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ARTICLE INFO ABSTRACT

Background: Scalable biomarkers are needed for early Alzheimer’s disease (AD) detection. Plasma p-tau217 re-

Keyw or ds: . flects AD pathology, while resting-state EEG captures functional brain alterations. Their relationship remains
Alzheimer’s disease

EEG unclear.

P-tau217 Methods: We enrolled 128 patients with subjective cognitive decline (SCD), mild cognitive impairment due to AD
Plasma biomarkers (AD-MCI), or AD dementia (AD-DEM), who underwent 32-channel EEG and plasma biomarker assessment. EEG

Abbreviations: AD, Alzheimer’s disease; AD-DEM, mild dementia due to Alzheimer’s disease; AD-MCI, mild cognitive impairment due to Alzheimer’s disease; AUC,
area under the curve; EEG, electroencephalography; MSE, multiscale entropy; PAC, phase-amplitude coupling; p-tau217, plasma phosphorylated tau at threonine
217; ROC, receiver operating characteristic; SCD, subjective cognitive decline.
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features included spectral, aperiodic, phase-amplitude coupling, and complexity metrics. Machine learning was
used to classify p-tau217 positivity.

Results: AD-MCI and AD-DEM patients showed increased p-tau217 and spectral slowing (higher theta, lower
alpha). While no correlations survived correction for multiple comparisons, stage-specific analyses revealed
positive associations between theta power and p-tau217 in AD-MCI and AD-DEM. A random forest classifier
achieved an AUC of 0.75 in predicting p-tau217 positivity.

Conclusions: EEG captures functional alterations reflecting AD pathology beyond molecular measures, supporting
its value as a complementary, non-invasive biomarker for early stratification in clinical settings.

1. Background

Alzheimer’s disease (AD) is the most prevalent cause of dementia
worldwide and a growing public health challenge, with an expected
tripling of cases by 2050. (Scheltens et al., 2021) The pathophysiological
processes of AD (amyloid-p deposition and tau pathology) begin decades
before clinical symptoms, underscoring the urgency of early diagnosis
and accurate biological stratification. (Jack et al., 2018) Cerebrospinal
fluid (CSF) and amyloid PET (positron emission tomography) imaging
are reliable in identifying AD pathology; however, their invasiveness,
high cost, and limited accessibility restrict their use primarily to tertiary
care centers. These modalities are often impractical in community or
primary care settings, contributing to a substantial gap in diagnostic
access and care between patients followed at specialized memory clinics
and those managed in routine clinical practice. This has prompted
growing interest in minimally invasive, scalable biomarkers that could
support early diagnosis across the broader healthcare system. Among
these, plasma phosphorylated tau at threonine-217 (p-tau217) has
emerged as a particularly promising biomarker. (Jack et al., 2024)
Several studies have shown that p-tau217 not only correlates with am-
yloid and tau PET burden but also differentiates AD from other neuro-
degenerative disorders, including at early stages such as mild cognitive
impairment (MCI) and even subjective cognitive decline (SCD).
(Palmgqyvist et al., 2020; Janelidze et al., 2021; Cecchetti et al., 2024).

Complementing molecular biomarkers, electroencephalography
(EEG) offers a non-invasive, cost-effective, and scalable method to assess
functional brain alterations associated with AD. Quantitative EEG
markers such as spectral slowing (increased theta, reduced alpha), lower
individual alpha frequency, decreased signal complexity, and flattening
of the 1/f spectral slope have all been consistently associated with AD
pathology. (Dauwels et al., 2011; Smailovic et al., 2018; Cecchetti et al.,
2021; Cecchetti et al., 2024; Cecchetti et al., 2024; Chetty et al., 2024)
Prior studies from our group and others have demonstrated that these
changes are detectable not only in established dementia but also in MCI
and SCD, and that they correlate with CSF and imaging biomarkers of
amyloid and tau pathology. Notably, resting-state EEG has revealed
early signs of network dysfunction and disconnection, which may pre-
cede structural atrophy and cognitive decline.

These findings indicate that while both EEG and plasma biomarkers
can detect AD pathology, they capture distinct and complementary as-
pects of the neurodegenerative cascade: p-tau217 reflects molecular
pathology, whereas EEG captures its functional impact on brain net-
works. We posit that the joint use of these non-invasive markers could
improve detection of early cases and in general patients’ risk
stratification.

To the best of our knowledge, no studies have investigated the
relationship between EEG features and AD plasma biomarkers, partic-
ularly in real-world clinical populations. In this study, we address this
gap by exploiting a well-characterized cohort from a tertiary memory
clinic to: (1) compare plasma biomarker levels and EEG features across
patients with SCD, MCI due to AD (AD-MCI), and mild AD dementia (AD-
DEM); (2) examine whether EEG signatures reflect plasma-defined AD
pathology through correlation and stage-specific analyses; and (3)
evaluate whether EEG-based machine learning models can predict p-
tau217 positivity.

2. Methods
2.1. Participants

This cross-sectional study included consecutive individuals referred
to the Center for Alzheimer’s disease and related disorders (CARD),
Neurology Unit, IRCCS San Raffaele Scientific Institute (Milan, Italy),
between October 2023 and December 2024, for the evaluation of
cognitive complaints.

