualitatively, 
we performed the following procedure. For each Nold and ADMCI 
participant, we computed the EEG power density across all scalp elec
trodes for the Wakefulness, Flattening, and Ripple stages separately. 
Afterward, the grand average of the global EEG power density across all 
Nold and ADMCI participants was computed for each stage. Supple
mentary Materials Figure SM1 illustrates the solutions. They clearly 
show that the EEG power density peak in the alpha frequencies (8–12 
Hz) was highest in the Wakefulness state and lowest in the Flattering 
stage. Furthermore, the EEG power density peak around the theta fre
quencies (4–6 Hz) was highest in the Ripples stage. These findings agree 
with what is expected based on the criteria to classify the EEG epochs in 
the Wakefulness, Flattening, and Ripple stages.

The EEG frequency bands of interest were individually identified 
using the following frequency landmarks: the rsEEG transition fre
quency (TF) and the rsEEG individual alpha frequency peak (IAFp; 
Klimesch, 1999, 1996). In the rsEEG power density spectrum, the TF 
marks the transition frequency between the theta and alpha bands, 
defined as the minimum rsEEG power density between 3 and 8 Hz 
(between the delta and the alpha power peak) in the parietal or occipital 

Table 3 
Mean ± SE of demographic information and clinical characteristics and results 
of their statistical comparisons (p < 0.05) in t-ADMCI and t-Nold participants. 
Legend: t-ADMCI: participants with mild cognitive impairment due to Alz
heimer’s disease transitioning into light sleep; t-NOLD: cognitively normal older 
participants transitioning into light sleep; GDS: Geriatric Depression Scale; 
MMSE: Mini-Mental State Examination; n.s. = not significant (p > 0.05).

Demographic and clinical data in t-ADMCI and Nold participants (mean ± SE)

t-ADMCI (N ¼
18)

t-Nold (N ¼
11)

Statistical Analysis

Age 70.0 ± 1.4 65.6 ± 2.6 T-test: n.s.
Sex [M/F (% 

M)]
7/11 (38.9 %) 3/8 (27.3 %) Fisher test: n.s.

Education 13.3 ± 1.2 15.8 ± 0.8 T-test: n.s.
GDS a 2.8 ± 0.6 1.9 ± 0.4 T-test: n.s.
MMSE 25.9 ± 0.7 29.6 ± 0.3 Mann-Whitney U test: p <

0.001

a : GDS score was not available for 2 t-Nold participants, hence the mean was 
obtained on 9 subjects.

Table 4 
Mean ± SE of demographic data, clinical data, genotype, and cerebrospinal fluid 
biomarkers and results of their statistical comparisons (p < 0.05) in t-ADMCI and 
nt-ADMCI participants. Legend: t-ADMCI: participants with mild cognitive 
impairment due to Alzheimer’s disease transitioning into light sleep; nt-ADMCI: 
participants with mild cognitive impairment due to Alzheimer’s disease not 
transitioning into light sleep; SES: socioeconomic-status; BMI: body mass index; 
GDS: Geriatric Depression Scale; MMSE: Mini-Mental State Examination; CDR: 
Clinical Dementia Rating; HIS: Hachinski Ischemic Score; n.s. = not significant 
(p > 0.05).

Demographic data, clinical data, genotype, and biomarkers in t-ADMCI and nt- 
ADMCI participants (mean ± SE)

t-ADMCI (N ¼
18)

nt-ADMCI (N 
¼ 16)

Statistical 
Analysis

Age (years) 70.0 ± 1.4 72.1 ± 1.3 T-test: n.s.
Sex [M/F (% M)] 7/11 (38.9 %) 8/8 (50.0 %) Fisher test: n.s.
Education (years) 13.3 ± 1.2 10.8 ± 0.9 T-test: n.s.
Living alone [Y/N (% Y)] 

a
0/15 (0 %) 3/13 (18.8 %) Fisher test: n.s.

SES (low/middle/high) 6/5/5 3/8/4 Chi-square test: 
n.s

BMI a 26.8 ± 0.9 24.7 ± 0.8 T-test: n.s.
GDS 2.8 ± 0.6 3.3 ± 0.6 T-test: n.s.
MMSE 25.9 ± 0.7 26.1 ± 0.6 T-test: n.s.
CDR 0.6 ± 0.1 0.5 ± 0.0 T-test: n.s.
HIS a 0.7 ± 0.2 0.6 ± 0.1 T-test: n.s.
Systolic blood pressure 

(mmHg) a
133.6 ± 2.5 135.8 ± 4.0 T-test: n.s.

Diastolic blood pressure 
(mmHg) a

82.9 ± 2.8 75.1 ± 2.5 T-test: n.s.

Heart rate (beats per min) 
a

64.6 ± 2.7 64.8 ± 1.7 T-test: n.s.

Familiarity for dementia 
a

7/8 (46.7 %) 8/8 (50 %) Fisher test: n.s.

APOE-ε4 [Y/N (% Y)] b 12/3 (80.0 %) 13/3 (81.3 %) Fisher test: n.s.
Amyloid-β b 517.7 ± 23.3 544.8 ± 29.5 T-test: n.s.
Total Tau b 630.5 ± 87.2 520.6 ± 55.9 T-test: n.s.
P-Tau b 89.8 ± 10.2 75.6 ± 7.0 T-test: n.s.
Amyloid-β/P-Tau b 6.8 ± 0.8 8.2 ± 0.9 T-test: n.s.

a : Data not available for 3 t-ADMCI participants, hence sample size is n = 15.
b : Genotype and fluid biomarkers were not obtained for 2 t-ADMCI partici

pants, hence these data refer to 16 t-ADMCI subjects.
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scalp electrodes showing alpha power maximum. The IAFp is the 
maximum rsEEG power density peak between 6 and 14 Hz, typically 
observed in parietal or occipital electrodes. These frequency landmarks 
were previously well described by Dr. Wolfgang Klimesch (1996, 1999). 
The TF and IAFp were computed for each participant included in the 
study. Based on the TF and IAFp, we estimated the individual EEG delta, 
theta, and alpha bands as follows: delta from TF − 4 Hz to TF − 2 Hz, 
theta from TF − 2 Hz to TF, alpha 1 from TF to the frequency midpoint of 
the TF-IAFp range, alpha 2 from the frequency midpoint of the TF-IAFp 
range to IAFp, and alpha 3 IAFp to IAFp + 2 Hz.

The other higher frequency bands (i.e., beta and gamma) were not 
included in the present study based on the lack of significant differences 
with Nold participants obtained by the research group using the present 
EEG methodology in ADMCI patients (Babiloni et al., 2021a, 2021b).