Inclusion criteria for the patient group were: (i) a clinical diagnosis of
SCD, AD-MCI (corresponding to stage 3 of the 2024 NIA-AA classifica-
tion), or AD-DEM (stage 4);(3) (ii) availability of venous blood sampling
for plasma biomarker analysis (p-tau217, p-taul81, Ap42, Ap40); and
(iii) availability of a 32-channel resting-state EEG.

Diagnoses were made by an experienced neurologist following a
comprehensive diagnostic work-up, which included neuropsychological
testing, structural neuroimaging (MRI or CT), plasma biomarkers, and,
when clinically indicated, CSF analysis or amyloid PET imaging.
Apolipoprotein E genotyping was also performed in a subset of patients.

The 32-channel resting-state EEG was obtained within three months
following venous blood sampling for plasma biomarker analysis.

A group of cognitively unimpaired healthy controls (HC) was also
included for the EEG analyses. HC participants were recruited among
volunteers, caregivers, and non-consanguineous relatives of patients.
They were required to have a normal neuropsychological profile and no
history of neurological or major psychiatric disorders. HC were not
included in the plasma biomarkers analyses due to ethical consider-
ations related to the management of potential incidental pathological
findings.

Exclusion criteria for all participants included: a history of major
psychiatric disorders (e.g., major depressive episode); current or past
substance abuse with potential impact on cognition or cortical electrical
activity; evidence of focal or diffuse brain damage on neuroimaging,
clinical signs or symptoms suggestive of non-Alzheimer’s neurodegen-
erative conditions (e.g., frontotemporal dementia, Lewy body demen-
tia); and a personal history of epilepsy.

All participants provided written informed consent prior to inclu-
sion. The study was approved by the Ethics Committee of IRCCS San
Raffaele Scientific Institute and conducted in accordance with the
Declaration of Helsinki and its subsequent amendments. Samples
collected for research purposes were processed and stored at the insti-
tutional biobank, Biological Resource Center (CRB-OSR) (Num ID CRB
in BBMRI-ERIC: bbmri-eric:ID:IT_1383758011993577).

2.2. Plasma collection and biomarkers measurement

Blood withdrawal for plasma collection was performed in dipotas-
sium EDTA anticoagulant tubes through venipuncture for all patient
groups. Blood samples were centrifuged for 10 min at 2000 g; plasma
was then aliquoted in 1 mL portions into polypropylene tubes and stored
at — 80 °C until analysis. Prior to measurement, samples were thawed at
room temperature for 30 min, vortexed for 10 s, and centrifuged again
for 5 min at 2000 g. Levels of plasma Ap42, Ap40, p-taul8l, and p-
tau217 were measured using fully automated chemiluminescent enzyme
immunoassay (CLEIA) on the LUMIPULSE G600II system (Fujirebio),
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following manufacturer instructions, as previously described (6).
2.3. EEG recording and preprocessing

Resting-state EEG was recorded using a 32-channel Micromed BRAIN
QUICK® system (SystemPlus software; Micromed, Mogliano Veneto, IT)
with a standard 10-20 electrode montage. (Nuwer et al., 1998) Ten
minutes of eyes-closed EEG were acquired in a quiet, dimly lit room to
minimize eye movement and muscle artifacts. The awake state was
continuously monitored via real-time visual inspection to exclude
drowsiness or sleep. EEG signals were sampled at 256 Hz with 16-bit A/
D conversion and referenced to electrode AFz. Electrode impedance was
kept below 5 kQ. EEG data were exported in EDF format for offline
analysis.

Eyes-closed resting-state segments were retained for analysis. Pre-
processing was carried out using EEGLAB (v2024.2.0; Delorme &
Makeig, 2004) and custom MATLAB scripts (R2023b; MathWorks). The
preprocessing pipeline included the following steps: detrending; high-
pass filtering above 1 Hz; average referencing; Artifact Subspace
Reconstruction (ASR, EEGlab clean_rawdata, including a burst criterion
of 20 standard deviations for high-amplitude artifact detection); (Chang
et al., 2020) bad channels interpolation; low-pass filtering below 70 Hz;
and notch filtering at 50 Hz. Filtering was performed using a zero-phase
finite impulse response (FIR) filter implemented in EEGLAB (pop_eeg-
filtnew). Filter order was automatically determined based on the tran-
sition bandwidth relative to the sampling rate, following EEGLAB
default heuristics. Independent component analysis (ICA) was then
applied, and ICLabel was used to automatically identify and reject non-
neural components such as eye movements, muscle artifacts, and other
noise sources. (Pion-Tonachini et al., 2019) ICA was performed using the
runICA algorithm, and on average 4.41 + 1.93 independent components
per subject were rejected. Each rejection step was automatically back-
tested to verify that it preserved an adequate amount of signal vari-
ability (i.e., post-cleaning signal variance > 95 % of pre-cleaning vari-
ance), triggering an alert if this threshold was exceeded. Preprocessing
was supervised to avoid rejection of brain components, verify the quality
and determine whether further correction was necessary. An automated
summary report was generated for each EEG. This included a butterfly
plot, power spectral density (PSD), topographic maps for canonical
frequency bands (delta, theta, alpha, beta, and low gamma), time-
—frequency representations, and ICA component classifications. An
experienced EEG specialist reviewed these outputs to confirm data
quality and determine final inclusion.

2.4. EEG feature extraction

EEG feature extraction was performed using MNE-Python and
custom Python code. (Eric, 2024) From each preprocessed EEG, we
selected a 180-second artifact-free segment of eyes-closed resting-state
activity. Clean segments were defined as those requiring minimal
corrective interventions, such as segment removal or signal recon-
struction via ASR.

Two main categories of features were extracted: frequency-domain
and complexity-based metrics.

For the frequency-domain analysis, relative power values were
computed for standard EEG frequency bands (delta, theta, alpha, beta,
low gamma). Electrodes were grouped into predefined scalp regions of
interest (ROIs) — Frontal, Temporal, Parietal, Occipital, and Somato-
sensory — separately for the left and right hemispheres. Band-specific
relative power was calculated within each ROI, and asymmetry
indices (left/right) were derived for each frequency band. In addition,
spectral parameters were derived using the FOOOF (Fitting Oscillations
and One-Over-F) algorithm, (Donoghue et al., 2020) including the
exponent and offset of the 1/f aperiodic background, as well as the
frequency and amplitude of the spectrum peak. FOOOF was applied to
power spectra computed in the 1-70 Hz range, using a peak width range
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of 1-6 Hz, a minimum peak height of 0.15, and a maximum of four
peaks. We also assessed phase-amplitude coupling (PAC), quantifying
how the phase of low-frequency oscillations modulates the amplitude of
higher-frequency activity, as previously demonstrated in human
neocortex. (Canolty et al., 2006) Specifically, we focused on theta—low
gamma coupling, using the pactools Python package and custom code.
(Dupre la Tour et al., 2017).

For the complexity-related domain, we computed three nonlinear
metrics: Higuchi’s fractal dimension, multiscale entropy, and the
Lempel-Ziv complexity coefficient, using the NeuroKit2 toolbox.
(Makowski et al., 2021) For multiscale entropy, the optimal embedding
dimension was first estimated for each EEG signal using the complex-
ity_dimension function (delay = 1, maximum dimension = 20), applying
the average false nearest neighbors (AFN) method. The embedding
dimension returned by this procedure was then used as input for the
multiscale entropy computation, which was performed across default
scale factors. Lempel-Ziv complexity was computed on normalized
signals (normalize = True), while Higuchi’s fractal dimension was
estimated on 2-second epochs using the default maximum k parameter
implemented in NeuroKit2. These measures were used to capture the
signal’s temporal irregularity and richness across multiple time scales.

In total, 51 EEG features were extracted: 40 spectral (including
FOOOF and ROI-based power values), 3 complexity metrics, and 8 PAC-
related features.

2.5. Statistical analysis

All statistical analyses were performed using a combination of R and
custom Python scripts. We first assessed the distribution of each variable
by visual inspection of quantile-quantile (Q—Q) plots and formal testing
with the Kolmogorov-Smirnov (K-S) test. For normally distributed
variables, parametric tests were used: independent or paired t-tests for
two-group comparisons, and one-way ANOVA or ANCOVA for com-
parisons across more than two groups or when adjusting for covariates.
For non-normally distributed variables, non-parametric alternatives
were applied, including the Wilcoxon-Mann-Whitney and Krus-
kal-Wallis tests.

For categorical variables, the chi-square test of independence was
used.

Group differences in plasma biomarkers (p-tau217, p-taul81, Ap42/
40, p-tau217/ Ap42) were controlled for age, sex, and creatinine.

EEG group comparisons focused on global (electrode-averaged)
features; ROI-based features were computed but reserved for machine
learning analyses.

To explore associations between EEG features and plasma bio-
markers, we first computed Spearman’s rank correlation coefficients
between EEG features and individual plasma biomarkers (p-tau217, p-
taul8l, p-tau217/Ap42, and AP42/40 ratio) in the whole sample,
applying false discovery rate (FDR) correction for multiple comparisons.
To reduce dimensionality and account for potential collinearity among
biomarkers, we then performed principal component analysis (PCA) on
the standardized plasma dataset. Components with eigenvalues greater
than one were retained, and their scores were subsequently correlated
with EEG features using Spearman correlation.

To explore potential stage-specific relationships between EEG
markers and AD pathology, we conducted Spearman correlation ana-
lyses between EEG features that showed significant group differences
and plasma p-tau217 levels, separately within each diagnostic group
(SCD, AD-MCI, AD-DEM). Given the exploratory nature of this analysis
and the a priori focus on p-tau217 as the most established biomarker of
AD pathology, no correction for multiple comparisons was applied at
this stage, in order to preserve sensitivity in this hypothesis-generating
step.