2.6. The estimation of EEG cortical sources by low-resolution brain 
electromagnetic tomography (eLORETA) freeware

We used the official freeware tool, exact low-resolution brain elec
tromagnetic tomography (eLORETA; https://www.uzh.ch/keyinst/l 
oreta.htm), to linearly estimate the cortical source activity generating 
scalp-recorded EEG rhythms (Pascual-Marqui, 2007). The present 
implementation of eLORETA uses a realistic head volume conductor 
model consisting of the scalp, skull, and cerebral cortex. Exploring 
electrodes can be virtually positioned in the scalp compartment to 
provide EEG data as input for source estimation (Pascual-Marqui, 2007). 
These compartments of the head model are based on a template used in 
many neuroimaging studies, namely that of the Montreal Neurological 
Institute (i.e., the MNI152 template).

The input for the eLORETA source estimation in the present study 
was the artifact-free EEG epochs with 19 scalp electrodes placed ac
cording to the 10–20 montage system. The output is the set of estimates 
of neural ionic currents in the equivalent current dipoles located in the 
6,239 voxels with 5 mm resolution, restricted to the cortical gray matter 
of the realistic head volume conductor model. In that cortical source 
space, an equivalent current dipole is located at the center of each voxel. 
The eLORETA package provides the Talairach coordinates, the cortical 
lobe, and the Brodmann area (BA) of each voxel.

The eLORETA freeware solves the so-called regularized EEG linear 
inverse problem, estimating “neural” current density values at any 
cortical voxel of the realistic head volume conductor model mentioned. 
The solutions are computed at each EEG frequency bin (e.g., in the 
present study, 0.25 Hz as frequency resolution, namely, the maximum 
frequency resolution allowed using 4-s artifact-free EEG epochs).

A regional analysis of the eLORETA solutions was performed in the 
following lobar macro-regions of interest (ROIs): frontal (Brodmann 
area, BA 8, 9, 10, 11, 44, 45, 46, and 47), central (BA 1, 2, 3, 4, and 6), 
parietal (BA 5, 7, 30, 39, 40, and 43), occipital (BA 17, 18, and 19), and 
temporal (BA 20, 21, 22, 37, 38, 41, and 42). Remarkably, the eLORETA 
solution for each of these lobar ROIs was obtained by averaging the 
normalized eLORETA current density values estimated at all included 
individual voxels. For example, the eLORETA solution for the temporal 
ROI was obtained by averaging the normalized eLORETA current den
sity values estimated at all voxels included in the BA 20, 21, 22, 37, 38, 
41, and 42 of the bilateral temporal lobes.

2.7. Statistical analysis

The statistical analyses of the present study were performed by the 
STATISTICA software, version 10.0 (StatSoft Inc., www.statsoft.com).

To test the working hypothesis of the present study, the regional 
eLORETA EEG source activities were compared across the different 
recording conditions in the t-Nold and t-ADMCI subgroups.

The statistical comparisons of the EEG source activity were per
formed using ANOVA models with statistical significance set at p < 0.05. 
Mauchly’s test for sphericity was used to assess whether the assumption 
of sphericity was met, and the Greenhouse-Geisser correction was 
applied if the data violated that assumption. The Duncan test was used 
for post-hoc comparisons (p < 0.05, Bonferroni corrected).

Since the use of ANOVA models implies that the dependent variable 
must be normally distributed, the Kolmogorov-Smirnov test (p < 0.05) 
was used to determine whether the regional eLORETA EEG source ac
tivities approximated Gaussian distributions (null hypothesis of non- 
Gaussian distributions tested at p < 0.05). This prerequisite was not 
met in some cases, so all regional eLORETA source activities were used 
as inputs to the log 10 transformation to make those eLORETA solutions 
Gaussian. The Kolmogorov-Smirnov test confirmed that all regional 
eLORETA source activities were Gaussian after that transformation (p >
0.05). These activities were used for the statistical sessions described in 
the following paragraphs. For each ANOVA model, variables showing 
significant differences in post-hoc comparisons were examined for the 
presence of possible outliers using Grubbs’ iterative method at p <
0.001. If outliers were detected, the analysis was repeated with their 
removal to confirm the robustness of the results.

The first statistical session tested the hypothesis of differences in the 
regional eLORETA EEG source activities between the t-Nold (N = 11) 
and t-ADMCI (N = 18) groups (p < 0.05). The ANOVA factors were 
Group (t-ADMCI and t-Nold; independent variable), Condition (Eyes 

Fig. 1. Example of the three Vigilance Conditions: Wakefulness (Hori Stages 1, 2 and 3), Flattening (Hori Stage 4), Ripples (Hori Stage 5) in two subjects from the t- 
ADMCI and t-Nold (subjects with Mild Cognitive Impairment due to Alzheimer’s Disease and cognitively normal elderly showing transition to light sleep). Each 
picture represents two 4-seconds epochs of the relevant EEG channels, here depicted in a monopolar montage using the common average as reference, used for 
scoring the Vigilance Conditions.
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Open, Wakefulness, Flattening, and Ripples), Frequency Band (delta, 
theta, alpha 1, alpha 2, and alpha 3), and ROI (Frontal, Parietal, and 
Occipital). The confirmation of the hypothesis required a statistically 
significant ANOVA effect including the factors Group (p < 0.05) and 
Condition, and a post-hoc Duncan test confirming the statistically sig
nificant differences in the eLORETA source solutions between the t-Nold 
and t-ADMCI groups (p < 0.05).

The second statistical session tested the hypothesis that the regional 
eLORETA EEG source activities of the t-Nold (N = 11) and t-ADMCI (N =
18) groups differed during the transition from the resting-state Eyes 
Closed to the Eyes Open conditions (p < 0.05). For this purpose, the 
dependent variable was the ratio of the regional eLORETA rsEEG source 
activities between the Eyes Closed and Eyes Open conditions. The 
ANOVA factors were Group (t-Nold and t-ADMCI; independent vari
able), Frequency Band (delta, theta, alpha 1, alpha 2, and alpha 3), and 
ROI (Frontal, Parietal, and Occipital). The confirmation of the hypoth
esis required a statistically significant ANOVA effect, including the 
factor Group (p < 0.05) and a post-hoc Duncan test confirming the 
statistically significant differences in the eLORETA source solutions 
between the t-Nold and t-ADMCI groups (p < 0.05).