For machine learning analyses, both classification and regression
models were implemented in Python using the scikit-learn library to
predict p-tau217 plasma positivity and continuous p-tau217 levels using
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the same EEG feature set. The classification outcome was p-tau217
plasma positivity, defined using the 0.23 pg/mL threshold from our
previous work, (Cecchetti et al., 2024) which demonstrated excellent
discriminative performance in reflecting CSF A + and A+/T + statusin a
real-world setting. We evaluated multiple classification algorithms,
including logistic regression, support vector machines (SVM), and
random forests, as well as regression algorithms, including stepwise
linear regression, ridge regression, and random forest regression.
Hyperparameters were optimized using grid search with F1l-score
maximization within the cross-validation framework. For random for-
est models, the number of trees, maximum tree depth, minimum samples
per split, and number of features considered at each split were tuned. For
support vector machines and regularized logistic regression models,
regularization and kernel-specific parameters were optimized. All
models were trained on the full set of EEG features. To minimize over-
fitting and ensure robust evaluation, model performance was estimated
using leave-one-out cross-validation (LOOCV). Performance metrics
included the area under the receiver operating characteristic curve
(AUC-ROQ), sensitivity, and specificity for classification models, and R-
squared and root mean squared error (RMSE) for regression models.
Ninety-five percent confidence intervals for AUC were obtained using
bootstrap resampling (1,000 iterations). To interpret variable contri-
butions in the classification models, feature importance was estimated
using permutation-based methods (varlmp library), and model inter-
pretability was enhanced using SHAP (SHapley Additive exPlanations)
values, which quantified the direction and magnitude of each feature’s
contribution to the prediction. (Lundberg and Unified, 2017).

All statistical tests were two-tailed, and significance was set at p <
0.05 unless otherwise specified.

3. RESULTS
3.1. Sample characteristics

A total of 165 participants were included: 37 SCD, 51 AD-MCI, 40
AD-DEM, and 36 HC (Table 1).

Groups differed slightly in age (Table 1). Both AD-MCI and AD-DEM
participants were significantly older than those in the SCD group, and
AD-MCI were also older than HC. No significant age difference was
found between AD-DEM and HC (Table 1).

MMSE scores differed significantly between patient groups, between
AD-MCI and HC and between AD-DEM and HC (mean + SD: HC = 28.5
+ 2.4; SCD = 28.8 £+ 1.2; AD-MCI = 26.1 + 2.4; AD-DEM = 21.7 + 3.9).
No significant differences were found between HC and SCD.

No significant group differences emerged for education, nor for
gender distribution.
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ApoE genotype was available in a subset of participants. Among
those with available data, 22/36 (61 %) AD-DEM patients, 15/44 (34 %)
AD-MCI patients, and 20/30 (67 %) SCD individuals were €4 non-
carriers. A chi-square test revealed a significant difference in €4 car-
rier distribution across groups, with AD-MCI patients showing a higher
proportion of €4 carriers compared to both SCD and AD-DEM.

3.2. Plasma biomarkers of AD

Significant effects of diagnosis were found for all biomarkers,
although with different patterns. Results are summarized in Fig. 1.

For p-tau217 and p-tau217/Ap42, both AD-MCI and AD-DEM pa-
tients showed higher plasma levels compared to the SCD group, with no
difference between the two AD groups. Similarly, Ap42/40 ratios were
lower in both AD-MCI and AD-DEM compared to SCD, again without
differences between the two AD groups. A different pattern was
observed for p-taul81, where only AD-DEM patients showed elevated
levels compared to SCD, while AD-MCI did not significantly differ from
either group. Notably, in this model creatinine emerged as a significant
covariate, whereas age and sex did not.

Among patients, 85 out of 128 (66 %) had p-tau217 levels above the
established threshold,(6) including 47 out of 51 AD-MCI, 38 out of 40
AD-DEM, and 2 SCD cases out of 37. Notably, all AD-MCI/AD-DEM
patients with sub-threshold p-tau217 levels (n = 6; 4 AD-MCI and 2
AD-DEM) had evidence of AD pathology based on CSF or amyloid-PET,
supporting the accuracy of clinical diagnosis.

3.3. EEG features analysis

3.3.1. Global relative power analysis

Group differences in global theta and alpha power were significant.
Full statistics are reported in Fig. 2.

Theta power progressively increased from HC and SCD to AD-MCI
and AD-DEM, while alpha power decreased along the same trajectory.
Post hoc comparisons showed higher theta power in AD-DEM and AD-
MCI versus HC and SCD and significantly reduced alpha power in AD-
DEM compared to both HC and SCD. Relative power in other fre-
quency bands did not show significant group effects.

3.3.2. Fooof-derived spectral parameters

Both peak amplitude and peak frequency differed across groups. Full
pairwise statistics and distributional details are reported in Fig. 2. AD-
MCI and AD-DEM participants showed lower FOOOF peak amplitude
and frequency compared to HC. Notably, AD-DEM patients also showed
reduced peak frequency relative to SCD. No significant difference was
observed between AD-MCI and AD-DEM for either parameter.