The third statistical session tested the hypothesis that the regional 
eLORETA EEG source activities of the t-Nold (N = 11) and t-ADMCI (N =
18) groups differed (p < 0.05) during the transition from the Wakeful
ness to Ripple stages of the Vigilance condition. For this purpose, the 
dependent variable was the ratio of the regional eLORETA EEG source 
activity between the Wakefulness and the Ripple stages. The ANOVA 
factors were Group (t-Nold and t-ADMCI; independent variable), Fre
quency Band (delta, theta, alpha 1, alpha 2, and alpha 3), and ROI 
(Frontal, Parietal, and Occipital). The confirmation of the hypothesis 
required a statistically significant ANOVA effect, including the factor 
Group (p < 0.05) and a post-hoc Duncan test confirming the statistically 
significant differences in the eLORETA source solutions between the t- 
Nold and t-ADMCI groups (p < 0.05).

3. Results

Supplementary Materials Figure SM2 illustrates the mean (± SE) 
regional eLORETA EEG source activities in the t-Nold (N = 11) and t- 
ADMCI (N = 18) groups for all variables of interest, such as the resting- 
state Eyes Open condition, the stages of the Vigilance condition (i.e., 
Wakefulness, Flattening, and Ripples), the frequency bands (delta, theta, 
alpha 1, alpha 2, and alpha 3), and the ROIs (Frontal, Central, Parietal, 
Temporal, and Occipital). In the t-Nold group, the regional eLORETA 
EEG sources showed the expected prominent activities at the alpha 2 and 
alpha 3 bands estimated during the Wakefulness stage, with a topo
graphic gradient showing the maximum activities at the occipital ROI 
with a gradual reduction in magnitude towards the anterior regions. The 
mean group values of TF and IAFp were 5.9 (± 0.2) Hz and 9.6 (± 0.3) 
Hz in the Nold group, while they were 5.4 (± 0.2) Hz and 8.8 (± 0.3) Hz 
in the ADMCI group (see Table 1). Furthermore, there was the expected 
widespread reduction in the regional eLORETA EEG alpha 2 and alpha 3 
source activities estimated during the resting-state Eyes Open condition 
and the Flattening and Ripples stages. Finally, there was an expected 
increase in the regional eLORETA EEG theta source activities during the 
Ripples stage. Compared to the t-Nold group, the t-ADMCI group was 
characterized by lower regional eLORETA rsEEG alpha 2 and alpha 3 
source activities estimated during the Wakefulness stage and high 
regional eLORETA EEG delta and theta source activities in all phases of 
the recording. Overall, these features of the regional eLORETA EEG 
source activities indicated the acceptable quality of the experimental 
procedures of EEG data recording and analysis.

The results of the first statistical session (see Fig. 2) showed a sta
tistically significant ANOVA interaction [F (24, 648) = 1.5729; p =
0.040] among the factors Group (t-ADMCI and t-Nold; independent 
variable), Condition (Eyes Open, Wakefulness, Flattening, and Ripples), 
Frequency Band (delta, theta, alpha 1, alpha 2, and alpha 3), and ROI 

(Frontal, Parietal, and Occipital). The planned post-hoc Duncan testing 
was focused on the comparison of the regional eLORETA EEG delta and 
alpha source activities between the two groups and unveiled the 
following results. Compared to the t-Nold group, the t-ADMCI group was 
characterized by greater frontal eLORETA EEG delta source activities at 
the Wakefulness (p = 0.0023, p < 0.05 uncorrected), Flattening (p =
0.0011, p < 0.05 uncorrected), and Ripples (p = 0.0002, p < 0.05 with 
Bonferroni correction for 4 ROI *5 frequency bands * 3 conditions = 60, 
p < 0.05/60 = 0.0008) stages of the Vigilance condition. The t-ADMCI 
group was also characterized by lower occipital eLORETA EEG alpha 2 
and alpha 3 source activities estimated during the Vigilance stage of 
Wakefulness (p = 0.0253 and p = 0.0211, respectively; p < 0.05 un
corrected). Data distributions for both groups were examined, and 
Grubbs’ iterative method for outlier detection with p < 0.001 was per
formed on those source activity values that showed significant differ
ences in post hoc tests (i.e., frontal delta source activities in 
Wakefulness, Flattening, and Ripples, and occipital alpha 2 and alpha 3 
source activities in Wakefulness). No outliers were found for t-ADMCI 
and t-Nold participants (see Figure SM3).

The second statistical session used the ratio of the regional eLORETA 
EEG source activities between the Wakefulness stage and the Eyes-Open 
condition as a dependent variable to probe the reactivity of EEG alpha 
sources during the vigilance transition from brain arousal to quiet vig
ilance. The results of this session showed that the ANOVA interaction 
among the factors Group (t-ADMCI and t-Nold; independent variable), 
Frequency Band (delta, theta, alpha 1, alpha 2, and alpha 3), and ROI 
(Frontal, Parietal, and Occipital) was not statistically significant [F (8, 
216) = 1.9553, p = 0.0534], possibly due to relatively small sample size. 
Notably, descriptive data showed the expected reduction in the rsEEG 
occipital source activities in the t-ADMCI group compared to the t-Nold 
group (see Fig. 3).Outliers detection (Grubbs’ iterative method with p <
0.001) identified only 3 outliers (2 t-ADMCI subjects and 1 t-Nold sub
ject) in the values of interest (occipital alpha 2 and occipital alpha 3; see 
Figure SM4).

The third statistical session used the ratio of the regional eLORETA 
EEG source activities between the Wakefulness and Ripples stages as a 
dependent variable to probe the reactivity of the EEG alpha sources 
during the vigilance transition from quiet vigilance to light NREM sleep. 
The results of this session (see Fig. 4) showed a statistically significant 
ANOVA interaction [F (8, 216) = 1.9936; p = 0.0489] among the factors 
Group (t-ADMCI and t-Nold; independent variable), Frequency Band 
(delta, theta, alpha 1, alpha 2, and alpha 3), and ROI (Frontal, Parietal, 
and Occipital). The planned post-hoc Duncan testing was focused on the 
high-frequency alpha source activities and showed that the t-ADMCI 
group was characterized by lower reactivity of the eLORETA EEG alpha 
2 and alpha 3 source activities estimated in the occipital (both p <
0.0001; p < 0.05 Bonferroni correction for 3 ROI *5 frequency bands =
15, p < 0.05/15 = 0.0033) and parietal (p < 0.01 and p < 0.005, 
respectively; p < 0.05 uncorrected) ROIs compared to the t-Nold group. 
Since Grubbs’ iterative method (p < 0.001) detected 3 outliers (2 t- 
ADMCI and 1 t-Nold; see Figure SM5) in the values with significant 
differences in post-hoc tests, the ANOVA was repeated, excluding the 
outliers. The results confirm those obtained on the whole sample [F(8, 
192) = 3.2616, p = 0.0017; all post-hoc tests p-values < 0.05 with 
Bonferroni correction for alpha 2 and alpha 3 source activities in parietal 
and occipital ROIs].

3.1. Results of the control analyses

The above results showed that the t-ADMCI group was characterized 
by significant differences in regional eLORETA EEG delta and alpha 2–3 
source activities during the three stages of the Vigilance condition (i.e., 
Wakefulness, Flattening, and Ripples) compared to the t-Nold group. 
These results motivate future studies comparing t-ADMCI participants 
and those not showing the transitions of the EEG activity across the 
Vigilance stages (nt-ADMCI). These results also motivate future studies 
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comparing t-Nold participants and those not showing the transitions of 
the EEG activity across the Vigilance stages (nt-Nold). In the following, 
we performed three control analyses to probe the effect size for those 
studies.

The first control analysis tested the effect size from the comparison 
between the t-ADMCI (N = 18) and nt-ADMCI (N = 16) subgroups in the 
regional eLORETA EEG delta and high-frequency alpha source activities 
during the resting-state eyes-closed condition. A control ANOVA 
addressed this issue (p < 0.05) using as a dependent variable the 
regional eLORETA EEG source activities estimated for the resting-state 
Eyes Closed condition. The ANOVA factors were Group (t-ADMCI and 
nt-ADMCI; independent variable), Frequency Band (delta, theta, alpha 
1, alpha 2, and alpha 3), and ROI (Frontal, Parietal, and Occipital). The 
results showed an ANOVA interaction among group, frequency band, 
and ROI [F (8, 256) = 2.2731, p = 0.0230] (see Fig. 5). Planned post-hoc 
Duncan testing (p < 0.05 with Bonferroni correction for 5 frequency 
bands, p < 0. 05/5 = 0.01) revealed that the t-ADMCI group was 
characterized by greater eLORETA EEG delta source activities in frontal 
(p = 0.0099; p < 0.05 uncorrected), parietal (p = 0.0001; p < 0.05 
corrected), and occipital (p = 0.0001; p < 0.05 corrected) regions 
compared to the nt-ADMCI group, as well as higher occipital theta 
source activity (p = 0.0407; p < 0.05 uncorrected). Data distributions 
for t-ADMCI and nt-ADMCI are shown in Figure SM6. Grubbs’ iterative 
method with p < 0.001 found no outliers in source activity values 
showing significant differences according to post hoc tests. The data on 
the basis of these statistical effects were used as an input to compute 

effect sizes by Cohen’s d (Cohen, 1988) and the sample size by an alpha 
level of 0.05 and a desired power of 0.8. The following Cohen’s d values 
(and corresponding sample size for each group) were produced for the 
occipital (d = 1.54, suggested sample size: 7 subjects), parietal (d =
1.31, suggested sample size: 10 subjects), and global (d = 1.31, sug
gested sample size: 14 subjects) EEG delta sources.

Notably, these results were not attributable to significant differences 
between the nt-ADMCI and t-ADMCI groups based on relevant de
mographic and genetic data, clinical information and biomarkers (i.e., 
CSF amyloid and tau, MRI), and neuropsychological test scores, as 
shown in Table 4 (see above) and the tables described below. Table 5
reports the mean scores (± SE) of the neuropsychological tests assessing 
cognitive functions in the two ADMCI groups. These tests included the 
Alzheimer’s Disease Assessment Scale-Cognitive Subscale (ADAS-Cog), 
the Immediate and Delayed Recall Logical Memory Test, the Immediate 
and Delayed Recall Rey Auditory Verbal Memory Test, the Clock 
Drawing Test, The Trail Making Test B-A, the Verbal Fluency for Letters 
and Verbal Fluency for Categories. No statistically significant difference 
in those variables was found between the two groups (p > 0.05). In 
particular, language abilities typically reflect crystallized intelligence. 
Along the same line, the two ADMCI subgroups did not differ in other 
typical dementia risk factors, such as living alone (yes/no), socioeco
nomic status (coded in low, middle, and high based solely on the sub
jects’ job occupations), and familiarity history of dementia (yes if at 
least one of mother, father, or siblings has been diagnosed with de
mentia). Results showed no statistical effects between the two subgroups 

Fig. 2. Regional normalized exact low-resolution brain electromagnetic tomography (eLORETA) solutions (mean across subjects, log-10 transformed) modelling 
cortical sources of Vigilance electroencephalographic (EEG) rhythms relative to a statistical ANOVA interaction among the factors Group (healthy elderly subjects 
showing transitions to light sleep, t-Nold, N = 11; patients with mild cognitive impairment due to Alzheimer’s disease showing transitions to light sleep, t-ADMCI N =
18); Frequency Band (Delta, Theta, Alpha 1, Alpha 2, Alpha 3), Region of Interest (ROI; Frontal, Parietal, Occipital), and Condition (Eyes Open, Wakefulness, 
Flattening, Ripples). This ANOVA design used the regional normalized eLORETA solutions as a dependent variable. Regional normalized eLORETA solutions 
modelled the EEG relative power spectra as revealed by a sort of “virtual” intracranial macro-electrodes located on the macro-cortical regions of interest. Legend: 
black rectangles indicate the cortical regions and frequency bands in which the eLORETA solutions presented a statistically significant pattern t-ADMCI > Nold after 
post-hoc analysis (dashed line: p < 0.05; filled line: p < 0.05 Bonferroni corrected, i.e. p < 0.0008), blue dashed rectangles indicate the cortical regions and frequency 
bands in which the eLORETA solutions presented a statistically significant pattern t-ADMCI < Nold after post-hoc analysis (p < 0.05). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Regional normalized exact low-resolution brain electromagnetic tomography (eLORETA) solutions (mean across subjects) modelling the ratio of cortical 
sources of the electroencephalographic (EEG) rhythms in the Wakefulness and Eyes Open conditions (Wakefulness/Eyes Open) for healthy elderly subjects showing 
transitions to light sleep (t-Nold, N = 11) and patients with mild cognitive impairment due to Alzheimer’s disease showing transitions to light sleep (t-ADMCI N = 18) 
across EEG frequency bands (Delta, Theta, Alpha 1, Alpha 2, Alpha 3), and regions of interest (ROI; Frontal, Parietal and Occipital).
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(p > 0.05; Table 5). The lack of statistical effects in the present relatively 
small ADMCI samples (t-ADMCI, N = 18; nt-ADMCI, N = 16) provides a 
first hint that core results may not be strongly affected by premorbid 
intelligence and the above confounding variables.