Table 1
Demographic and clinical characteristics of the sample across diagnostic groups.
HC SCD AD-MCI AD-DEM p-value
N 36 37 51 40
Demographic and general clinical variables
Age[years] 64.5 + 8.49 (35.1-82.3) 64.8 +£10.9 74.0 £+ 6.1 (55.0-83.5) 72.7 £ 7.9 (53.2-84.2) 0.001
(46.3-85.6)

Sex [Men/Women] 20/16 21/16 22/29 16/24 0.30
MMSE 28.5 + 2.4(25.0-30.0) 28.8 + 1.2(25.0-30.0) 26.1 + 2.4 (20.0-30.0) 21.7 + 3.9 (18.0-29.0) <0.001
Education [years] 13.1 + 4.1 (5.00-18.00) 13.3 + 4.3(5.00-18.00) 12.6 + 5.6 (3.0-29.0) 11.8 £ 5.1 (3.00-18.00) 0.15
ApoE4 [non-carriers/total] — 20/30 (66.7 %) 15/44 (34.1 %) 22/36 (61.1 %) 0.01
Plasma biomarkers
Plasma p-tau217 [pg/mL] - 0.13 £ 0.09 (0.06-0.55) 0.68 + 0.40 (0.10-2.06) 0.94 + 0.55 (0.15-1.95) <0.001
Plasma p-taul81 [pg/mL] - 1.44 + 1.07 (0.520-5.47) 2.38 + 1.12 (0.840-7.08) 2.88 +1.14 (1.33-5.33) <0.001
Plasma Af-42/40 — 0.090 + 0.014 (0.067-0.118) 0.074 + 0.0108 (0.054-0.113) 0.076 + 0.011 (0.053-0.099) <0.001
Plasma p-tau217/Ap-42 - 0.005 + 0.003 (0.002-0.019) 0.037 + 0.046 (0.003-0.328) 0.041 + 0.028 (0.008-0.148) <0.001

Values are frequencies (%) or means =+ standard deviations (min/max). The level of significance was set at p < 0.05 and refers to ANOVA or ANCOVA tests, followed by
post-hoc pairwise comparisons, or to Chi-square test (see the main text for further details). Significant comparisons are highlighted in bold. Abbreviations: AD-DEM =
mild dementia due to Alzheimer’s disease; AD-MCI = mild cognitive impairment due to Alzheimer’s disease; ApoE = Apolipoprotein E gene; HC = healthy controls;

MMSE = Mini-Mental State Examination; SCD = subjective cognitive decline.
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Fig. 1. Plasma concentrations of Alzheimer’s disease (AD) biomarkers (p-
tau217, p-taul81, AB42/40 ratio, and p-tau217/Ap$42 ratio) across diag-
nostic groups. Group differences were assessed using ANCOVA, adjusting for
age, sex, and creatinine. Boxplots represent interquartile ranges, with medians
indicated by horizontal lines and whiskers extending to + 1.5 times the inter-
quartile range. Abbreviations: AD-DEM = mild dementia due to AD; AD-MCI =
mild cognitive impairment due to AD; SCD = subjective cognitive decline; * =
p < 0.05; ** = p < 0.01; *** = p < 0.001.

3.3.3. Global Phase-Amplitude coupling (PAC)

Overall PAC differed significantly across diagnostic groups. Detailed
statistics are reported in Fig. 2. AD-DEM and AD-MCI patients showed
reduced PAC values compared to SCD, with significant differences
observed for both comparisons. No significant differences were found
between AD groups and HC, nor between HC and SCD.

3.3.4. EEG complexity metrics

Multiscale Entropy (MSE), Higuchi’s Fractal Dimension, and Lempel-
Ziv Complexity were computed for each subject at the global level. None
of these metrics yielded statistically significant differences across diag-
nostic groups.
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3.4. EEG - Plasma biomarker correlations

We first tested whether EEG features correlated with individual
plasma biomarkers or with a composite index derived from PCA of
plasma biomarkers in the whole sample. A weak positive correlation was
found between theta power and the first principal component (PC1) of
the plasma dataset (r = 0.31, p < 0.001), while PAC showed a weak
negative association (r = —-0.17, p = 0.040). However, none of these
associations survived correction for multiple testing with the full EEG
features dataset.

Correlation analyses stratified by diagnostic groups revealed that, in
the AD-DEM group, global theta power was positively associated with p-
tau217 levels, while global alpha power showed an inverse correlation
(Fig. 3). In the AD-MCI group, a positive correlation was again found
between theta power and p-tau217, while alpha power did not show a
significant association. In the SCD group, no significant associations
were observed between theta or alpha power and p-tau217.

No significant associations were observed between EEG features and
other plasma biomarkers, including p-taul81 and the AB42/40 ratio.

No significant associations were found between p-tau217 and PAC or
FOOOF-derived spectral parameters in any diagnostic subgroup.

3.5. Eeg-based prediction of plasma p-tau217 status and levels

Linear regression analyses did not show a significant relationship
between EEG features and continuous plasma p-tau217 levels. Alterna-
tive regression models, including ridge regression and random forest
regression, similarly showed limited predictive performance across all
tested algorithms (Supplementary Fig. 1), with explained variance
remaining low R? < 0.26), indicating limited robustness.

In contrast, classification models aimed at predicting plasma p-
tau217 positivity demonstrated more robust performance. Among the
tested algorithms, the random forest model achieved the highest cross-
validated AUC and was therefore selected for subsequent analyses.