Table SM2 reports mean values (± SE) of the T1-weighted and T2- 
weighted FLAIR MRI biomarkers probing brain gray matter volumes 
and thickness and white matter hypointensity and lesions in the two 
ADMCI groups. The variables of interest included the volumes of the 
ventricles, hippocampus, amygdala, thalamus, and basal ganglia nuclei. 
They also included the thickness of several cortical regions. No statis
tically significant difference in those variables was found between the 
two groups (p > 0.05). Furthermore, the two subgroups differed neither 
in the MRI-FLAIR markers of subcortical white matter lesions (p > 0.05 
uncorrected) typically reflecting cardiovascular risk factors nor in the 
clinical indexes of cardiovascular risk factors such as body mass index, 
systolic blood pressure, diastolic blood pressure, and heart rate (p >
0.05).

Table SM3 reports the mean values (± SE) of the diffusion MRI 
biomarkers (i.e., fractional anisotropy and diffusivity) probing several 
brain white matter tracts in the two ADMCI groups. No statistically 
significant difference in those variables was found between the two 
groups (p > 0.05).

The second control analysis tested the effect size from the compari
son between the t-Nold (N = 11) and nt-Nold (N = 11) subgroups in the 
regional eLORETA EEG delta and high-frequency alpha source activities 
during the resting-state eyes-closed condition. The ANOVA dependent 
variable was the regional eLORETA EEG source activities estimated for 
the resting-state Eyes Closed condition. The ANOVA factors were Group 
(t-Nold and nt-Nold; independent variable), Frequency Band (delta, 
theta, alpha 1, alpha 2, and alpha 3), and ROI (Frontal, Parietal, and 
Occipital). Notably, there were no differences in age, education, and 
MMSE scores between the two groups (p > 0.05). The results (see Fig. 6) 

showed an interaction between the factors Group and Frequency Band 
[F(4, 80) = 4.4920, p = 0.0025]. Planned post-hoc Duncan tests focused 
on comparisons between the two groups. They showed that the t-Nold 
group was characterized by lower global eLORETA EEG alpha 2 and 
alpha 3 source activities compared to the nt-Nold group (p = 0.0285 and 
p = 0.0313, respectively, p < 0.05 uncorrected). (p < 0.05 uncorrected). 
Fig. 6 illustrates these results. No outliers were detected in the source 
activities that showed significant differences in post-hoc tests (Grubb’s 
iterative method with p < 0.001; data distributions for t-Nold and nt- 
Nold groups are shown in Figure SM7). The data on the basis of these 
statistical effects were used as an input to compute effect sizes by 
Cohen’s d and the sample size by an alpha level of 0.05 and a desired 
power of 0.8. The following Cohen’s d values (and corresponding sug
gested sample size) were produced: 0.69 (33 subjects) for the global 
rsEEG alpha 2 source activity and 0.77 (27 subjects) for the global rsEEG 
alpha 3 source activity.

The main study results also raised two questions. The first question 
was whether the regional eLORETA EEG source activities in ADMCI 
patients might be characterized by the high variability of those activities 
over EEG recordings lasting only a few minutes (i.e., 3–5 min). Two 
control ANOVAs addressed this question (p < 0.05), one for the t-ADMCI 
group and the other for the nt-ADMCI group. For each ANOVA, the 
dependent variable was the regional eLORETA EEG source activities 
estimated during the resting-state Eyes Closed condition. At the end of 
the preliminary EEG data analysis, each ADMCI patient was associated 
with artifact-free EEG epochs of 4 s recorded during that condition. They 
were divided into two classes: the EEG epochs recorded during the first 
half of the resting-state Eyes Closed condition (i.e., 1.5–2.5 min) and 
those recorded during the second half. For each ADMCI group (t-ADMCI 
or nt-ADMCI), the ANOVA factors were Condition (First half and Second 
half; independent variable), Frequency Band (delta, theta, alpha 1, alpha 
2, and alpha 3), and ROI (Frontal, Parietal, and Occipital). The results 

Fig. 4. Regional normalized exact low-resolution brain electromagnetic tomography (eLORETA) solutions (mean across subjects, log-10 transformed) modelling the 
ratio of cortical sources of the electroencephalographic (EEG) rhythms in the Wakefulness and Ripples conditions (Wakefulness/Ripples) and relative to a statistical 
ANOVA interaction among the factors Group (healthy elderly subjects showing transitions to light sleep, t-Nold, N = 11; patients with mild cognitive impairment due 
to Alzheimer’s disease showing transitions to light sleep, t-ADMCI N = 18), Frequency Band (Delta, Theta, Alpha 1, Alpha 2, Alpha 3), and Region of Interest (ROI; 
Frontal, Parietal and Occipital). Legend: the rectangles indicate the cortical regions and frequency bands in which after a post-hoc analysis using Duncans’s method 
the eLORETA solutions presented a statistically significant eLORETA pattern t-ADMCI > Nold (dashed line p < 0.05; filled line: p < 0.05 Bonferroni corrected, i.e. p 
< 0.003).
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showed statistically significant effects neither for the t-ADMCI group (p 
> 0.05) nor for the nt-ADMCI group (p > 0.05), suggesting that the 
changes in the regional eLORETA EEG source activities during the 
Vigilance condition were not due to an intrinsic unreliability of the 
variable. For a relatively short period of the resting-state Eyes Closed 
condition (i.e., 3–5 min), the regional eLORETA EEG source activities 
were stable in both the t-ADMCI and nt-ADMCI groups. For illustrative 
purposes, Figure SM8 illustrates the mean regional eLORETA source 
activities in the t-ADMCI and nt-ADMIC groups for the mentioned bands 
and ROIs during the two halves of the resting-state Eyes Closed 
condition.

The second question was whether the use of a relatively low number 
of scalp electrodes to record EEG data may have induced poor eLORETA 
source estimations, affecting the reactivity of EEG alpha source activities 
from the Wakefulness to the Ripple’s stages (i.e., one of the core results). 
A control ANOVA using EEG power density computed across all scalp 
electrodes (i.e., the global EEG power density) addressed this question at 
the low spatial resolution of EEG spectral solutions obtained at the scalp 
sensors (p < 0.05). The ANOVA dependent variable was the ratio of the 
global EEG power density between Wakefulness and Ripple’s stages. The 
ANOVA factors were Group (t-ADMCI and t-Nold; independent variable) 
and Frequency Band (delta, theta, alpha 1, alpha 2, and alpha 3). The 
results showed a statistically significant ANOVA interaction [F (4, 88) =
3,8888; p = 0.00590] between the factors (see Fig. 7). The planned post- 
hoc Duncan testing showed that the t-ADMCI group was characterized 
by lower reactivity of the global alpha 3 power density ratio (p < 0.001). 
The results globally confirmed at the scalp level those obtained on EEG 
source space.

Fig. 5. Regional normalized exact low-resolution brain electromagnetic tomography (eLORETA) solutions (mean across subjects, log-10 transformed) modelling 
cortical sources of the resting state electroencephalographic (rsEEG) rhythms in patients with mild cognitive impairment due to Alzheimer’s without transitions to 
light sleep (nt-ADMCI, N = 16) and patients with mild cognitive impairment due to Alzheimer’s disease showing transitions to light sleep (t-ADMCI, N = 18). Results 
of the statistical ANOVA interaction among the factors Group (nt-ADMCI vs. t-ADMCI), Frequency Band (Delta, Theta, Alpha 1, Alpha 2, Alpha 3), and Region of 
Interest (ROI; Frontal, Parietal, Occipital) are presented. Legend: the rectangles indicate the cortical regions and frequency bands in which after a post-hoc analysis 
using Duncans’s method the eLORETA solutions presented a statistically significant pattern t-ADMCI > nt-ADMCI (dashed line: p < 0.05; filled line: p < 0.05 
Bonferroni corrected, i.e., p < 0.003).

Table 5 
Neuropsychological data and results of their statistical comparisons (p < 0.05) in 
t-ADMCI and nt-ADMCI participants. Legend: t-ADMCI: participants with mild 
cognitive impairment due to Alzheimer’s disease transitioning into light sleep; 
nt-ADMCI: participants with mild cognitive impairment due to Alzheimer’s 
disease not transitioning into light sleep; ADAS-Cog: Alzheimer’s disease 
assessment scale – Cognition; n.s. = not significant (p > 0.05).

Neuropsychological tests scores in t-ADMCI and nt-ADMCI participants (mean  
± SE)

t-ADMCI (N ¼
16) a

nt-ADMCI (N 
¼ 16)

T- 
test

Cut- 
off

ADAS-Cog 19.7 ± 2.5 
(66.7 %)

22.3 ± 1.8 
(75 %)

n.s. > 17

Logical memory, 
immediate recall

8.3 ± 1.6 
(81.3 %)

7.2 ± 4.8 
(87.5 %)

n.s. < 13

Logical memory, delayed 
recall

7.3 ± 1.6 
(75.0 %)

5.1 ± 0.9 
(100 %)

n.s. < 12

Auditory verbal memory 
test, immediate recall

33.7 ± 3.0 
(37.5 %)

31.3 ± 2.5 
(31.3 %)

n.s. <

28.53
Auditory verbal memory 

test, delayed recall
4.1 ± 0.9 
(56.3 %)

3.9 ± 0.8 
(68.8 %)

n.s. < 4.96

Clock drawing test 3.8 ± 0.4 
(81.3 %)

4.2 ± 0.2 
(87.5 %)

n.s. > 3

Trail making test B-A 129.6 ± 17.5 
(23.5 %)

151.4 ± 19.1 
(18.8 %)

n.s. > 186

Verbal fluency for letters 31.0 ± 2.0 
(0.0 %)

36.3 ± 2.3 
(0.0 %)

n.s. < 17

Verbal fluency for 
categories

33.9 ± 3.1 
(37.5 %)

31.7 ± 3.1 
(12.5 %)

n.s. < 25

a : neuropsychological data were not available for 2 t-ADMCI participants in 
the original group of 18 t-ADMCI subjects.
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4. Discussion

In this exploratory study of clinical neurophysiology, we investigated 
for the first time whether ongoing EEG activity collected during a day
time recording session may exhibit abnormalities in ADMCI patients, 
specifically during the transition from quiet wakefulness to light NREM 
sleep. This transition was examined as a potential neurophysiological 
substrate of the vigilance dysfunctions observed in ADMCI (Bonanni 
et al., 2005; Brzecka et al., 2018; Fang et al., 2023; Peter-Derex et al., 
2015). A methodological innovation of our study was the use of a 30- 
minute EEG recording protocol designed to capture the transition from 
the resting-state, eyes-closed wakefulness stage—dominated by poste
rior rsEEG alpha rhythms—to the light NREM stage of Ripples, which is 
characterized by widespread rsEEG theta rhythms.

Visual analysis of EEG activity allowed us to classify each participant 
based on whether they displayed (t) or did not display (nt) the transition 
of EEG rhythms from Wakefulness to Ripples. Our findings are as fol
lows: approximately 50 % of both Nold and ADMCI participants 
exhibited this transition (t). In comparing the t-Nold control group with 
the t-ADMCI group, we observed that the t-ADMCI group exhibited 
increased frontal EEG delta rhythms across the Wakefulness, Flattening, 
and Ripples stages. Additionally, the t-ADMCI group showed reduced 
reactivity in posterior EEG alpha rhythms from the Wakefulness to 
Ripples stages.

These findings suggest that the abnormalities in EEG rhythms 
observed in ADMCI patients, particularly during the transition from 
wakefulness to light NREM sleep, may reflect underlying vigilance 
dysfunctions in this population.

4.1. Thalamocortical dysrhythmia and subcortical ascending 
neuromodulatory systems may affect the vigilance transition to diurnal 
sleep in ADMCI patients

The widespread EEG delta rhythms and reduced reactivity of pos
terior EEG alpha rhythms observed in t-ADMCI patients during the 
transition to light sleep suggest a potential thalamocortical dysrhythmia 
at frequencies below 7 Hz, possibly contributing to the dysregulation of 
quiet vigilance (Jeanmonod et al., 1996; Llinás and Steriade, 2006). 
According to the thalamocortical dysrhythmia theory, neurological pa
tients with cognitive and motor deficits often exhibit dominant resting- 
state EEG delta-theta rhythms rather than alpha rhythms due to a 
slowing of cortical pyramidal neuron activity to frequencies below 7 Hz. 
This slowing is thought to arise from the “bursting mode” of thalamo
cortical and corticothalamic circuit neurons, which is triggered by 
reduced excitatory input (Jeanmonod et al., 1996; Llinás and Steriade, 
2006). In this “bursting mode,” thalamocortical neurons experience 
prolonged membrane hyperpolarization between action potential 
bursts, limiting their capacity to relay excitatory inputs effectively and 
thereby impairing cortical arousal and vigilance regulation (Jeanmonod 
et al., 1996; Llinás and Steriade, 2006).