The final random forest model achieved an area under the receiver
operating characteristic curve (AUC-ROC) of 0.75, with a sensitivity of
0.73, specificity of 0.62, and overall accuracy of 0.68. The ROC curve
and its 95 % confidence intervals, obtained via bootstrap resampling
(1,000 iterations), are shown in Fig. 4 (panel a).

To further characterize model robustness, we assessed the sensitivity
of the random forest classifier to the number of input EEG features.
Classification accuracy reached a plateau when approximately 15-20
features were included, indicating that a reduced subset of top-ranked
features was sufficient to achieve performance comparable to the full
feature set (Supplementary Fig. 2).

Feature importance was subsequently computed for the final model,
and the top 20 contributing features were identified (Fig. 4, panel b).
Their relative impact and directionality were interpreted using
permutation-based variable importance and SHAP (SHapley Additive
exPlanations) values, as shown in Fig. 4 (panel c).

4. Discussion

In this study, we combined molecular profiling via plasma bio-
markers with functional assessment through 32-channel resting-state
EEG in a well-characterized cohort spanning SCD, MCI and mild de-
mentia due to AD.

To our knowledge, this is the first study to examine the association
between plasma biomarkers and advanced EEG features in a real-world
clinical setting. A distinctive feature of this work is the implementation
of a semi-automated EEG preprocessing pipeline, enabling standardized
and reproducible signal cleaning and feature extraction. By integrating
high-throughput EEG metrics (including spectral, complexity, and cross-
frequency coupling measures) into machine learning models, we show
that resting EEG can detect cases of pathologically increased p-tau217.
This combined approach offers a promising step toward accessible,
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Fig. 2. Global EEG features across diagnostic groups. Group differences were assessed using non-parametric Kruskal-Wallis tests on electrode-averaged measures.
Only features showing significant between-group effects are displayed. The red dashed line indicates the median reference value of the healthy control (HC) group.
Abbreviations: AD-dem = Alzheimer’s disease dementia; AD-MCI = mild cognitive impairment due to Alzheimer’s disease; EEG = electroencephalography;
FOOOFpeakAmp = amplitude of background activity after detrending for 1/f component; FOOOFpeakFreq = central frequency of background EEG activity identified
by the FOOOF algorithm; Global Theta and Global Alpha (band power, average among channels); HC = healthy controls; PAC = phase-amplitude coupling; SCD =

subjective cognitive decline; * = p < 0.05; ** = p < 0.01; *** = p < 0.001.
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Fig. 3. Correlation between EEG spectral features and plasma p-tau217 levels across diagnostic groups. Scatterplots display the associations between global
theta and alpha power and plasma p-tau217 concentration within each diagnostic group (SCD, AD-MCI, AD-DEM). Each point represents an individual patient. Linear
regression lines are shown. Correlation values refer to Spearman’s rank coefficients. Abbreviations: AD-DEM = Alzheimer’s disease dementia; AD-MCI = mild
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tau217 = plasma phosphorylated tau at threonine 217; SCD = subjective cognitive decline.
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Fig. 4. EEG-based classification of plasma p-tau217 positivity using a random forest model. The classifier was trained to distinguish individuals with p-tau217 levels
above the validated threshold (0.23 pg/mL) using all extracted EEG features. (Cecchetti et al., 2024) Model performance was assessed via leave-one-out cross-
validation and bootstrap resampling (1,000 iterations). The receiver operating characteristic (ROC) curve is shown, with an area under the curve (AUC) of 0.75,
sensitivity of 0.73, specificity of 0.62, and overall accuracy of 0.68 (panel a.). The contribution of the top 20 features was assessed using permutation-based variable
importance (VarImp; panel b.) and SHAP (SHapley Additive exPlanations, panel c.) values. Abbreviations: AUC = area under the curve; EEG = electroencepha-
lography; L = Left; R = Right; FOOOFpeakAmp = amplitude of background activity after detrending for the 1/f component; FOOOFpeakFreq = central frequency of
background EEG activity identified by the FOOOF algorithm; MSE = multiscale entropy; PAC = Phase-Amplitude Coupling; PAC_low_freq / PAC_high_freq = fre-
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defined as the average of corresponding electrodes from the standard 10-20 montage.

biologically grounded tools for early diagnosis and patient stratification.
Ultimately, it may help bridging critical gaps in patient care.

In line with our previous findings and other recent reports, (Cecchetti
etal., 2024; Arranz et al., 2023; Bellomo et al., 2024) plasma levels of p-
tau217 were significantly elevated in both AD-MCI and AD-DEM pa-
tients compared to individuals with SCD, whereas p-taul81 levels were
significantly increased mainly in the AD-DEM group. In contrast, Ap42/
40 ratios were reduced across the AD spectrum. Notably, these results
were obtained in a new, independent clinical cohort distinct from that
analyzed in Cecchetti et al., (Cecchetti et al., 2024) reinforcing the
robustness and generalizability of plasma biomarkers in capturing AD-

related pathology, even when accounting for potential confounders (e.
g., kidney function, age).