Prior MRI studies have shown significant structural abnormalities in 
thalamocortical and corticothalamic circuits in AD patients, which may 
provide insights into the neural basis for these dysrhythmic patterns. 
Diffusion tensor imaging (DTI) studies, for instance, have demonstrated 
microstructural white-matter abnormalities extending from thalamic 
radiations to the cerebral cortex in ADD patients compared to healthy 
controls (Bergamino et al., 2021; Kuhn et al., 2021; Mayo et al., 2017; 
Singh et al., 2024; Xiao et al., 2022; Zhong et al., 2023; Zhu et al., 2015). 
These microstructural abnormalities in thalamic radiation have also 
been correlated with fluid biomarkers of AD-related neuropathology and 

Fig. 6. Regional normalized exact low-resolution brain electromagnetic tomography (eLORETA) solutions (mean across subjects, log-10 transformed) modelling 
cortical sources of the resting state electroencephalographic (rsEEG) rhythms in healthy elderly subjects not showing transitions to light sleep (nt-Nold, N = 11) and 
healthy elderly subjects showing transitions to light sleep (t-Nold, N = 11). Results of the statistical ANOVA interaction among the factors Group (nt-Nold vs. t-Nold), 
Frequency Band (Delta, Theta, Alpha 1, Alpha 2, Alpha 3) are presented. Legend: the rectangles indicate the cortical regions and frequency bands in which after a 
post-hoc analysis using Duncans’s method the eLORETA solutions presented a statistically significant pattern nt-Nold > t-Nold (p < 0.05).
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vigilance dysfunctions, such as apathy, in ADMCI patients (Nabizadeh 
et al., 2022; Setiadi et al., 2021; Wen et al., 2019). Moreover, volumetric 
MRI studies in ADMCI and ADD patients have revealed significant at
rophy within thalamic nuclei, including the mediodorsal, pulvinar, and 
centromedial regions (Bernstein et al., 2021; van de Mortel et al., 2021). 
Functional MRI studies further indicate functional dysconnectivity be
tween the thalamus and limbic and default mode networks in ADD (Qiu 
et al., 2022; Wu et al., 2022; Zhao et al., 2019) and ADMCI (Brueggen 
et al., 2016; Gilligan et al., 2019; Tang et al., 2021; Velioglu et al., 2023; 
Wang et al., 2022; Yu et al., 2019) patients compared to healthy controls 
during states of quiet vigilance.

Building on these findings, we speculate that thalamocortical 
dysrhythmia in ADMCI patients may stem from reduced excitatory input 
to both unspecific and specific thalamocortical neurons, which in turn 
facilitates slow-frequency oscillatory activity. This reduced excitatory 
input may be linked to dysfunction in subcortical activating systems, 
including cholinergic, noradrenergic, and histaminergic pathways, 
which play essential roles in brain arousal regulation (Ehrenberg et al., 
2023). PET studies have previously identified abnormal cholinergic 
tracts and nicotinic receptor binding in ADMCI patients (Nakaizumi 
et al., 2018; Richter et al., 2019; Sabri et al., 2018; Sultzer et al., 2022; 
Xia et al., 2022). Additionally, in-vivo and post-mortem analyses have 
documented significant abnormalities in noradrenergic systems in ADD 
patients (Lancini et al., 2023; Oh et al., 2022, 2019; Prokopiou et al., 
2023). Post-mortem studies have also shown sex-dependent alterations 
in histaminergic receptors in cortical neurons (Shan et al., 2012), along 
with the loss of orexinergic neurons in the lateral hypothalamus and 
histaminergic neurons in the hypothalamic tuberomammillary nucleus, 
which are associated with increased homeostatic sleep drive (Oh et al., 
2022, 2019).

In summary, the impairments in these subcortical ascending systems, 
alongside their role in modulating vigilance and attention, may 

contribute to the vigilance dysfunctions observed in ADMCI patients, 
impacting the salience network and related emotional processing cir
cuits (Jaworska et al., 2012; Oken et al., 2006).

4.2. Methodological remarks and discussion

The present study explored changes in ongoing EEG activity during 
transitions from quiet wakefulness to light sleep (ripples stage) in 
ADMCI patients. While the present preliminary findings are promising, 
certain methodological considerations must be addressed to contextu
alize and interpret them appropriately.

The enrolled ADMCI participants were well-characterized through 
clinical, neuropsychological, CSF, EEG, and MRI data. However, the 
small size of the t-ADMCI (N = 18) and nt-ADMCI (N = 16) subgroups 
and the small number of participants within each clinical unit allowed 
neither for stratification based on time since diagnosis or pharmaco
logical treatment neither accounting for the local equipment and pro
cedures in the statistical models computed (see Table SM4 for details 
about the number of participants and EEG equipment in each clinical 
unit). Additionally, this small sample size, along with inherent vari
ability from the multi-center data collection, may account for the lack of 
significant differences between the t-ADMCI and nt-ADMCI subgroups in 
the control analyses discussed in the following. Furthermore, we 
included relatively young (average age ~ 70) and highly educated 
ADMCI participants (education > 8 years) with relatively preserved 
global cognitive status (MMSE score of 26).

The statistical models employed in this study could only partially 
control for potential confounding factors, such as premorbid intelli
gence, cardiovascular and metabolic risk, socioeconomic status, and 
relevant lifestyle variables. Control analyses indicated no significant 
differences between the t-ADMCI and nt-ADMCI subgroups in verbal 
fluency scores. These serve as proxies for crystallized and premorbid 
verbal intelligence. Similarly, no differences were observed in the 
available cardiovascular and metabolic risk markers (e.g., BMI, systolic 
and diastolic blood pressure, and heart rate) or MRI-FLAIR indicators of 
subcortical white-matter lesions. Other dementia risk factors, such as 
living alone, socioeconomic status (based on occupational categories), 
and family history of dementia, also showed no significant subgroup 
differences in the ADMCI participants. These findings should be 
considered as a first indication that those variables may not have strong 
linear effects on the core results of the present study.

Since the accuracy of EEG source estimation depends on biological 
and instrumental artifacts, a rigorous protocol was employed to detect 
and remove them. Along this line, EEG epochs with gross movement 
artifacts were excluded following a visual inspection by consortium 
experts. ICA was applied to remove additional artifacts, with post-ICA 
inspections verifying the data’s artifact-free status. These procedures 
adhere to clinical qEEG standards endorsed by the International 
Federation of Clinical Neurophysiology (Babiloni et al., 2020a).

A study limitation is the low spatial resolution of the present EEG 
techniques. EEG data were recorded from 19 scalp electrodes (10–20 
International System) and post-processed using eLORETA, a source 
estimation technique designed to map distributed brain activity. Fine- 
grained spatial analyses would typically require higher electrode den
sities with at least 32–48 electrodes (Liu et al., 2018; Marino et al., 
2016). For this reason, we ensured the robustness of the present study 
findings in the ADMCI participants examining the spectral characteris
tics of EEG activity from Wakefulness to Ripple’s stages also at the scalp 
electrode level. The control analysis corroborated the primary findings 
of the EEG source-based analysis, supporting the validity of the present 
study’s core results.

For the present exploratory study, we adapted the EEG methodo
logical approach to the limited electrode montage available (i.e., 19 
scalp electrodes of the 10–20 system) for the EEG source estimation. We 
used an EEG source estimation technique intrinsically designed to map 
distributed source activity, namely eLORETA (Pascual-Marqui, 2007). 

Fig. 7. Normalized global spectral power densities (computed across all scalp 
electrodes) modelling the ratio of the electroencephalographic (EEG) rhythms 
in the Wakefulness and Ripples conditions (Wakefulness/Ripples) and relative 
to a statistical ANOVA interaction among the factors Group (healthy elderly 
subjects showing transitions to light sleep, t-Nold, N = 11; patients with mild 
cognitive impairment due to Alzheimer’s disease showing transitions to light 
sleep, t-ADMCI N = 18) and Frequency Band (Delta, Theta, Alpha 1, Alpha 2, 
Alpha 3). Legend: the rectangles indicate the cortical regions and frequency 
bands in which after a post-hoc analysis using Duncans’s method the eLORETA 
solutions presented a statistically significant eLORETA pattern t-ADMCI > Nold 
(dashed line p < 0.05; filled line: p < 0.05 Bonferroni corrected, i.e. p < 0.003).
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Furthermore, EEG source estimation was focused on five broad cortical 
regions suitable to investigate low spatial frequency components of 
ongoing EEG rhythms, which can be adequately sampled with the 10–20 
system. These components received extensive research looking for 
“microstates” in ongoing EEG activity (Khanna et al., 2015; Lehmann 
et al., 1987; Michel and Koenig, 2018). These “microstates” are quasi- 
stable topographical voltage patterns characterized by two large cen
troids of positive and negative potential shifting on the scalp. They are 
generated by widely distributed cortical networks as revealed by fMRI 
and can be investigated using a 10–20 montage system (Khanna et al., 
2015; Michel and Koenig, 2018). Based on these considerations and 
data, the International Federation of Clinical Neurophysiology has 
endorsed the use of EEG source estimation from rsEEG data obtained 
with this montage in exploratory studies on neurological and psychiatric 
patient databases (Babiloni et al., 2020a).

The present EEG methodological approach has been previously 
validated in ADMCI and ADD patients by our research network (Babiloni 
et al., 2021b, 2020b; Rossini et al., 2020). These studies demonstrated 
substantial correlations between regional EEG source solutions and 
structural MRI gray matter volume (Babiloni et al., 2015, 2013), FDG- 
PET cortical hypometabolism (Babiloni et al., 2016), and resting-state 
fMRI connectivity (Jovicich et al., 2019) in ADMCI and ADD patients. 
Nevertheless, future studies should validate the current findings with a 
higher electrode density (32–48 scalp electrodes) and multiple EEG 
source estimation methods, as any source estimation inherently depends 
on a priori assumptions (Michel and Brunet, 2019). Furthermore, 
additional research should assess the reliability of regional rsEEG in
verse solutions derived from 32 to 48 scalp electrodes in comparison to 
those obtained with 19 scalp electrodes to clarify spatial sampling de
pendencies of rsEEG source solutions in ADMCI patients.

Along this line, we recommend the following extension of the 
experimental design with the following advancements: (1) actigraphy to 
assess patients rest-activity rhythms and sleep-wake patterns; (2) rsEEG 
recordings during daytime using at least 32–48 scalp electrodes to 
improve EEG source estimation (3) polysomnographic recordings over 
two nights to better evaluate sleep architecture; (4) the application of 
machine learning tools to classify EEG epochs into Wakefulness, Flat
tening, and Ripples stages, which could have added objectivity to the 
classification despite the acceptable inter-rater variability (~70 %) 
observed in control analysis; (5) MRI analysis of the ascending subcor
tical neuromodulatory systems (cholinergic, dopaminergic, noradren
ergic, histaminergic), which may help elucidate their role in modulating 
thalamocortical and corticothalamic circuits involved in arousal and 
vigilance-to-light sleep transitions; and (6) a 1-year follow-up to explore 
how disease progression affects EEG transitions from wakefulness to 
light sleep during daytime recordings and to assess potential associa
tions with structural and microstructural sleep abnormalities.

5. Conclusions

This exploratory study is the first to evaluate the hypothesis that 
ADMCI patients may exhibit abnormal EEG rhythms during the transi
tion from quiet wakefulness to light sleep in daytime EEG recordings, 
potentially reflecting vigilance dysfunctions. Results indicate that t- 
ADMCI patients showed increased frontal EEG delta source activities 
across wakefulness to Hori’s Ripples stages compared to t-Nold partic
ipants. Additionally, t-ADMCI patients demonstrated a lesser reduction 
(reactivity) in posterior EEG alpha source activities from quiet wake
fulness to Ripples. They also showed greater EEG delta source activities 
during quiet wakefulness than the nt-ADMCI group.

These preliminary findings support the need for a cross-validation 
study with a prospective, longitudinal design incorporating high- 
resolution EEG techniques. Future research should test the hypothesis 
that ADMCI patients may be more susceptible to daytime sleepiness, as 
identified through 24-hour actigraphy, and may exhibit distinct ongoing 
EEG delta and alpha rhythms during the transition from quiet vigilance 

to daytime naps. Validation of this hypothesis could establish EEG delta 
and alpha rhythms as pathophysiological “P” biomarkers indicative of 
vigilance dysfunctions, contributing a new biomarker dimension within 
the revised ATN Framework (Jack et al., 2024). Such advancements may 
shed light on the underexplored “dark side” of Precision Medicine in AD 
(Babiloni, 2022).
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