A key result from EEG analysis was the confirmation of spectral
slowing as a robust EEG signature of AD. We observed progressive in-
creases in low-frequency activity (especially theta) and decreases in
alpha power across clinical stages, consistent with the literature.
(Cassani et al., 2018; Jeong, 2004) The gradient of slowing (from SCD to
AD-DEM) mirrors the progressive synaptic dysfunction observed in AD
and replicates findings from our earlier studies. (Cecchetti et al., 2021;
Cecchetti et al., 2024) These changes also appeared in our machine
learning model as relevant features for classification. Although not
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specific to AD, such slowing patterns are well-characterized in the dis-
ease and suggest a general loss of network efficiency, serving as a marker
of neurodegeneration.

FOOOF-based spectral decomposition provided further insight into
the neurophysiological underpinnings of spectral slowing. We found
that both FOOOF peak amplitude and peak frequency were significantly
reduced in patients with AD-MCI and AD-DEM compared to controls,
with the most pronounced reductions observed in the dementia stage.
This finding reinforces the notion that slowing in AD primarily reflects a
disruption and desynchronization of resting alpha brain activity. These
results are consistent with recent work suggesting that EEG slowing in
AD might not be merely a byproduct of increased neural noise but re-
flects genuine disruption in the generation or maintenance of cortical
oscillations. (Donoghue et al., 2020) This manifests as a lower central
frequency, a reduced 1/f normalized peak, and decreased relative power
in the alpha band. Concurrently, there’s an increase in theta activity,
potentially due to a shift of the posterior dominant rhythm to slower
frequencies.

In addition to spectral markers, we explored more sophisticated
features including PAC and signal complexity. PAC, which captures
cross-frequency interactions such as theta-gamma coupling, was
modestly reduced in the AD groups. Although between-group differ-
ences were not large, these findings are in line with evidence indicating
early disruption of cross-frequency coupling in AD. (Koelewijn et al.,
2019).

Initial analyses across the entire cohort did not reveal significant
correlations between individual EEG features and plasma biomarkers.
Even after dimensionality reduction using PCA, weak associations (such
as those between theta power, PAC, and the first principal component)
did not survive correction for multiple comparisons.

To further investigate whether disease stage modulates
EEG-biomarker relationships, we performed exploratory correlation
analyses within diagnostic groups. In both the AD-MCI and AD-DEM
groups, global theta power was positively associated with plasma p-
tau217 levels, with a stronger effect observed in the AD-DEM group. A
negative association involving alpha power emerged only in AD-DEM,
whereas no significant correlations were observed in AD-MCI at the
alpha band, nor in SCD at either frequency band.

These findings support the hypothesis that EEG-biomarker associa-
tions emerge in a stage-dependent manner, becoming detectable beyond
a critical threshold of pathological burden, and align with the concept of
differential temporal sensitivity of EEG rhythms, whereby theta alter-
ations may index earlier synaptic dysfunction and alpha slowing may
reflect more advanced neurodegeneration. (Cecchetti et al., 2021; Cec-
chetti et al., 2024) While previous studies have reported associations
between EEG slowing and CSF or amyloid-PET biomarkers, (Musaeus
et al., 2018; Stomrud et al., 2010) this is, to our knowledge, the first
study to demonstrate stage-specific correlations between EEG rhythms
and plasma p-tau217 levels in a memory clinic cohort.

Importantly, no significant associations between EEG features and
plasma p-tau217 were observed within the SCD group. In contrast,
stage-specific relationships emerged in symptomatic phases, with
distinct EEG-biomarker coupling patterns in AD-MCI and AD-DEM. This
supports the notion that measurable EEG correlates of tau-related pa-
thology become more evident with increasing disease burden. Although
exploratory, these findings are compatible with emerging evidence
suggesting non-linear neurophysiological trajectories along the Alz-
heimer’s disease continuum, in which both amyloid and tau pathology
have been associated with non-monotonic changes in brain network
organization and function. (Mijalkov et al., 2023) In this context, EEG
markers may capture stage-dependent functional consequences of pa-
thology that are not adequately described by global linear models.
Accordingly, we favored stratified analyses over a single interaction-
based regression approach, in order to explore within-stage relation-
ships without imposing a uniform linear interaction across diagnostic
groups.
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The EEG-based machine learning model achieved an AUC of 0.75 in
identifying individuals with p-tau217 positivity using EEG features
alone. This is a promising result given the inherent complexity of both
EEG signals and plasma biomarker levels. Despite the lack of strong
linear correlations between EEG and plasma biomarkers in the entire
cohort, EEG features robustly predicted p-tau217 positivity, used here as
a proxy of underlying amyloid and tau pathology. This supports the
hypothesis that EEG captures distinct functional consequences of mo-
lecular pathology, offering complementary information on network-
level disruption in AD.

However, when attempting to predict continuous plasma p-tau217
values across the whole cohort, machine learning models failed to
achieve meaningful performance. This likely reflects the stage-
dependent and non-linear nature of EEG-biomarker relationships,
whereby EEG features may be more sensitive to threshold-like func-
tional changes than to continuous variations in plasma biomarker levels.

An important aspect in interpreting EEG-proteinopathy relation-
ships is therefore the choice of the reference biomarker. PET imaging
provides high spatial specificity and enables topographical mapping of
amyloid or tau burden, which can be leveraged in EEG source-level
analyses and has been shown to improve pathological detection,
including in pre-dementia stages. (Kim et al., 2023; Szelies et al., 1992)
In contrast, plasma biomarkers offer a complementary and scalable
approach. Although they lack spatial resolution, they are minimally
invasive, easily repeatable, and well suited for outpatient and real-world
clinical settings. In this context, plasma p-tau217 represents a practical
tool to investigate stage-dependent functional consequences of Alz-
heimer’s pathology on brain activity. Future studies integrating PET
imaging and plasma biomarkers will be essential to clarify how regional
protein deposition relates to EEG alterations across disease stages.

Notably, many of the most influential predictors in the classification
model overlapped with those showing significant group-level differ-
ences. Alpha and theta relative power appeared in 8 of the top 20 pre-
dictors, reinforcing their value as core features of EEG slowing along the
AD continuum. Interestingly, while theta—gamma PAC showed only
marginal significance in direct group comparisons, it emerged as the
second most important feature in the classifier. This apparent dissocia-
tion suggests that PAC may capture individual-level alterations related
to AD pathology that are not fully reflected by mean group differences.
Given the established role of theta-gamma coupling in memory pro-
cesses, and experimental evidence indicating that amyloid and tau pa-
thology disrupt PAC through dysfunction of parvalbumin-positive (PV
+ ) interneurons (which coordinate gamma oscillations and temporal
integration of neural activity (Palop and Mucke, 2016) our findings
support the interpretation that reduced PAC in AD-MCI and AD-DEM
may reflect early circuit-level disintegration, particularly within limbic
networks, detectable through non-invasive EEG.

MSE was also selected as one of the most discriminative features in
the random forest classifier. Specifically, lower MSE values were asso-
ciated with p-tau217-positive individuals. This suggests that entropy,
while not useful for group-level discrimination in this sample, may
reflect individual-level differences in brain signal irregularity linked to
underlying pathology. The inclusion of MSE in the classifier resonates
with prior studies showing entropy reduction in AD and highlights the
potential of complexity metrics in multivariate predictive models.
(Babiloni et al., 2017).

Another relevant observation is that most of the influential EEG
features exhibited left-hemispheric dominance, in line with previous
neuroimaging and electrophysiological studies in AD. (Loewenstein
et al., 1989; Yang et al., 2017) This asymmetry may reflect the well-
documented lateralization of neurodegenerative processes, particularly
in early disease stages. Among the most discriminative features, we
identified increased asymmetry in delta activity, which may signal early
lateralized network degeneration. (Loewenstein et al., 1989) Reduced
beta power also emerged as a relevant marker, possibly indicating
decreased cortical excitability and impaired sensorimotor or cognitive
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synchronization. (Walters et al., 2025) In contrast, increased gamma
power—though less commonly emphasized—may reflect abnormal
synchronization phenomena, compensatory overactivation, or patho-
logical cross-frequency coupling, all of which can disrupt large-scale
network dynamics and reduce signal complexity. (Wang et al., 2017).

While these results are encouraging, several limitations must be
noted. First, the study is cross-sectional and monocentric, limiting
generalizability and precluding causal inference. Longitudinal data will
be essential to determine whether EEG features can predict biomarker
conversion or clinical progression. Second, although the classifier
showed promising accuracy, validation in larger and more heteroge-
neous cohorts is necessary. Future work will aim to establish cross-site
generalizability and validate performance across different EEG acqui-
sition systems. Third, despite the clinical appeal of EEG as a scalable and
cost-effective tool, the translation of some advanced quantitative met-
rics into routine practice remains challenging. While conventional
spectral measures (e.g., band power) are readily obtainable in standard
clinical EEG settings, features such as signal complexity and PAC
currently require specialized expertise and custom scripts, which may
limit immediate implementation and reproducibility across sites. To
mitigate these issues, future work should prioritize standardization of
data organization (e.g., EEG-BIDS), harmonization of feature-extraction
procedures, and the development of fully automated and portable
workflows (e.g., containerized pipelines). These steps are expected to
progressively improve reproducibility and facilitate broader clinical
adoption of advanced qEEG markers.

This study shows that EEG can detect functional brain alterations
associated with plasma-defined AD pathology. EEG and plasma bio-
markers likely capture complementary aspects of the disease: the former
reflecting functional network disruption, the latter indexing molecular
pathology. Our findings suggest that once amyloid and tau pathology
cross pathological thresholds, EEG may reveal their functional footprint
through changes in spectral dynamics, cross-frequency coupling, and
signal complexity. While EEG features did not predict absolute p-tau217
values in the whole sample, they accurately identified individuals above
the established positivity cutoff. This supports the notion that EEG re-
flects categorical, rather than continuous, shifts in brain function asso-
ciated with AD pathology. Moreover, stage-specific associations with
theta and alpha activity highlight EEG’s potential to track different
phases of disease progression. EEG may thus offer a scalable, biologi-
cally grounded tool for early diagnosis, patient stratification and,
potentially, therapeutic response, particularly where access to bio-
markers is limited.
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